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Foreword

At the dawn of the new millennium, robotics is undergoing a major trans-
formation in scope and dimension. From a largely dominant industrial focus,
robotics is rapidly expanding into the challenges of unstructured
environments. Interacting with, assisting, serving, and exploring with
humans, the emerging robots will increasingly touch people and their lives.

The goal of the new series of Springer Tracts in Advanced Robotics
(STAR) is to bring, in a timely fashion, the latest advances and develop-
ments in robotics on the basis of their significance and quality. It is our hope
that the wider dissemination of research developments will stimulate more
exchanges and collaborations among the research community and contribute
to further advancement of this rapidly growing field.

Since its inception in 1996, FSR, the International Conference on Field and
Service Robotics has published archival volumes of high reference value.
Starting its past edition in 2003, FSR has found its natural home within
STAR, together with other thematic symposia devoted to excellence in
robotics research.

The fifth edition of Field and Service Robotics edited by Peter Corke and
Salah Sukkarieh offers in its eleven-chapter volume a collection of a broad
range of topics in advanced robotics. The contents of these contributions
represent a cross-section of the current state of robotics research from one
particular aspect: field and service applications, and how they reflect on the
theoretical basis of subsequent developments. Pursuing technologies aimed at
realizing robots operating in complex and dynamic environments is the big
challenge running throughout this focused collection.



X Foreword

Rich by topics and authoritative contributors, FSR culminates with this
unique reference on the current developments and new directions in field and
service robotics. A fine addition to the series!

Naples, Italy Bruno Siciliano
February 2006 STAR Editor



Preface
FSR2005

The goal of FSR is to report and encourage the development of field and
service robotics. These are non-factory robots, typically mobile, that must
operate in complex, and dynamic environments. Typical field robotic
applications include mining, agriculture, building and construction, forestry,
cargo handling and so on. Field robots may operate on the ground (of Earth
or planets), under the ground, underwater, in the air or in space. Service
robots are those that work closely with humans, importantly the elderly and
sick, to help them with their lives.

The first meeting was held in Canberra, Australa, in 1997. Since then the
meeting has been held every 2 years in the pattern Asia, America, Europe.
This meeting marks the beginning of the second cycle.

The meeting is vibrant and in good health. This year we had 75 sub-
missions from which we accepted 42 for oral and 11 for poster presentation.
All papers were reviewed by three people drawn from the reviewer pool:

John Bares
Howie Choset
Matthew Dunbabin

Hajime Asama
Raja Chatila
Peter Corke

Aarne Juhani Halme
Oussama Khatib
Simon Lacroix
John Leonard
Cedric Pradalier
Jonathan Roberts
Steve Scheding
Sanjiv Singh
Ashley Tews
Charles E. Thorpe
Takashi Tsubouchi

John Hollerbach
Jong-Hyuk Kim
Christian Laugier
Eduardo Nebot
Erwin Alex Prassler
Miguel A. Salichs
Roland Siegwart
Salah Sukkarieh
Christel-loic Tisse
Sebastian Thrun
Ben Upcroft



XII Preface

Kane Usher David Wettergreen
Stefan Williams Kazuya Yoshida
Alex Zelinsky

This meeting has been sponsored and organized jointly by the CSIRO ICT
Centre and the Australian Centre for Field Robotics. The Australian Robotics
and Automation Association (ARAA) has also sponsored the meeting and
supported the registration process. Finally, and most importantly, we would
like to thank the local arrangements people who have put together a great
technical and social agenda: Matthew Dunbabin, Cedric Pradalier, Elise
Koenderman, Jonathan Roberts, and Salah Sukkarieh.
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John Leonard
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Jonathan Roberts
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Container Port Automation

Graeme Nelmes

Patrick Cooperation

1 Introduction

Patrick is a focused transport logistics company specialised in the loading
and unloading of ships and the efficient land based collection, distribution
and storage of cargo for import, export and within Australia.

Patrick began as a one-time small stevedore and now leader in port
related transport and logistics. We've evolved into a major transport
operator and our background in the deployment and adaptation of
technology gives us the understanding of how to apply technology to the
efficient movement of freight across the whole supply chain whether it is at
the port, on rail, air, and road or at the warehouse.

2 Background

In 1995 Patrick began collaboration with the Australian Centre for Field
Robotics (ACFR) at the University of Sydney with the objective of
improving waterfront efficiency. An initial project was undertaken to
improve quay-crane cycle times through the design of new reeving systems
and application of advanced high-speed estimation and control techniques.
This was followed in 1996 with a project to design an autonomous straddle
carrier. Patrick and ACFR worked with straddle carrier manufacturers

P. Corke and S. Sukkarieh (Eds.): Field and Service Robotics, STAR 25, pp. 3-8, 2006.
© Springer-Verlag Berlin Heidelberg 2006



4 G. Nelmes

Kalmar Industries to deliver a fleet of new “fly-by-wire” straddle carriers to
Patrick terminals in Australia. In 1997, with the help of a START grant,
the ACFR undertook a programme to automate one of these straddle
carriers. This included the development of control algorithms, navigation
and positioning methods, path planning and safety systems. The
development was completed in 2000 with the demonstration of a fully auto-
nomous straddle carrier in a restricted area at Port Botany. The system
was handed over to a new company, Patrick Technology & Systems (PTS),
whose objective was to take this demonstration system through to a
production container terminal. The company engaged personnel from both
Patrick and the ACFR involved in the development phase, together with
new employees skilled in production engineering and terminal operations.

A container terminal at Fisherman’s Island in Brisbane was acquired and
redesigned to be automated. Systems engineering, component and software
production engineering, port planning and traffic management systems were
designed.

Five new automated straddle carriers were produced and the system was
put into initial operation in 2002. The automated container terminal was
opened for public inspection and to trade media at the General Stevedoring
Council Meeting held in Brisbane in April 2002. Since this time the system
has been handling ships docking at the terminal and has also undergone
further development in readiness for deployment at larger terminals.

3 Operating Principle

The vehicle control system allows for the planning and execution of free-
ranging paths over the port area. The autonomous straddle carrier fleet is
controlled by the Terminal Operating System which coordinates the motion
of all vehicles on the terminal, and which schedules container movement to
get best throughput from the terminal. Paths and container movement
tasks are generated remotely by the Terminal Operating System. These
tasks are interpreted into control actions by the central Traffic Manage-
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ment System and then transferred to the straddle carrier’s Vehicle
Management System. The execution system then tracks execution of these
actions relative to the planned path by comparison with navigation system
output. A number of methods are employed for evaluating path and control
execution integrity during motion.



6 G. Nelmes
4 System Description

The autonomous straddle carrier system is based on a conventional manned
straddle carrier.This is a vehicle capable of picking up, carrying and placing
shipping containers, allowing movement of containers from land-side ve-
hicles, to holding yards, to quay cranes and back.

The autonomous (unmanned) straddle carrier is fitted with automatic
motion control systems that allow on-board computers to control engine
speed, wheel speed, steering angle, and container hoisting.

The navigation system, which determines the position, attitude and
velocity of the wvehicle, employs a multi-loop multi-sensor position
estimation algorithm designed both for high accuracy and also for very high
reliability and integrity. The system employs a precision GPS/inertial
navigation loop running in parallel with a millimetre-wave radar
(MMWR)/encoder loop. Each loop outputs independent navigation infor-
mation, which can be used to cross check for potential sensor faults and
subsequently combined to provide high reliability, high accuracy position
estimates.

The vehicle control system allows for the planning and execution of
free-ranging paths over the port area. Paths and container movement tasks
are generated remotely by the port central control system. These tasks are
interpreted into control actions by the straddle carrier. The vehicle pilot
system also maintains a map of the terminal area to determine which areas

Terminal Operating Traffic Management Vehicle Management
System System System
Task Dispatch - f
Equipment Trajectory Generation Ngwgatlon Enucnifser Durr:::s
Assignment eneore
Function Lists Y
Route Data Way Points
Vehicle Location Data Timi igati Engine, Brakes
iming —> N:‘”ga“” Hydraulics, Lights
y Y rocess Docking, Tele-op
Exclusion Zone
| Task Monitor |47 Management
Semaphore Control Anti-Collision Nominal Drive Signals
Sensors Nominal Steer Signals
Steerand Drive
Corrections
Ladder Diagram l I

Control Functions




Container Port Automation 7

are passable and to implement traffic management systems. Speeds of up to
25Km /h are achieved by the control system.

An independent safety system monitors the integrity and health of various
system functions and vehicle components. This is integrated with the
existing vehicle PLC controller. A time-of-flight laser system is also used to
detect potential collisions in the path of the vehicle. The autonomous
straddle carrier fleet is controlled by the terminal management system
which coordinates the motion of all vehicles on the terminal, and which
schedules container movement to get best throughput from the terminal.
The yard area of the container terminal is completely unmanned and
secured with physical and electronic barriers to ensure a high degree of
safety for the complete system.

The completed system can be operated by a single individual stationed at
a control centre on site and the operation of the Fisherman’s Island terminal
is monitored remotely from PTS offices in Sydney (1000km away).

INS |1 Vehicle
Model Position
Estimates

=" 4
GPS Unit
P Residual
Al
r?ggr;l(t:lon INS System
Drive & -
Steer ) Vehicle ) Fault Data
Encoders Model L‘ 14
x"
Navigation Unit
MMWR Radar
5 Results

The Fisherman’s island terminal is currently being exercised with
commercial container traffic. Ships docking at the terminal are unloaded by
quay-crane and the automated straddle carrier system undertakes all
internal container movements including loading on to road-side vehicl es.
Detailed issues such as dealing with non-standard containers, interfacing to
cranes, land-side traffic and the rail network, maintenance of autonomous
systems components, are all being dealt with by the team at PTS. The
Patrick Fisherman’s Island terminal is now one of the most technically
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advanced container terminals in the world and demonstrates for the
first time the possibility of operating fully automated water-front opera-
tions in small to medium sized terminals.

The transition from a university development project into a commercially
operational system was achieved by PTS through innovation in systems
engineering, design and operational methods. The complexity of the system,
including use of advanced control algorithms, robotic methods in navigation
and multi-vehicle cooperation, the use of radar and other sensor
technologies, makes this project one of the most advanced commercial
robotic systems ever deployed.

The autonomous straddle carrier system will revolutionise waterfront
operations both in Australia and overseas. Operationally, the end users
have been very receptive to the opportunities for improved efficiency and
planning offered, and have been surprised and pleased by the huge im-
provements in maintenance and terminal management made possible.
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The Berkeley Lower Extremity Exoskeleton

H. Kazerooni

University of California, Berkeley
Berkeley, CA 94720, USA
exo@me.berkeley.edu

Abstract. The first functional load-carrying and energetically autonomous
exoskeleton was demonstrated at U.C. Berkeley, walking at the average speed of 1.3
m/s while carrying a 34 kg (75 1b) payload. Four fundamental technologies associated
with the Berkeley Lower Extremity Exoskeleton (BLEEX) were tackled during the
course of this project. These four core technologies include: the design of the
exoskeleton architecture, control schemes, a body local area network (bLAN) to host
the control algorithm and an on-board power unit to power the actuators, sensors
and the computers. This article gives an overview of one of the control schemes. The
analysis here is an extension of the classical definition of the sensitivity function of a
system: the ability of a system to reject disturbances or the measure of system
robustness. The control algorithm developed here increases the closed loop system
sensitivity to its wearer’s forces and torques without any measurement from the
wearer (such as force, position, or electromyogram signal). The control method has
little robustness to parameter variations and therefore requires a relatively good
dynamic model of the system.

1 Definition

The primary objective of this project at U.C. Berkeley is to develop
fundamental technologies associated with the design and control of
energetically autonomous lower extremity exoskeletons that augment
human strength and endurance during locomotion. The first fieldoperational
lower extremity exoskeleton (commonly referred to as BLEEX) is comprised
of two powered anthropomorphic legs, a power unit, and a backpack-like
frame on which a variety of heavy loads can be mounted. This system
provides its pilot (i.e. the wearer) the ability to carry significant loads on
his/her back with minimal effort over any type of terrain. BLEEX allows
the pilot to comfortably squat, bend, swing from side to side, twist, and
walk on ascending and descending slopes, while also offering the ability to

P. Corke and S. Sukkarieh (Eds.): Field and Service Robotics, STAR 25, pp. 9-15, 2006.
© Springer-Verlag Berlin Heidelberg 2006



10 H. Kazerooni

step over and under obstructions while carrying equipment and supplies.
Because the pilot can carry significant loads for extended periods of time
without reducing for extended periods of time without reducing his/her
agility, physical effectiveness increases significantly with the aid of this class
of lower extremity exoskeletons. In order to address issues of field robust-
ness and reliability, BLEEX is designed such that, in the case of power loss
(e.g. from fuel exhaustion), the exoskeleton legs can be easily removed and
the remainder of the device can be carried like a standard backpack.

Fig. 1. Berkeley Lower Extremity Exoskeleton (BLEEX) and pilot Ryan Steger. 1:
Load occupies the upper portion of the backpack and around the Power Unit; 2: Rigid
connection of the BLEEX spine to the pilot’s vest; 3: Power unit and central com-
puter occupies the lower portion of the backpack; 4: Semirigid vest connecting BLEEX
to the pilot; 5: One of the hydraulic actuators; 6: Rigid connection of the BLEEX feet
to the pilot’s boots. More photographs can be found at http://bleex.me.berkeley.edu

BLEEX was first unveiled in 2004, at U.C. Berkeley’s Human Engineering
and Robotics Laboratory (Fig. 1). In this initial model, BLEEX offered a
carrying capacity of 34 kg (75 1lbs), with weight in excess of that allowance
being supported by the pilot. BLEEX’s unique design offers an ergonomic,
highly maneuverable, mechanically robust, lightweight, and durable outfit to
surpass typical human limitations. BLEEX has numerous potential appli-
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cations; it can provide soldiers, disaster relief workers, wildfire fighters, and
other emergency personnel the ability to carry heavy loads such as food,
rescue equipment, first-aid supplies, communications gear, and weaponry,
without the strain typically associated with demanding labor. Unlike
unrealistic fantasy-type concepts fueled by movie-makers and science-fiction
writers, the lower extremity exoskeleton conceived at Berkeley is a practical,
intelligent, load-carrying robotic device. It is our vision that BLEEX will
provide a versatile and realizable transport platform for mission-critical
equipment.

The effectiveness of the lower extremity exoskeleton stems from the combined
benefit of the human intellect provided by the pilot and the strength
advantage offered by the exoskeleton; in other words, the human provides an
intelligent control system for the exoskeleton while the exoskeleton actuators
provide most of the strength necessary for walking. The control algorithm
ensures that the exoskeleton moves in concert with the pilot with minimal
interaction force between the two. The control scheme needs no direct
measurements from the pilot or the human-machine interface (e.g. no force
sensors or EMG); instead, the controller estimates, based on measurements
from the exoskeleton only, how to move so that the pilot feels very little
force. This control scheme, which has never before been applied to any
robotic system, is an effective method of generating locomotion when the
contact location between the pilot and the exoskeleton is unknown and
unpredictable (i.e. the exoskeleton and the pilot are in contact in variety of
places). This control method differs from compliance control methods
employed for upper extremity exoskeletons, [9], [10], and [12], and haptic
systems [11], and [14] because it requires no force sensor between the wearer
and the exoskeleton.

The basic principle for the control of BLEEX rests on the notion that the
exoskeleton needs to shadow the wearer’s voluntary and involuntary
movements quickly, and without delay. This requires a high level of
sensitivity in response to all forces and torques on the exoskeleton,
particularly the forces imposed by the pilot. Addressing this need involves a
direct conflict with control science’s goal of minimizing system sensitivity in
the design of a closed loop feedback system. If fitted with a low sensitivity,
the exoskeleton would not move in concert with its wearer. We realize,
however, that maximizing system sensitivity to external forces and torques
leads to a loss of robustness in the system.

Taking into account this new approach, our goal was to develop a control
system for BLEEX with high sensitivity. We were faced with two realistic
concerns; the first was that an exoskeleton with high sensitivity to external
forces and torques would respond to other external forces not initiated by its
pilot. For example, if someone pushed against an exoskeleton that had high
sensitivity, the exoskeleton would move just like the way it would move in
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response to the forces from its pilot. Although the fact that it does not
stabilize ist behavior on its own in response to other forces may sound like a
serious problem, if it did (e.g. using a gyro), the pilot would receive motion
from the exoskeleton unexpectedly and would have to struggle with it to
avoid unwanted movement. The key to stabilizing the exoskeleton and
preventing it from falling in response to external forces depends on the pilot’s
ability to move quickly (e.g. Stepp back or sideways) to create a stable
situation for himself and the exoskeleton. For this, a very wide control
bandwidth is needed so the exoskeleton can respond to both pilot’s voluntary
and involuntary movements (i.e. reflexes). The second concern is that
systems with high sensitivity to external forces and torques are not robust to
variations and therefore the precision of the system performance will be
proportional to the precision of the exoskeleton dynamic model. Although
this is a serious drawback, we have accepted it as unavoidable. Nevertheless,
various experimental systems in our laboratory have proved the overall
effectiveness of the control method in shadowing the pilot’s movement.

2 Brief History

In the early 1960s, the Defense Department expressed interest in the
development of a man-amplifier, a powered suit of armor which would
augment soldiers lifting and carrying capabilities.

In 1962, the Air Force had the Cornell Aeronautical Laboratory study the
feasibility of using a master- slave robotic system as a man-amplifier. In later
work, Cornell determined that an exoskeleton, an external structure in the
shape of the human body which has far fewer degrees of freedom than a
human, could accomplish most desired tasks [19]. From 1960 to 1971, General
Electric developed and tested a prototype man-amplifier, a master-slave
system called the Hardiman ([2], [3], [4], [17], and [20]). The Hardiman was a
set of overlapping exoskeletons worn by a human operator. The outer
exoskeleton (the slave) followed the motions of the inner exoskeleton (the
master), which followed the motions of the human operator. All these studies
found that duplicating all human motions and using master-slave systems
were not practical. Additionally, difficulties in human sensing and system
complexity kept it from walking.

Several exoskeletons were developed at the University of Belgrade in the
60’s and 70’s to aid paraplegics [5] and [24]. Although these early devices were
limited to predefined motions and had limited success, balancing algorithms
developed for them are still used in many bipedal robots. The “RoboKnee” is
a powered knee brace that functions in parallel to the wearer’s knee and
transfers load to the wearer’s ankle (not to the ground) [22]. “HAL” is an
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orthosis, connected to thighs and shanks, that moves a patient’s legs as a
function of the EMG signals measured from the wearer ([6] and [7]).

In our research work at Berkeley, we have separated the technology
associated with human power augmentation into lower extremity exoskeletons
and upper extremity exoskeletons. The reason for this was two-fold; firstly, we
could envision a great many applications for either a stand-alone lower or
upper extremity exoskeleton in the immediate future. Secondly, and more
importantly for the division is that the exoskeletons are in their early stages,
and further research still needs to be conducted to ensure that the upper
extremity exoskeleton and lower extremity exoskeleton can function well
independently before we can venture an attempt to integrate them. With this
in mind, we proceeded with the designs of the lower and upper extremity
exoskeleton separately, with little concern for the development of an
integrated exoskeleton.

In the mid-1980s, we initiated several research projects on upper extremity
exoskeleton systems, billed as “human extenders” [8], [9], and [10]. The main
function of an upper extremity exoskeleton is human power augmentation for
manipulation of heavy and bulky objects. These systems, which are also
known as assist devices or human power extenders, can simulate forces on a
worker’s arms and torso. These forces differ from, and are usually much less
than the forces needed to maneuver a load. When a worker uses an upper
extremity exoskeleton to move a load, the device bears the bulk of the weight
by itself, while transferring to the user as a natural feedback, a scaled-down
value of the loads actual weight. For example, for every 40 pounds of weight
from an object, a worker might support only 4 pounds while the device
supports the remaining 36 pounds. In this fashion, the worker can still sense
the load’s weight and judge his/her movements accordingly, but the force
he/she feels is much smaller than what he/she would feel without the device.
In another example, suppose the worker uses the device to maneuver a large,
rigid, and bulky object, such as an exhaust pipe. The device will convey the
force to the worker as if it was a light, single-point mass. This limits the
cross-coupled and centrifugal forces that increase the difficulty of maneuvering
a rigid body and can sometimes produce injurious forces on the wrist. In a
third example, suppose a worker uses the device to handle a powered torque
wrench. The device will decrease and filter the forces transferred from the
wrench to the worker’s arm so the worker feels the low-frequency components
of the wrenchs vibratory forces instead of the high- frequency components that
produce fatigue.

The Berkeley Lower Extremity Exoskeleton (BLEEX) is not an orthosis or a
brace; unlike the above systems it is designed to carry a heavy load by
transferring the load weight to the ground (not to the wearer). BLEEX has
four new features. First, a novel control architecture was developed that
controls the exoskeleton through measurements of the exoskeleton itself [1].
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This eliminated problematic human induced instability [14] due to sensing the
human force. Second, a series of high specific power and specific energy power
supplies were developed that were small enough to make BLEEX a true
field-operational system [18], [23], [25]. Third, a body LAN (Local Area
Network) with a special communication protocol and hardware were
developed to simplify and reduce the cabling task of all the sensors and
actuators needed for exoskeleton control [15] and [16]. Finally, a versatile
architecture was chosen to decrease complexity and power consumption.
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Summary. This paper describes an algorithm that tracks and localizes a helicopter
using a ground-based trinocular camera array. The three cameras are placed indepen-
dently in an arbitrary arrangement that allows each camera to view the helicopter’s
flight volume. The helicopter then flies an unplanned path that allows the cameras
to self-survey utilizing an algorithm based on structure from motion and bundle
adjustment. This yields the camera’s extrinsic parameters allowing for real-time po-
sitioning of the helicopter’s position in a camera array based coordinate frame. In
fielded experiments, there is less than a 2m RMS tracking error and the update rate
of 20H z is comparable to DGPS update rates. This system has successfully been
integrated with an IMU to provide a positioning system for autonomous hovering.

Keywords: structure from motion, bundle adjustment, self-surveying cameras,
camera tracking, camera localization

1 Introduction

Position estimation is of critical importance in autonomous robotics research
as it is the principal measurement used in machine control and localizing col-
lected data. [1] We utilize three ground based cameras to track and localize
one of the Stanford autonomous helicopters (Fig. 1). This system replaces
an onboard DGPS system, making the positioning system more robust dur-
ing aggressive flight maneuvers. DGPS is unreliable because directional GPS
antennas are prone to signal occlusions during rolls and omnidirectional an-
tennas are susceptible to multipath during upright flight. Also, by moving the
positioning equipment off the helicopter, the weight is reduced allowing the
helicopter more power for maneuvering. The cameras are placed on the ground
in unsurveyed positions that will allow them to see the helicopter at all times.
Because the rotation and translation relationship between each camera is un-
known, this extrinsic data will need to be extracted through self-surveying of
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Fig. 1. One of Stanford’s autonomous helicopters

the array. Once the extrinsic data has been determined, then the 3-D location
of the aerial vehicle can be accurately and robustly tracked in a camera array
based coordinate frame with standard least squares, LS, techniques.

The core problems in this project are the localization of the helicopter
in each image frame and the self-surveying of the extrinsic parameters for
the three cameras. Background differencing is used to locate the helicopter
in each image. Essentially, by identifying the background through an average
of previous scenes the moving helicopter can be identified as cluster of points
in the foreground image. The center of this cluster identifies the approximate
center of the helicopter.

Extrinsic information is usually obtained via calibration of the cameras in
the scene utilizing a calibration object, such as a cube with a checkerboard
pattern, or the cameras are fixed in locations and orientations with known
extrinsic parameters. [2] This is not ideal in a field environment because the
above methods would require a recalibration of the cameras with a large cal-
ibration aid every time a camera is jostled or would require a large structure
that would fix the cameras in relation to each other while providing enough
coverage to view the entire scene. Thus, the process of camera self-surveying
is crucial to the tracking problem. Through this, the camera array will be able
to estimate its geometry on the fly while deployed in the field without requir-
ing modifications to the scene or the helicopter. Our approach uses multiple
observations of the same scene motion to recover the extrinsic relationships
between the cameras. In particular, this is done using a variant of the structure
from motion (SFM) algorithm [3] and bundle adjustment [4].

Surveying and calibration will be used interchangeably throughout this
paper. When we talk about calibration however, we are only referring to cal-
ibrating the extrinsic parameters of our camera array.
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2 Background

There are several related localization approaches in the field. [5, 6, 7] Ap-
proaches like DGPS [5, 6] and radar provide high precision localization accu-
racy, but tend to be expensive, hard to relocate, prone to occlusion, or have
to be deployed on the vehicle. Like the directional GPS antenna, an on-board
camera system is also susceptible to occlusions when the helicopter rolls and
pitches.[7] Inertial techniques provide high fidelity, but introduce significant
drift error. Our system can be useful as a low-cost portable alternative to
standard positioning systems without adding hardware to the helicopter.

The self-surveying ability of our system allows us to place the cameras any-
where on a field such that the cameras cover the operating space where the
helicopter will fly and have the helicopter in focus. Self-calibration to acquire
extrinsic parameters has been done by groups in the past. [8, 9] The main
difference is that they move the stereo cameras in order to extract parame-
ters while we will be moving a point in the image to extract the same type
of information. For example, Knight and Reid use a stereo head that rotates
around an axis to give calibration and head geometry. [10] Zhang shows that
four points and several images from a stereo pair which has moved randomly,
but is constant with respect to each other, can be used to compute the rela-
tive location and orientation of the cameras along with the 3-D structure of
the points up to a scale factor. [11] Our self-surveying technique utilizes an
algorithm developed by Poelman and Kanade. They use one camera tracking
several feature points and take a stream of images while moving the cam-
era. With this data, they can determine the motion of the camera and the
coordinates of each of the feature points. [3]

3 Tracking Approach

A background differencing method is utilized to extract the location of the
helicopter in images coordinates from the black and white pictures. First, the
statistical model of the background is built by updating a running average of
the image sequence over time, with I as a pixel intensity value:

Ijl?ack:ground(u’ 1}) _ (1 _ a)[j?zclkground(u7 ’U) + aI;urTent (U, ’U) (1)

where a regulates updating speed. [4] Next, the algorithm takes an image
difference of the current image and the background image, and then thresholds
out the image difference caused by noise:

I = Ijgurrent (u7 ’U) _ Ijl?ackground(u7 ’U) |I > Jthreshold
0 |I < Ithreshold
(2)
Finally, the estimate of a moving object in the image coordinate (u;,v;) is
estimated by the population mean of the non-zero pixel distribution of the
image difference:

I;lifferenCE(u’ 'U) _ {
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Z dszerence (m7 n) (3)

Z Idszerence m, n) (4)

Here, the search window (m,n) is a square mask, containing k pixels, centered
at the helicopter location in the previous time step. This eliminates unrealistic
abrupt jumps in the helicopter location estimate caused by noise and other
moving objects elsewhere in the image.

This simple windowed background differencing method works when the
helicopter is the principal actively moving object in the search window. Al-
though slow-moving disturbances like clouds in the sky can be distinguished
from the helicopter by tuning « and the threshold to appropriate values, this
algorithm may be confused when other fast moving objects are in its windowed
view, such as swaying trees or airplanes in the background.

As suggested in related literature, the tracking performance can be greatly
improved by taking the probabilities of the predicted target dynamics into
consideration, for instance, using Kalman filtering [2], the condensation algo-
rithm [12], or multiple hypothesis tracking [13]. In this research, the Kalman
filter approach is implemented to improve robustness in maintaining a lock
on the helicopter in this specific helicopter tracking environment. However,
in the experimental setup used in section 5.3 (in which the helicopter flies
above the treeline in each of the camera views), the algorithm does well even
without a Kalman filter.

?rM—‘

?r\H

2>
2>

4 Self-Calibration Algorithm

4.1 Structure from Motion

To calibrate the extrinsic parameters of the system, a structure from motion
technique based on the algorithm defined by Poelman and Kanade in 1997
will be used for an initial estimate. [3] As opposed to taking a single camera
and taking a stream of images of an object as we move the camera, we will
use static cameras and take a stream of images as we move the object in the
scene. This will provide the data necessary to utilize the algorithm described
below.
The equation below shows the standard camera conversion equations:

pj = Ri(Pj +1;) (5)
i Lig Dz Pjy
Ri=\|gi |, ti= |ty |, pi=|priyv |, Pi=1| Py (6)

ki ti, Pjz sz
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M : number of cameras (3)

N :length of flight

¢ :camera (1,2,...,.M)

j  :sampling epoch (1,2,...,N)

t; :the location of the camera i in the world frame

P, :the helicopter trajectory in the world frame

pi; : the helicopter trajectory in camera ¢ frame

R; :rotation matrix for camera i

U;j, Vi; - pixel values of the helicopter at epoch j in camera ¢

N

<

To convert from 3-D camera frame coordinates to a 2-D image frame coor-
dinate system, a scaled orthographic projection, also know as “weak perspec-
tive,” will be used. This projection technique, shown in the equation below,
approximates perspective projections when the object in the image is near
the image center and does not vary a large amount in the axis perpendicular
to the camera’s image plane. The equations below assume unit focal length
and that the world’s origin is now fixed at the center of mass of the objects

in view. ) )
it ti - Ji

Ti=——, Yi = v zi =1tk (7)
Zi Zi
_ Pjz _
Us5 = ) —mi-Pjeri (8)
(3
o Piy _ o po
vij == =n;- P4y (9)
24
mzzll, n,zﬁ (10)
i Z5
W =R*P+t* (11)
Uil ... UIN mq r1 ... 1
V11 ... V1N ni1 Yy -« Y1
W = : : , R = : , ' = : : (12)
upt --- UpN muyr Tpr oo T
Um1 --- VMN N Ym - Ym

Using the helicopter’s trajectory in each of the cameras, (u;j,v;;), we can
solve for the measurement matrix W*. Taking the singular value decomposi-
tion of W* and ignoring any right or left singular eigenvectors that correspond
with the 4th or higher singular values (that appear due to noise) results with:

1Y 1Y
mizﬁzuija yi:NZvij (13)

Jj=1 J=1
W* :W—t* :R*P%U2M><32‘3><3V31;<N:]:_;)}5 (14)

R=U P=xv" (15)
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R and P represent the affine camera positions and the affine structure of
the points in the scene respectively which can then be transferred back to
Euclidian space with a matrix (). To determine @@ we will use the 2M + 1
linear constraints defined below. The last constraint will avoid the trivial
solution satisfied by everything being zero.

W* = RQQ~'P (16)
1
mil* = |m|2:? = |ms| — ni[ =0 (17)
m; - n; = 0 (18)
Imi| =1 (19)

With these constraints and the Jacobi Transformation of @) the affine system
can then be converted back into Euclidian space. If the resulting @ is not
positive definite, then distortions, possibly due to noise, perspective effects,
insufficient rotation in the system, or a planar flight path, has overcome the
third singular value of W. [3]

We multiply all the rotation matrices and the newly found matrix of points
by Ry ! to convert everything into a coordinate frame based on the camera 1
image frame.

After this process, the only remaining extrinsic parameters still unknown is
t; . To find ¢;, LS can be used by expanding the equation below to encompass
all the points in each camera.

Uij Ui - Py
vij | = | Ji-p; | = Rits (20)
Z; 0

The minimum number of points required to self-survey with structure from
motion is defined by
2MN >8M + 3N — 12 (21)

Given that three cameras will be used, a minimum of four points will be neces-
sary to self-survey. Because our cameras are static, we can fly the helicopter to
four different locations and record images at each location. This will provide
the minimum points necessary to self-survey. [14]

4.2 Camera Frame to World Frame

The resulting extrinsic parameters of the camera array are unscaled and given
in the camera 1 image frame. To extract the unknown scale factor inherent to
these type of vision problems, the distance L between camera 1 and camera
2 is measured. The ratio of that distance to the unscaled distance between
camera 1 and camera 2 is defined as the scale factor.

To rotate the extrinsic parameters from the camera 1 image frame to a
world frame, a rotation matrix is created based on the following assumptions
(see also Fig. 2(b)):
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i s ) Camera 1
(a) Point Grey Firefly2 camera. (b) World frame

Fig. 2. Camera setup

. Camera 1 is at the origin of the world frame.

. The vector from camera 1 to camera 2 is the x axis.

. All the cameras are in the z — y plane.

. The y axis is defined as towards the helicopter, but orthogonal to the z
axis and in the « — y plane.

5. The z axis is then defined by the right hand rule (approximately straight

up)

This results in:

ENEGCR G

z3

t ,t2 i3 = | Y3 (22)

I
coo
I
o o~

4.3 Bundle Adjustment

Given the SFM solution as initial estimate, the calibration parameters can be
refined further by solving nonlinear perspective equations directly via iterative
LS, bundle adjustment. [4] The bundle adjustment technique optimizes the
calibration parameters, exploring the best array geometry that matches to the
set of visual tracking measurements collected during a calibration flight.

The calibration parameters estimated by the LS batch process include the
camera locations in the world, the camera orientations, and the helicopter
trajectory. Specifically, the following extrinsic parameters are the unknowns
to be estimated: ¢;, P;j, and the Euler angles associated with R;, (¢, §;, and
i)-

The set of normalized 2-D tracking points, (u;;,v;;), in the image coor-
dinates is the sole measurement used in this calibration process (except for
the measurement L). The following perspective geometry equations relate all
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the unknown parameters to the 2-D tracking points via a nonlinear perspec-
tive model. [2] (23) is different than (8) and (9) because here we are using a
perspective model for the cameras.

Pja Py
Uif = , Vij = (23)
TP, 7P,
cosy; siny; 0| [cosB; 0 —sing; | [1 O 0
R; = | —sin~y; cosv; 0 0 1 0 0 cosa; sinoy (24)
0 0 1 sinf3; 0 cospf; 0 — sin oy cos «;

The bundle adjustment method linearizes the perspective equations (5),
(23), and (24) into a Jacobian form, and then batch-estimates the unknown
calibration parameters via the iterative LS by taking the pseudo-inverse of
the Jacobian matrix J of the linearized measurement equations (25):

t; t;
’LLI-- (67 (67 u'~
5[ 4 =J5|Bi| =60 :(JTJ)‘lJTé[ 4 (25)
Vi i i Vi
P; P;

For all the unknowns to be observable, the Jacobian matrix J must be well-
conditioned. Capturing a certain geometry change by tracking the helicopter
simultaneously at the three cameras yields enough observability for the LS
estimate. Also, to ensure proper convergence in the nonlinear LS iteration,
bundle adjustment is seeded with multiple sets of initial estimates centered
around the SFM solution to avoid converging to a local minimum.

5 Field Demonstration

5.1 Experimental Setup

The current prototype system consists of a helicopter platform and a ground-
based camera array, Fig. 3. The camera array includes three compact digital
cameras (Point Grey Firefly2 cameras, Fig. 2(a), using a Firewire interface)
all connected to a single PC. An image from each camera is captured, nearly
simultaneously, at a resolution of 640 x 480 in an 8-bit grayscale format at a
rate of 20H z.

5.2 Tracking

The tracking algorithm based on the background differencing method was
implemented in the field on each camera to track a common helicopter. Fig.
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Fig. 3. Experimental setup

4(a) shows an image from one of the cameras during the test. The black box is
the tracking marker centered at the estimated helicopter location and the thin
white larger box is the search window of the background differencing method.

This particular flight test was conducted in an open field on Stanford’s
campus next to a road where moving cars and walking people constantly
came in and out of the scene. While the windowed background differencing-
only method frequently failed to track a low flying helicopter in such a busy
environment, the Kalman filter was able to maintain the lock on the helicopter
during the flight.

Fig. 4(b) shows the resulting helicopter trajectory in the image coordinate
for camera 1. The solid lines show the helicopter trajectory tracked by the
Kalman filter. The dashed lines show the helicopter trajectory manually post-
traced in the logged images as true reference. Although the Kalman filter was
able to keep tracking the helicopter, the tracking markers were sometimes
lagging in tracking the helicopter when the helicopter accelerated faster than
the pre-defined dynamic model in the Kalman filter equations; we believe that
fine tuning the process noise covariance will further improve performance. The
mean errors between the Kalman filter and the true references were roughly
7.5 pixels, as shown in Table 1(a).

Table 1. Error tables

(a) Tracking errors in pixels (b) Localization error

mean(pixel) [std(pixel) x(m)|y(m)|z(m)

Camera 1 6.9 5.0 mean|-0.17|1.39 | 0.27

Camera 2 7.2 5.2 std |1.07]0.99|0.52
Camera 3 8.3 6.2
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Fig. 4. Tracking the helicopter in a busy scene.

5.3 Localization

To check the validity of the localization algorithm the results from the cal-
ibration algorithm are compared with DGPS data, Fig. 5(a) and Fig. 5(b).
Fig. 5(a) shows the results from SFM which is used to feed bundle adjust-
ment. As the plot shows, care needs to be taken in picking points to initialize
SFM because of the near-perspective assumption. Fig. 5(b) shows that the re-
sult from bundle adjustment follows DGPS pretty well. There are some small
offsets that are probably due to the assumptions made in section 4.2. There
is also some small variations in the trajectory reported by the vision system
which likely result from small errors in the helicopter tracking system. Over-
all, the vision results match fairly well with the DGPS data. The errors are
reported in Table 1(b).

6 Conclusions

The self-surveying and tracking camera array presented in this paper produces
an effective localization system that extends ideas from SFM and bundle ad-
justment. This is then combined with stereo tracking methods to generate a
least squares measurement of the helicopter’s location.

The results presented document the tracking performance of this method
in a field environment for a series of cameras whose extrinsic parameters are
not known a priori. The calibration performance was tested against DGPS
and was found to have less than a 2m RMS tracking error. The 20H z update
rate of the system is comparable to DGPS, and we obtain a tracking latency
of less than 100ms. This makes it feasible to use this system as part of an
autonomous flight controller.
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Fig. 5. 3-D plots of DGPS vs. ...

Because of the near-perspective assumption, it is better to run SFM on
fewer points where the helicopter is near the center of the image as opposed
to a large set of data where the helicopter’s route spans the entire image. To
make this procedure more robust, a paraperspective SFM [3] or a perspective
SFM [13] can be used to initialize bundle adjustment.

Recent autonomous hover flights have demonstrated the capability of this
system for real-time fielded operations. [15] Future work will test its use for
acrobatic flights, find ways to maximize the flight volume, and make the sys-
tem more robust to dropouts where the helicopter leaves one camera’s field of
view.
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Visual Motion Estimation for an Autonomous
Underwater Reef Monitoring Robot

Matthew Dunbabin, Kane Usher, and Peter Corke

CSIRO ICT Centre, PO Box 883 Kenmore QLD 4069, Australia

Summary. Performing reliable localisation and navigation within highly unstruc-
tured underwater coral reef environments is a difficult task at the best of times. Typ-
ical research and commercial underwater vehicles use expensive acoustic positioning
and sonar systems which require significant external infrastructure to operate effec-
tively. This paper is focused on the development of a robust vision-based motion
estimation technique using low-cost sensors for performing real-time autonomous
and untethered environmental monitoring tasks in the Great Barrier Reef without
the use of acoustic positioning. The technique is experimentally shown to provide
accurate odometry and terrain profile information suitable for input into the vehicle
controller to perform a range of environmental monitoring tasks.

1 Introduction

In light of recent advances in computing and energy storage hardware, Au-
tonomous Underwater Vehicles (AUVs) are emerging as the next viable alter-
native to human divers for remote monitoring and survey tasks. There are a
number of remotely operated (ROV) and AUVs performing various monitoring
tasks around the world [17]. These vehicles are typically large and expensive,
require considerable external infrastructure for accurate positioning, and need
more than one person to operate a single vehicle. These vehicles also gener-
ally avoid the highly unstructured reef environments such as Australia’s Great
Barrier Reef, with limited research performed on shallow water applications
and reef traversing. Where surveying at greater depths is required, ROV’s
have been used for video transects and biomass identification, however, these
vehicles still require the human operator in the loop.

Knowing the position and distance a AUV has moved is critical to ensure
that correct and repeatable measurements are being taken for reef survey-
ing applications. It is important to have accurate odometry to ensure survey
transect paths are correctly followed. A number of techniques are used to es-
timate vehicle motion. Acoustic sensors such as Doppler velocity logs are a
common means of obtaining accurate motion information. The use of vision

P. Corke and S. Sukkarieh (Eds.): Field and Service Robotics, STAR 25, pp. 31-42, 2006.
© Springer-Verlag Berlin Heidelberg 2006
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for motion estimation is becoming a popular technique for underwater use
allowing navigation, station keeping, and the provision of manipulator feed-
back information [16, 12, 15]. The accuracy of underwater vision is dependent
on visibility and lighting, as well as optical distortion resulting from varying
refractive indices, requiring either corrective lenses or careful calibration[4].

Visual information is often fused with various acoustic sensors to achieve
increased sensor resolution and accuracy for underwater navigation [10]. Al-
though this fusion can result in very accurate motion estimation compared to
vision only, it is typically performed off-line and in deeper water applications.

A number of authors have investigated different techniques for odometry
estimation using vision as the primary sensor. Amidi [2] provides a detailed
investigation into feature tracking for visual odometry for an autonomous
helicopter. Another technique to determine camera motion is structure-from-
motion (SFM) with a comparison of a number of SFM techniques in terms of
accuracy and computational efficiency given by Adams[1]. Corke [7] presents
experimental results for odometry estimation of a planetary rover using om-
nidirectional vision and compares robust optic flow and SFM methods with
very encouraging results.

This research is focused on autonomously performing surveying tasks
based around the Great Barrier Reef using low-cost AUV’s and vision as the
primary sensor for motion estimation. The use of vision in this environment
is considered a powerful technique due to the feature rich terrain. However, at
the same time it can cause problems for traditional processing techniques with
highly unstructured terrain, soft swaying corals, moving biomass and lighting
ripple due to surface waves.

The focus of this paper is on the development of a robust real-time vision-
based motion estimation technique for a field deployed AUV which uses intel-
ligently fused low-cost sensors and hardware, and without the use of acoustic
positioning or artificial lighting.

2 Vision System

2.1 Vehicle

The vehicle developed and used in this research was custom designed to au-
tonomously perform the environmental monitoring tasks required by the reef
monitoring organisations [14]. To achieve these tasks, the vehicle must nav-
igate over highly unstructured surfaces at fixed altitudes (300-500mm above
the sea floor) and at depths in excess of 100m, in cross currents of 2 knots
and know its position during linear transects to within 5% of total distance
travelled. It was also considered essential that the vehicle be untethered to
reduce risk of entanglement, the need for support vessels and reducing drag
imposed on the vehicle operating in strong currents.
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Fig. 1 shows the hybrid vehicle design named “Starbug” developed as
part of this research. The vehicle can operate remotely or fully autonomously.
Details of the vehicle performance and system integration are given in [9].

Fig. 1. The “Starbug” Autonomous Underwater Vehicle.

2.2 Sensors

The sensor platform developed for the Starbug AUV and used in this research
has been based on past experience with the CSIRO autonomous airborne
system [6] and enhanced to allow a low-cost navigation suite for the task of
long-term autonomous reef monitoring [8]. The primary sensing component
of the AUV is the stereo camera system. The AUV has two stereo heads with
one looking downward to estimate altitude above the sea-floor and odometry,
and the other looking forward for obstacle avoidance (not used in this study).
The cameras used are a colour CMOS sensor from Omnivision with 12mm
diameter screw fit lenses which have a nominal focal length of 6mm.

Each stereo pair has the cameras set with a baseline of 70mm which allows
an effective distance resolution in the range 0.2 to 1.7m. The cameras look
through 6mm thick flat glass. The two cameras are tightly synchronized and
line multiplexed into PAL format composite video signal. Fig. 2 shows the
stereo camera head used in the AUV and an representative image of the
typical terrain and visibility that system operates.

In addition to the vision sensors, the vehicle has a magnetic compass,
custom built IMU (see [8] for details), pressure sensor (2.5mm resolution), a
PC/104 800MHz Crusoe computer stack running the Linux OS, and a GPS
which is used when surfaced.

3 Optimised Vision-Based Motion Estimation

Due to the unique characteristics of the reef environment such as highly un-
structured and feature rich terrain, relatively shallow waters and sufficient
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(a) Stereo camera pair (b) Typical reef terrain

Fig. 2. Forward looking stereo camera system and representative reef environment.

natural lighting, vision is considered a viable alternative to typical expensive
acoustic positioning and sonar sensors for navigation.

The system uses reasonable quality CMOS cameras with low-quality
miniature glass lenses. Therefore, it is important to have an accurate model
of the cameras intrinsic parameters as well as good knowledge of the cam-
era pair extrinsic parameters. Refraction due to the air-water-glass interface
also requires consideration as discussed in [8]. In this investigation the cam-
eras are calibrated using standard automatic calibration techniques (see e.g.
Bouguet[3]) to combine the effects of radial lens distortion and refraction.

In addition to assuming an appropriately calibrated stereo camera pair,
it is also assumed that the AUV is initialised at a known start position and
heading angle. The complete procedure for this odometry technique is outlined
in Algorithm 1.

The key components of this technique are image processing which we have
termed three-way feature matching (steps 1-7) which utilises common well
behaved procedures, and motion estimation (steps 8-10) which is the primary
contribution of this paper. These components are discussed in the following
sections.

3.1 Three-Way Feature Matching
Feature extraction

In this investigation, the Harris feature detector [5] has been implemented
due to its speed and satisfactory results. Roberts[13] compared the temporal
stability for outdoor applications and found the Harris operator to be superior
to other feature extraction methods. Only features that are matched both in
stereo (spatially) for height reconstruction, and temporally for motion recon-
struction are considered for odometry estimation. Typically, this means that
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Algorithm 1 Visual motion estimation procedure.

1. Collect a stereo image.

2. Find all features in the entire image.

3. Take the 100 most dominant features as template (typically this number is more
like 10-50 features).

4. Match corners between stereo images by calculating the normalized cross-
correlation (ZNCC).

5. Store stereo matched features.

6. Using stereo matched features at current time step, match these with stereo
matched features from images taken at previous time step using ZNCC.

7. Reconstruct those points which have been both spatially and temporally
matched into 3D.

8. Using the dual search optimisation technique outlined in Algorithm 2, determine
the camera transformation that best describes motion from the previous to the
current image.

9. Using measured world heading, roll and pitch angles, transform the differential
camera motion to a differential world motion.

10. Integrate differential world motion to determine a world camera displacement.
11. Go to step 1 and repeat.

between ten and fifty strong features are tracked at each sample time and
during ocean trials with poor water clarity this was observed to be less than
ten.

We are currently working on an improved robustness to feature extraction
that consists of a combination of this higher frame rate extraction method with
a slower loop running a more computationally expensive KLT (or similar) type
tracker to track features over a longer time period. This will help to alleviate
long term drift in integrating differential motion.

Stereo matching

Stereo matching is used in this investigation to estimate vehicle altitude, pro-
vide scaling for temporal feature motion and to generate coarse terrain profiles.

For stereo matching, the correspondences between features in the left and
right images are found. The similarity between the regions surrounding each
corner is computed (left to right) using the normalised cross correlation sim-
ilarity measure (ZNCC).

To reduce computation, epipolar constraints are used to prune the search
space and only the strongest corners are evaluated. Once a set of matches is
found, the results are then refined with sub-pixel interpolation. Additionally,
rather than correcting the entire image for lens distortion and refraction ef-
fects, the correction is applied only to the coordinate values of the tracked
features, hence saving considerable computation.
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Optic flow (motion matching)

The tracking of features temporally between image frames is similar to the spa-
tial stereo matching as discussed above. Given the full set of corners extracted
during stereo matching, similar techniques are used to find the corresponding
corners from the previous image. Differential image motion (du,dv) is then
calculated in both the u and v directions on a per feature basis.

To maintain suitable processing speeds, motion matching is currently con-
strained by search space pruning, whereby feature matching is performed
within a disc of specified radius. The reduction of this search space size can
potentially be achieved with a motion prediction model to estimate where the
features lie in the search space.

In this motion estimation technique, temporal feature tracking currently
only has a one frame memory. This reduces problems due to significant ap-
pearance change over time. However, as stated earlier, longer term tracking
will improve integration drift problems.

3D feature reconstruction

Using the stereo matched corners, standard stereo reconstruction methods are
then used to estimate a feature’s three-dimensional position. In our previous
vision-based motion estimation involving aerial vehicles [6], the stereo data
was processed to find a consistent plane. The underlying assumption for stereo
and motion estimation was the existence of a flat ground plane. In this current
application, it cannot be assumed that the ground is flat. Hence, vehicle height
estimation must be performed on a per feature basis.

The primary purpose of 3D feature reconstruction in this investigation is
for scaling feature disparity to enable visual odometry.

3.2 Motion Estimation

The first step in the visual motion estimation process is to find a set of points
(features) which give a three-way match, that is, those points which have both
a stereo match in the current frame and a corresponding matching corner from
the previous frame as discussed in Section 3.1. Given this correspondence,
the problem is formulated as one of optimization to find at time k a vehicle
rotation and translation vector (x;) which best explains the observed visual
motion and stereo reconstruction as shown in Fig. 3.

Fig. 3 shows the vehicle looking at a ground plane (not necessarily planar)
at times k — 1 and k with the features as seen in the respective image planes
shown for comparison. The basis behind this motion estimation is to optimise
the differential rotation and translation pose vector (dx.s:) such that when
used to transform the features from the current image plane to the previous
image plane, minimises the median squared error between the predicted image
displacement (du’,dv’) (as shown in the “reconstructed image plane”) and the
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Fig. 3. Motion transformation from previous to current image plane.

actual image displacement (du,dv) provided from optic flow for each three-way
matched feature.

During the pose vector optimisation, the Nelder-Mead simplex method[11]
is employed to update the pose vector estimate. This nonlinear optimisation
routine was chosen in this analysis due to its solution performance and the
fact that it does not require the derivatives of the minimised function to be
predetermined. The lack of gradient information allows this technique to be
‘model free’.

The pose vector optimisation consists of a two stage process at each time
step to best estimate vehicle motion. Since the differential rotations (roll,
pitch, yaw) are known from IMU measurements, the first optimisation routine
is restricted to only update the translation components of the differential
pose vector with the differential rotations held constant at their measured
values. This is aimed at keeping the solution away from local minima. As
there may be errors in the IMU measurements, a second search is conducted
using the results from the first optimisation to seed the translation component
of the pose estimate, with the entire pose vector now updated during the
optimisation. This technique was found to provide more accurate results than
a single search step as it helps in avoiding spurious local minima. Algorithm
2 describes the pose optimisation function used in this analysis for the first
stage of the motion estimation. Note that in the second optimisation stage,
the procedure is identical to Algorithm 2, however, df, da and di are also
updated in Step 3 of the optimisation.
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Algorithm 2 Pose optimisation function.

1.

10.

11.

Seed search using the previous time step’s differential pose estimate such that
dx = [dz dy dz df da dy]

where dzx, dy and dz are the differential pose translations between the two time
frames with respect to the current camera frame, and df, da and di are the
differential roll, pitch and yaw angles respectively obtained from the IMU.
Enter optimisation loop.

Estimate the transformation vector from the previous to the current camera
frame.

T = R, (d) R, (da) R, (dv) [dx dy dz]"

For ¢ = 1.. number of three-way matched features, repeat steps 5 to 9.
Displace the observed 3D reconstructed feature coordinates (z;,y:,2:i) from
current frame to estimate where it was in the previous frame (ze,,Ye, ,2e; )-

[Te, Yo, 2e;)" = Tl yi zi]"

Project the current 3D feature points to the image plane to give (uo,,vo,)-
Project the displaced feature (step 5) to the image plane to give (uq,,vq; ).
Estimate the observed feature displacement on the image plane.

[du; dvi]" = [uo; vo,]” — [ua, va,]”

Compute the squared error between the estimated and actual feature displace-
ment (du,dv) observed from optic flow.

e = (dui — dul)? + (dvi — dv})?

Using the median square error value (e,,) from all three-way matched features,
update dx using the Nelder-Mead simplex method.

If e, is less than a preset threshold, end, else go to step 3 and repeat using the
updated dx.

The resulting optimised differential pose estimate at time k (xj) which is

with respect to the camera coordinate system attached to the AUV can then
be transformed to a consistent coordinate system using the roll, pitch and
yaw data from the IMU. In this investigation, a homogeneous transformation
(Tx) of the camera motion is performed to determine the differential change
in the world coordinate frame.

The differential motion vectors are then integrated over time to obtain the

overall vehicle motion position vector at time ¢y such that
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tf
Xt, = ZTdeXk (1)
k=0

It was observed that during ocean trials, varying lighting and structure
could degrade the motion estimation performance due to insufficient three-
way matched features being extracted. Therefore, a simple constant velocity
vehicle model and motion limit filters (based on measured vehicle performance
limitations) were added to improve motion estimation and discard obviously
erroneous differential optimisation solutions. A more detailed hydrodynamic
model is currently being evaluated to further improve predicted vehicle motion
and aid in pruning the search space and optimisation seeding.

4 Experimental Results

The performance of the visual motion estimation technique described in Sec-
tion 3 was evaluated in a test tank constructed at CSIRO’s QCAT site and
during ocean trials. The test tank has a working section of 7.90 x 5.10m with a
depth of 1.10m. The floor is lined with a sand coloured matting with pebbles,
rocks of varying sizes and large submerged 3D objects to provide a texture
and terrain surface for the vision system. Fig. 4 shows the AUV in the test
tank and the ocean test site off Peel Island in Brisbane’s Moreton Bay.

(a) CSIRO QCAT test tank (b) Ocean test site

Fig. 4. AUV during visual motion estimation experiments.

In the test tank the vehicle’s vision-based odometry system was ground
truthed using two vertical rods attached to the AUV which protruded from
the water’s surface. A SICK laser range scanner (PLS) was then used to track
these points with respect to a fixed coordinate frame. By tracking these two
points, both position and vehicle heading angle can be resolved. Fig. 5 shows
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the results of the vehicle’s estimated position using only vision-based motion
estimation fused with inertial information during a short survey transect in
the test tank. The ground truth obtained by the laser tracking system is shown
for comparison.

T T T
—15F . : Groundtruth from PLS | |
: —— Vision position estimate

ok . . . : e

y (m)

x (m)

Fig. 5. Position estimation using only vision and inertial information in short survey
transect. Also shown is a ground truth obtained from the laser system.

As seen in Fig. 5, the motion estimation compares very well with the
ground truth estimation with a maximum error of approximately 2% at the
end of the transect. Although, this performance is encouraging, work is being
conducted to improve the position estimation over greater transect distances.

The ground truth system is not considered perfect (as seen by the noisy
position trace in Fig. 5) due to resolution of the laser scanner and the size of
the rods attached to the vehicle causing slight geometric errors. However, the
system provides a stable position estimate over time for evaluation purposes.

A preliminary evaluation of the system was conducted during ocean tests
over a hard coral and rock reef in Moreton Bay. The vehicle was set off to
perform an autonomous untethered transect using the proposed visual odom-
etry technique. The vehicle was surfaced at the start and end of the transect
to obtain a GPS fix and provide a ground truth for the vehicle. Fig. 6 shows
the results of a 53m transect as measured by the GPS.

In Fig. 6, the circles represent the GPS fix locations, and the line shows
the vehicles estimated position during the transect. The results show that the
vehicles position was estimated to within 4m of the actual end GPS given
location or to within 8% of the total distance travelled. Given the poor water
clarity and high wave action experienced during the experiment, the results
are extremely encouraging.
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Fig. 6. Position estimation results for ocean transect.

5 Conclusion

This paper presents a new technique to estimate the egomotion and provide
feedback for the real-time control of an autonomous underwater vehicle using
only vision fused with low-resolution inertial information. A 3D motion esti-
mation function was developed with the vehicle pose vector optimised using
the nonlinear Nelder-Mead simplex method to minimise the median squared
error between the predicted to observed camera motion between consecutive
image frames. Experimental results show that the system performs well in
representative tests with position estimation accuracy during simple survey
transects of approximately 2% and in open ocean tests to 8%. The tech-
nique currently runs at better than 4Hz sample rate on the vehicle’s onboard
800MHz Crusoe processor without code optimisation. Research is currently
being undertaken to improve algorithm performance and processing speed.

Other areas of active research focus include improving system robustness
against issues such as heading inaccuracies, lighting (wave “flicker”) and ter-
rain structure variations including surface texture composition such as sea-
grass, hard and soft corals to allow reliable in-field deployment.
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Summary. Awareness of pedestrians, other vehicles, and other road obstacles is
key to driving safety, and so their detection is a critical need in driver assistance
research. We propose using a model-based approach which can either directly seg-
ment the disparity to detect obstacles or remove the road regions from an already
segmented disparity map. We developed two methods for segmentation: first, by
directly segmenting obstacles from the disparity map; and, second by using mor-
phological operations followed by a robust model fitting algorithm to reject road
segments after the segmentation process. To test the success of our methods, we
have tested and compared them with an available method in the literature.

1 Introduction

Road accidents have been considered as the third largest killer after heart
disease and depression. Annually about one million people are killed and a
further 20 million are injured or disabled. Road accidents not only cause
fatality and disability, but also they cause stress, anxiety and financial side
effects on people’s daily life. In the computer vision and robotics communities,
there have been various efforts to develop systems which assist the driver to
avoid pedestrians, cars and road obstacles. However, road structure, lighting,
weather conditions, and interaction between different obstacles may signif-
icantly affect the performance of these systems. Hence, providing a system
that is reliable in a variety of conditions is necessary.

According to Bertozzi et al., [4] the use of visible vision and image pro-
cessing methods for obstacle detection in intelligent vehicles can be classified
as motion based [11], stereo based [12], shaped based [3] and texture based
[5] methods. For more details on the available literature, readers are referred
o [10]. Among these different approaches, stereo-based vision have been re-
ported as the most promising approach to obstacle detection [7]. The recent
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works in stereo-based obstacle detection for intelligent vehicles include the
Inverse Perspective Method (IPM) [2] and the u- and v-disparity map [9)].

IPM relies on the fact that if every pixel in the image is mapped to the
ground plane, then in the projected images obstacles located on the ground
plane are distorted. This distortion generates a fringe in the image resulting
from subtracting the left and right projected images and helps us to locate
an obstacle in the image. This method requires the camera parameters and
the base line to be known as a a priori. In fact, IPM is very sensitive to cam-
era calibration accuracy. Furthermore, the existence of shadows, reflections
or markings on the road may reduce the performance of this method. The
other recent method in obstacle detection for intelligent vehicles is based on
generating u- and v-disparity maps [9], which are histograms of the disparity
map in the vertical and horizontal directions. An obstacle is represented by a
vertical line in v-disparity while by a horizontal line in u-disparity. The ground
plane can be detected as a line with a slope. Hence, techniques such as Hough
Transform can be applied to detect obstacles. Obstacle detection using u- and
v- disparity maps appear to outperform IPM [8], however they have other
shortcomings. For example, the u- and v-disparity maps are usually noisy and
unreliable. In addition, accumulating in the horizontal and vertical direction
of the disparity map causes objects behind each other (or next to each other)
be incorrectly merged. The other disadvantage of this method is that small
objects or objects which are located in a far distance from camera tend to
be undetected. This may occur due to line segments in these regions that are
either too short to detect, or too long and so easily merged with other lines
in the v- or u-disparity map.

To overcome the above problems, this paper presents two new obstacle
detection algorithms for application in intelligent vehicles. Both algorithms
segment the disparity map. The first algorithm is based on the fact that the
obstacles are located approximately parallel to the image plane, and directly
segments them using a robust model fitting method applied to the quantised
disparity space. The second algorithm incorporates some simple morphological
operations and then a robust model fitting approach to separate the road
regions from the image. As this robust fitting method is only applied to a
part of image, the computation time is low. Another advantage of our model
based approach is that we do not require calibration information, which is in
sharp contrast with methods such as IPM.

Note that for finding pedestrians and cars in a road scene, typically stereo
data is used as a first stage, then fused with other data for classification. This
paper addresses the first stage only, and is highly suitable for incorporation
with other data at a later stage, or direct fusion with other cues.
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2 Algorithm 1: Robust Model Fitting

This algorithm relies on the idea that a constant model can describe the
disparity map associated with every obstacle approximately parallel to the
image plane. This is a true assumption where objects:

1. have no significant rotation angle;
2. have rotation but are not too close to the camera; or,
3. have rotation but have no significant width.

Later we will show that, by assuming overlapping regions in our algorithm,
we may allow small rotations about the vertical or horizontal axis. In the
algorithm, we first apply a contrast filtering method to the image and remove
areas of low contrast from the disparity map. It allows us to remove regions
whose disparity map, due to the lack of texture, is unreliable. This contrast
filtering method is described in Section 4. We then quantise the disparity
space by dividing it to a number of overlapping bins of length g pixels. Each
bin has ¢/2 pixels overlap with the next bin. This overlap can help to prevent
regions being split across two successive bins. In our experiments we set g=8
pixels. This quantisation approach has some advantages; first we apply our
robust fitting method to each bin separately and hence we avoid expensive
approaches such as random sampling. Second, we take the quantisation noise
of pixel-based disparity into account. Finally, it allows an obstacle to rotate
slightly around the vertical axis or have a somewhat non-planar profile (such
as a pedestrian). After disparity quantisation, we fit the constant model to the
whole bin. We compute the constant parameter and the residuals. If the noise
is Gaussian, the squared residuals will be subject to a x square distribution

r?
with n-1 degrees of freedom and and thus the scale of noise will be § = %:

where r; is the residual of the it" point. We compute the scale of noise and
select the points whose corresponding residual is less than the scale of noise
multiple by the significance level T (which can be looked up from Gaussian
distribution table). These points are inliers to the constant model and thus
do not belong to the road. Now we have a preliminary knowledge about the
inliers/outliers. In the next stage we iteratively fit the model to the inliers,
recompute the constant parameter with more confidence and compute the final
scale of noise only using the inliers. We used 3 iterations in our experiments.

We now have a final estimation of the model parameter. However iteration
has shrunken the inlier space. To create larger regions and simultaneously
maintain our degree of confidence, we fit the final estimated model to the bin
(including inliers and outliers) and reject outliers using the final scale of noise.

This above task gives us different sets of inliers of different depths that
create a segmentation map. However, this does not guarantee the locality
of each segment. To enforce the locality constraint we compute the regional
maximum of the segmentation map, assuming that we are only interested in
areas which are closer to us than the surrounding background. Finally a 4-
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connected labelling operation provides us with the final segmentation map.
As a post processing stage we may apply a dilation operation to fill the holes.

Figure 1-3 show the contrast filtering result mapped on the disparity map,
the result of the 4-connected labelling operation on the segmented image (and
the dilation) and the final result for frame 243. As can be seen from this figure,
the missed white colour car (at the right side of the image) does not have
enough reliable disparity data and thus is not detected as a separate region.

Fig. 1. The contrast filtering result Fig. 2. The 4-connected labelling op-
mapped on the disparity map. eration result

Fig. 3. Final results

3 Algorithm 2: Basic Morphological Operations

The second segmentation algorithm presented here is a simple set of morpho-
logical operations, followed by a road separation method. We first compute
the edges of the disparity map. Again, we apply our contrast filtering method
to the intensity image, and from the edge map we remove areas which have
low contrast. We apply a dilation operation to thicken the edges. Then we fill
the holes and small areas. We apply an erosion operation to create more dis-
tinct areas. To remove isolated small areas we use a closing operation next to
an opening operation. Finally as a post processing step we dilate the resulting
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region using a structural element of size 70 x 10. This step can fill small holes
inside a region and join closely located regions. This algorithm relies on the
removal of road areas. An algorithm for this is explained below.

3.1 Road Separation

Assume that we are given the disparity map and an initial segmentation in
the form of a set of overlapping rectangular regions. The camera parameters
and the base line is assumed to be unknown, which is an advantage of our
method over the existing methods. We aim at rejecting those regions which
belong to the road. We assume the road plane to be piecewise linear. It can be
easily proved that the disparity of pixels located on the road can be modelled
by the following equation [6]: d = %fx(]% cos & + sin o) where y is the image
coordinate in the horizontal direction, H is the distance of camera from the
road, B is the base line and « is the tilt angle of camera with respect to the
road. The parameters f, and f, are the scaled camera focal length. Thus for
simplicity we can write d = ay+b: where a and b are some unknown constant
parameters.

That means we describe the road with a set of linear models, i.e., modelling
the road as piecewise linear (any road that is not smooth and piecewise linear
certainly is an obstacle). We fit the linear model to every segment in the image.
We compute the parameters a, b and the residuals. If the noise is Gaussian, the
squared residuals will be subject to a x square distribution with n-2 degrees

2o
n—2"
of the i*" point. We compute the scale of noise and select the points whose
corresponding residual is less than the scale of noise as inliers. Since these
points are inliers to the assumed road model, they are not part of an obstacle.
Then we select the regions whose number of inliers is more than a threshold.
This threshold represents the maximum number of road pixels which can be
located in a region and that region be still regarded as an obstacle region.
Again we apply the previously discussed robust model fitting approach to the
inliers to estimate the final scale of noise and model parameters. We create a
new set of inliers/outliers. We reject a region as a road region only if its sum
of squared residuals is greater than the scale of noise. Once we make our final
decision, we can compute the final road parameters if we require. We also can
compute a reliability measure for each region based on its scale of noise and
its number of outliers to the road model (obstacle pixels).

of freedom and thus the scale of noise will be § = here r; is the residual

4 Contrast Filtering

If an area does not have sufficient texture, then the disparity map will be
unreliable. To avoid such areas we have applied a contrast filtering method
which includes two median kernels of size 5 x 5 and 10 x 10. The sizes of these
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pixels were chosen heuristically so that we ignore areas (smaller than 10 x 10)
in which the contrast is constant. We convolved our intensity image with both
median kernels. This results in two images I; and I, in each of which, every
pixel is the average of the surrounding pixels (with respect to the kernel size).
We compute the absolute difference between I; and I, and construct matrix
M, so that M=I,-I,. We reject every pixel i where M;< FTH. The threshold
FTH is set to be 2 in all experiments.

=

=

Fig. 4. If the contrast varies significantly between two embedded regions, then the
filter results in a high value (e.g., the left embedded squares), while, for regions with
no contrast the filter results in a low value(e.g, the right embedded squares).

5 Experimental Results

Within the ANU/NICTA intelligent vehicles project, we have a continu-
ing project to develop pedestrian and obstacle detection, to run on our road
vehicle, see Figure 5. For the purposes of this paper, we have applied our al-
gorithm to a noisy image sequence containing pedestrians, cars and buildings.
Here, we have provided a few samples of our results. We also have included
the results of applying the stereo-vision algorithm reported in [8] on the same

Fig. 5. Inside the ANU/NICTA intelligent vehicle. Cameras to monitor the road
scene and find obstacles appear in place of the rear-vision mirror.
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image sequence. This algorithm, which uses the u- and v-disparity map, has
been shown to be successful in comparison with other existing methods [8].

The example frames shown here were chosen to illustrate different as-
pects (strength and weakness) of both algorithms. We also compared the
three methods quantitatively in figure 18. The computation time for both
proposed methods is about one second per frame in a non-optimized Matlab
implementation on a standard PC. We expect it to be better than frame rate
in a C optimized implementation, and so comfortably real-time.

As the following results indicate all the algorithms may miss a number of
regions. However, it has been observed (from figure 18) that the model based
algorithm misses fewer regions and performs better. However, a drawback of
this algorithm is that if the disparity map is noisy, and some obstacles may be
rejected as outliers (in the robust fitting stage). This can be solved by assum-
ing a larger significance level T. However, it may cause under-segmentation.
In future work we plan to devise an adaptive approach to compensate for a
poor and noisy disparity map.

The morphological algorithm is only applicable where the disparity map is
sparse, otherwise for a dense disparity map, we will have a considerable under
segmentation. In this case, using the model based algorithm is suggested.

Figures 6-8 show that the model based algorithm has detected all the
obstacles correctly (in frame 8), while the morphological based algorithm has
under-segmented the data, and the u- and v-disparity based algorithm only
detected one obstacle.

As can be seen from figure 9-11, the model fitting based algorithm has
detected all obstacles, but failed to segment a pedestrian from the white car
(in frame 12). The morphological based algorithm has again missed the white
car. In contrast, the u- and v- disparity based algorithm has only succeeded
in detecting one of the pedestrians.

Figure 12-14, show that all of the different algorithm have successfully
ignored the rubbish and the manhole on the road. The model fitting based
algorithm has detected all obstacles except for the pedestrian close to the
camera. The morphological based algorithm has again missed the small white
car while it has successfully detected the pedestrians. In contrast, the u- and
v- disparity based algorithm has only succeeded in detecting the pedestrian
near to the camera.

The last example is frame 410 of the sequence. Figure 15-17 show that
while the model based algorithm tends to generate a large number of different
regions, the morphological operations based algorithm tends to detect more
major (larger and closer) obstacles. The pedestrian has a considerable rotation
angle and so the model based algorithm split the pedestrian across two regions.
This can be easily solved by a post-processing stage. Both the u- and v-
disparity and the model based algorithms miss the car at the right side of
image. However, small obstacles at further distances, which are ignored by
the u- and v- disparity based algorithm, are detected by the model based one.
Furthermore, although the u- and v- disparity based algorithm generates more
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Fig. 6. Results of applying model based Fig. 7. Results of applying morpholog-
algorithm on frame 8. ical based algorithm on frame 8.

Fig. 8. Results of applying u- and
v-disparity based algorithm in [8] on
frame 8.

precise boundaries for the pedestrian,it generates a noisy segmentation. This
may happen in all algorithms and is mainly due to noise in disparity. This is
best dealt with using other cues.

5.1 Comparison Results

In figure 18 we show the results of applying the two algorithms to 50 succes-
sive images of a road image sequence. These 50 frames were chosen because
all of them have four major obstacles, a reasonably high number in real appli-
cations. The ground truth results and also the results of applying the u- and
v-disparity based algorithm [8] have been shown in different colors. Ground
truth was labelled manually by choosing the most significant obstacles. Fig-
ure 18 clearly show that both proposed algorithms outperform the u- and
v-disparity based algorithm. More importantly the model based method for
obstacle detection has been more successful than the other two approaches.
The complete sequence is available at:
http://users.rsise.anu.edu.au/~nmb/fsr/gheissaribarnesfsr.html.
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Fig. 9. Results of applying model based Fig. 10. Results of applying morpho-
algorithm on frame 12. logical based algorithm on frame 12.

Fig. 11. Results of applying u- and v-
disparity based algorithm frame 12.

Note that with careful tuning the u- and v-disparity based algorithm may
generate better results. Despite its poor performance, this method has the
advantage of generating a more precise bounding box.

6 Future Work

Although the results of our algorithms show better performance than using
u- and v-disparity map, still there is a large space for improvement. The
robust model based approach can be improved by using a smarter quantization
method than the current one. The partitioning method of Bab-Hadiashar and
Suter [1] can also be used to improve the results. In addition, we may use a
model selection criterion to decide if a region is located on the road or on an
obstacle approximately parallel to the camera image plane.

To reduce the false negatives, we will fuse the disparity segmentation result
with other cues such as shape, texture or motion. We also will include a
tracking method to track obstacles over the image sequence such as Kalman
filtering or particle filtering.
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Fig. 12. Results of applying model Fig. 13. Results of applying morpho-
based algorithm on frame 170. logical based algorithm on frame 170.

Fig. 14. Results of applying u- and v-
disparity based algorithm frame 170.

Finally, as this algorithm only aims at detecting the obstacle region with no
classification, later we will include a classification approach to decide whether
an obstacle is a car, a pedestrian etc.

7 Conclusion

The main contribution of this paper is proposing a model based approach for
obstacle detection in driving assistant applications. The first algorithm relies
on the fact that a constant model can describe the disparity map associated
with every obstacle approximately parallel to the camera image plane. We
quantize the disparity space, use a robust model fitting method to estimate
the constant model parameter, and compute the scale of noise that is used to
partition the data. In the second algorithm that only can be applied to sparse
disparity maps, we use some basic morphological operations to segment the
data. Our main contribution here is not the segmentation algorithm itself but
it is the way we separate the road data from our image. This road separation
(or detection) method again is based on a model-based approach.

Both algorithms have been extensively tested and compared and have
shown to be more successful than the u- and v- disparity segmentation al-
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Fig. 15. Results of applying model Fig. 16. Results of applying morpho-
based algorithm on frame 410 logical based algorithm on frame 410

Fig. 17. Results of applying u- and v-
disparity based algorithm frame 410

Humber of Comect D etection
%)

13 5 7 89 11 13 15 47 19 21 23 25 27 29 3 33 35 37 39 4 43 45 47 48

Frame Humber

——Motphological-based Slgorthm —8—Model-based Algorithin —— Grubb 8lgorithm - - — - Ground Truth

Fig. 18. Comparison of our two algorithms with the u- and v- disparity based
algorithm.

gorithm. The model based algorithm misses fewer regions than the other al-
gorithms. This indicates that the model based approach is effective for obstacle
detection, and is worthy of further study to improve its performance further.
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Summary. In this paper, we present a new adaptation of the regular polygon de-
tection algorithm for real-time road sign detection for autonomous vehicles. The
method is robust to partial occlusion and fading, and insensitive to lighting con-
ditions. We experimentally demonstrate its application to the detection of various
signs, particularly evaluating it on a sequence of roundabout signs taken from the
ANU/NICTA vehicle. The algorithm runs faster than 20 frames per second on a
standard PC, detecting signs of the size that appears in road scenes, as observed
from a camera mounted on the rear-vision mirror. The algorithm uses the symmetric
nature of regular polygonal shapes, we also use the constrained appearance of such
shapes in the road scene to the car in order to facilitate their fast, robust detection.

1 Introduction

Improving safety is a key goal of road vehicle technology. Driver support
systems aim to improve safety by helping drivers react to changing road con-
ditions. Although full automation of road vehicles may be achievable in the
future, our research focusses on systems that can assist drivers immediately.
Rather than replacing the driver, we aim to keep the driver in the loop, while
supporting them in controlling the car.

Road signs present information to alert drivers to changes in driving con-
ditions. Critical information signs, such as speed, give-way, roundabout, and
stop give information that a driver must react to, as opposed to informational
and directional signs. These signs appear clearly in the road scene, and are
well distinguished. However, drivers may sometimes miss such signs due to
distractions or a lack of concentration. This makes detecting critical informa-
tion signs and making the driver aware of any they may have missed a key
target for improving driver safety. The lack of driver awareness of a sign may
be detected through a lack of response.

We have previously demonstrated the application of the radial symmetry
operator [1] to detecting speed signs, demonstrating real-time performance [2].

P. Corke and S. Sukkarieh (Eds.): Field and Service Robotics, STAR 25, pp. 55-66, 2006.
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Here detection took advantage of the circle that must appear on Australian
speed signs. The radial symmetry algorithm is a shape detector, based on
image gradient, and so is robust to varying lighting conditions and occlusions,
or the incomplete appearance of edges due to sign degradation under weather
conditions. This detection algorithm was coupled with recognition to allow a
full system that reported the current speed limit to the driver in real-time.

The regular polygon detector is a more general algorithm than radial sym-
metry that is able to detect all regular polygons including triangular, square,
and octagonal shapes [3]. General regular polygons may be detected in an
image up to a similarity transform. All the properties of the radial symme-
try algorithm are maintained in terms of robustness to illumination changes,
occlusion, and poor edges. In this paper, we adapt this algorithm specifically
to real-time road sign detection. By only examining gradients that could be
part of the road sign being sought, we are both able to simplify the detection
process without significantly impacting robustness. This allows the detection
to run at less than 50 ms per image on a standard PC installed in the vehicle.
We demonstrate this performance on a real road sequence, showing robust
and effective detection.

This class of regular polygon detectors has complexity O(Nkl), where [ is
the maximum width of the segments of the shape, k is the number of scales
that are being considered, and N is the number of image pixels. Note that
for small shapes k and [ are small numbers. The generalised Hough transform
[4] is a general algorithm that can perform the same function, however, even
modern hardware-based implementations take multiple seconds to recognise
a single shape [5]. This improved computational performance is the benefit of
specialised algorithms for detection of known features.

Other work in perceptual grouping [6] takes a similar approach in terms of
finding local support for shapes. However, this work does not use pixel-based
gradient information, and works at the level of edge segments for gradient.
A complexity of k2 was reported where k is the number of edge segments,
however for a cluttered image, if the segment size is one pixel, £ may be of
order of the size of the image.

The regular polygon shape detector class of algorithms is specialised for
real-time performance by exploiting the nature of regular polygon-like shapes
that have a defined centre point, using it as the voting centre. This makes
the algorithm robust to pixels that are missed due to occlusion, poor gradient
direction estimates or broken edges, as the vote at the centre point will still be
high. The regular polygon detectors are parametric in the formulation, and can
be easily and efficiently applied in situations where constraints are available
from the embodiment of the vision system within, such as the appearance
of a road sign to a car. In this paper, we focus specifically on the aspect of
adapting the detector for road sign detection.

This detector improves on previous sign detection results by facilitating
fast, robust detection that can reduce the region of interest for sign recog-
nition to only a few pixels, returning the position, centroid, scale and shape
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of candidate signs. Thus, few pixels require examination for recognition, and
the sign size and shape parameters are known. This allows computationally
expensive recognition as processing is well-targetted, so comparatively little
computation is needed to assess a candidate. The enhancements detailed in
this paper reduce the number of false positive sign detections by ignoring all
gradient edges that are not at an angle that could be part of a valid road sign.

2 Background

Road sign recognition research has been around since the mid 1980’s. A direct
approach is to apply normalised cross correlation to the raw traffic scene
image. This brute force method is computationally prohibitive, but can be
eased somewhat by approaches such as simulated annealing [7], or applying
templates to an edge image of the road scene [8]. However, these methods are
still computationally intensive and so unsuitable for a real-time system.

Many approaches have introduced separate stages for sign detection and
classification of sign type (e.g., [9, 10, 11]). We argue that this is an effective
means of managing computation for even a small number of sign types if the
detection algorithm has low computational cost, facilitating real-time opera-
tion. In this manner, computationally intensive classification is only performed
on a small fraction of the input stream.

Colour segmentation is the most common method for detection. Typically,
this is based on the assumption that the wavelength that arrives at the camera
from a traffic sign is invariant to the intensity of incident light. This assump-
tion usually manifests in the statement that HSV (or HSI) space is invariant
to lighting conditions [11]. A great deal of the research in this area exploits
a detection stage based on this assumption (e.g., [11, 12, 9, 13, 14, 15, 16]),
either finding the signs, or eliminating much of the image from further pro-
cessing. However, the camera image is not invariant to changes of incident
light chromaticity. Such variance occurs under different conditions, such as
direct sunlight, heavy cloud, smog, and under headlights at night. Further,
the colour changes as signs fade over time.

Another approach to detection is a priori assumptions about image forma-
tion. At its simplest, one can assume that the road is approximately straight,
so much of the image can be ignored. Combining such assumptions with colour
segmentation, Hsu and Huang [16] look for signs in only a restricted part of
the image. However, such assumptions can break down on curved roads, or if
the road is not planar. A more sophisticated approach is to use some form of
detection to facilitate scene understanding, and thus eliminate a large region
of the image. For example, Piccoli et. al [12] suggest large uniform regions of
the image correspond to the road and sky, and thus signs are only likely to
appear in the region alongside the road and below the sky. However, this is
inadequate in more difficult road scenes, for example a scene with trees over-
head casting shadows across the road. They also suggest ignoring one side of
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the image as signs will only come up on one side, however, this is not always
the case, for example see Figure 3, where the sign is in the centre of the road.

In this paper we present an adaptation of the regular polygon detection
algorithm to real-time detection of road signs. The detector uses gradient
elements to detect signs based on shapes, detecting triangle, square, diamond,
octagonal, and circular signs. The adaptation of the regular polygon detector
that we present can detect all signs in an image in 50 ms at all the sizes that
are practical for our driver assistance system vehicle platform.

3 The Structure of the Road Environment

There is much possible variation in sign appearance. Throughout the day, and
at night time, lighting conditions can vary enormously. A sign may be well lit
by direct sunlight, or headlights, or on the other hand it may be completely
in shadow on a bright day. Further, heavy rain may blur the image of the
sign. Ideally, signs have clear colour contrast, but over time they can become
quite faded, but are still quite clear to drivers. Although signs appear by the
road edge, this may be far from the car on a multi-lane highway — to the
left or right, or very close on a single lane exit ramp — and whilst signs are
generally a standard distance above the ground, they can also appear overhead
or on temporary roadworks signs at ground level. With this nature, it is not
simple to restrict the possible viewing positions of a sign within the image.
By modelling the road [17], it may be possible to dictate parts of the image
where a sign cannot appear, but road modelling has its own computational
expense, and, as discussed previously, colour-based methods are not robust.
However, the roadway is well structured. Critical signs, including give way,
stop and roundabout signs have a highly regulated appearance. Unless the
sign has been tampered with, signs will appear upright and approximately
orthogonally to the road direction. Finally, signs are always placed to be easily
visible, so the driver can easily see them without having to look away from the
road. In this paper we assume that the signs are correctly oriented, however,
with minor accidents, signs can occasionally appear tilted.

The regular polygon algorithm searches for near regular polygonal features.
As a legal critical information signs must always appear orthonormal to the
direction of the road, provided the system camera points in the direction of
vehicle motion, the surface of signs will be approximately parallel to the image
plane and so the polygonal shape of these signs will appear undistorted. On
a rapidly curving road it may be that the sign only appears parallel to the
image plane briefly, but this will be when the vehicle is close to the sign, so it
will appear large in the image. If we are processing images at 20 Hz, and we
are able to recognise a sign reliably from only a small number of frames then
generally we are safe to assume that the sign will be approximately parallel
to the image plane for many images.



Real-Time Regular Polygonal Sign Detection 59

4 Adapting Regular Polygon Detection
to Real-Time Sign Detection

Detecting regular polygons has been shown to be a powerful means of locat-
ing triangular, square and octagonal road signs in images [3]. The method
used was an extension of the radial symmetry transform [1], and utilised the
intrinsic symmetry of equiangular regular polygons to detect these shapes in-
dependently of orientation. However, in the case of road sign detection the
orientation of the target is known a priori, and thus orientation independence
is not required. This section demonstrates how the introduction of an orien-
tation constraint can be applied to the algorithm to: reduce the complexity;
and increase the speed to real-time levels.

For the sake of completeness this section summarises the base part of the
algorithm described in [3]. This sets the basis for the adaptation to road scenes
and the real-time implementation described in the remainder of the section.

4.1 Review of Regular Polygon Detection

The existing algorithm detects the centroids of n-sided regular polygons in
greyscale images as follows. Firstly the image gradient vector field is com-
puted, all elements with magnitudes under a predefined threshold are set to
zero, and the resulting vector field is denoted g. For each radius under con-
sideration, a vote image O, is computed of the same size as the input image,
and initialised to zero. Each non-zero element of g is considered in scan-line
order, and the shape centroid locations voted for and against by this gradient
element are computed. For a single gradient element g(p) these are given:

Ly= {L(p, m)|m € [~w, w]}, (1)
L_ ={L(p,m)|m € [-2w, —w) U (w, 2w]}, (2)

respectively. Here L(p, m) describes a line of pixels in front of and behind the
gradient element a distance r away, as shown in Figure 1, and is given by:

g(p)Ip Ir

<4+—re—>
w w

Fig. 1. Lines of pixels voted for by gradient element g(p), light lines indicate positive
votes, dark lines negative votes.
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L(p,m) = p + round (mg(p) £ rg(p)), (3)

where g(p) is a unit vector perpendicular to g(p), m is an integer and
T
w = rtan —. 4
z ()

Figure 2 shows the different voting lines for the same gradient element
when searching for different shapes, the white lines show positive votes L
and the dark lines are the negative votes L_. The negative votes are included
to attenuate the response of straight lines too long to belong to the target
shape. As each significant (non-zero) element of g is considered the total
votes for each pixel are accumulated in the vote image O,..

Fig. 2. Voting lines associated with a gradient element for different shapes.

In [3] a second vote image is constructed called the n-angle image. This
votes for angles to ensure that the shapes detected have the required number,
and does this in such a way as to facilitate the detection of these shapes
at any orientation simultaneously. The n-angle image is a key component
and accounts for a substantial portion of the computational time required.
However, it is not required if the orientation of the target is known a priori.

4.2 Detecting Regular Polygons of Known Orientation

If the orientation of the targeted shape is known, the search can be targeted
much more specifically, and a number of speedups and simplifications can be
applied to both reduce the complexity and increase the performance of the
method originally proposed in [3].

The orientation together with the number of sides of a regular polygon
provides a constraint on the angles of gradient elements that are likely to occur
at the edges of the shape. Specifically, for an n-sided figure with orientation 6,
the gradient orientations likely to occur around this shape are given by
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Fig. 3. Images from the start (52), middle (75), and end (99) of the sequence
showing the roundabout sign used in this paper.

2k
/g(p) = (9 + LI e) mod 7, for k an integer, (5)

n
where € is the angular tolerance on detected shape orientation with respect to
that expected. This allows for some variation in the angle of real signs, and for
some error in gradient values. Note that € was actually a few degrees. Note that
this method is equivalent to the previous algorithm, with a priori information
replacing the second vote image to apply joint orientation selectivity. It will
also remove any triangular candidates that are not oriented as signs, and so
remove this noise from the image.

Only gradient elements satisfying the orientation constraint in Equation 5
need be considered when computing O,.. This both reduces the computation
required to compute O, and implicitly performs the same task that the n-
angle image did in the unconstrained case, namely attenuating responses for
votes whose angular spacing is not consistent with that of the target shape.

4.3 Embodied Vision Issues

In practice, we process a continous image stream, not single images. Between
two images at 20 fps, only slight motion will occur. Accidental features are
common, where two image features align coincidentally, such as alignment of
multiple edges to form a regular polygon. We may partly deal with this issue
by requiring that a detected regular polygon is present for ¢ images, does
not move far between frames, and that its radius does not decrease in size
over time, and only increases by an amount appropriate for the vehicle speed.
Further, as there will be artefacts at multiple radii for a single sign, we apply
non-maximal suppression.

Further, the size that the sign will appear in the camera image mounted
in the car is constrained by the closest distance that it will be from the car,
and the camera focal length. There is also no point in detecting signs that are
smaller than the minimum size required to classify the sign.
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Fig. 4. Inside the ANU/NICTA intelligent vehicle. Cameras to monitor the road
scene appear in place of the rear-vision mirror.

5 Real-Time In-Vehicle Implementation

We integrated regular polygonal sign detection into the ANU/NICTA Intel-
ligent vehicle, see Figure 4. The algorithm was implemented in C++. The
maximum radii of the largest circle that could be inscribed on the triangle
was 12 pixels, and four radii was sufficient for the visible range of give way
signs as they appeared from the vehicle. For a 320 x 240 image, the detection
of four radii algorithm was able to run at 20 fps, running in less than 50 ms
per frame, on a 3Mhz dual processor PC. This is a vast improvement over
the approximately 1 fps performance of the original algorithm [3]. In previous
work we found that classification using normalised cross correlation was able
to run in less than 1ms per candidate, and so there is sufficient time left for
each frame to classify several candidates. As discussed in [18], the threshold
of gradients was set to only take the top 20% of the gradients in the image,
improving the signal to noise ratio and enhancing computational speed.

6 Results

Previously, we ran the detector on a series of signs taken from the internet
with the general algorithm. Images from this set were rerun with the new
adaptation of the algorithm to demonstrate that it has not lost any general-
ity for road scenes. The images and their regular polygon transform for the
correct radius are shown in Figure 5. The results are quite comparable with
the full algorithm, and are less noisy due to the exclusion of gradients that
are irrelevant to the constrained orientation case of road signs.

We took a real image sequence from the cameras mounted in the vehicle.
The sequence consists of 100 images. The sign is large enough to be classified
starting from frame 52, until it falls outside the image in frame 99. Over this
period the vehicle was travelling at approximately 60 kmph. This sequence
was run through the complete system without any specific adjustments to
the sequence itself. The first, last, and mid images in the sequence are shown
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Fig. 5. Images of two stop signs from the internet, and corresponding regular poly-
gon transform image using the algorithm presented for radius 20, and 28 respectively.
Although not completely clear to eye in this reproduction, in both cases the sign is
detected as the highest peak in the image.

in Figure 3. Figure 6 shows the vote images that were produced for the mid
image in the sequence. At the position of the sign, the increasing radius can be
seen as the lines produced by voting move towards, and then past the centre
of the sign, the peak is across (b) and (c). For this image, the best radius was
at (232,52) from top left. For this sequence, we took the best candidate in
each frame for each radius, and checked if it was in the best ten candidates
at each radius for the next ¢ images. For the sequence, the frame by frame
results for different ¢ are shown in Figure 7. Figure 8 shows a summary of
the number of times the sign was correctly detected during the sequence, and
the number of false positives, given different values for ¢. Regardless of the
detection rates over the sequence, it can be clearly seen that the sign is easily
detected many times over the sequence. Also, with this small number of false
positives, the recognition part of the system will be required to investigate
a maximum of four image locations in any frame. Figure 9 shows the false
positive rates for the images where the sign was to small to be detected. We
expect that this can be improved by computationally simple post-processing
of detected candidates. In initial trials with normalised cross correlation-based
recognition, the sign was recognised 17 times in the sequence. Although this
shows the sign being recognised many times while it is visible, the literature
would suggest better recognition rates can be achieved with tuning.

In previous work round signs [2], we found that false positive repeat signs
were rare for circular features. As can be seen from Figure 8 this was less the
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Fig. 6. The regular polygon detection image for image 76 shown above, for radii of
(a) 6, (b) 8, (c) 10, and (d) 12. The images underneath show vote histograms. (b)
and (f) show the correct radius with a single clear peak of votes at the sign, with
few other candidates with a close number of votes.
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Fig. 7. Average and half standard deviation of false positives (top) and false neg-
atives (bottom), given number of frames ¢ that the sign is required to be present.
Note that the error bars are set to one half of the standard deviation for clarity.

case for triangular signs. This is to be expected, as it is not uncommon for
a multiple edges to align in an urban road-scene. However, as the number of
expected edges increases towards the limit of a circle they will become less
common as this requires more coincidentally placed edges.
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numframes|times correct|false positives
2 44 47
3 44 44
4 44 38
5 44 37

Fig. 8. For the number of frames the sign is required to be present, the number of
correct classification and the number of false positives across the whole 48 frames
where the sign was detectable.

t number of frames|average false positives
2 3.01
3 2.80
4 2.46
5 2.26

Fig. 9. Number of false positives per frame versus ¢ for the 52 frames where the
sign was not large enough to be detected.

7 Conclusion

We have adapted the regular polygon algorithm for road sign detection. By
constraining the gradient image voting, we were able to simplify the algorithm
in terms of computation, and process images in less than 50 ms. The detection
results over sample images show no significant loss of detection signal with re-
spect to the original regular polygon detection algorithm. New image sequence
results demonstrate stable performance at real time, and reliable detection,
with sufficiently few false positives to support real-time classification.
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Autonomous navigation using natural landmarks in an unexplored environ-
ment is a very difficult problem to handle. While there are many techniques
capable of matching pre-defined objects correctly, few of them can be used for
real-time navigation in an unexplored environment. One important unsolved
problem is to efficiently select a minimum set of usable landmarks for locali-
sation purposes. This paper presents a method which minimises the number
of landmarks selected based on texture descriptors. This enables localisation
based on only a few distinctive landmarks rather than handling hundreds
of irrelevant landmarks per image. The distinctness of a landmark is calcu-
lated based on the mean and covariance matrix of the feature descriptors of
landmarks from an entire history of images. The matrices are calculated in a
training process and updated during real-time navigation.

1 Introduction

Autonomous navigation in an unexplored environment is more challenging
than in a controlled environment. In particular, underwater environments
are mostly unexplored and do not have GPS access. Therefore navigation is
generally based on methods such as Simultaneous Localization and Mapping
(SLAM) [1] [2]. Most existing SLAM algorithms rely on artificial landmarks
which do not exist in an unexplored environment. Recently, methods have been
developed for extracting natural landmarks with representations that are in-
variant to scaling, distortion and perspective. Most of these methods select
landmarks based on local properties of points, such as extracting the extrema
[3] [4] or corner features [5]. The surrounding properties of these points are
then analysed and converted to a vector of feature descriptors. These meth-
ods can efficiently select invariant natural landmarks from each image, so that
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the same landmarks can be picked up under different geometric or lighting
conditions from different images.

However, such methods tend to generate hundreds of landmarks per im-
age. For real-time SLAM applications, it is computationally infeasible to com-
pare landmarks from the current image against a database of all landmarks
previously seen. SLAM does not only require a method for selecting natural
landmarks that are invariant, but also requires selection of a small enough
set of distinctive landmarks for computing the similarity between landmarks.
A method for selecting distinctive landmarks that is both economical and
efficacious is described in this paper.

2 Background

Scale Invariant Feature Transformation (SIFT) [4] is a method which has
received much attention recently for its robustness in representing landmarks.
It analyses the local gradients of the extrema extracted using Difference of
Gaussian (DOG) filters [6] . Its descriptors are claimed to be invariant under
changes in scale, rotation, shift and illumination conditions.

We have previously devised another method of representing landmarks
based on DOG and frequency distribution analysis [3] that could potentially
provide more robust descriptors than those based on gradient properties be-
cause the frequency properties used are usually less sensitive to noise.

Corner-based approaches, such as the Harris Matrix [7], claim to be also
invariant under affine transformation [5]. Other methods including phase con-
gruency [8], wide baseline stereo matching [9], intensity transformation [10]
and steerable filters [11], are also designed to provide invariant descriptors.
Some comparison of these techniques has been reported [12].

All of the methods mentioned above can be described in two main steps.
Firstly, select interest points based on local properties. Secondly, analyse and
represent the local properties of interest points by descriptors. The reason that
methods mentioned so far tend to generate hundreds of landmarks per image
is because the selection process occurs prior to descriptor transformation and
is therefore based only on raw image data. The main motivation of distinctness
analysis presented in this paper is to have a further selection process based
on the landmarks represented by descriptors i.e. a post-descriptor selection
process.

3 Distinctivness Analysis

The question arises as to how a few relevant landmarks out of a potentially
large set should be remembered. In Figure 1, it would be best to remember
the center object because it is the most distinctive among the set. If one
remembers any of the other objects, which are similar to each other, it will be
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hard to distinguish between them later on. The algorithm should maximize
the probability of recognizing and localizing correctly, based on the features
of just a few chosen landmarks.

Fig. 1. Simple diagram of a distinctive object among other objects

3.1 Mathematical Distinctness

Mathematically speaking, if each landmark is represented by descriptors using
a method noted in Section 2, each landmark becomes a feature vector of
descriptors in parametric space. Distinctness can be judged from analyzing
these vectors. The general philosophy of distinctness selection is to preserve
a set of parameters that appear less frequently whilst deleting those that
appear more frequently. If we consider all the feature vectors of landmarks as
containing random variables, the probability of appearance for each of them
can then be calculated by assuming a Gaussian distribution of the vectors
using the formula [13]:

1 1 te—1
f(x) = W xexp{—i(x—p,) C(x—p)} (1)
where:
1 n
n= gzxj (2)
j=1
and
1 « .
C= >~ 1) (%~ 1) 3)

j=1
where n = the number of landmarks.

A distinctness selection can then be made on the basis that the lower the
probability, the more distinctive a landmark is judged to be.
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3.2 Global Distinctness

Since distinctness selection is a process of minimizing the number of land-
marks, the selection criteria must select landmarks consistently from a variety
of images. The distinctness of a landmark must have a global meaning for it
to be call distinctive i.e. any possible matches should pick out landmarks that
are distinctive across images rather than within a particular image.

Referring to Equation 1, the distinctness of a landmark is calculated based
on a mean vector g and a covariance matrix C. To obtain these two matrices,
the sample feature vectors must be selected over a wide range of images of the
environment. However, remembering all the sampled feature vectors from each
image can accumulate to a huge database. This is avoided because the mean
and covariance are updated on every image without the need for recalculation
later on.

Let us denote the mean and covariance for the global distinctness by p
and C; respectively and those for the current image by p. and Cc. Then i
and C. can be calculated from Equations 2 and 3; assuming py and Cy have
been initialised, they can be updated using the formula:

Bt = Ape—1+ (1 — Npe (4)

where A is the innovation factor, which determines how much the system
relies on history versus new data.
C; is calculated on the following formula:

Ciay) = B(XY )t — pe(a) ey (5)

where E(XY) is the expectation value of the product of two dimensions
X and Y, which can be calculated from:

B(XY), = NE(XY )iy — (1 = NE(XY), (6)

E(XY);—1 and E(XY), can be obtained by rearranging Equation 5 using
E(XY) as the subject with appropriate g and C matrices.

py and Cg can be updated iteratively using p. and C.. To initialize
and Cyg, they are assigned equal to pu. and C. for the first input image.
pt and Cy require the system to run over a series of images in order to
have confidence in global distinctness. A practical solution is to take a safe
walk in the environment of interest e.g. move forward a few steps then move
backward a few steps, before using the data for exploration into an unexplored
environment.

3.3 Probability of Similarity

Once distinctive landmarks have been extracted, they are compared to form
a judgment on how likely any two of them correspond to the same landmark.
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This involves calculating the probability of similarity between two selected
landmarks from different images.

Each landmark is extracted and converted into a feature descriptor i.e.
a p-dimensional vector, which is subject to sources of randomness. Firstly
there is random noise from the sensors. Secondly, the descriptor expression is
itself a simplified representation of the landmark. Lastly the two images being
compared could be viewing the landmark from a different perspective, which
causes geometric distortion. Therefore, each landmark can be considered as a
single sample of the observing object.

In making inferences from two landmarks in two different images, it is
in principle a standard significance test. However, comparison is only made
between two single samples. For this reason, the ANOVA test (The Analysis
of Variance) cannot be used because the sample size required should be large.

For multidimensional vector comparison, the y2 (Chi-Squared) distribu-
tion test is appropriate. Chi-Squared distribution is a combined distribution
of all dimensions which are assumed to be normally distributed. It includes an
additional variable v describing the degrees of freedom. Details can be found
in [13].

In multidimensional space, the x? variable is defined by:

Xo=NE-y)'2 ' (x-y) (7)
where:
X and y are the mean of the measurements of X and Y respectively;
X is the covariance matrix of noise;
N is a function related to the sample size of the two measurements.
Since our sample size is one, then N = 1, X = x and y = y. Equation 7
simplifies to:
Xo = (x—y)'2 7 (x~y) (8)
If the noise of each dimension is independent of the other, the inverse
covariance is a diagonal matrix and hence can be further simplified to:

2 . (»Tz - yi)2
=Y ok ©)
i=1 i

where p is the number of dimensions of x.

Since x contains p independent dimensions, then the degree of freedom
v is p not (p — 1) as usually defined for the categorical statistic. Also o; =

20, where ¢ is the standard deviation for a single random variable on each

dimension.

With x2 and v obtained, the probability of similarity is defined to be
equal to the integrated probability at the y? value obtained. The integrated
probability of Chi-Square distribution can be found in statistical tables.
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4 Experimental

In this section, experiments were conducted on a series of sub-sea images
(courtesy of ACFR, University of Sydney, Australia). The configuration was
set such that the camera was always looking downwards on the sea floor.
This configuration minimised the geometrical distortion caused by different
viewpoints.

4.1 Initial Test of the Algorithm

For this experiment, the algorithm was written in Matlab V6.5 running on a
PC with a P4 2.4GHz processor and 512Mb of RAM.

To demonstrate how the distinctness analysis algorithm worked, a typical
analysis is now explained in detail. In the following example, we have trained
the distinctness parameters py and Cg over 100 images from the series. The
texture analysis described in [3] generated invariant landmarks on two partic-
ular images shown in Figure 2 which consist of partially overlapping regions.

The distinctness analysis described in Section 3 was then applied to further
select a smaller set of landmarks which were considered to be distinctive as
shown in Figure 3. The innovation factor A was chosen to be 0.9 weighting
the past significantly more than the present. The threshold for distinctness in
Equation 1 was chosen to be 0.2, a value that kept the number of landmarks
chosen to relatively few. In Figure 4, the two highest matches of landmarks
that scored higher than a threshold probability of 0.8 are shown with linked
lines.

The first selection of landmarks based on DOG techniques generated many
landmarks scattered all over the two images. More landmarks could usually
mean more confidence for matching. However, the computational time for
making comparison would also increase. In addition, since non-distinctive ob-
jects were not excluded, many of the matches could possibly have been gen-
erated by similar objects located at different places.

Figure 3 shows a selection of landmarks that the algorithm chose to be
globally distinctive. The number of landmarks was significantly reduced when
retaining useful matches between the two images. Since these landmarks
should not appear frequently in the environment, the possibility that simi-
lar objects appear in different locations is minimised.

The run-time of this algorithm depended on the complexity of the images.
On average, the time required to generate landmarks with descriptors took
~6 seconds per image while the selection process of distinctive landmarks re-
quired only ~0.05 second per image. Thus the extra time required to select
distinctive landmarks was comparatively small. The time required to calculate
the probability between any two landmarks was ~0.001 second. On average,
the sub images could generate 150 landmarks. Therefore there were 150 x 149
potential comparisons required to calculate between two images. The maxi-
mum time required would be ~0.001 x 150 x 150 = 22.5 seconds. But after
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Fig. 2. Two particular images from the Sub sea images. The different sizes of boxes
are landmarks generated using texture analysis described in [3].

applying the distinctness selection process, the number of landmarks reduced
to ~10 per image. The time required to make comparison thus reduced to
~0.1 second. The algorithm is currently being re-implemented in C which
should improve its speed significantly.

4.2 Global Distinctness Test

The performance of the algorithm was then tested with different images across
the environment. The test should reveal whether the algorithm could select
objects that are truly distinctive from a human’s perspective. The task is in
some ways subjective. A group of images are displayed in Figure 5 together
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Fig. 3. On the same two images of Figure 2. After applying the Distinctness selection
process described in Section 3, the number of landmarks is reduced.

with the landmarks selected by the algorithm. The reader can judge the per-
formance of the algorithm by noting what has been picked out.

As can be seen, the distinctive landmarks are usually the complicated
textural corals which tend to be sparsely distributed.

It can be seen that in some of these images, there is a single distinctive
object, in which case, the algorithm has concentrated the landmarks in that
region. However, in images that contain no obvious distinctive objects, the
algorithm has chosen fewer distinctive landmarks scattered over the whole
image.
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Fig. 4. After comparing each distinctive landmarks, two highest matches that con-
tains probability of over 0.8 are joined by lines for illustration.

4.3 Stability Test

A final test was conducted to check on the stability of chosen landmarks. By
stability, we mean that the same landmark should be picked out invariant to
any changes in shift, rotation, scale and illumination. A selection of image
pairs was made such that these pairs contained relatively large changes in
the previously mentioned conditions and contained overlapping regions. After
the algorithm was applied to each image to pick out distinctive landmarks,
an inspection was made within the overlapping region to count the number
of distinctive landmarks that appeared within a few pixels in corresponding
locations of the two images. By comparing this number with the number
of landmarks that did not correspond in both of the images, a measure of
stability was obtained. For example in Figure 3, there were four distinctive
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Fig. 5. Sample images from sub-sea series (courtesy of ACFR, University of Sydney,
Australia)
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landmarks appearing in corresponding locations of both images. On the other
hand, there were three which do not correspond in both images.

In Figure 6, 20 pairs of images have been analysed in the way indicated
above. On average, 47% of the landmarks selected as distinctive in one image
appeared correspondingly in both images. This was deemed a relatively high
hit rate for tracking good distinctive landmarks through image sequences and
shows promise for enabling map building in a SLAM context.
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Fig. 6. An analysis of finding stable landmarks over 20 pairs of images.

5 Conclusion and Future Work

The work reported here has shown that it is possible to differentiate image
data in such a way that distinctive features can be defined which can be
tracked on images as the features progress through a sequence of images in
an unexplored environment.

The paper presented an extended algorithm for selecting distinctive land-
marks among numerous candidates, that could also be adapted and combined
with existing invariant landmark generation techniques such as SIFT or Tex-
ture Analysis. In our experiments, the algorithm is demonstrated to discrimi-
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nate a small enough set of landmarks that would be useful in techniques such
as SLAM.

We are currently working to incorporate this landmark selection algorithm
with inertia sensor information to form a functioning SLAM system and de-
ploy it in a submersible vehicle.
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Summary. We present a biologically inspired active vision system that incorpo-
rates two modes of perception. A peripheral mode provides a broad and coarse
perception of where mass is in the scene in the vicinity of the current fixation point,
and how that mass is moving. It involves fusion of actively acquired depth data
into a 3D occupancy grid. A foveal mode then ensures coordinated stereo fixation
upon mass/objects in the scene, and enables extraction of the mass/object using a
maximum a-posterior probability zero disparity filter. Foveal processing is limited
to the vicinity of the camera optical centres. Results for each mode and both modes
operating in parallel are presented. The regime operates at approximately 15H z on
a 3G H z single processor PC.

Keywords: Active Stereo Vision Road-scene Fovea Periphery

1 Introduction

The National ICT Australia (NICTA) Autonomous Systems and Sensing
Technologies (ASSeT) Smart Car project focusses on Driver Assistance Sys-
tems for increased road safety. One aspect of the project involves monitoring
the driver and road scene to ensure a correlation between where the driver is
looking, and events occurring in the road scene [11]. The detection of objects
in the road scene such as signs [19] and pedestrians [14], and the location of the
road itself [2], form part of the set of observable events that the system aims
to ensure the driver is aware of, or warn the driver about in the case that they
have not noticeably observed such events. In this paper, we concentrate on the
use of active computer vision as a scene sensing input to the driver assistance
architecture. Scene awareness is useful for tracking objects, classifying them,
determining their absolute position or fitting models to them.

4 National ICT Australia is funded by the Australian Department of Communica-
tions, Information Technology and the Arts and the Australian Research Council
through Backing Australia’s ability and the ICT Centre of Excellence Program.

P. Corke and S. Sukkarieh (Eds.): Field and Service Robotics, STAR 25, pp. 79-90, 2006.
© Springer-Verlag Berlin Heidelberg 2006
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1.1 Research Platform

The Smart Car (Fig. 1, left), a 1999 Toyota Landcruiser, is equipped with
the appropriate sensors, actuators and processing hardware to provide an en-
vironment in which desired driver assistance competencies can be developed
[9]. Positioned centrally inside the front windscreen is an active stereo vision
mechanism. CeDAR, the Cable-Drive Active-Vision Robot [22], incorporates
a common tilt axis and two pan axes each exhibiting a range of motion of 90°.
Angles of all three axes are monitored by encoders that give an effective angu-
lar resolution of 0.01°. An additional CeDAR unit (Fig. 1, right) identical to
the unit in the Smart Car is used for initial visual experiments. Although it is
stationary and cannot replicate road conditions, it is convenient for algorithm
development such as that presented in this paper.

Fig. 1. Research platform. Left: Smart Car, and CeDAR mounted behind the wind-
screen (centre). Right: CeDAR, laboratory apparatus.

2 Active Vision for Scene Awareness

A vision system able to adjust its visual parameters to aid task-oriented be-
haviour — an approach labeled active [1] or animate [4] vision — can be ad-
vantageous for scene analysis in realistic environments [3]. Foveal systems
must be able to align their foveas with the region of interest in the scene.
Varying the camera pair geometry means foveal attention can be maintained
upon a subject. It also increases the volume of the scene that may be depth-
mapped. Disparity map construction using a small disparity search range that
is scanned over the scene by varying the camera geometry is less computa-
tionally expensive than a large static disparity search. A configuration where
fixed cameras use pixel shifting of the entire images to simulate horopter re-
configuration is more processor intensive than sending commands to a motion
axis. Such virtual shifting also reduces the useful width of the image by the
number of pixels of shift.

3 Bimodal Active Vision

We propose a biologically inspired vision system that incorporates two modes
of perception. A peripheral mode first provides a broad and coarse perception
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of where mass is in the scene in the vicinity of the current fixation point
(regardless of where that may be) and how that mass is moving. The images
are processed in their entirety. It does not, however, incorporate the notion of
coordinated gaze fixation or object segmentation. Once the peripheral mode
has provided a rough perception of where mass is in the scene, the foveal
mode allows coordinated stereo fixation upon mass/objects in the scene, and
enables extraction of the object or region of mass upon which fixation occurs.
We limit foveal processing resources to the region of the images immediately
surrounding the image centres.

The human vision system provides the motivation for bimodal perception.
Humans find it difficult to fixate on unoccupied space. Empty space contains
little information; we are more concerned with interactions with objects or
mass. Additionally, the human visual system exhibits its highest resolution
around the fixation point, over a region of approximately the size of a fist at
arms length. The periphery, despite being less resolute, is very sensitive to
salient scene features such as colourful or moving objects [21]. For resolute
processing, humans centre objects detected in the periphery within the fovea.

3.1 Peripheral Perception

We first provide an overview of the process required to rectify epipolar geom-
etry for active stereo image pairs. Rectified pairs are then used to construct
depth maps which are incorporated into an occupancy grid representation of
the scene. We also describe how the flow of mass in the occupancy grid is
estimated. These techniques provide a coarse 3D perception of mass in the
scene.

Active Rectification and Depth Mapping

In [7] we described a rectification method used to actively enforce parallel
epipolar geometry [15] using camera geometric relations. Though the geomet-
ric relations can be determined by visual techniques (see [20]), we use a fixed
baseline and encoders to measure camera rotations. We have shown the ef-
fectiveness of the rectification process by using it to create globally epipolar
rectified mosaics of the scene as the cameras were moved (Fig. 2). The mosaic
process allows the use of any static stereo algorithms on an active platform by
imposing a globally static image frame and parallel epipolar geometry. Here,
we use the process for active depth-mapping. Depth maps are constructed us-
ing a processor economical sum of absolute differences (SAD) technique with
difference of Gaussians (DOG) pre-processing® to reduce the effect of intensity
variations [5].

4 DOG is an approximation to the Laplacian of Gaussian.
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Fig. 2. Online output of the active rectification process: mosaic of rectified frames
from right CeDAR camera.

A Space Variant Occupancy Grid Representation of the Scene

Occupancy grids can be used to accumulate diffuse evidence about the oc-
cupancy of a grid of small volumes of space from individual sensor readings
and thereby develop increasingly confident maps [10]. Occupancy grids per-
mit Bayesian integration of sensor data. Each pixel in a disparity map is a
single measurement for which a sensor model is used to fuse data into the
3D occupancy grid. The occupancy grid is constructed such that the size of
a cell at any depth corresponds to a constant amount of pixels of disparity
at that depth. It is also constructed such that rays eminating from the origin
pass through each layer of the occupancy grid in the depth direction at the
same coordinates [7]. Fig. 3 (left) shows an example snapshot of occupancy
grid construction.

As described in [8], the velocities of occupied cells in the 3D grid are cal-
culated using an approach similar to that of [16]. This approach estimates 2D
optical flow in each image and depth flow from consecutive depth maps. The
mosaics remove the effect of camera rotations so that SAD based flow estima-
tion techniques can be used to determine the vertical and lateral components
of scene flow (Fig. 3, centre). We are able to assign sub-cell sized motions
to the occupied cells in the occupancy grid. The occupancy grid approach
was used to coarsely track the location and velocity of the ground plane and
objects in the scene [8] (Fig. 3, right) at approximately 20H z.

3.2 Foveal Perception

We begin by assuming short baseline stereo fixation upon an object in the
scene. We can ensure fixation on an object by placing it at the vergence point
using saliency based attention mechanisms®. We want to find the boundaries
of the object so we can segment it from its background, regardless of the type

5 Gaze arbitration combines 2D visual saliency operations with the occupancy grid
perception. However, visual saliency and gaze arbitration are not within the scope
of this paper.
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Fig. 3. Peripheral perception. Left: left camera image (top) and occupancy grid
representation of mass in the scene with surface rendering (bottom). Centre: left
camera image (top) and 3D mass flow vectors (bottom). Right: left camera image of
road scene (top) and occupancy grid representation showing ground plane extraction
(bottom).

of object or background configuration. Analogous to human vision, we define
the fovea as approximately the size of a fist held a distance of 60c¢m from the
camera. For our cameras, this corresponds to a region of about 60x60 pixels.

For humans, the boundaries of an object upon which we have fixated
emerge effortlessly because the object is centred and appears identical in our
left and right eyes, whereas the rest of the scene usually does not. For synthetic
vision, the approach is the same. The object upon which fixation has occurred
will appear with identical pixel coordinates in the left and right images, that
is, it will be at zero disparity. For a pair of cameras with suitably similar
intrinsic parameters, this condition does not require epipolar or barrel distor-
tion rectification of the images. Camera calibration, intrinsic or extrinsic, is
not required.

ZDF Formulation

A zero disparity filter (ZDF) is formulated to identify objects that map to
image frame pixels at the same coordinates in the left and right fovea. Fig. 5
shows example ZDF output. Simply comparing the intensites of pixels in the
left and right images at the same coordinates is not adequate due to incon-
sistencies in (for example) saturation, contrast and intensity gains between
the two cameras, as well as focus differences and noise. A human can easily
distinguish the boundaries of the object upon which fixation has occurred
even if one eye looks through a tinted lens. Accordingly, the regime should be
robust enough to cope with these types of inconsistencies. One approach is to
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A

Fig. 4. NCC of 3x3 pixel regions at same coordinates in left and right images.
Correlation results with higher values shown more white.

correlate a small template in one image with pixels in the same template in
the other image. Fig. 4 shows the output of this approach. Bland areas in the
images have been surpressed (set to 0.5) using DOG pre-processing. This is
because untextured regions will always return a high NCC response whether
they are at zero disparity or not. The output is sparse and noisy. The palm
is positioned at zero disparity but is not categorised as such. To improve re-
sults, image context needs to be taken into account. For this reason, we adopt
a Markov Random Field [13] (MRF) approach. The MRF formulation defines
that the value of a random variable at the set of sites (pixel locations) P
depends on the random variable configuration field f (labels at all sites) only
through its neighbours NV € P. For a ZDF, the set of possible labels at any
pixel in the configuration field is binary, that is, sites can take either the label
zero disparity (f(P) = l,) or non-zero disparity (f(P) = l,,.). For an obser-
vation O (in this case an image pair), Bayes law states that the a-posterior
probability P(f | O) of field configuration f is proportional to the product of
the likelihood P(O | f) of that field configuration given the observation and
the prior probability P(f) of realisation of that configuration:

P(f10) < P(O][)-P(f). (1)

The problem is thus posed as a MAP optimisation where we want to find
the configuration field f(l,,l,,) that maximises the a-posterior probability
P(f | O). In the following two sections, we construct the terms in Eq. 1.

Prior P(f)

The prior encodes the properties of the MAP configuration we seek. It is
intuitive that the borders of zero disparity regions co-incide with edges in the
image. From the approach of [6], we use the Hammersly-Clifford theorem, a
key result of MRF theory, to represent this property:

P(f) e YoVl (2)

Clique potential Vo describes the prior probability of a particular realisation
of the elements of the clique C. For our neighbourhood system, MRF theory
defines cliques as pairs of horizontally or vertically adjacent pixels. Eq. 2

reduces to:
P(f) o< 67 Zp ZqENp Vp,a(fp,fq). (3)

In accordance with [6], we assign clique potentials using the Generalised Potts
Model where clique potentials resemble a well with depth wu:
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Vioa(fos fa) = tup,g - (L= 0(fp — fq)), (4)

where § is the unit impulse function. Clique potentials are isotropic (V, 4 =
Vyp), 80 P(f) reduces to:

2u Yy F fy
“Xoeey {O otherwise
P(f) xe ' ()
Ve can be interpreted as a cost of discontinuity between neighbouring pixels
p,q. In practice, we assign the clique potentials according to how continuous
the image is over the clique using the Gaussian function:

e—(Alc)?

Vo= ———, 6

¢ 202 (6)

where Als is the change in intensity across the clique, and o is selected

such that 30 approximates the minimum intensity variation that is considered
smooth.

Note that at this stage we have looked at one image independently of the

other. Stereo properties have not been considered in constructing the prior

term.

Likelihood P(O | f)

This term describes how likely an observation O matches a hypothesized con-
figuration f and involves incorporating stereo information for assessing how
well the observed images fit the configuration field. It can be equivalently
represented as:

PO f)= Pl f 1), (7)

where I4 is the primary image and I'p the secondary (chosen arbitrarily) and
f is the hypothesized configuration field. In terms of image sites P (pixels),
Eq. 7 becomes:

PO] f) ] giasislp), (8)

P

where ¢() is some symmetric function [6] that describes how well label [p fits
the image evidence i4 € I4 and ip € Ip corresponding to site P (it could,
for instance, be a Gaussian function of the difference in observed left and
right image intensities at P; we evaluate this instance — Eq. 11 — and propose
alternatives later).

Energy minimisation

We have assembled the terms in Eq. 1 necessary to define the MAP optimi-
sation problem:
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P(f ] 0) o e” 2o Zaey Yrallnia) T g(ig i, 1p). 9)
P

Maximising P(f | O) is equivalent to minimising the energy function:

bE= Z Z Vp,q(fp,fq) - Zln(g(lAlealP)) (10)
P

P gEN,

Optimisation

A variety of methods can be used to optimise the above energy function in-
cluding, amongst others, simulated annealing and graph cuts. For active vision,
high-speed performance is a priority. At present, a graph cut technique is the
preferred optimisation technique, and is validated for this class of optimisa-
tion as per [18]. We adopt the method used in [17] for MAP stereo disparity
optimisation (we omit their use of a—expansion as we consider a purely binary
field). In this formulation, the problem is that of finding the minimum cut on
a weighted graph:

A weighted graph G comprising of vertices V' and edges E is constructed
with two distinct terminals .4, l,.q (the source and sink). A cut C = V* V?!
is defined as a partition of the vertices into two sets s € V* and ¢t € V'
Edges t, s are added such that the cost of any cut is equal to the energy of
the corresponding configuration. The cost of a cut |C| equals the sum of the
weights of the edges between a vertex in V* and a vertex in V*.

The goal is to find the cut with the smallest cost, or equivalently, com-
pute the mazimum flow between terminals according to the Ford Fulkerson
algorithm [12]. The minimum cut yields the configuration that minimises the
energy function. Details of the method can be found in [17]. It has been shown
to perform (as worst) in low order polynomial time, but in practice performs
in near linear time for graphs with many short paths between the source and
sink, such as this [18].

Robustness

We now look at the situations where the ZDF performs poorly, and provide
methods to combat these weaknesses. Fig. 5a shows ZDF output for typical
input images where the likelihood term has been defined using intensity com-
parision. Output was obtained at approximately 25Hz for the 60x60 pixel
fovea on a standard 3G H z single processor PC. For this case, ¢g() in Eq. 8 has
been defined as:

e—(AI)?

. o952 V=1
gliaip, f) = { 227(A10)2 f
1- T og2 Vi =ln:

(11)

The variation in intensity at corresponding pixel locations in the left and
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Fig. 5. Foveal perception. The left and right images and their respective foveas are
shown with ZDF output (bottom right) for each case a-f. Result a involves intensity
comparision, b involves NCC, and ¢ DOG NCC for typical image pairs. Result d-f
show NDT output for typical images d, and extreme conditions e,f.

right images is significant enough that the ZDF has not labeled all pixels
on the hand as being at zero disparity. To combat such variations, NCC is
instead used (Fig. 5b). Whilst the ZDF output improved slightly, processing
time per frame was significantly increased (~ 12Hz). As well as being slow,
this approach requires much parameter tuning. Bland regions return a high
correlation whether they are at zero disparity or not, and so the correlations
that return the highest results cannot be trusted. A threshold must be chosen
above which correlations are disregarded, which also has the consequence of
disregarding the most meaningful correlations. Additionally, a histogram of
correlation output results is not symmetric (Fig. 7, left). There is difficulty
in converting such output to a probability distribution about a 0.5 mean, or
converting it to an energy function penalty.

To combat the thresholding problem with the NCC approach, the images
can be pre-processed with a DOG kernel. The output using this technique
(Fig. 5¢) is good, but is much slower than all previous methods (~ 8Hz)
and requires yet more tuning at the DOG stage. It is still susceptible to the
problem of non-symmetric output.

We prefer a comparator whose output histogram resembles a symmetric
distribution, so that these problems could be alleviated. For this reason we
chose a simple neighbourhood descriptor transform (NDT) that preserves the
relative intensity relations between neighbouring pixels, but is unaffected by
brightness or contrast variations between image pairs.

In this approach, we assign a boolean descriptor string to each site and
then compare the descriptors. The descriptor is assembled by comparing pixel
intensity relations in the 3x3 neighbourhood around each site (Fig. 6). In its
simplest form, for example, we first compare the central pixel at a site in the
primary image to one of its four-connected neighbours, assigning a '1’ to the
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descriptor string if the pixel intensity at the centre is greater than that of its
northern neighbour and a ’0’ otherwise. This is done for its southern, eastern
and western neighbours also. This is repeated at the same pixel site in the
secondary image. The order of construction of all descriptors is necessarily
the same. A more complicated descriptor would be constructed using more
than merely four relations®. Comparison of the descriptors for a particular site
is trivial, the result being equal to the sum of entries in the primary image
site descriptor that match the descriptor entries at the same positions in the
string for the secondary image site descriptor, divided by the length of the
descriptor string.

Fig. 7 shows histograms of the output of individual neighborhood compar-
isions using the NCC DOG approach (left) and NDT approach (right) over a
series of sequential image pairs. The histogram of NDT results is a symmetric
distribution about a mean of 0.5, and hence is easily converted to a penalty
for the energy function.

Fig. 5d shows NDT output for typical images. Assignment and comparision
of descriptors is faster than NCC DOG, (~ 25Hz) yet requires no parameter
tuning. In Fig. 5e, the left camera gain was maximised, and the right cam-
era contrast was maximised. In Fig. 5f, the left camera was defocussed and
saturated. The output remained good under these artificial extremes.

Site Descriptor

1 2 3 4
nonn

P>Pg PP Pr<Py PaPy

Fig. 6. NDT descriptor construction, four comparisons.

3.3 Bimodal Results

Fig. 8 shows a snapshot of output of the foveated and peripheral perception
modes operating in parallel. The coarse peripheral perception detects mass
near the (arbitrary) point of gaze fixation. Then the foveal response ensures
gaze fixation occurs on an object or mass by zeroing disparity on peripher-
ally detected mass closest to the gaze fixation point. By adjusting the camera
geometry, the system is able to keep the object at zero disparity and cen-
tred within the foveas. Bimodal perception operates at approximately 15H z
without optimisation (threading and MMX/SSE improvements are expected).

6 Experiment has shown that a four neighbour comparator compares favorably (in
terms of trade-offs between performance and processing time) to larger descrip-
tors.
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Fig. 7. Histograms of individual NCC DOG (left) and NDT (right) neighborhood
comparisions for a series of observations.

Fig. 8. Bimodal operation. Left: left (top) and right (bottom) input images. Right:
Foveal perception (top) and peripheral perception (bottom). Foveal segmentation
enhances the coarse perception of mass in the scene.

4 Conclusion

A bimodal active vision system has been presented. The peripheral mode
fused actively acquired depth data into a 3D occupancy grid, operating at ap-
proximately 20H z. The foveal mode provides coordinated stereo fixation upon
mass/objects in the scene. It also enables pixel-wise extraction of the object
or region of mass upon which fixation occurrs using a maximum a-posterior
zero disparity filter. The foveal response operates at around 25H z. Bimodal
perception operates at approximately 15H z on the 3G H z single processor PC.

Obtaining a peripheral awareness of the scene and extracting objects
within the fovea permits experimentation in fixation and gaze arbitration.
Prioritised monitoring of objects in the scene is the next step in our work
towards artificial scene awareness.
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Summary. This paper describes a system for automatic marking of floors. Such
systems can be used for example when marking the positions of stands for a trade
fair or exhibition. Achieving a high enough accuracy in such an environment, char-
acterized by very large open spaces, is a major challenge. Environmental features
will be much further away then in most other indoor applications and even many
outdoor applications.

A SICK LMS 291 laser scanner is used for localization purposes. Experiments
show that many of the problems that are typically associated with the large beam
width of ultra sonic sensors in normal indoor environments manifest themselves here
for the laser because of the long range.

The system that is presented has been in operation for almost two years to date
and has been used for every exhibition in the three main exhibition halls at the
Stockholm International Fair since then. The system has speeded up the marking
process significantly. For example, what used to be a job for two men over eight
hours now takes one robot monitored by one man four hours to complete.

Keywords: Floor marking, localization, large space, long range, laser

1 Background

The Stockholm International Fairs (StoFair) [1] is the leading exhibition, fair
and congress organizer in Scandinavia. It has 56,500 m? of indoor exhibi-
tion area. There are about 70 fairs and over 1000 congresses, conferences and
seminars per year. The StoFair uses a completely free layout for the exhibi-
tions, that is, each exhibition can have its own unique layout and there are
no restrictions on the shape of the individual stands.

Shortly before each event, the production phase is initiated by marking on
the floor where each stand is located. Then the stands are built, the customers
move in, the fair runs, the customer move out and the stands are torn down.
The next marking takes places and the cycle continues. To maximize the
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utility of the space, the time between fairs should be as small as possible. The
marking of the stand positions are therefore often performed during the night
or at other odd hours.

Traditionally the marking has been carried out manually with tape and a
tape measure. It is a very tedious and boring job. For each tape that is placed
the person has to bend down all the way to the floor. A large exhibition
can have several hundred stands and for each stand several coordinates are
marked. This in combination with the odd hours motivates automation of the
process.

The automation of the marking process can be realized in several ways
and with different levels of autonomy. Most of the time is spent on finding
the location to mark and not the marking itself. Clearly, a fully autonomous
system provides the largest potential gain. One person could then supervise
one or more marking robots and do the job faster than before. It would also
relieve the person from the hard labor that the manual process involves.

2 Introduction

To realize an autonomous marking system there are several subproblems that
need to be addressed. The robot need to be able to localize accurately, navigate
safely through the environment and be able to mark locations on the floor.
There are no systems available off the shelf yet for this task to the best
knowledge of the authors.

The problem of localization has been thoroughly studied in the robotics
literature, see for example [2, 3, 4]. Most of the localization research have
been carried out in indoor environments. The main sensor modalities have
been the ultra sonic sensors and now lately the laser scanner. Both of these
provide range information. In outdoor applications other types of sensors such
as GPS and inertial sensors are also common (see e.g. [5]). GPS however, is
not available indoor. Different representations have been used where the two
main directions are to use features [2, 4] and occupancy grids [6, 3].

Navigation and obstacle avoidance have also attracted a lot of attention
over the years. In most indoor environments this is a key component as the
distance to obstacle at all times is relatively small. Several methods have
been proposed such as the Vector Field Histogram [7], the Dynamic Window
Approach [8] and the Nearness Diagram [9]. Also here the sonar and laser
scanners have been the most commonly used sensors. In the current applica-
tion obstacle avoidance is easier then under regular indoor conditions as the
environment is very large with few obstacles.

2.1 Outline

The rest of the paper is outlined as follows. Sections 3 lists some of the re-
quirements on the system and presents the overall design. Section 4 discusses
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the implementation except for the localization part which is described in Sec-
tion 5. The results of an experimental evaluation of the system are given in
Section 6 and a summary and some conclusions can be found in Section 7.

3 Requirements and Design

3.1 Requirements

This section lists some of the requirements that was put on the system by
StoFair.

e The environment is constantly undergoing changes. A system that that
relies entirely on artificial landmarks, such as retro reflective tapes, be-
ing placed throughout the environment would be costly to maintain. It is
therefore desirable that the system uses the natural environment as much
as possible.

e Since the marks on the floor are the basis for building the walls and placing
the carpets they need to have a certain level of accuracy. The StoFair
specified 3 cm as an acceptable level.

e It must be easy to maintain the map so that it can be adapted to changes
in the environment.

e The system must avoid collisions if there are objects in the way and instead
report points as unreachable if blocked.

e The marking is sometimes done several weeks ahead of time. The floor
is cleaned with machines between the fairs and each mark that is lost in
this process has to be re-measured. This means that the markings have to
withstand significant wear for quite some time.

e The system must have the means to notify an operator if there is a problem,
such as the batteries being low, the robot is stuck, etc.

e The robot must be able to report what coordinates where marked and
which failed. Based on such a report the system should also be able to
continue a mission if it was interrupted.

e It would be desirable to add information besides the location of coordinates
to the markings.

3.2 Design Decisions

It is clear that the sensor used for localization must have a long range since
the environment is very large and the features are sparsely spaced. With GPS
being ruled out, radio localization systems not yet being accurate enough,
sonar sensor not having the necessary range, the remaining candidate sensors
are cameras and laser scanners. Vision was also ruled out since the lighting
conditions are often quite bad and the uncertainty was too large whether or
not the necessary accuracy could be reached. The choice was therefore to use
a laser scanner.
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As mentioned in Section 2 there are several ways to represent the environ-
ment in a map. Depending on the application one will be better suited then
the other. Here, the requirement that a user should be able to maintain the
map tipped the scale in favor of the feature based representations. Another
reason for this was that a CAD model of the environment already existed
which would be easier to exploit in a feature map setting.

To get a head start in the project it was decided to use a commercially
available platform. Building a custom made platform would take too much
time and cost too much money in the initial phase of the project.

A four wheel platform would have the advantage of handling uneven floors
well and be able to traverse small obstacles such pieces of wood that had been
left on the floor. The downside was that it would have significantly worse
odometric performance and might not even be able to turn on a carpet for
example. A conventional two wheeled, differential drive system was therefore
chosen.

4 Implementation
4.1 Platform

The platform of choice for the unit was a Pioneer2-DXE from ActivMedia [10]
with an on-board 800MHz computer running Linux. Figure 1 shows the plat-
form equipped with everything that is needed to carry out a marking mission.
The standard batteries of the Pioneer robots were later replaced by packs of
Ni-MH cells to boost the autonomy from about 2h up to 6h. The laser scan-
ner is the main sensor for localization and navigation. In addition, sonar and
bumpers are used as a compliment for close range obstacle avoidance.

Regarding the laser scanner a more thorough investigation should have
been made. Now the choice was biased by already being familiar with the
SICK family of laser scanners. A SICK LMS 291 was chosen, as it has better
range than the indoor SICK LMS 200.

4.2 Map

A map of the environment already existed in the CAD system that is used
for planning the layout of the fairs and many other tasks. The CAD system
is already familiar to the staff and offers an easy to use interface for editing
a map. It was therefore decided that the map format for the robot should be
CAD compatible. The DXF format was chosen because it is text based and
easy to parse. Changes to the environment made in the CAD system can thus
be carried over to the robot effortlessly. Figure 2 shows the features available
to the robot for localization in HallC at StoFair. This hall is about 80m by
270m. Looking at the figure it seems to be dense with features, but pillars in
the middle are 25m apart.
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Fig. 1. The platform base is a Pioneer-2DXE. A SICK LMS 291 is the main sensor.
For the marking it has been equipped with a industrial ink-jet printing system
consisting of a printer head, an ink bottle, hoses and a printer control unit.

Fig. 2. The wall and pillar features in HallC which is about 80m by 270m large.

4.3 Marking Device

Clearly the system would not be functional without any means to mark loca-
tions on the floor. The requirement that the markings must be sturdy enough
to withstand running a cleaning machine over them and to allow addition
information to be added to the marking led us to use an industrial ink-jet
printer from EBS [11]. Such systems are typically used to print on for ex-
ample cardboard boxes. In its normal application the printer head is fixed
and the boxes move past the head on a conveyer belt. Here the printer head
is moved by the robot over the floor to create the equivalent of a gigantic
plotter. This has given the first platform its name, Harry Plotter.
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4.4 Navigation

The navigation system have three main parts that are responsible for i) local
planning to make sure that obstacles are avoided, ii) marking of points and
iii) global path planning to select which order to traverse the coordinates. The
navigation system operates at 20Hz, driven by the rate of the odometric data.

Obstacle Avoidance

Obstacle avoidance in exhibition hall environments is often not as challenging
as in a typically indoor environment as there is so much space to maneuver
on. However, the system still needs to be able to handle situations with heavy
clutter not to get stuck when an area has not been properly cleaned. The
system switches between two modes depending on the amount of clutter.
In the normal mode a controller similar to the one used in the High Safety
situations of the Nearness Diagram [9] is used. In situations with heavy clutter
the Global Dynamic Window Approach [12] is used. The speed had to be
limited to 0.6m as the platform was unable to maintain a straight course at
higher speed with all the extra equipment that added to the weight. Clearly,
a custom made platform could have performed better here.

Marking

The printing on the floor is done at constant speed (0.15m/s). The printer
is “loaded” with a text string and the printing is started by a signal that is
normally generated when the object to print on passes a photodetector. Here
this signal is generated by the robot.

Besides marking the location of a certain coordinate the system can add
extra information that makes it easier to identify the coordinate and make it
easier to see how the carpets or walls should be placed. This extra information
is given by two optional text strings.

At a speed of 0.15m/s and a sampling rate of 20Hz the error just from the
discrete time control could be in the order of lcm. In addition, there are no
real-time guarantees in standard Linux which can also contribute to errors.
Another source of errors is the delay between when the signal is given and the
printing starts. This delay is measured and compensated for. To reduce the
influence of the first type errors the distance to the mark position is calculated
in each step. Instead of signalling to print when the mark has been passed,
printing starts when it is predicted to be shorter to the mark location in the
current iteration than it will be when scheduled the next time.

Global Path Planning

The global path planning here is similar to the traveling salesman problem,
each coordinate has to be visited to mark it. Currently a simplistic approach
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is used where the stands are completed sequentially. The advantage of this
approach, besides being computationally attractive, is that construction of
the stands in principal could begin immediately after the first stand has been
marked. Planning is performed once before each mission and results in an
XML-file with the information needed for each coordinate.

The direction of the text information is defined by the direction of the line
that connects the current coordinate with the previous. In cases where there
is no previous point, special coordinates which are not marked can be added
to the file.

The mission specification file in XML-format can be used directly as a
report file. A tag for each coordinate tells if it has been marked or not. A
comment regarding the cause of failures can also be added and easily be
picked out because of the XML-format.

The robot is unable to mark a certain coordinate in mainly two cases i)
the space required by the robot to mark is occupied or ii) it is not sure enough
about its position.

4.5 User Interface

The user interface is graphical and has been written in JAVA. It allows the
operator to monitor the progress of the robot continuously. The planned path
of the robot is displayed and coordinates that have been successfully marked
are faded out. Points that the robot was unable to mark are highlighted.
In cases where the operator knows that certain parts of a hall are blocked
these areas can be de-selected graphically. The graphical user interface also
provides information about the estimate time left to complete the mission and
the status of the batteries.

As an extra security measure the robot is equipped with a GSM module so
that it can send text messages (SMS) to the operator. Such messages are sent
when the batteries need to be changed, if the robot is stuck or lost somewhere.

5 Localization

Because of the nature of the task the localization component in the system was
one of the keys to success. It has been shown by many that indoor localization
using a feature representation can be made highly accurate [4]. The challenge
in this application is that the environment is much larger, the floor is not
as even and the map might not be completely correct and complete. As was
seen in Figure 2 the distance between features is large, in the order of 25m.
The surface of the floor varies between relatively smooth concrete to uneven
asphalt where the robot can almost get stuck in places.

Two types of features are used in the map, i) lines which correspond to
walls and ii) pillars. A wall provides accurate information about the distance
and orientation relative to it. However, it would not be possible to rely only
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on the walls as they are not visible at all from some poses in the large hall.
Notice also that the uneven floor limits the maximum usable range as well.
The different features are kept in different layers in the CAD map so that
they can be distinguished easily. The pillars come in many different shapes
and are defined as sets of lines and arcs. An Extended Kalman Filter (EKF)
is used to fuse the information from the measurements of the features and the
odometry.

5.1 Lines

The are many examples of using lines for localization in the literature. What
makes this case special is the large distances. At typical indoor distance (<
10m) the foot print of the laser scanner is often small enough to neglect.
However, in the large halls this will lead to large errors. The beam width of the
SICK LMS 291 is in the order of 0.017ad =~ 0.60° [13]. The footprint can easily
be in the order of a meter in some cases. When performing line extraction for
the localization this must be taken into account. Figure 3 shows how the
compensated point can be calculated assuming that the reflecting surface is
rough.

Fig. 3. The center point (blue) is reported by the laser scanner and the one at the
end of the arc (red) is an approximation of the true reflection point

The problem with this model is that the effective beam width, depends
(at least) both on distance and on the reflecting material. In the environment
under consideration some walls are very smooth, whereas some are rough.
Just as ignoring the beam width is bad, erroneously compensating for it is
equally bad. Therefore, to avoid having to augment the map with reflectivity
information for the walls another approach is taken. Only wall segments that
can be observed close to perpendicular are used for localization. Because of
the layout of the halls this is generally not a limitation.

5.2 Pillars

The description of the pillars gives a flexible representation that can account
for the many types of pillars that are present in the environment. When match-
ing scan points to the contour of the pillars the ICP algorithm [14] is used.
The contour is sampled to generate the reference point to match the scans
against (see Figure 4). The pillars all have similar painted surfaces and thus
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the compensation illustrated in Figure 3 can be used. Only the sample points
that correspond to model segments that are visible from the current pose are
used for the different pillars. After associating scan points to pillars based
on their position the ICP algorithm is run to associate the points with the
different segments on the pillars. The position of each scan point is then com-
pensated for (see Figure 3), according to the associated pillar segment. After
this a second turn of the ICP algorithm is run to make adjustments caused
by the beam width compensation.
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Fig. 4. Left: Sampled contour as reference points for the ICP algorithm. Mid: Close
range observation. Right: Long range observation.

6 Experimental Evaluation and Modifications

At the end of the project, in February 2003, a few month before the system was
put into operation, a full scale test of the system was performed. The total
number of coordinates was 722, out of which 518 should be marked3. The
length of the trajectory was 4374m and contained 246 stands corresponding
to a total stand area of 10150m?2. The total time for the task was 4.5h and
the robot succeeded to mark 492 out of the 518 points.

To evaluate the marking accuracy, the 492 marked coordinates were hand
measured. Figure 5 shows the error distribution both in terms of the absolute
error and separated into the x- and y-components. The standard deviation
for the absolute error was 18mm and the average error was 28mm.

There are many sources of errors. One was mentioned before dealing with
the printer. Furthermore, the CAD map that is the basis for the localization
is accurate to about 1-2cm. The laser sensor also has a systematic error in
the order of centimeters [13]. Finally, the hand measured positions also have
an error associated with them. Put together these errors can explain most
of the fluctuations in the accuracy. The really large errors (> 75mm), which

3 The rest defined directions
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represents less than 3% of the total number points, are the result of data
association errors. Many of these are caused by unmodeled objects being in
the scene. For example, the pillars are often used to lean all sorts of things
against to get them out of the way. At large distances it is very difficult to
detect such errors.
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Fig. 5. Error distribution for the marked point for the first full scale test.

There were two causes for the 26 coordinates that could not be marked.

e In some places the trajectory was planned such that only a single wall was
visible, i.e. the robot was driving close to and toward the wall. In these
cases the pose of the robot could not be determined with enough accuracy
and these coordinates were skipped.

e The robot is unable to mark coordinates that are too close to obstacles.
Furthermore, in the current implementation the robot also wants to be
able to drive straight for a distance before the mark is made to stabilize
everything and reach the right printing speed.

6.1 Modifications

Some modifications were made to the system before it was put into operation
in August 2003.

A method based on using temporary localization stick landmarks was
developed. The halls at the StoFair all have some coordinates permanently
marked on the floor to assist in the manual marking process. Whenever such
a point comes into view the system searches for a stick there. If it is found
very close to the predicted position it is added to the map and henceforth
used in the localization process. The sticks have their own layer in the CAD
map.

In many cases were the robot is uncertain of its pose for a mark, the
pose can be determined better if the robot is reversing the mark direction.
Therefore, the robot attempts to mark a point in the opposite direction before
reporting a failure due to insufficient accuracy. The result of this modification
is that the robot is able to mark all positions free from obstacles under normal
conditions.
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6.2 Re-evaluation

The same fair that was evaluated in 2003 was evaluated again in 2005. This
time a total of 194 coordinates spread out over the hall were examined man-
ually. Out of these, 188 points were marked and 6 had been skipped because
they were too close to obstacles (pillars). The ability to turn around and mark
in the other direction reduced the number of failures. The marked coordinates
had the same average error and standard deviation as in the evaluation two
years earlier.

The system has now become a natural part of the marking process. It has
been used for marking every fair in the three main halls since it was taken into
service in 2003. The robot operators are from the same group of people that
used to perform the manual marking. They do not have any special computer
or robotics training which indicates that the system is easy enough to use by
people that have no robotics background.

7 Summary and Conclusion

To summarize we have presented a system for automatic markings of floors.
It has been used to mark every fair in the three main halls at StoFair since
August 2003. The system has shown that high accuracy can be achieved in
very large areas, but that the laser scanner has to be modelled better than in
typical indoor applications.

Figure 6 shows an example of how it might look when two fairs have been
marked in different colors. The dashed lines have been overlayed graphically
to highlight the location of the walls for the two stands. Notice how one of
the two texts will be visible even after the construction as it ends up outside
the wall.

SHIE 21013

Fig. 6. An example of how it looks on the floor when two fairs have been marked

The most important indicators of success in this project is the fact that
the system has been used now for almost two year continuously and is greatly
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appreciated by the staff and that a second platform has been built. At first
many considered it to be mysterious and some were sceptical but today it is
taken for granted. As a final remark the time to mark a typical fair has been
cut from 8h with two men to about 4h with one robot and one man that
potentially can run more than one robot at a time.
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Summary. This paper develops a theory for the decentralised estimation of angu-
lar profiles for point characterisation. Angular profiles are an example of spatially
distributed characterisation which may be further processed for classification and
identification. This paper also describes the development of a vision system for in-
tegration into a decentralised data fusion system for tracking and characterisation.
Visual results are presented showing the field setup and sensor observations.

Keywords: characterisation, decentralised estimation, vision, angular pro-
file, information theoretic properties

1 Introduction

This project extends our previous work on multi-air vehicle decentralised data
fusion (DDF), which used point feature detection for object tracking, locali-
sation and mapping [1]. This paper discusses our developments in the incor-
poration of point characterisation for detecting and identifying low signature,
partially obscured or hidden objects.

Multiangular image processing is common in geoscience applications for
land classification [2]. A wide variety of application specific domains imple-
ment angular characterisation, but generally not in a recursive estimation
framework, let alone in a method amenable to probabilistic decentralised data
fusion.

In SLAM, tracking and structure from motion, point features are not gen-
erally considered to possess interesting properties as a function of viewing an-
gle. Multiangular characterisation in a decentralised, real time object tracking
environment is a new approach.

The rest of this paper is laid out as follows: Section 2 introduces our
approach, explaining the purpose of characterisation and angular profiles in
particular.
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Section 3 describes the setup of our vision system and field tests. Section 4
shows visual results from the field tests. Section 5 develops a technique for the
decentralised estimation of angular profiles, with simulated demonstrations.
Section 6 outlines directions for future development.

2 Approach

Our aim is to incorporate identity and class of objects into our existing sens-
ing and decentralised data fusion system [1, 3] and to include this in the
development of an information theoretic control layer.

In general, we are proposing to perform feature characterisation from sen-
sor data prior to performing identification upon the characterisation results.
These techniques incorporate spatially distributed observations and build spa-
tially distributed representations of objects to provide a rich basis for classi-
fication.

Angular dependence of properties is one particular dimension we are con-
sidering for characterisation. This is based on the challenges of feature iden-
tification and classification from a single frame or scan, especially given the
possibility of hidden or obscured objects.

Characterising angular properties requires observing from a wide range
of angles. This behaviour will be useful for characterisation in the form of
angular profiles described here and also for other characterisations such as
estimating 3D structure [4] and bearing only localisation.

In this paper, recent results are shown from a flight trial involving circling
around features of interest.

3 Experimental Setup

The vision system is mounted as a nose module on our UAV, as shown in
figure 1(a). The colour camera is a Sony XCD-X710CR. This was chosen for
its high resolution (1024 x 768) and high frame rate (up to 30 fps at full size).
The colour camera interfaces via a standard firewire device for commanding
and image transfers. The trigger input on the camera is driven from a parallel
port output signal driven from a custom Linux kernel module for periodic
events and timestamping.

Both cameras are mounted in fixed positions, along the lateral axis of the
UAV. This geometry is consistent with the need for viewing ground features
from many angles and consistent with the flight parameters of the UAV. The
UAV flies in arc trajectories around the ground features with the bank angle,
forward velocity, relative altitude and turn radius matched to ensure that the
sensor footprint covers the ground feature and that flight parameters are kept
within safe limits. Details of the UAV control architecture are given in [5].
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== "PC104 stack
Colour Camera 4 Lagging Drive

(a) Sensors setup (b) UAV in flight (¢c) Setup for ground
based observations

Fig. 1. Sensors, flight vehicle and ground vehicle setup

Ground vehicle observations were obtained using the same vision system,
as shown in figure 1(c).

Flight tests were carried out in a rural environment consisting of natural
and pre-existing man-made features. Some typical features can be seen in
figure 2. These include isolated trees and vegetation patches, live animals
(cattle), long straight fences with junctions and corners, straight and curved
roads (including the airstrip), a continuous curved river, isolated dams and
water tanks, sheds and other buildings.

(a) Trees, white squares (b) Horizon, Infrastruc- (c) river and vegetation
and ground vehicle ture

Fig. 2. Environmental setup

Various artificial features were introduced into the environment; white
squares, patterned cylinders and a vehicle. The white squares are 1x1 metre
plastic squares which are highly visible from the air and ground. These were
surveyed in position using DGPS to act as fiducial markers for the confirma-
tion of tracking and image registration results (of their own position and of
nearby natural features). White squares are the most basic object for tracking
purposes. The patterned cylinders are 2.5 metres high by 1.5 metres diame-
ter cylinders with a printed pattern wrapped around the circumference. The
vehicle acts as a realistic test case for tracking and classification, (see figure

3(b)).
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4 Flight Imagery

Results are shown here for the images obtained from the UAV mounted vision
system. Images will be subjected to feature extraction and used for construc-
tion of angular profiles of the various natural and artificial features. Figure
3 shows the ground vehicle as viewed from multiple positions during flight.
Images in figure 2 were also obtained from the UAV vision sensor.

X - Northing MGA (m)

2975 2.298 22985 2.299 23
Y - Easting MGA (m) x10°

(a) A sample of observa- (b) A selection of views of the vehicle. Each
tion positions. Dots indi- row is obtained from a single pass of the
cate the UAV vehicle posi- UAV past the site.

tions for each observation

shown below.

Fig. 3. Images from the flight data

5 Estimation of Angular Profiles

This section describes an approach to the estimation of angular profiles. An-
gular profiles will be important to the development of identification and clas-
sification algorithms (for example, [2]) and will play a role in directing infor-
mation theoretic control algorithms into circling features of interest. Angular
profiles can be considered as a container for observables which vary in angle. It
is a subject of future development to incorporate the extraction of such observ-
ables from images, however the angular profiling technique is demonstrated
here with preliminary observations. Possible observables include geometry,
colour, texture and outputs from single-view image processing techniques.
Angular profiles can be considered as a useful intermediate between image fu-
sion and three dimensional object estimation on the one hand, and the fusion
of single aspect classification results on the other [6].

Angular profiles are cast in an information filter (inverse covariance) form
[7]. Recent developments from the SLAM community in large state space
management in information form will be beneficial in the implementation [8].

State Description. An angular profile of an object is a function x(#). The
function x(6) is discretised into a finite set of angles [0 -+ Ox | covering all
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angles 0 < 0; < 27. Each x; = x(0;) is a continuous scalar, x; € R. The state

space for estimation consists of the state vector X = [X1 cee XN]T.
An angular profile covering two dimensions of angle is similarly a function
x(0, ¢) discretised into a finite set covering 0 < 0; < 2w and —7 < ¢; < 7 .

Problem Description. The challenge in the theory behind estimation of angu-
lar profiles lies in describing the correlations between angular states such that
the profile behaves well during estimation. In particular, it is desired to apply
a consistency model, to reflect the fact that there can not be sudden jumps in
the profile across small changes in angle. This consistency model plays the role
of a process model in ordinary scalar estimation, in that it serves to smooth
out the noise presented by observations.

Consistency models are required in order to smooth out observation noise
for observations from multiple angles. By analogy with conventional scalar
estimation, process models smooth out observation noise for observations from
multiple points in time. Consistency models are required so that correlations
can be propagated around the profile such that observations at one angle
affect the estimates at all other angles. By analogy with conventional scalar
estimation, process models describe correlations such that observations affect
future estimates.

This means that consistency models are as fundamentally important to
the estimation as process models are to conventional estimation and that con-
sistency models play the same role in the estimation as conventional process
models.

5.1 A Differential Observation Technique
for Angular Consistency Models

This section describes a technique for constructing the correlations between
the angular profile states. This section is described with reference to a one-
dimensional angular profile. The extension to two dimensions is described in
section 5.3

A consistency model for the angular profile is assumed, taking the form
given in equation 1 and re-arranged in terms of all states as in equation 2.
The consistency model in examples and demonstrations here is a constant
value model, F = I. This consistency model is an observation of the difference
between successive states. The true difference is w, which is modelled as zero
mean Gaussian noise of covariance R¢. R, Z: and H refer to the parameters
of the consistency model update.

xp =Fxp_1+w (1)
(xp —Fxp_1) =w

[0« =F T 0][x0 - X1 x5 - xn] =w (2)
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Equation 2 is of the form given in equation 3
Z.=HX+v (3)
Z. = [0] Hc:[0~-~—FI--~O]
v=w FE[w]=0 E[WWT]ZRC

The consistency model is applied to each pair of successive states, resulting
in a concatenated H, matrix, shown in equation 4 for an example with five
states.

0 “F I
0 “F I

Zo=|0| He= -F I (4)
0 “F I
0 I -F

The final row in equation 4 is a periodic boundary condition which observes
the difference between the first (x;) and last (xv) state elements®. The angular
profile must be periodic by definition, i.e. x (0) = x (2m).

This consistency model observation can be applied as an observation up-
date. Here we assume that an Information filter (inverse-covariance) represen-
tation of the state variables is being used. The Fisher Information matrix, Y,
is initialised to zero to represent infinite uncertainty. The consistency model
observation becomes an addition to Y, as shown in equation 5

Y=0+H R, 'H, (5)

The resulting Y information matrix is shown by example in equation 6,
with Re ™' =Tand F =1

2 -1 ~1
~12 -1
Y = -12 -1 (6)
-12 -1
~1 ~1 2

Note that the information matrix is sparse. The number of non-zeros is given
by 3Nn where N is the number of angles in the discretisation and n is the
size of the state at a given angle. Note that at this point det(Y) = 0, as there
have been no genuine observations. The rank of Y is NV — 1. There is zero
information along the sum of all states eigenvector but all others are nonzero.

! Note that x; # xx, since 61 # Oy (they are separated by one interval)
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Observations. The most basic observation simply observes the value at one
angle 0;, updating x;. In this case the observation H matrix selects one par-
ticular angle state eg: H = (1 0--- 0). Note that there is a data association
problem involved in choosing which angle state to associate an observation
with.

Using the Information filter observation update equation, observations of
x at particular angles are made by information addition:

Y'=Y +H'R'H (7)

The form of the information update results in additions to the diagonal of Y,
retaining the sparse layout regardless of the number of observations.

This technique inherits the scalability and decentralisation properties of
the information filter. Multiple observations are fused recursively without in-
crease in the size of the representation. Furthermore, the information matrix
is always highly sparse, in a banded pattern. By arriving at an information
form description of the angular profile, the technique is readily applicable to
incorporation into our existing decentralised data fusion architecture [1].

5.2 Angular Profile Simulations
The following simulations demonstrate the theory. A true angular profile was
created from an arbitrary smooth function. Observations were taken from the
true profile with zero mean Gaussian noise consistent with the observation
model. To plot the angular profile, the information matrix and vector are
converted to covariance and estimate. The estimated angular profile is then
given by x. Error bounds at each angle are given by the diagonals of P.
Figure 4(a) shows the angular profile after two observations. There is no
direction imposed on the propagation of uncertainty around the profile; it is
symmetrical in both directions. Uncertainty grows as one moves away from
angles where an observation was made. This is reflected in the structure of
the covariance matrix, Figure 4(c). Note that correlations exist broadly across
regions without observations, yet the information matrix remains sparse and
banded. Note that the individual observations become simple additions onto
the diagonal with almost no processing required for successive observations
(especially not a matrix inversion). The profile construction problem is essen-
tially deferred until the information matrix is inverted.

5.3 A Two Dimensional Angular Consistency Model

Section 5.1 described the development of the consistency model for a circular
(one dimensional) angular profile. This section extends the structure of the
consistency model to cover two dimensions, forming a surface.

Equations 1 to 3 refer to the application of a consistency model on pairs
of elements according to their adjacency on the profile, including a periodic
boundary condition. This technique applies to pairs of states in no special
order, therefore it is possible to apply the consistency model to states which
are adjacent in an undirected graph of arbitrary structure. The undirected



112

graph structure for the one dimensional profile is a simple ring. The undirected

P. Thompson and S.
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(a) Profile after 2 observations (simulated)
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(d) Profile after 32 observations (simulated)

(b) Y matrix af-
ter 2 observations

(¢) P matrix after
2 observations

(e) Y matrix after
32 observations

(f) P matrix after
32 observations

Fig. 4. Simulated Angular profiles.

graph structure for the two dimensional profile is a spherical mesh.

uniformity.

The spherical mesh is generated from DistMesh [9]. The mesh is uniform
overall but not perfectly regular. The positions of the nodes and the mesh
connectivity is constant throughout the estimation process. In future revi-
sions the irregular mesh will be replaced by a regular mesh with identical
edge lengths and number of edges per node in order to ensure symmetry and
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The consistency model is described by an H. matrix equivalent to equation
4. This matrix is formed by iterating through each of the graph edges of the
mesh structure, where each edge yields one row of H.. For each edge, where
the edge is between nodes 7 and j:

Hcrow,z’ =1 Hcrow,j =—1 (8)

The consistency model observation becomes an addition to Y, as in equation
5.

5.4 Two Dimensional Angular Profiles Demonstration

Figure 5 shows a demonstration of angular profiles from our flight vehicle and
ground vehicle. The patterned cylinder object was characterised according
to the metric area of the object as viewed from the (air or ground) borne
image sensor. This is a preliminary observable for demonstration of the esti-
mation structure. Figure 5(d) shows the separate contributions from the air
and ground vehicle, which are separate due simply to their differing angles
of elevation. The fusion of information from air and ground is simplified by
the use of angular profiles because they allow explicit differences in value at
viewing angles. Hence it is not required that features be absolutely identical
from air and ground. Figures 5(a) and 5(b) are shown at the same orienta-
tion. The peaks in profile information correspond to the groups of observation
points where multiple observations have been fused. Regions without observa-
tions take on an estimate obtained through the network of consistency models,
causing those regions to have non-zero information.

5.5 Information Theoretic Properties of Two Dimensional Angular
Profiles
One application of angular profiles is in causing information theoretic control
schemes [10] to explore multiple viewing angles of point features (in addi-
tion to spatial exploration over multiple features). This section describes the
properties of the determinants of the information matrices of angular profiles.
The entropic information ¢ of an n-dimensional Gaussian variable with
Fisher information, Y and the mutual information I between two alternate
information matrices Y, and Y} are given by:

= glog[(2me)" [Y[] 1= log[f32] 9)

Angular profiles determinants have the following properties:

e After application of the consistency model but before observations, |Y| =
0. This means that Y retains the properties of a non-informative prior
after application of the consistency model.

e A single observation causes the determinant, |Y;|, to be non-zero.
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Fig. 5. Angular Profiles Demonstration

The mutual information properties of angular profiles are distinct from
those of three dimensional bearing only point localisation [10]. Given a single
observation, the next observation to maximise information gain should be 180
degrees around the profile. A sequence of adjacent observations optimised for
information gain explores all angles.

5.6 Other Applications and Extensions

The method of interpreting prediction models as differential observations used
here to develop a technique for developing the consistency models for angu-
lar profiles can be applied to other problems in the estimation of spatially
distributed states. In particular, it could be applied to the estimation of the
trajectory of near-linear features such as fences, roads and rivers presented by
our field site.
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Interpreting prediction models as differential observations can also be ap-
plied to temporal estimation. It is a subject of future investigation to compare
this to other treatments of delayed and asequent data handling [11] and to
other smoothing formulations of estimation. [12]

Interpreting spatial consistency models and temporal prediction models as
differential observations (in space a time respectively) allows one to describe
consistency in space and time simultaneously. This provides a method for
simultaneously estimating spatially distributed random fields and providing
temporal smoothing (spatio-temporal estimation). This can be compared to
the spatial Kalman filtering described in [13] and [14].

It will be necessary to describe temporal process models for the angular
profiles, primarily to introduce uncertainty over time.

There are difficulties involved with handling observations of the angular
profile from uncertain angles. As described, the technique treats the angular
states as fixed on a set of angles around the object and so observations must
be subject to data association to choose the angle to update.

6 Conclusion and Future Work

In this paper we introduced our project and approach, described the vision
system and environment. We introduced a theory for the estimation of angular
profiles with demonstrations from simulation and field data.

In future developments we will be incorporating the image processing al-
gorithms and observation models necessary to observe angular profiles as de-
scribed here. We will be revising the decentralised data fusion system to allow
greater flexibility in the choice of states associated with each feature in order
to support the communication and fusion of angular profiles.

Feedback from the angular profile states and localisation states will need
to be used simultaneously for information theoretic decentralised control. As
discussed in section 5.5, an angular profile of a single feature has well behaved
properties in entropy and mutual information, causing decentralised control
algorithms to explore not only different positions in space but different an-
gles of view. However, implementing angular profiling alongside localisation
presents many challenges.

The technique of angular profiling is limited by the choice of the profiled
observable. For general vision based applications it may be preferable to fo-
cus on methods for estimating the three dimensional geometric structure and
colour or itensity of regions, rather than relying upon low dimensional remote
observables. However, the ability of angular profiles to provide an entropic
measure of angular information coverage is a relevant and beneficial feature.
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Subterranean Voids
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Summary. The need for reliable maps of subterranean spaces too hazardous for
humans to occupy has motivated the development of robotic mapping tools. For
such systems to be fully autonomous, they must be able to deal with all varieties of
subterranean environments, including those containing loops. This paper presents an
approach for an autonomous mobile robot to determine if the area currently being
explored has been previously visited. Combined with other techniques in topological
mapping, this approach will allow for the fully autonomous general exploration of
subterranean spaces. Data collected from a research coal mine is used to experimen-
tally verify our approach.

1 Introduction

In many parts of the world, abandoned mines present a significant environ-
mental hazard. Toxic runoff, landslides, and subsidence are just some of the
dangers presented by these structures. In the U.S. alone, there are tens of
thousands of abandoned mines [3] that threaten nearby surface and subter-
ranean operations. The first step towards combating this problem is to obtain
an accurate metric survey of the mine structure. Unfortunately, in most cases
an accurate survey of the mine has either been lost or never existed. Taking
a new survey of the structure is often limited to inspections via boreholes,
as abandoned mines are usually too dangerous for people to enter. For this
reason, robots have been proposed as a method for mapping abandoned mines.

The Carnegie Mellon Subterranean Robotics group has undertaken the
task of developing robotic systems that can autonomously explore abandoned
mines or other hazardous subterranean voids. The initial effort led to the
development of a system that can autonomously navigate and explore long
stretches of a single mine portal [2]. More recent work has focussed on ex-
panding mission profiles to include general exploration of multiple intersect-
ing corridors. This led to a system which can detect and traverse multiple
corridors [13], but can not determine when it has returned to a previously

P. Corke and S. Sukkarieh (Eds.): Field and Service Robotics, STAR 25, pp. 117-128, 2006.
© Springer-Verlag Berlin Heidelberg 2006
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Fig. 1. Left: Groundhog, the current robotic platform of the mine mapping project.
Right:This map was generated from data acquired during experimentation and
utilizes offline globally consistent mapping techniques. It shows the highly cyclic
nature of room-and-pillar mines.

visited corridor intersection from a different direction. This constraint limited
the environments explored in [13] to those which did not contain loops.

This paper presents a method by which an autonomous mobile robot can
identify correspondences between intersections in subterranean environments,
allowing for autonomous loop closure and more general exploration. Our ap-
proach for matching intersections is based on comparisons of both 2D and
3D range data local to each intersection. The results of these comparisons
are then fed to a binary classifier, which produces the probability of a match.
Such a classifier can then be integrated into a complete system designed to
track multiple topological map hypotheses.

The remainder of this paper discusses the relevant details of our approach.
Section 2 provides background into subterranean topological exploration. Sec-
tion 3 describes our technique, with experimental results presented in Section
4. We conclude with a discussion and directions for future work.

2 Subterranean Topological Exploration

2.1 Robotic Platform

Our current mine mapping platform is Groundhog (Figure 1), a 700 kg
custom-built ATV-type robot that is physically tailored for operation in the
harsh conditions of abandoned mines. Groundhog’s primary sensing consists
of 2 SICK LMS-200 laser range finders mounted in front and back. Each has
a 180° field of view, and is mounted on a tilt mechanism with a 60° range.
Tilting each laser allows for the acquisition of 3D range data. Groundhog
has been used extensively in both test and abandoned mine environments,
accruing hundreds of hours of mine navigation, including 8 successful portal
entry experiments in the abandoned Mathies mine outside of Pittsburgh, PA.
Offline techniques have been used to generate globally consistent, large-scale
maps based on log data from these experiments. For a thorough overview of
the Groundhog system, see [2].



Topological Global Localization for Subterranean Voids 119
2.2 Topological Representations

Topological representations coincide nicely with the inherent structure of
room-and-pillar mines, which consist almost exclusively of narrow corridors
and corridor intersections (see Figure 1). A topological map is a graph repre-
sentation of an environment. The nodes of the graph correspond to distinct lo-
cations in the environment, and the edges correspond to direct paths between
two such locations. For mines, nodes and edges correspond to intersections
and corridors, respectively. This approach was used in [10] to allow a robot to
traverse known mine environments. Topological maps have also proven useful
in robotic exploration tasks of unknown environments [9]. Unexplored edges
in a topological map correspond to unexplored regions of the environment,
thus providing a mechanism for determining which region of the environment
to explore next.

The key components of a system designed for autonomous topological
exploration are:

A method for traversing an edge in the environment until a node is reached.
A method for detecting a node and its associated edges in the environment.
A method for determining whether the currently sensed node has been
visited before, and if so which previously visited node it corresponds to
(this is the problem our current work strives to solve).

e A representation of the topological map and its associated uncertainty.

The first two components have been previously developed and tested in sub-
terranean environments, as described in the following sections.

2.3 Edge Traversal

Edge traversal is the first necessary component for autonomous topological
exploration. While traversing a single corridor, Groundhog utilizes the Sense-
Plan-Act (SPA) framework. While stationary, Groundhog tilts one of its lasers
to accumulate 3D range data from the space in front of it. This 3D point
cloud is used to generate a 2.5D cost map. Next, a goal pose is chosen that
will further Groundhog’s progress down the corridor (or turn it into a new
corridor). A path is planned to the goal pose by feeding the cost map into
a nonholonomic motion planner described in [13]. The planned path is then
traversed by Groundhog, and the whole process repeated. For a more detailed
description, see [2, 13].

2.4 Node Detection

A method for node detection is also critical to topological exploration.
Groundhog detects intersections in its environment by searching for nodes
of the generalized Voronoi diagram (GVD) [6]. Edges of the GVD represent
sets of points equidistant from 2 objects. Nodes of the GVD represent points



120 D. Silver, J. Carsten, and S. Thayer

Fig. 2. The data collected at each node. Left: Groundhog approaching an inter-
section. Center: the 2D range data collected, as well as the detected node location
and radius. Right: the 3D range data collected.

equidistant from 3 objects. While traversing an edge, potential GVD nodes
are detected using a procedure described in [15]. Each potential node is then
tracked until Groundhog drives through the intersection to which the node
corresponds. The purpose of this extra traverse is to obtain a 2D map of the
environment around the node with a full 360° coverage, as opposed to the 180°
field of view of Groundhog’s lasers. Such coverage is achieved by combining
multiple laser scans from different vantage points. This 360° coverage is nec-
essary to determine whether the intersection just traversed is worth exploring;
if the end of a corridor is already within sensor range from the intersection
itself, it may not be worth further exploration. This procedure also eliminates
large concavities that can appear as intersections when first detected. After
a node has been detected and verified, a 3D scan of the intersection is taken,
and Groundhog continues its exploration. The Voronoi radius (equidistance
value between the node and the objects that formed it), 2D map, and 3D scan
(Figure 2) are all stored for later use.

2.5 Framework for Topological Uncertainty

For successful topological exploration, a robot must be able to determine if a
given node has been previously visited. This determination can be made based
purely on the local topology [7], or by combining topological information with
range data or data on nearby features. The techniques described in this paper
follow the latter approach.

Regardless of the specifics of the node matching approach, its output will
be uncertain. There may be multiple previous nodes which match the current
node closely enough to be considered a possible match, and the fact that the
node may never have been previously visited adds additional uncertainty. A
framework is necessary for dealing with this uncertainty until the ambiguity
can be removed. A widely adopted approach is to maintain multiple hypothe-
ses as to the correct topology of the environment [8, 11, 16]. The robot can
then either take actions designed to explicity remove the ambiguity, or main-
tain multiple hypotheses until the natural exploration behavior of the robot
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produces enough additional information. In either case, the correct framework
can add additional robustness on top of the chosen node matching scheme.

3 Subterranean Node Matching

We approach node matching as a topological global localization problem.
When a robot arrives at a node N; along edge FE;, it can localize itself to
a discrete subset of all possible states in the world (the set of states located
at a node, oriented along an edge). If the robot can properly match N; and
E; to a previously visited N; and Ej, then it will have relocalized itself. If the
robot can properly determine that /V; has not been visited before, it will still
have localized itself to the correct state, albeit a state that has not previously
been visited.

To determine whether the current node IN; matches a previous node Ny,
we use a hybrid approach based on both local topology and range data (Figure
3). Local topological data is rarely descriptive enough to determine explicitly
whether two nodes match. However, it requires essentially no preprocessing:
it is computationally inexpensive to determine whether N; and NN; are of the
same degree. For this reason, local topological data is used to pare down the
number of prospective matches.

For similar reasons, 2D as well as 3D range data is used. While 2D range
data is usually not descriptive enough to make an explicit determination, it
is much cheaper to process than the full 3D point cloud, and can further pare
down the number of prospective matches. 2D data has another advantage un-
der our current setup: as described in Section 2.4, 2D information is collected
a full 360° around the intersection. The additional coverage offered by 2D
data often proves quite useful in determining final matches.

A common approach for determining whether a robot is revisiting a lo-
cation is to explicitly search for features in the local environment, and try
to match these features to those that have been previously detected. How-
ever, subterranean spaces provide a unique challenge for feature extraction.
While such spaces are often feature rich, it is hard to characterize the features
exhibited. Features can very greatly in both type and scale, and so a more
robust approach is needed. For this reason, our approach compares nodes in a
manner which does not require explicit extraction of predetermined features.

3.1 Comparison of Topological Properties

The first step of our node matching scheme is to use the topological properties
of the detected node IV; to eliminate as many nonmatching nodes IV; as possi-
ble. These topological properties are the degree of the node and its associated
Voronoi radius. Another property we explored was the relative orientations
of the edges associated with the node. Previous work [12] has shown these
relative orientations to be quite susceptible to noise. This lack of robustness
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CompareNodes (IN;, N;):

if N;.degree # N;.degree then return 0

d < N;.degree

if | N;.vRadius —N;.vRadius | > T then return 0
P> < PositionOffsetBetweenNodes (N;, N;)

Ry « MinimumErrorRotation(N;, Nj, P2)
(MSEQD, PQ, RQ) — TrICPQD(NZ-.QD, Nj.QD, PQ, Rz)
if MSEsp > Tf then return 0

(MSEgD, Pg, Rg) <—TI‘:|:CP3D(]\fi.3D7 ]\/YJ'.?)D7 PQ, RQ)
E «— FormErrorVector (IN;, N;, P3, R3)

return LogisiticRegression(F,d)

Fig. 3. Pseudocode for our node matching procedure

was also observed in our own experiments, and therefore this property was
not used. Instead, if N; has a different degree than Nj;, or the difference in
observed radii is more than a threshold 7;., INV; is eliminated as a candidate
match. T;. is set relatively high, so as to ensure that no correct matches are
ever thrown out, while eliminating as many incorrect matches as possible in
a computationally inexpensive manner.

3.2 2D Map Matching

The next phase of node matching is to compare each node’s 2D local map.
Before the 2D maps can be compared, they must be properly aligned. Align-
ment of 2D point sets can be achieved using the Iterative Closest Point (ICP)
algorithm [4]. ICP assumes that each point in the data set corresponds to the
closest point in the model set. These correspondences are used to compute the
transformation between the two sets that minimizes the Mean Squared Error
(MSE). The correspondences are then recomputed, and the process iterates
until convergence.

Due to the manner in which our 2D maps are constructed, the assumption
that every point in the data set has a corresponding point in the model set is
often violated to a degree that degrades performance. Therefore, the Trimmed
Tterative Closest Point algorithm (TrICP) [5] is used instead. The key differ-
ence between ICP and TrICP is that TrICP assumes that only a proportion
& of the points in the data set correspond to points in the model set. At each
iteration, only £¢K of the K points in the data set are used. The (K points
used are those with the smallest squared distance to their corresponding point
in the model set. When unknown beforehand, £ can be automatically set by
minimizing the function

$(€) = MSE(§E (1)
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where M SE(&) is the MSE of the ¢ K points with the smallest squared distance
to their corresponding point in the model set. The parameter A balances the
tradeoff between using more points and increasing MSE. In [5], A = 2.

Both ICP and TrICP require a fairly accurate initial alignment in order to
converge correctly. By framing node matching as a global localization prob-
lem, it is assumed that there does not exist a good long term estimate of
metric position. In practice, this is usually the case, as Groundhog’s online
position estimation is not stable over long distances (accurate metric maps
are produced offline). Since Groundhog’s perceived metric position can not be
used for an initial alignment, the locations of the nodes themselves are used.
Since each node is embedded into the environment, if the two local maps are
really of the same intersection, then the location of the Voronoi node in each
map corresponds to the same point in space, represented in different coor-
dinate frames. Setting the origin of each local map to be the corresponding
Voronoi point thus produces an initial alignment in position. However, the
orientation of each map relative to the node is still unknown. To fix the orien-
tation, TrICP is run 8 times, with the initial orientation of one map relative
to the other equally spaced at 45° intervals. TrICP is able to overcome such
large errors in initial orientation because the error in initial position is small.
The final alignment that results in the smallest MSE is selected as the correct
2D alignment (Figure 4(a)).

The MSE of the final alignment (after recomputing ) is compared against
a threshold T,. Just as with 7T;., T¢ is set to eliminate as many false matches
as possible, while not eliminating any correct matches.

3.3 3D Map Matching

The last phase of node matching uses the 3D range data gathered after each
node is detected. As with the 2D data, the 3D data must first be properly
aligned. The 3D alignment is also achieved using TrICP. The initial 3D align-
ment used for TrICP is based on the final 2D alignment. Using the 2D align-
ment between the candidate nodes, and the known position of each node
relative to the origin of the 3D scan, an initial 3D alignment is computed that
is fairly accurate in x, y and yaw. Just as running TrICP with only an initial x
and y allows the 2D alignment to converge to the correct orientation, running
TrICP with an initial x,y and yaw allows the 3D alignment to converge to
the correct z, roll, and pitch (Figure 4(b)).

In this phase, TrICP is run with one modification. Normally, ¢ is computed
according to (1) once during the first iteration. Thus, £ depends heavily on
the initial alignment. Since the initial alignment could have significant error
in 3 of the 6 degrees of freedom, £ must be occasionally recomputed. For this
purpose, an additional loop is added around TrICP. After TrICP successfully
converges, £ is recomputed based on the final alignment. The final alignment
is then fed back into TrICP as the new initial alignment. This process repeats
until the value of £ converges.
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\\\\\

(a) 2D alignment: Each map is centered around its Voronoi node, and then one
map is rotated relative to the other to find the minimum MSE alignment.

(b) 3D alignment: the 2D alignment is used as the initial 3D alignment (left).
The £Ng closest points (center) are then used to find the final alignment
(right).

Fig. 4. 2D and 3D alignment of range data at an intersection

After each 3D alignment is complete, an error vector E = {eq,...,e,} is
produced for each prospective match N; < N;. The error vector consists
of both 2D and 3D error measures. The 2D metrics are used despite the
availability of 3D metrics, due to the 360° coverage of 2D data. In addition to
MSE, additional error metrics based on the normal vectors of the 3D range
data are used. This error metric is especially useful for classifying potential
matches with a small £. The specific error vector used is described in Section
4.

3.4 Classification

After an error vector has been produced, the final task is to determine as
accurately as possible whether or not N; matches N;. This can be viewed as a
binary classification problem, with matching and non-matching classes. One
approach to binary classification is logistic regression [1]. Under this approach,
the probability of a match is computed from the error vector F as
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Table 1. The results of each phase of node matching

Stage of # of Incorrect # of Correct
Comparison Matches Remaining|Matches Remaining
Original Dataset 1962 108
Degree Matching 1002 108
Radii Difference 588 108
2D MSE 173 108
Logistic Regression 23 108
P(N; = Nj|E = { } X 2)
i < N;|E = {eq,...,e =
! / ! " 1+ exp(—2)
z =wo + w1 P1(e1) + waPa(ez) + ... + w, Pp(ey) (3)

W is vector of weights {wo, ..., w,}, computed from training data using a
maximum likelihood formulation. Each &; is constructed as a classifier based
on an individual element of the error vector. Our approach constructs each
&; as a Gaussian classifier of the it element of the error vector

N(@i, Mj) U+)

éi(ei) B N(ei7uj7(jj) +N(Zeia,ui77g‘7) (4)

K2

where ;7 and o) are the mean and standard deviation of the i'" element

of E over matches, p; and o; are the mean and standard deviation over
non-matches, and A (e, i, o) is the Gaussian probability density function.

4 Experimental Results

4.1 Data Collection

To test our node matching approach, data was collected from the Bruceton
research coal mine near Pittsburgh, PA. The dataset consists of the same
topological, 2D, and 3D data that would be collected during autonomous ex-
ploration and intersection detection. 3D range data was downsampled to one
point per 5cm voxel [14], to ensure equivalent resolution from multiple vantage
points and to provide a significant decrease in computation. For each intersec-
tion, data was collected from each corridor leading into the intersection. Data
was gathered from 46 different intersection/corridor combinations, resulting
in 2070 possible matches. Of these, 108 are correct matches. The results of
each phase of node matching are shown in Table 1.

4.2 Topological Matching

Of the 2070 possible matches, 960 (46%) can be immediately eliminated, be-
cause the degree of one node does not match the degree of the other node.
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Fig. 5. The distributions of each value of the final error vector over nodes of degree
3. The distributions over matches are shown on top, and non-matches on the bottom

Next, matches are eliminated based on the Voronoi radius. To make it as
unlikely as possible that any correct matches are eliminated in this phase,
T, is set at 1.5 times the maximum difference in Voronoi radii observed in a
correct match. To take into account the differences in various types of inter-
sections, a different threshold 7' is chosen based on the degree d of the node.
Solely based on radii thresholding, 1219 (59%) of the possible matches can
be immediately eliminated. Combining radii thresholding with the enforce-
ment of degree equality eliminates 1374 (66%) of the possible matches. Thus,
approximately 2/3 of prospective matches are eliminated almost immediately.

4.3 2D Matching

After thresholding on topological properties, the next phase is to align the 2D
range data, and compare the MSE against a threshold 7,. For 2D TrICP, a
A value of 2 was used. As with radius thresholding, a different T is used for
each node degree d, and each T¢ is set at 1.5 the maximum observed MSE in
a correct match. Of the 2070 possible matches, 1573 (76%) can be eliminated
solely based on 2D MSE thresholding. By also only considering matches that
passed the topological matching phase, 1789 (86%) matches are eliminated.
Thus, the relatively inexpensive topological and 2D matching phases are able
to quickly eliminate all but about 14% of the possible matches.

4.4 3D Matching

Next, the 3D range data associated with the remaining prospective matches
is aligned. For 3D TrICP, a A value of 1.5 was used. After 3D alignment is
completed, the final error vector E is formed. An error vector consisting of
the following fields has so far produced the best results:

e The difference in Voronoi Radius
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Fig. 6. Output of the final classifier on matches (left) and non-matches (right)

The 2D MSE of the £ K5 points with the smallest error

The 3D MSE of the {3 K3 points with the smallest error

The median angle between normal vectors of the {3 K3 points with the
smallest error

Example distributions of these 4 elements over both correct and incorrect
matches are shown in Figure 5.

4.5 Final Classification

After the error vector has been computed, it is fed into the classifier to com-
pute a final match probability. For this experiment, the classifier was trained
over the set of all matches that were not eliminated by thresholding tests.
To help reduce the chance of a false negative, correct matches were weighted
twice as heavily as incorrect matches during training. As with all other phases,
a separate classifier is used for each possible node degree.

The distributions of the final probabilities over both correct and incorrect
matches are shown in Figure 6. Thresholding the final probability at 0.1 re-
sults in all 108 correct matches still being considered, with only 23 remaining
false positives. This accuracy is more than sufficient for use within a multi-
hypotheses topological framework.

5 Conclusion

In this paper, we have presented a method for approximating the probabil-
ity that two corridor intersections in a subterranean void match. Such an
approach can be used by an autonomous mine mapping robot to determine
when it is revisiting an intersection. This approach, in conjunction with other
topological techniques, will allow for the full autonomous exploration of mine
environments, including autonomous loop closure.

Future work will focus on making our node matching technique robust to
the point that multi-hypotheses tracking will almost never be necessary. One
method for achieving this would be to use multiple 3D scans from each visit
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to a node to provide the same 360° coverage that the 2D scans achieve. Also,
more intelligent means of computing 7;. and 7, will be explored. Further, the
possibility of more descriptive 3D error metrics will be investigated.
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Summary. For underground mining operations human operated LHD vehicles are typically
used for transporting ore. Because of security issues and of the cost of human operators, al-
ternative solutions such as tele-operated vehicles are often in use. Tele-operation, however,
leads to reduced efficiency, and it is not an ideal solution. Full automation of the LHD vehi-
cles is a challenging task, which is expected to result in increased operational efficiency, cost
efficiency, and safety. In this paper, we present our approach to a fully automated solution
currently under development. We use a fuzzy behavior-based approach for navigation, and
develop a cheap and robust localization technique based on the deployment of inexpensive
passive radio frequency identification (RFID) tags at key points in the mine.

Keywords: Mining vehicles, fuzzy logic, hybrid maps, behavior-based navigation,
autonomous robots, RFID

1 Introduction

In underground mining, LHD (Load-Haul-Dump) vehicles are typically used to
transport ore from the stope or muck-pile to a dumping point. A number of reasons
have led to the desire to automate the operation of LHD vehicles, thus removing the
need to have a human operator constantly on-board the vehicle. First, a mine is gen-
erally not offering the best environment conditions for humans. Second, the nature
of this task is such that the vehicle and its operator are continuously subject to the
risk of being hit or buried by falling rocks, since the load operation is performed in
unsecured areas. Third, an automated LHD vehicle could allow reduced operation
costs and increased productivity. Fourth, automatic control of the LHD vehicle could
lead to less mechanical strain, which would in turn reduce the maintenance costs.

In some mines, tele-operation of LHDs is used to gain safety, but this often leads
to reduced productivity since a remote operator is not able to drive the vehicle as fast
as an on-board operator. In addition the maintenance cost of the vehicles tends to
increase with tele-operation. These facts have led to the desire to automate the whole

P. Corke and S. Sukkarieh (Eds.): Field and Service Robotics, STAR 25, pp. 129-140, 2006.
© Springer-Verlag Berlin Heidelberg 2006
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=

Fig. 1. Left: The ATRV-Jr research robot, carrying the two main sensors used in our experi-
ments, the SICK laser scanner and the RFID tag reader (white box). Right: An LHD vehicle.

tasks performed by the LHD vehicles, or to use a combination of performing some
tasks autonomously and others by tele-operation. Since the greatest part of the time
in the work-cycle is spent tramming (moving or Hauling), this is the part that is most
desirable to automate. This paper addresses the development of a control system that
allows the autonomous navigation of an LHD vehicle in a mining environment.

In order to be commercially viable, any solution for the autonomous navigation
of LHD vehicles should meet a number of requirements. The solution should require
minimal setup and maintenance effort. It should require only little additional infras-
tructure on the mine, or possibly none at all. It should not require that an accurate
geometric map of the mine is hand-coded into the system. It should afford navigation
speeds comparable to the ones reached through a human operator (approximately
30 Km/h). Finally, it should guarantee extremely high safety and reliability, that is,
faults should have low probability, and there should be mechanisms able to detect
these faults and to stop the vehicle.

This paper, present our steps toward the development of a system for auto-
mated navigation of LHD vehicles in underground mines that satisfies the above
requirements. Our system uses a coarse topological map to represent the mine, and
a behavior-based approach to navigate inside the mine using a sequence of reac-
tive follow-tunnel behaviors. No global metric localization is required. Instead, the
vehicle uses data from a laser range scanner to maintain its relative position and
orientation inside each tunnel, and an intersection recognizer to assess its topologi-
cal position in the map. Intersections are recognized by a combination of odometry,
laser signature, topological structure, and RFID tags. The two main features of this
approach are: (1) small setup and maintenance costs, since it only requires to place
a passive RFID tag at each tunnel intersection; and (2) high reliability, thanks to the
redundancy of the information used.

Our development methodology is in two phases. In the first phase, with focus on
localization, we develop our techniques and algorithms on a small research outdoor
robot, starting from an existing framework for autonomous navigation [11]. The ex-
periments in this phase are performed in long corridors inside a building, and in a
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test underground mine. In the second phase, we will port the developed algorithms to
areal 30 ton LHD vehicle manufactured by Atlas Copco, and run experiments in the
test mine. Figure 1 shows the two experimental vehicles used in our development.
This paper reports about the first phase; the second phase will start in the next few
months.

The rest of this paper is structured as follows. In the next section, we briefly
overview some related systems for autonomous navigation in underground mines.
In Sections 3 and 4, we discuss our approach to localization and to navigation, re-
spectively. In Section 5 we present some preliminary experiments performed on the
research robot in both the indoor environment and the test mine. Section 6 concludes.

2 Related Work

Several solutions have been suggested and evaluated for automation of the tramming
(movement) of the LHDs. Some of these have been in use for quite some time now,
while others have recently emerged pushed by the research in the area of mobile
robotics.

2.1 Older Solutions

Several solutions to autonomous tramming have been used in mines around the world
for quite some time now. These have all been based on some infrastructure that
guides the vehicle. Independent of the type all infrastructure based guidance solu-
tions have several drawbacks, such as installation cost, maintenance cost, and in-
flexibility. Examples of what has been used are inductive wires [5], light ropes and
reflexive tape. Common to these examples are the time and cost of installation, while
the light rope also suffer from maintenance cost, and unavailability due to damages
created by blasting nearby.

These systems also suffers from another major drawback: none of them allows
high speed tramming. A manual operator drives the vehicle at its top speed, which is
usually somewhere between 20-30 km/h, while the guidance solutions above rarely
or never provide possibilities to travel faster than fractions of the top speed. This
is due to the fact that all of the line following systems have difficulty of gaining
significant look-ahead, since they only sense the line at the current position of the
vehicle or slightly ahead of the vehicle.

Experiments with infrastructure-less guidance using ultrasonic sensors to detect
the tunnel walls have been performed successful at low speed [12], [10], but the
difficulties to get the necessary high resolution look-ahead prevented this system
from being able to do any high-speed navigation.

Finally none of the systems above utilizes any form of obstacle detection, which
is another drawback in a sometimes unpredictable mining environment.
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2.2 Current Products and Recent Solutions

A more flexible system of infrastructure based guidance is used in the LKAB mine
in Kiruna, Sweden [13]. This system is based on a bearing only laser scanner that
measures the angle to reflexive tapes on the tunnel walls, and allows the vehicle to
operate at full speed. The drawback of this robust and highly reliable system is the
need to install the reflexive tapes, and to measure the position of the same to be able
to integrate them into the guidance map. This system is more flexible than the ones
mentioned earlier since once the reflexive tapes are installed and integrated in the
guidance map, the path to be followed by the vehicle can be changed in software.

An infrastructure-less guidance system is described in [8]. This system solely de-
pends on dead reckoning, angle/distance laser scanner and the natural landmarks in
the mine. During automatic tramming a five-meter section of the scanned tunnel pro-
file closest to the vehicle is compared to a map with known profiles and the position
can thus be established. The map, which is a polyline representation of the tunnel
wall, on a specific height above the floor (the height the laser scanner is mounted
on the vehicle) is created by a teaching procedure. During the teaching the vehicle
is driven manually in the tunnel allowing the laser scanners to register the profile of
the tunnel wall on each side of the vehicle. The scanner produces 181 measurements
per scan, one each degree, but only the ten left- and rightmost are taken into account.
These measurements are then fused into a polyline representation of the tunnel wall
with the average distance of 10 cm between the points. With this system tramming
velocity comparable with human drivers has been achieved with LHD and velocities
up to 40 km/h have been tested on mine trucks. Although this system does not need
any extra infrastructure for the navigation, it has the drawback that the vehicle has to
be driven manually through every path, before it can run there autonomously.

In [4] and [9] an experimental setup of a test track, a mine created by shade
cloth, is described and used to evaluate a reactive guidance and navigation system
of a LHD. The guidance system utilizes laser range scanners and dead reckoning,
together with a nodal map representation of the test track. The 300 m long test track
consists of sharp corners, intersections, a hall, and a loop. No extra infrastructure to
guide the vehicle is installed. The results of the experiments show that the combi-
nation laser range scanner and reactive guidance is a feasible way to perform mine
navigation. The test vehicle successfully navigated through the test track for up to
one hour at a time without human interaction. Regarding the important issue of speed
the experiments showed that the control system is able to run the vehicle at the same
speed as an experienced human driver. With this particular LHD the maximum ve-
locity of 18 km/h was utilized at parts of the test track. The only situation in which
the control system did not manage to equal the human driver was encountered at
sharp intersections, where the control system could not see around the corner. Nei-
ther can the human operator, but after a few test runs the driver remembered what the
tunnel looked like around the corner, and therefore could approach the corner more
aggressively. This approach can obviously be implemented in the control system as
well by adding driving hints to the map.
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Fig. 2. Maps a) fragment of a sample topological map for a mine, b) fragment of metrical map
of our test mine

The same vehicle used in the test track was also tested in a real mine environment.
Again, the vehicle was able to operate at full speed through a typical production cycle
without installed infrastructure or physical changes to the mine tunnel. The vehicles
ability to navigate in previously unseen tunnels was also shown by driving the LHD
up the access decline (a 4 km long 1:7 slope), where a human gave high level instruc-
tions to guide the vehicle through intersections. Duff et. al. [3] also shows that the
control system works on a substantially larger mining machine (60 tonnes instead of
the 30 ton LHD) with different hydraulics.

Although localization and navigation using only topological recognition of the
environment is successful in many cases, there are some environments in which it
proves much harder to localize using only topological information. This can easily
be seen by considering, eg., the abandoned mine in which our trial runs have been
made (see Figure 2b), where the high density of side tunnels (less than one tunnel
width between each side tunnel) makes it difficult for humans to recognize the correct
junctions without using further information such as the markings drawn on the walls.
For this purpose we use an approach corresponding roughly to the marks used by
human operators but more appropriate for automation — by using radio frequency
identification tags to place artificial marks at key locations in the mine.
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3 Localization

In order to fulfill its navigation task the autonomous vehicle needs some form of
map, as well as some means of localizing itself within this map. Because of the
cost and accuracy problems with a full metric map we choose to use a hybrid map
which augments a topological map with some metric information [1]. This topologi-
cal map consists of a number of nodes (junctions and positions in tunnels) and edges
(traversable paths between the nodes). This topological map can also be augmented
with some metric information such as approximate tunnel width and length when
available but the system functions also without such information. For an example of
such a topological map augmented with tunnel lengths see Figure 2a.

One of the strengths of using only a topological map is that it can be constructed
at little cost and it can easily be updated when the environment changes. By only
providing a topological description there is no constraint on the actual layout of the
environment: the map provided in Figure 2a could just as well consist of nodes and
tunnels through multiple levels of a mine.

The localization used within the loaders consists of two parts, a topological lo-
calization which gives information about which edge is currently being traversed or
which node has just been reached, and a metric localization which indicates where
the vehicle is positioned within the current tunnel. The purpose of the later is pri-
marily for providing the needed parameters to the reactive behaviors used for tunnel
traversal.

3.1 Metric Localization

We compute three types of metric information: longitudinal position along the tun-
nel, lateral position inside the tunnel, and orientation with respect to the tunnel. The
former is used to increase the robustness of the topological localization; the latter are
needed by the “FollowTunnel” reactive navigation behavior.

For the lateral localization and orientation within a tunnel we use a laser range
scanner. The scanner produces 181 measurements per scan, one per degree and is
mounted in the front of the vehicle. Our algorithm processes these scans to provide
the rest of the system with the parameters of the detected tunnel segments, together
with a certainty factor that depends on the number of reflected laser readings. In
addition, our algorithm uses the laser data to detect obstacles for collision avoidance.
Our target sampling rate for tunnel and obstacle detection is 75 Hz.

In order to achieve this rate, we have used a modified Hough transform [7] on the
1D laser data to identify pairs of line segments. By allowing some flexibility in the
line segments it is also possible to operate in curved tunnels. By only checking for
pairs of lines separated by 180 degrees and with a certain minimum and maximum
separation it is possible to accurately identify tunnels around the vehicle. Our imple-
mentation yields execution times of about 2 ms, well within the requirements for fast
navigation. The low execution time is achieved mainly by discarding irrelevant laser
points before the Hough transformation is made, but the fact that we do not have to
search the entire Hough space for tunnel walls also contributes. Apart from providing
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Fig. 3. Identifying open areas and tunnels with a laser range finder

information about the currently traversed tunnel these transformed laser readings are
also used for identifying side tunnels which are used in the topological localization.

Figure 3 gives an example of extraction of the edges and direction of a tun-
nel from laser range data. The data refers to a situation in the test mine, where the
robot was about to enter a new tunnel. In the figure, the robot is seen from the top,
placed at the center bottom and pointing upward. Laser measurements shorter than
the maximum range (80 m) are indicated by black dots. The light gray cones show
the identified open areas. The dark gray line indicates the direction of the tunnel seg-
ment in front of the robot, found by our algorithm. Notice that the tunnel could be
correctly identified even though its walls are interrupted by the entrances of many
side tunnels.

The longitudinal position along the tunnels is computed by odometric update,
where odometry is given by a combination of scan matching and wheel encoders.
The encoder data are very imprecise since the wheel diameter can change by a large
amount depending on tire pressure, loaded weight, and tire consumption. However,
the combination with the topological localization gives sufficient accuracy for our
purposes.

3.2 Topological Localization

The main input to topological localization is node detection and identification: this
tells us that we have completed the traversal of one edge and arrived at a node.

To do node detection, we use a redundant combination of four sources of infor-
mation: (1) longitudinal metric localization inside the tunnel, that tells us when we
are near or past the next junction; (2) recognition of the laser signature of a junc-
tion from the laser data; (3) recognition of the topological structures, e.g., counting
number of side tunnels; and (4) detection of an RFID tag. The latter also gives us the
unique ID of the junction, which should match the one in the topological map.

For the first two sources of information (1), (2) we use standard robotic tech-
niques with the normal caveats regarding robustness and deployment. Although by
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themselves these are not sufficient for our application we use them as a supplemen-
tary source of localization information to further increase the robustness of the two
other techniques outlined below.

The third (3) source of information can be useful in areas in which the density
of intersections is high. In practice, we identify the side tunnels through the laser
system and compare the number of observed side tunnels with the topological map,
much like a human driver would given the description “take the second turn on the
left”. Note that failures may occur, e.g., if the entrance of a side tunnel is temporarily
obstructed by another vehicle.

Perhaps the most peculiar of the above components is the use of RFID tags which
is used in the last information source (4). This is a flexible and low cost solution for
marking up the environment with standardized radio frequency identification tags.

These tags are a low cost, standardized solution for storing and retrieving data
remotely in small tags that have found uses in various fields e.g.,. inventory tracking,
automobile locks, animal tracking and quality control. There exists many different
forms of RFID tags with sizes varying from 0.4 mm square and up, having reading
ranges in the order of a few centimeters up to 8 m for passive tags. Battery powered
(active) tags have reading ranges in the order of hundreds of meters and typical life
lengths of a couple of years. Tags are available for as little as 0.40 USD and expect
to drop in price to as little as 0.05 USD as the use of RFID tagging is growing in the
industry.

For the application of autonomous navigation in mines we use passive RFID
tags in key junctions and equip the LHD with a tag reader allowing us to verify the
localization at key points. The deployment of tags can easily be done by untrained
staff and noting the position of the tags in the nodes of a simple topological map of
the environment is easy.

4 Navigation

The navigation system is organized in the three-layer hierarchical structure repre-
sented in Figure 4. The main idea here is to use a coarse topological planner to
decide a sequence of tunnels and junctions to traverse, and a set of fuzzy behaviors
to perform fast and robust reactive navigation within each tunnel segment.

The bottom layer includes the low-level control and sensor processing algo-
rithms, including the odometry system and the processing of laser data described
in Section 3.1.

The middle layer implements a fuzzy behavior-based system. Fuzzy behaviors
are easy to define and they provide robustness with respect to sensor noise, and to
modeling errors and imprecision [2]. The behaviors that we use were originally de-
veloped for indoor, low-speed navigation [11].

The main behavior used in our system is the “FollowTunnel” behavior, which
takes as input the parameter (orientation and lateral position) of the tunnel extracted
from the laser data as explained above. Other behaviors used in our development
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Fig. 4. Hierarchical structure of the control software

include “Avoid” to perform obstacle avoidance, and “Orient” to orient in the direction
of the tunnel when entering a new one.

We only needed to modify slightly the original behaviors in order to make them
work in our setup and to navigate at our robots topspeed 1.7 m/sec, or about 6 Km/h
— the original behaviors were tuned for top speeds of about 0.3 m/sec. Thanks to
their qualitative nature, fuzzy behaviors are prone to be transfered from one platform
to another with few modifications, see [6]. However, we expect that major changes
will be needed when we move to the real LHD vehicle, which is characterized by
more complex dynamics and kinematics, less clearance on the sides, and speed up to
30 Km/h.

At the top level, the navigation planner relies on the topological localization de-
scribed earlier, and decides what sequence of behaviors should be activated in order
to reach the given target location. Our planner is based on standard search techniques,
and it generates a reactive navigation plan in the form of a set of “situation — be-
havior” rules. These types of plans are called behavioral-plans, or B-Plans [11].

To exemplify the operations of the complete system we consider the topological
map from Figure 2. Assume that the vehicle starts at at the junction j6 facing in the
direction of tunnel t 7 and is given the goal to move to j5. The topological planner
will then generate the following behavioral plan which will be executed:

IF obstacle_near THEN Avoid(
IF nextNode(j4) AND NOT oriented(t7) THEN Orient
IF nextNode (j4) THEN Follow
IF nextNode (j5) AND NOT oriented(t4) THEN Orient
IF nextNode (j5) AND oriented(t4) THEN Follow
IF nextNode () THEN Still(

—_— o~ o~~~ —

Avoid, Orient, Follow and Still are fuzzy behaviors, activated according to the
fuzzy predicates obstacle_near, nextNode and oriented. j4, j5, t4 and t7 are control
system representations of objects in the map, for details see [11].
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The laser scanner gives readings which are fed to the avoid-obstacle behavior and
used to update the parameters of the current tunnel for the follow behavior. As the
vehicle moves these two behaviors make the vehicle follow the center of the tunnel
t4 as long as the topological localization does not signal that the junction j4 has
been reached. When the junction j4 is detected as described earlier another tunnel is
added to the local expectations on the right side, and the laser is used for localizing
its exact position and the orient behavior starts up. This behavior uses first odometric
information and eventually the laser readings to orient toward tunnel t 4 and when
oriented this new tunnel is traversed by the follow behavior.

5 Experiments

5.1 Indoor Trial Runs

In the initial stage we wanted to test the applicability of the system described above
when navigating a set of interconnected corridors at a higher speed. For this purpose
we staged a number of indoor trial runs using the ATRV-Jr research robot shown in
Figure 1 above. These runs were performed in a basement consisting of a number
of approximately 2 m wide corridors with a number of junctions, doors, 45 and 90
degree turns as well as a few slightly larger open areas. We started by setting up
a simple topological map and placed RFID tags first on the walls and later in the
ceiling of the important junctions (see Figure 5a).

Next, a number of runs between a starting point and a target point were made.
During the first runs no metrical or RFID information was provided in the topological
map, i.e. navigation was solely based on the information extracted from the laser
data. This worked well in most corridors and intersections, but in the corridor that
included the small open areas the system mistook the open areas as intersections and
got lost. After this, two more sets of test runs were made, one using a map with RFID
information, the other with coarse metric information added to the map.

By adding RFID information to the topological map the system was able to dis-
tinguish between the real junctions and the open areas and reach its target position.
However the mounting of the tags turned out to be crucial. All of the runs when the
tags were placed in the ceiling were successful and the robot could navigate these
corridors at a speed of up to 1.7m/s. As for the runs with the tags mounted on the
walls we experienced a few failures caused by undetected tags since this mounting
was outside the specification of the tag/reader combination.

Equal results were achieved with the map with metric information to it, the 150 m
long path was travelled as planned in under 180 s despite disturbances as non mod-
elled open doors and recycle paper trailers parked in the corridors.

5.2 Trials from Test Mine

In order to test the techniques in the target environment we have used an abandoned
mine, used by Atlas Copco in the testing of LHD vehicles. The mine consists of a
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Fig. 5. RFID tags a) in basement, b) on the walls of mine and c) on a stand above center of
junction.

number of 10 m wide and 5 m high tunnels with a fairly flat tunnel floor. In the setup
of the tests we built a rough topological map consisting of five nodes which should
be visited and in doing so a large number of junctions would be passed.® Since no
accurate metric information where available, we placed RFID tags in the junctions
either by placing them on the walls of the tunnels or (for practical reasons) using
a 3m high stand simulating placement in the ceiling. See Figures 5b and 5c for a
picture of the tags and their stands.

We used the same ATRV-Jr research robot and control program as above for
these tests, only parameter changes to enable detection of the much wider tunnels
were made. We used odometry to update localization and RFID tags to re-localize
and verify that the correct junctions were reached.

By using the corridor localization technique described in Section 3.1 it was pos-
sible to localize the tunnels, which was needed to correct from the large odometry
errors caused by the uneven surface. As for the localization of the junctions this was
achieved through the RFID tags when the robot passed within a radius of 3 m from
the center point under the corresponding tag. By placing the tags higher up (in the
ceiling) this radius would be increased sufficiently to make it impossible to miss the
readings.

6 Conclusions

In underground mining the development of fully automated systems for the naviga-
tion of loaders is interesting for a number of reasons, including safety and efficiency.
By combining standard robotic techniques such as fuzzy behavior based systems
with some application specific techniques the robustness and usability of fully au-
tomated navigation systems for autonomous underground vehicles can be improved.
In this paper we have investigated a few problems with implementing such naviga-
tion systems and presented a solution based on a hybrid metric-topological map with
a number of redundant methods for localization which provides greater robustness
than any one solution alone. Though still a project under development, the initial
tests of this system in realistic environments look promising.

3 From the main tunnels there are side tunnels with a spacing of only about 10 m.
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Summary. In this paper an existing method for indoor Simultaneous Localisation
and Mapping (SLAM) is extended to operate in large outdoor environments using
an omnidirectional camera as its principal external sensor. The method, RatSLAM,
is based upon computational models of the area in the rat brain that maintains the
rodent’s idea of its position in the world. The system uses the visual appearance of
different locations to build hybrid spatial-topological maps of places it has experi-
enced that facilitate relocalisation and path planning. A large dataset was acquired
from a dynamic campus environment and used to verify the system’s ability to con-
struct representations of the world and simultaneously use these representations to
maintain localisation.

Keywords: SLAM, Omnidirectional Vision

1 Introduction

RatSLAM is a methodology for learning or mapping an environment while
simultaneously maintaining localisation using visual information. The system
was developed from computational models of the hippocampus of rodents -
the part of the brain responsible for a creature’s sense of place. RatSLAM has
been successfully employed on mobile robots in indoor environments [6]. An
obvious new application for the system is outdoor mapping and localisation.
This paper describes how the RatSLAM system can be made to operate suc-
cessfully on an outdoor mobile robot platform using a catadioptric camera as
its principal external sensor. The most significant change to the system was to
the visual processing component which was altered to take full advantage of
the omnidirectional nature of the camera. The new visual processing method
retains the nature of the original; it operates based purely on the visual ap-
pearance of the environment and does not compute any geometrical informa-
tion. While this work builds in part upon early experiments reported in [§]

P. Corke and S. Sukkarieh (Eds.): Field and Service Robotics, STAR 25, pp. 143-154, 2006.
© Springer-Verlag Berlin Heidelberg 2006



144 D. Prasser, M. Milford, and G. Wyeth

many aspects are new or greatly improved. In particular the visual processing
has been expanded to include colour information and the test environment is
more topologically complex.

2 Background

Most work in the area of Simultaneous Localisation and Mapping for field
robots appears focused around the use of range measurement devices, par-
ticularly RADAR and laser range finders, which are processed by Kalman or
particle filters to produce metric maps, for example [7, 2]. Vision based work
with outdoor ground robots appears to be concerned more with localisation
than concurrent mapping. Some vision based localisation techniques are of
interest for moving the RatSLAM system outdoors as they are functionally
similar to the appearance based method RatSLAM used indoors.

2.1 RatSLAM

Figure 1 shows the RatSLAM model. The robot’s pose is represented within a
competitive attractor network called the Pose Cells. These cells are arranged
as a three dimensional array with two dimensions corresponding to = and y
position, and the third dimension to orientation. The competitive attractor
dynamics cause packets of activity that represent the robot’s believed position
to form in the Pose Cells. Wheel encoder information is used to perform path
integration by shifting the activity packets. The external sensors are used
to control the activity in a collection of cells called the Local View. The
environment is learnt by associating active cells in the Local View with active
Pose Cells. Relocalisation is accomplished by injecting energy into the Pose
Cells based on these learnt associations and the current Local View activity.
The new pose hypothesis then competes with the existing hypothesis via the
Pose Cells’ competitive attractor dynamics. The detailed implementation of
the RatSLAM algorithm is discussed more thoroughly in [6].

External Vision Sense fem——pp{ Local View (LV)

v

Pose Cells (PC)
Internal Sensing )—} Path Integration

Fig. 1. The Pose Cells store the systems sense of position. This is continually
modified by the Path Integration and Local View mechanisms which represent the
internal and external sensors respectively.
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2.2 Visual Place Recognition

An attractive method of visual information processing for building environ-
ment maps is appearance based place recognition. This type of processing is
developed from the basic concept that if two camera images are very similar
then it is likely that they were acquired at nearby places. If a representative
set of images can be acquired at known locations throughout the environment
then an estimate of the robot’s current position can be determined by finding
the best match between these and the current camera image. The problem
then becomes one of image matching with a requirement for spatial invari-
ance or generalisation. If the matching process is unable to generalise over a
small area then the robot would only be able to localise at precisely the same
position as when the reference image was required. Spatial generalisation how-
ever limits the physical accuracy to the size of the area in which the image is
recognised. Appearance based localisation has been shown to be sufficient for
robot navigation without using metric information, provided the environment
is unique [3] and has been used in systems that mimic the rodent hippocam-
pus [1]. Visual place recognition has also been used to construct topological
maps of indoor environments [9].

Many techniques have been used to solve the image matching problem
for this application, usually building an intermediate representation of the
image that exhibits properties of spatial invariance and then employing a
representation specific matching process. Some methods for image matching
or image retrieval that have been used for robot localisation are: histogram
matching [10]; image fingerprints [5]; and various types of invariant image
features [4, 12]. Omnidirectional cameras are of particular interest since image
representations can be constructed that are invariant to the orientation of the
robot, removing the need to examine each place in the environment at multiple
orientations.

Many visual appearance based localisation schemes use topological rep-
resentations of space using mechanisms such as connected graphs of learnt
views [3]. However RatSLAM operates in a semi-topological, semi-Cartesian
manner. Each pose cell has an orderly physical relationship with other nearby
cells, which, through path integration, creates a spatial representation which
is roughly Cartesian across short distances. Over larger distances Cartesian
relevance decreases to the point where the map must be considered topologi-
cal.

3 Visual Learning

The relationship between visual information and pose is learnt by forming
weighted connections between active pose and Local View cells. The connec-
tion strength (B;mn between Local View cell i and Pose Cell Imn is increased
according to the activities V;, Py, of the respective cells and the learning
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rate, A (1). The maximum term limits the strength of a connection to that of
the best observed correlation.

B, = max (Bl AViPron ) (1)
Relocalisation can then occur by injecting into each Pose Cell the sum of
the Local View cells multiplied by the appropriate learnt weights. In order
to relocalise the same Local View cells should be active each time the robot
is at the same position. The cells must also be sparsely activated to avoid
the problem of linear inseparability that can occur within the single layer
network between the Local View and Pose Cells. These two requirements can
be met by making each Local View cell respond to a different viewpoint in the
environment. In the current implementation each cell possesses a histogram
representation of a particular view, with which the current camera information
is compared. Histograms have several advantages for this application: they are
invariant to rotation when used with omnidirectional cameras; and generalise
with respect to camera position [10]. They are also compact to store and
straightforward to compute. The map that RatSLAM learns is stored in two
parts: a learnt set of views which reduce the external sensor data to sparse
set of primitives; and the Local View - Pose Cell associations which indicate
where these views may be found in the world.

3.1 Histogram Matching

Since the environment is unknown before the robot begins exploring it must
simultaneously learn new areas and recognise previously visited viewpoints.
This requires rapid online learning and recall where newly learnt informa-
tion does not invalidate older information. Recognition is accomplished by
matching the current hue and saturation histograms against a set of reference
histogram pairs using the x? statistic. The best match is reported to Rat-
SLAM by setting its corresponding element in the Local View vector. When
the match is weak then the unrecognised histograms are added to the refer-
ence set. In this way the system moves through the environment classifying
the camera data into a growing set of distinct views. Each learnt histogram
pair has a Local View cell to represent it to the rest of the system, so as more
of the environment is explored the number of Local View cells increases.

The x? distances are computed separately for the hue and saturation his-
tograms and the results summed to give an overall measure of the distance
between two pairs of histograms. Once the smallest x? value is found it is
compared to a sensitivity threshold d,,, to determine if a match has been
found. The x? statistic has a divide by zero condition when histogram bins
are empty so a modified version is used, where a; and b; are the ith bins of
the histograms a and b (2).

(a;i—bi)?
2 _ a;+b; 7a2+bl#0 2
X Z { O7 a; + bz =0 ( )
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Each Local View cell then represents one or more physical parts of the en-
vironment that can be distinguished from other places by the external sensor.
The physical area that a cell represents cannot be calculated or determined
a priori, beyond a rough estimate of their average size. Some cells will code
for multiple places in the environment that are visually similar. The converse
is also true - one physical place may correspond to multiple Local View cells.
This can occur when changes to part of the environment make that area better
represented by some other Local View cell. If the environment later changes
back then the original cell will again activate when the robot re-enters the
area. It is responsibility of the rest of the SLAM process to reconcile the Lo-
cal View information with internal sensors and maintain the robot’s sense of
position.

3.2 Histogram Formation

The processing of the camera input is limited to transformation from the
camera’s native YUV colour space to the Hue Saturation Value (HSV) space
and the removal of some parts of the image. The individual histograms of hue
and saturation are then calculated. It is these histograms that represent the
visual scene to the learning process. The centre part of the image does not vary
as the robot travels, nor do the regions that do not contain the mirror. These
areas are not helpful for localisation and are removed in a masking operation
before computing the histograms (Fig. 2). No accounting can be made for the
two other constant features in the images: the support post for the mirror and
the vehicle’s operator, both of which can be seen in the lower part of Fig. 2.
While these features create a blind spot that prevents the camera from being
truly omnidirectional, there is no benefit in removing them from the image as
it is not possible to recover the obscured information.

3.3 Orientation

The histogram matching system will operate independently of the robots ori-
entation, however the mapping and localisation process must consider the
orientation component as it is part of the robot’s state. When each Local
View cell is created it defines its own reference orientation by associating it-
self with the current Pose Cell activity. During relocalisation a measurement
of the relative change in orientation since the recognised Local View cell was
created can be used to appropriately shift its associated Pose Cells in the 6
direction. Similarly when forming Local View — Pose Cell associations with ex-
isting Local View cells the orientation of the Pose Cells are shifted to maintain
the Local View cell’s reference orientation. The angular difference is added to
the 6 position of Pose Cells when relocalising and subtracted when learning.

Orientation is derived from the robot’s on-board compass. When a Local
View cell is first created the robot’s compass orientation is recorded with the
cell. Later when this cell is reactivated the difference between the current and
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Fig. 2. The region of the image that is included in the histograms. Other parts
of the image remain fairly constant as the robot moves, so they do not provide
information useful for learning robot location.

stored orientations can be used to calculate the appropriate Pose Cell shift.
Using relative measurements means that even if the compass fails to find true
North around certain areas the system will still function. The compass is
considered to be locally consistent rather than globally accurate.

4 Experimental Setup

Data was recorded from a mobile robot platform while travelling along re-
peated paths through a busy campus environment. The data was then pre-
sented to the RatSLAM system in a manner indistinguishable from on line
operation.

4.1 Robot Platform

The robot platform is the CSIRO Autonomous Tractor [11]. While this vehi-
cle is able to operate without human control, in these experiments the robot
was driven manually since the environment is so complex and dangerous. The
principal sensor used in these experiments is a catadioptric camera mounted
on the front half of the vehicle. In these experiments the camera operated at
approximately 4 Hz recording 1024 x 768 YUV422 images. The other sens-
ing capabilities used in these experiments were the internal wheel odometry
sensors and an electronic compass. The nature of the vehicle’s drive system
appears to make measurement of changes in orientation through path inte-
gration very inaccurate.
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4.2 Environment

The test environment was the University of Queensland’s St Lucia campus.
The campus is a dynamic environment with sparse yet constant movement of
people and vehicles during the experiment. The robot travelled through several
different environment types including: footpaths; a board walk; a bridge; under
a building; dense stands of trees; an open grass area; pedestrian precincts and
roads. The day of data gathering could be described as extremely sunny.
In shaded areas the environment appears very dark while in areas of direct
sunlight recorded images are over bright, for instance black asphalt roads
appear white. The data was recorded over a half hour period during which
the robot travelled 2.8 km. Each point on the route shown in Fig. 3 was visited
at least twice and every section of the route was traversed in both directions.
There were four three-way intersections and three looped paths that began
and ended at the same place.

Fig. 3. The approximate path of the robot starting at S and finishing at F.
The robot first travelled the inner loop SABF'S, followed by the outer loop,
SACABDBFS in a clockwise direction. Finally the outer loop was revisited in
a counter-clockwise direction.

5 Results

The system performance can be examined by looking at the activity profiles
over time of both the Local View and the Pose Cells. In both sets of activity,
the performance measures are the consistency of the patterns of activity and
how clearly this can be related back to the robot’s position in the real world.
Since the Local View affects the robot’s sense of pose, and not the other way
around, the Local View activity should be examined first.
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5.1 Local View Activity

The Local View activity is driven by the histogram based view matching
process. Each Local View cell corresponds to one view and is active when
that view is recognised. The results of the histogram based view learning are
shown in Fig. 4. The first time the robot moves through an area it will learn
a new set of sequentially numbered views (for example the first 200 seconds
of Fig. 4). Subsequent traversals of the same path should result in the same
views being recognised in the same order, or the reverse order if the robot is
travelling in the opposite direction. In Fig. 4 the first 150 or so Local View
cells represent the central looped part of Fig. 3, 150-260 represent the loop
near junction C and 260-350 the loop near D. The remaining 150 or so views
were acquired when previously experienced areas were not recognised. The
number of extra views learnt while revisiting already surveyed areas gives an
indication of the systems competency and its ability to generalise.
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Fig. 4. The index numbers of the active Local View cells as the experiment pro-
gresses. The Local View cells that represent the marked places in Fig. 3 are indicated
here with the same labels.

There are several reasons why the vision system may fail to produce the
desired results. One obvious cause is a physical change to the environment,
such as the arrival or departure of another vehicle, which makes it visually
distinct from the learnt view of the environment. Another reason is a change
not to the physical structure of the environment but in its illumination, which
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could make the camera view appear sufficiently different to the original that
it can no longer be recognised. In the present system the brightness com-
ponent of the HSV colourspace is deliberately ignored as it is expected to
vary with changing illumination. This is not a perfect solution though and
extreme changes in solar illumination will still prevent recognition. The final
significant cause of failed recognition is insufficient spatial generalisation. If
the camera image is not truly omnidirectional then the histograms acquired
from one place at different orientations will be different, reducing the chance
of recognition. The presence of the driver and the mirror support in the image
cause this problem in the current system, although it is not a long term issue
as learning one extra view is usually enough to achieve complete visual cov-
erage of an area. In the short term it may make it more difficult to maintain
localisation when first experiencing an environment from a novel orientation,
since the alternative representation has not yet been learnt.

Some histogram pairs in Fig. 4 are recognised outside of the sequence
in which they were originally learnt, appearing as noise in the Local View
activity. These are not necessarily errors, rather they indicate some small
part of the environment is visually similar in histogram space to some other
distant place, a form of perceptual aliasing. RatSLAM associates such Local
View cells with two sets of Pose Cells, so that when this view is recognised
then it is taken as evidence that the robot could be in either of two locations. A
few Local View cells will be activated inconsistently though and do constitute
false positive type errors. RatSLAM requires that energy injected into the
Pose Cells builds up as a competing packet over several time steps, so that
perceptual aliasing and short term noise in the Local View cells do not cause
incorrect relocalisation.

5.2 Pose Cell Trajectories

The logged wheel velocity and steering angle data can be integrated to produce
the robot path shown in Fig. 5 - a representation that is clearly not consistent
or usable. In contrast Fig. 6 shows the z,y location of the most strongly
activated Pose Cell throughout the course of the experiment. This is not a
Cartesian map but rather a plot over time of position in the system’s own
representation. Consistency between Fig. 6 and the robots position in the real
world is the goal of the system. Repeated travels along a path in the real
world translate to overlaid Pose Cell trajectories in Fig. 6.

The RatSLAM Pose Cell array wraps around in both the x and y dimen-
sions so the trajectory moves continuously between the top and the bottom
of the figure. The central loop of Fig. 3 becomes the Pose Cell trajectory of
S,A,B,F,S' A" in Fig. 6 with the loop closed in both directions by jumps in
Pose Cell activity from A’ to A and from S to S’. When learning new areas
RatSLAM is driven only by path integration so the layout of the Pose Cells
used to represent the central loop is similar to the early part of Fig 5. Subse-
quent travel along this path activates the same Pose Cells as when the path
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Fig. 5. Robot path computed from wheel velocity and steering information. An
error of approximately 0.4° in the measurement of the steering angle is the most
significant source of path integration error. Labelled points are the same as those in
Fig. 3.

Fig. 6. Trajectory of the most strongly activated Pose Cell in z,y space. The Pose
Cells wrap around in the = and y directions. Instantaneous jumps in cell position
are shown by thin lines.
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was first learnt. Certain areas such as the section of path between S’ and B
are not as cleanly recognised as other parts, for example A — B. This is caused
by weaker visual place recognition in these areas. The lack of generalisation
in this area is indicated by the formation of new Local View cells during the
S — B period in Fig. 4 at around 1000 seconds.

Since Fig. 6 shows only the most active Pose Cell, there appear to be
sudden changes in the robots perceived position, for example the jump from
A’ to A. These jumps occur when a new activity packet becomes dominant
after increasing in strength for several frames.

A similar effect can be seen in the small loop around the point marked C
in Fig. 3. On the first visit the loop is closed by a jump back to the junction
point, C. When the loop is revisited in the opposite direction a small spur is
formed before jumping back to original representation of the loop.

The loop around point D results in a more complex situation. On the first
pass, path integration fails to close the loop as is the usual case. There is a
long delay before the dominant activity packet moves back to the main path.
This results in separate forward and reverse paths being learnt for the area.
During a second traversal of the loop the dominant activity packet changes
between the two representations, jumping to the separate reverse path and
then back to the main path. Unlike the other redundant parts of Fig. 6 which
occurred during loop closing, this time one path is really being represented
by two groups of Pose Cells which correspond to opposite directions of travel.

A pair of jumps also occurred around point A when visual ambiguity
caused an incorrect activity packet to briefly become dominant.

The stability of the map with respect to significant global environmental
changes, such as altered weather conditions, is untested. Stability could be
achieved in a slowly changing environment where the system would be able to
adapt to changes as they occur. However, the current method would eventually
fail in a such an environment as the number of learnt views would increase
indefinitely. Adding a mechanism for removing no longer relevant views from
RatSLAM’s memory would solve this problem.

6 Conclusion

The chief difficulty in converting the RatSLAM architecture to outdoor oper-
ation lay in reworking the vision system to use omnidirectional information.
The new system learns to distinguish different camera locations by examining
a histogram representation of their visual appearance. Despite the complex
and dynamic nature of the environment this recognition process is reliable
enough to function as the principal means of relocalisation. The only other
structural change was the addition of the orientation learning subsystem de-
scribed in Sect. 3.3. Some internal parameters also required adjustment so
that the system would have an appropriate level of confidence in the new
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Local View information. After these changes RatSLAM is able to build a rep-
resentation of an outdoor environment under uncertainty of perception and
motion. This representation is learnt while exploring and simultaneously used
to maintain the systems believed position.
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Summary. D-SLAM algorithm first described in [1] allows SLAM to be decou-
pled into solving a non-linear static estimation problem for mapping and a three-
dimensional estimation problem for localization. This paper presents a new version
of the D-SLAM algorithm that uses an absolute map instead of a relative map as
presented in [1]. One of the significant advantages of D-SLAM algorithm is its O(N)
computational cost where N is the total number of features (landmarks). The theo-
retical foundations of D-SLAM together with implementation issues including data
association, state recovery, and computational complexity are addressed in detail.
Evaluation of the D-SLAM algorithm is provided using both real experimental data
and simulations.

Keywords: Decoupled SLAM, Extended Information Filter, Sparse Matrix,
Computational Complexity

1 Introduction

Simultaneous localization and mapping (SLAM) is the process of building a
feature based map of an environment while concurrently generating an esti-
mate for the location of the robot. The SLAM problem has been the subject of
extensive research in the past few years, most of which make use of estimation-
theoretic techniques (see for example [2], [3], [4], [5], [6], [7] and the references
therein).

In traditional SLAM, the state vector contains the location of the robot
and all the feature locations. Some convergence properties of the traditional
SLAM algorithm using Extended Kalman Filter are proved in [2]. However,
traditional SLAM algorithms lead to a heavy computation burden for large
scale problems. Many researchers have exploited the special structure of the
SLAM algorithm in order to reduce the computational effort required in the
SLAM process thereby make large scale SLAM more tractable. For example,
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© Springer-Verlag Berlin Heidelberg 2006
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in [3], a compressed algorithm is presented to store and maintain all the infor-
mation gathered in a local area, and then the information is transferred to the
rest of the global map. In a recent publication [7], Thrun et al. used the Ex-
tended Information Filter to exploit the relative sparseness of the information
matrix to reduce the computational effort required in SLAM.

Another way to reduce the computational complexity is to decouple the
mapping and localization processes in SLAM. Different groups of researchers
have been discussing the possibility of the decoupling. Most of them have
made use of the idea of constructing a relative map using the observation
information. For example, Newman [4] introduced a relative map in which
the map state contains the relative locations among the features. Csorba et
al. [8], Deans and Herbert [9], and Martinelli [10] have made use of relative
map where the map state only contains distances among the features, which
are invariants under shift and rotation. However, all the above approaches
have redundant elements in the state vector of the relative map. If no further
constraint is applied, it may result in inconsistent map. If constraints are
applied, the computation complexity will be increased dramatically. Moreover,
how to extract the information about the relative map from the observations
and the possible information loss in the decoupling of localization and mapping
have not been fully addressed.

In our recent research work [1], a novel decoupled SLAM algorithm, D-
SLAM using compact relative maps, is proposed. The state vector for the
mapping in D-SLAM is a 2n — 3 dimensional vector containing distances and
angles among the features (where n is the total number of features). It is shown
that the new formulation retains the significant advantage of being able to
improve the location estimates of all the features from one local observation.
When Extended Information Filter is applied, D-SLAM results in a sparse
information matrix.

This paper provides a D-SLAM algorithm where the state vector for map-
ping is the absolute locations of the features (2n dimension for n features).
The new algorithm is easier to implement than the D-SLAM algorithm using
relative map, yet maintains the sparseness of the information matrix and the
resulting computational savings. Some discussion on the implementation is-
sues and further evaluation of D-SLAM using experimental data is presented
in this paper. The paper is organized as follows. In Section 2, the key idea of
D-SLAM and the details of the mapping and localization algorithms are pro-
vided. Section 3 addresses some implementation issues in D-SLAM including
data association, state recovery and computational complexity. Experimen-
tal and simulation results are presented and compared with the results using
traditional SLAM in Section 4. Section 5 concludes the paper and addresses
future research directions.
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2 D-SLAM Algorithm

In traditional SLAM, the state vector contains both the robot location (con-
sisting of the position and orientation of the robot) and the feature locations.
In the D-SLAM algorithm proposed below, the state vector for the mapping
only contains the absolute locations of the features. The state vector for the
localization only contains the robot location. The key step is to recast the
measurement vector such that the information about the map contained in
the measurements is relatively separated from the information about the robot
location. In this section, we first briefly review the recasting, then discuss in
detail the procedure of the mapping and localization process in D-SLAM using
absolute map.

2.1 New Measurements Used in D-SLAM

We assume that the robot observes more than one feature at a time. Suppose
robot observes m features fi,---, fi at a particular time. The original mea-
surements (used in traditional SLAM) are the measured range and bearing of
each observed feature:

Zotd = [T1,01, -, ", Om] T (1)

It contains Gaussian noise with zero mean and covariance matrix

Rold = dza‘g[gzl ’ 0.317 e 0-2 O-gnz]. (2)

) Tm?

New measurement vector used in D-SLAM is

[ atan2 (:—gl) — atan?2 ?2:91) !
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The physical meaning of the new measurement vector is shown in Figure 1(b)
with that of the original measurements shown in Figure 1(a).
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(a) Original measurements used in tra- (b) New measurements used in D-
ditional SLAM SLAM

Fig. 1. Measurements used in traditional SLAM and D-SLAM

The noise on 2oy and zy,qp are assumed to be Gaussian with zero mean; the
covariance matrices R, and R,,,, can be obtained by (2), (3) and (4) using
Jacobian of the functions evaluated at the measurement value r;, #;. This kind
of assumption and approximation using linearization have been used in all the
Extended Kalman Filter (or Extended Information Filter) related literature.

In the new measurement vector zne.w, 2rop depends on the robot pose and
features fi, fo while 2,4, contains information about distances and angles
among features which are independent of the coordinate system, namely in-
variant under shift and rotation. The part z,q, carries the maximal amount
of information of the map that can be extracted from the observations. In
D-SLAM, the key idea is to use only z,,,, in the mapping.

However, zrop and zpyqp are not independent. Therefore, the estimation
process need to be formulated carefully in order that statistically consistent
estimates are obtained. In the next two subsections, details of the mapping
and localization algorithms in D-SLAM with absolute map are provided.

2.2 Mapping in D-SLAM

State vector: The state vector in mapping contains the locations of the fea-
tures:

X - (Xl,‘ o ;Xn)T = (x17y1;x2;y2,. o ;xn?yn)T' (5)

For convenience, we choose the initial robot coordinate system as the co-
ordinate system, where the origin is the initial robot position and the z-axis
is along the initial robot heading.

Since all the features are assumed to be stationary, there is no prediction
step and the mapping problem is a non-linear static estimation problem. Ex-
tended Information Filter (e.g. [11] [7]) is used to derive the formulas. The
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relation between estimated state vector X (k) and information vector i(k) is

i(k) = I(k)X (k) (6)

where I(k) is the information matrix which is the inverse of the covariance
matrix.

Phase I: The robot is stationary at its initial position

In this phase, the robot location is perfectly known. The original measure-
ments (the range r; and bearing 6;) will be used to initialize and/or update
feature f;. The details are omitted.

Phase II: The robot is away from its initial position

Measurement model: Suppose the robot observes m features fi,---, fi, and
f1, fo are old features. The model of the new measurement for mapping is

Zmap = [d12, @312, d13, 12, dim]T = Hynap(X) + Winap (7)

where

\/(302 —x1)? 4+ (y2 — 11)?
atan?2 (yrzll) — atan? (u)

T3 — T2—T1

Hypap(X) = V(s — xl)é.ﬂ- s — 1) o

To—XI1
2 2
V(@m = 21)% + (Ym — y1)
and Wy,qp is the new measurement noise whose covariance matrix R,,qp can

be computed by (2), (3) and (4).

atan?2 (7;{’”:?;1) — atan? (7@;2—1;1 )
m 1

Initialize new features: Suppose the current estimation of the location of fea-
tures fi, fo are Xy = (&1, 91) and Xy = (&2, 92). They can be used together
with di;, @12 i Zmap to initialize the location of new feature f; as follows:

Qg = atan2(7gz:gll)
&; = &1 + dy, cos(ana + 12) 9)

9 = 1 + di;sin(oaz + q412).

Update (old and new) features: When new features are observed, the dimen-
sion of the information vector and information matrix will be increased by
adding zeros for the new features. We still denote the new information vector
as i(k), the new information matrix as I(k), and the new state estimation as
X (k).

The formulas for the update of the information vector and the information
matrix using the measurement 2, are as follows:
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I(k+1)=I(k) + VHE, R;. VHpap

map®'map R ~
ik +1) = i(k) + VHL R Lomap(k + 1) = Hyap (X (k) + V Honap X (8)
(10)
where VH,,qp is the Jacobian of the function H,,,;, evaluated on the current
state estimation X (k).

2.3 Localization in D-SLAM

State vector: The state vector used in localization is the three dimensional
robot location:
X, = (xhyr,d)T)T. (11)
Localization is only needed when the robot is away from its initial position.
We can obtain two estimates of the robot location. The first estimate is from
the process model plus the priori knowledge of the robot location. The details
are the same as those in the traditional SLAM and are omitted here. The
second estimate is from the measurements.

Measurement model: Suppose the robot observes m features fi, fa, -, fm,
among which fi,---, fm,, m1 < m are features that have been previously seen.
Part of the original measurement vector z,;q that involves these old features
is used for localization

Zloc = Hloc(Xla" '7Xm1aX’r) + Wioe- (12)

Estimate from measurement: An estimate of X, can be obtained by z,. and
the current estimates of fi,- - -, fi, and their corresponding covariance matrix
(a submatrix of the whole covariance matrix).

Combine two estimates using Covariance Intersection: Close examination of
the estimation process reveals that the two estimates generated above are not
independent. In some cases, for example in an indoor robot equipped with a
laser sensor, the estimate from measurement itself may provide a sufficiently
accurate robot location. In our simulation, we combine the two estimates using
Covariance Intersection (CI) [6], which facilitates combining two correlated
pieces of information when the extent of correlation itself is unknown.

As in the case of D-SLAM using compact relative map [1], although 2,,qp
in (7) and zjoc in (12) are not independent, the observation information is
not reused. This is because the information about the robot location obtained
from the localization process will never be used in the mapping process.

3 Implementation Issues

3.1 Data Association

Data association refers to the process of associating the observations to the
corresponding features. As in the traditional SLAM, many data association
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algorithms can be applied in the proposed D-SLAM algorithm. Generally
speaking, batch data association algorithms (e.g [12]) are more robust than
the standard maximum likelihood approach but the computational cost is
higher.

In our simulation and experiment, we follow the standard maximum likeli-
hood approach described in [2]. Due to erroneous feature detections caused by
moving objects or measurement noise, two feature lists are maintained. One
list stores features that are confirmed to be valid, and the other stores po-
tential features yet to be validated. Mahalanobis distance between the newly
observed features and the features in the two lists are computed in order to
decide about the association.

Note that the recovery of feature location estimation and part of the as-
sociated covariance matrix is needed for the data association.

3.2 Recovery of the Feature Locations in D-SLAM

Recovery of the feature location estimation is not only needed in data asso-
ciation, but also needed in the map update and robot localization. When the
number of features is small, the recovery can be simply obtained by (6) using
the inverse of the information matrix. However, when the number of features
is large, the computational cost of the inversion of the information matrix will
be high. So it is crucial to find more efficient ways of the recovery.

We first consider which part of the map states is needed in the D-SLAM
algorithm. (a) For mapping: as we can see in (10), by using the information
vector, it is not necessary to compute the inverse of the information matrix
I(k+1) in the update step. However, the current state estimation of the fea-
tures involved in the current observation is still needed to compute VH,,,;,
and VHmapX'(k). (b) For localization: in order to obtain the Estimate from
measurement, the estimation of the old features fi, fa,---, fm, and their cor-
responding covariance matrix are needed. (c¢) For data association: only the
estimates and the covariance matrices of features in the vicinity of robot (the
vicinity here is defined in terms of the range of the sensor used for making
observations) are needed.

In other words, we only need the estimation of the features within the
sensor range of the current robot location and its corresponding covariance
matrix. Since the Jacobian V H,,,p in (10) is sparse and there is no prediction
step in the mapping process, the information matrix I(k + 1) is an exactly
sparse matrix with the number of non-zero elements related to the sensor
range. In fact, links (by link, we mean the non-zero off-diagonal element in
the information matrix) between two features are established only if they are
both involved in the same measurements at a particular time. The result is
that links exist only between the features that are in the vicinity of each other.
This exact sparseness makes it possible to reduce the computational cost of
the map recovery significantly.



162 Z. Wang, S. Huang, and G. Dissanayake

3.3 Computational Complexity

Let N be the number of features in the map. Two dimensional D-SLAM re-
quires the storage of the information vector with dimension 2N, the recovered
state vector with dimension 2N, the sparse information matrix with non-zero
elements O(N), and the submatrix of the covariance matrix corresponding to
the currently observed features O(1). The storage requirements are therefore
of O(N).

Updating the information matrix and the information vector requires the
Jacobian VH,,,, as well as VHmapX(k). Thus it is necessary to recover the
current estimate of map state vector X (k). This can be done by solving a set
of sparse linear equations, using few iterations requiring O(N) operations as
a good initial guess of X (k) is always available.

Once the Jacobian is computed, updating the information matrix and the
information vector requires constant time as the Jacobian is always sparse
and as a prediction step is not necessary.

For data association, locations as well as the uncertainty of the features
in the vicinity of the robot are required. The vicinity here is defined in terms
of the range of the sensor. This requires O(NN) operations to evaluate. The
desired columns of the covariance matrix associated with these features can
be obtained by solving a constant number of sparse linear equations with the
aid of a good initial guess, which also requires O(N) operations. Once the
locations of the observed features and the corresponding covariance matrix
are available, localization can be performed in constant time. Overall cost of
D-SLAM is, therefore, O(N).

4 Evaluation of D-SLAM

4.1 Experimental Evaluation with a Pioneer Robot in an Office
Environment

The Pioneer 2 DX robot in our lab is used for the implementation. It is
equipped with a laser range finder with a field of view of 180 degrees and
an angular resolution of 0.5 degree to produce the relative range and bearing
measurements between the robot and the features. We run the pioneer in our
laboratory where we put twelve laser reflector strips in a 8 x 8m? area. The
standard software, Player, is used to collect the control and sensor data from
the robot. Then we run the D-SLAM algorithm in Matlab with the collected
data.

In order to evaluate the robot and feature location estimation, we need
the true value of the states. Here we use the traditional SLAM estimation as
the truth. Figure 2(a) is the map obtained from D-SLAM. Figure 2(b) is the
robot location estimation from D-SLAM with respect to traditional SLAM
estimation. Figures 2(c) and 2(d) show the 20 bound obtained from D-SLAM
and traditional SLAM for the estimation of robot location and feature 9.
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Fig. 2. D-SLAM implementation: map and estimation error

Figure 2(b) shows that the D-SLAM estimation is consistent. The map
(Figure 2(a)) is almost as good as that of the traditional SLAM in this small
area, as can be seen more clearly in feature 9 estimation in figure 2(d). In
this figure, the 20 bound from D-SLAM is very close to that from traditional
SLAM. The slight difference comes from the fact that no information about
robot location is fused into the map.

It can be seen from figures 2(b) and 2(c) that the localization result using
CI is conservative. The reason is that CI applies conservative combination of
the two estimates under the situation of not knowing their correlation [6]. The
risk in it lies in the data association. The maximum likelihood method used
in data association may fail when the robot estimation uncertainty is large. In
D-SLAM, this failure may occur more frequently compared with traditional
SLAM algorithms.
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4.2 Evaluation of D-SLAM in Simulation with a
Large Number of Features

In simulation, we ran D-SLAM algorithm in a much larger area, so as to
further verify its convergence and illustrate its properties.

The environment used is a 40 meter square region. We put 196 features
arranged in uniformly spaced rows and columns. The interval between two
features is 3 meters. The robot starts from the left bottom corner and follows
a random trajectory. Robot speed is 20cm/s and turn rate is 0.lrad/s. A
sensor with a field of view of 180 degrees and a range of 5 meters is simulated
to generate relative range and bearing measurements between the robot and
the features.

Figure 3(a) and 3(b) show the maps obtained from D-SLAM and tra-
ditional SLAM. It can be seen that the uncertainty of the feature location
estimates are more conservative in D-SLAM, compared with the traditional
SLAM estimator. This information loss is expected.

Figure 3(c) shows the links among the features in the information matrix.
This figure demonstrates more clearly that links only exist among features
within sensor range. Figure 3(d) shows the non-zero elements in the infor-
mation matrix obtained by the D-SLAM algorithm. Non-zero off-diagonal
elements are caused by closing loops.

5 Conclusions

In this paper, we proposed a new SLAM algorithm: D-SLAM using absolute
map. We addressed some key implementation issues and provided experimen-
tal verification for D-SLAM. The convergence of D-SLAM is verified by both
real experimental data and simulations. Although the robot location is not
incorporated in the state vector used in mapping, correlations among the
features are still preserved in the information matrix. Therefore, the estima-
tion uncertainty of the feature locations that are far away from the initial
location of the robot is significantly reduced as the “loop is closed”. A signifi-
cant advantage of D-SLAM is that the information matrix associated with the
mapping is exactly sparse resulting in a significant reduction in computational
complexity.

Besides the O(N) computational cost, D-SLAM also has the following
potential advantages: (1) since the mapping problem is treated as a static
estimation problem, the multi-robot SLAM problem can be a simple exten-
sion, provided data association issues can be resolved; (2) some recent results
have also shown that the large error in the robot orientation introduces in-
consistency in traditional SLAM [14] [15]. D-SLAM does not have the robot
location in the state vector used for mapping thus may be more robust than
traditional SLAM.
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D-SLAM, however, results in some information loss because not all the
information from the process model and observations is used for the mapping
and localization. Preliminary analysis suggests that the extent of the informa-
tion loss is related to the ratio between process noise and observation noise.
It is seen from the experimental results that in many practical scenarios, with
the availability of high rate scanners such as the SICK laser, the information
loss is not a significant drawback.

Our ongoing research includes the detailed analysis of the information loss
in D-SLAM, the verification using data from large outdoor environments, and
multi-robot D-SLAM. Active D-SLAM problem where the robot trajectory is
actively chosen on-line is our future research topic.
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Summary. This paper presents a new generalisation of simultaneous localisation
and mapping (SLAM). SLAM implementations based on extended Kalman filter
(EKF) data fusion have traditionally relied on simple geometric models for defin-
ing landmarks. This limits EKF-SLAM to environments suited to such models and
tends to discard much potentially useful data. The approach presented in this paper
is a marriage of EKF-SLAM with scan correlation. Instead of geometric models,
landmarks are defined by templates composed of raw sensed data, and scan cor-
relation is shown to produce landmark observations compatible with the standard
EKF-SLAM framework. The resulting Scan-SLAM combines the general applicabil-
ity of scan correlation with the established advantages of an EKF implementation:
recursive data fusion that produces a convergent map of landmarks and maintains
an estimate of uncertainties and correlations. Experimental results are presented
which validate the algorithm.

Keywords: Simultaneous localisation and mapping (SLAM), EKF-SLAM,
scan correlation, Sum of Gaussians (SoG), observation model

1 Introduction

A mobile robot must know where it is within an environment in order to navi-
gate autonomously and intelligently. Self-location and knowing the location of
other objects requires the existence of a map, and this basic requirement has
lead to the development of the simultaneous localisation and mapping (SLAM)
algorithm over the past two decades, where the robot builds a map piece-wise
as it explores the environment. The predominant form of SLAM to date is
stochastic SLAM as introduced by Smith, Self and Cheeseman [11]. Stochas-
tic SLAM explicitly accounts for the errors that occur in sensed measurements:
measurement errors introduce uncertainties in the location estimates of map
landmarks which, in turn, incur uncertainty in the robot location estimate,
and so the landmark and robot pose estimates are dependent. Practical imple-
mentations of stochastic SLAM represent these uncertainties and correlations

P. Corke and S. Sukkarieh (Eds.): Field and Service Robotics, STAR 25, pp. 167-178, 2006.
© Springer-Verlag Berlin Heidelberg 2006
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with a Gaussian probability density function (PDF), and propagate the un-
certainties using an extended Kalman filter (EKF). This form of SLAM is
known as EKF-SLAM [6]. One problem with EKF-SLAM is that requires the
sensed data to be modelled as geometric shapes, which limits the approach to
environments suited to such models.

This paper presents a new approach to SLAM which is based on the in-
tegration of scan correlation methods with the EKF-SLAM framework. The
map is constructed as an on-line data fusion problem and maintains an esti-
mate of uncertainties in the robot pose and landmark locations. There is no
requirement to accumulate a scan history. Unlike previous EKF-SLAM im-
plementations, landmarks are not represented by simplistic geometric models,
but rather are defined by a template of raw sensor data. This way the fea-
ture models are not environment specific and good data is not thrown away.
The result is Scan-SLAM that uses raw data to represent landmarks and
scan matching to produce landmark observations. In essence, this approach
presents a new way to define generic observation models, and in all other
respects Scan-SLAM behaves in the manner of conventional EKF-SLAM.

The format of this paper is as follows. The next section presents a review
of related work. Section 3 describes a sum of Gaussians (SoG) representation
for scans of range-bearing data, based on the work presented in [1, Chapter 4].
Section 4 presents a method for obtaining a Gaussian likelihood function from
the scan correlation procedure, which produces an observation in a form com-
patible with EKF-SLAM. Section 5 describes the generic observation model
that is applied to all feature observations obtained by scan correlation. Sec-
tion 6 presents Scan-SLAM, which uses the developments of Sections 4 and
5 to implement a scan correlation based observation update step within the
EKF-SLAM framework. The method is validated with experimental results.
Finally, conclusions are presented in Section 8.

2 Related Work

A significant issue with EKF-SLAM [4] is the design of the observation model.
Current implementations require landmark observations to be modelled as
geometric shapes, such as lines or circles. Measurements must fit into one of
the available geometric categories in order to be classified as a feature, and
non-conforming data is ignored. The chief problem with geometric observation
models is that they tend to be environment specific, so that a model suited
to one type of environment might not work well in another and, in any case,
a lot of useful data is thrown away.

An alternative to geometric feature models is a procedure called scan cor-
relation, which computes a maximum likelihood alignment between two sets
of raw sensor data. Thus, given a set of observation data and a reference
map composed similarly of unprocessed data points, a robot can locate itself
without converting the measurements to any sort of geometric primitive. The
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observations are simply aligned with the map data so as to maximise a cor-
relation measure. Scan correlation has primarily been used as a localisation
mechanism from an a priori map [13, 8, 3, 9], with the iterated closest point
(ICP) algorithm [2, 10] and occupancy grid correlation [5] being the most
popular correlation methods.

Two significant methods have been presented that perform scan correlation
based SLAM. The first [12] uses ezpectation mazimisation (EM) to maximise
the correlation between scans, which results in a set of robot pose estimates
that give an “optimal” alignment between all scans. The second method [7]
accumulates a selected history of scans, and aligns them as a network. This
approach is based on the algorithm presented in [10].

The main concern with these methods is that they do not perform data
fusion, instead requiring a (selected) history of raw scans to be stored, and they
are not compatible with the traditional EKF-SLAM formulation. This paper
presents a new algorithm that combines EKF-SLAM with scan correlation
methods.

3 Scan Matching Using Gaussian Sum Representation

A set of point measurements may be represented as a sum of Gaussians. This
representation permits efficient correlation of two scans of data, and has a
Bayesian justification which ensures that, under certain conditions, the scan
alignment estimate is consistent (see [1]). SoG correlation also avoids limita-
tions inherent to occupancy grid and ICP correlation methods; these being
fixed-scale granularity and point-to-point data associations, respectively.

For a set of range-bearing measurements, such as a range-laser scan, the
measurements and their uncertainties are first converted to sensor-centric
Cartesian space. That is, a range-bearing measurement z; = (r;,0;) with
Gaussian uncertainty R;, is converted to Cartesian coordinates

r; cos 0;
x; =1f(z) = [ri sin@ll

P; = Vf, R;Vf]

where the Jacobian Vf,, = %.

i
We define an n-dimensional Gaussian as

L p) P (x p>)

p 571 exp | —
9(x;p, P) = SR p< 5

where p and P are the mean and covariance, respectively. An n-dimensional
sum of Gaussians (SoG) is defined as the sum of k scaled Gaussians.

k
G(z) £ Z @ig(x; pi, P;)
i=1
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Fig. 1. The left-hand figure shows the set of raw range-laser data points trans-
formed to a sensor-centric coordinate frame. The right-hand figure shows the SoG
representation of this scan.

where, for a normalised SoG, the sum of the scaling factors «; is one. However,
normalisation is not necessary for correlation purposes—only relative scale is
important—and it is more convenient to work with non-normalised SoGs. An
example of a SoG produced from a range-laser scan is shown in Fig. 1.

Given two scans of Cartesian data points, where each point has a mean
and variance, the respective scans may be represented by two SoGs.

k1
Gi(x) =Y aig(x; pi, Pi)
=1

ko
Ga(x) =Y Big(x; @i, Qi)

=1

A likelihood function for the correlation of these two SoGs is given by their
cross-correlation.

A(x) = G1(x) x Ga(x)

k?l k2
= /Zaig(u —x;pi,Pi) ) Bi9(u;G;, Q;)du
i=1 j=1

k1 ko

=Y > b (%) (1)

i=1 j=1

where 7;; (x) is the cross-correlation of two Gaussians g(x; p;, P;) and g(x; q;, Q;).

"X:;GX —lx—fT x—p
000 = o (<5 ) - ))
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L=Dpi—q;
¥=P;+Q;

The result is a likelihood function that provides a measure of scan align-
ment, and a maximum-likelihood alignment can be obtained as

xp = argmax A(x) (2)

where pose x,; is the maximum-likelihood location of scan 1 with respect to
scan 2. More precisely, x,; is the location of the coordinate frame of scan 1
with respect to the coordinate frame of scan 2.

Full details of Gaussian sum correlation can be found in [1, Section 4.4]. In
particular, it describes SoG scaling factors, SoG correlation in a plane (with
alignment over position and orientation), and various alternatives for efficient
implementation.

4 Scan Correlation Variance

For scan correlation to be compatible with EKF-SLAM, it is necessary to
approximate the correlation likelihood function in (1) by a Gaussian. This
section presents a method to compute a mean and variance for scan correlation
based on the shape of the likelihood function in the vicinity of the point of
maximum-likelihood. The resulting approximation is reasonable because the
likelihood function tends to be Gaussian in shape in the region close to the
maximum-likelihood.

The first step in deriving this approximation is to compute the variance
of a Gaussian function given only a set of point evaluations of the function.
Given a Gaussian PDF

X;P :;ex —lx—_T “x—p
9(x;p, P) T p( 5(x—=p) P p))

the maximum-likelihood value is found at its mean

9(p;p, P) = m =Cum
Any other sample x; from this distribution will have the value
ol P) = Carexp (— 5~ PP (xi— ) )
=G,
By taking logs and rearranging terms, we get

(xi =p)"P 7 (x; = p) = —2(InC; — In Cyy) (3)
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Thus, given a set of samples {x;} and their associated function evaluations
{C;}, along with the maximum-likelihood parameters p and C)s, then the
inverse covariance matrix P~ (and hence P) can be evaluated. The only
requirement is that the number of samples equals the number of unknown
elements in P!,

In this paper, we are concerned with 3-dimensional Gaussians, (i.e., to
represent the distribution of a landmark pose [, yr, ¢1]7), and so we present
the full derivation of variance evaluation for this case. We define the following
variables

C, = —2(InC; — InCyy)

x; — P = [i, Y, 2] "

abc
Pl=|bde
cef
Substituting these into (3) and expanding terms gives
22a + 2x3yb + 2xizic + y2d + 2yizie + 22 f = C, (4)
The result is an equation with six unknowns (a, ..., f), and so a solution

can be found given six samples from the Gaussian. This is posed as a matrix
equation of the form
Ax =D

where the i-th row of A is [mf, 21y, 2224, yf, 24 2;, z?], X is the unknowns
[a,b,c,d,e, f]T, and b is the set of solutions {C;} For a Gaussian function,
the solution of this system of equations gives the exact covariance matrix of
the function.

Since the scan correlation likelihood function is not exactly Gaussian (al-
though we presume it has approximately Gaussian shape near the maximum
likelihood location), different sets of samples will produce different values for
P. To reduce this variation, we evaluate more than the minimum number of
samples and compute a least-squares solution using singular value decompo-
sition (SVD), which results in a much more stable covariance estimate.

In summation, two SoGs are aligned according to a maximum likelihood
correlation, to give the pose x5; between scan coordinate frames. A number
of samples, N > 6, from the region near x); are evaluated and the alignment
variance Pj; is computed by SVD. At a higher level of abstraction, the re-
sult of this algorithm can be described by the following pseudocode function
interface

[xr, Papl = scan_align(Gi(x),Ga(x), Xq)

where x( is an initial guess of the pose of G1(x) relative to Ga(x). A good
initial pose is required to promote reliable convergence.
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5 Generic Observation Model

We define a landmark by a SoG in a local landmark coordinate frame, and
the Scan-SLAM map stores a global pose estimate of this coordinate frame in
its state vector (see Section 6 for details). Thus, all observations of landmarks
obtained by scan matching can be modelled as the measurement of a global
landmark frame xj, as seen from the global vehicle pose x,, (see Fig. 2).

The generic observation model for the pose of a landmark coordinate frame
with respect to the vehicle is as follows.

z = (25,95, ¢s]” =h(x1,%,)

(zp — @y) cos dy + (YL — Yo) sin (5)
= _(xL _I'U)Sin(z)v"_(yL —yu)COS%
¢L - (bv

6 Scan-SLAM Update Step

When an object is observed for first time, a new landmark is created. A
landmark definition template is created by extracting from the current scan
the set of measurements that observe the object. These measurements form
a SoG, which is transformed to a coordinate frame local to the landmark.
While there is no inherent restriction as to where this local axis is defined,
it is more intuitive to locate it somewhere close to the landmark data-points
and, in this paper, we define the local coordinate frame as the centroid of the
template SoG. A new landmark is added to the SLAM map by adding the
global pose of its coordinate frame to the SLAM state vector. Note that the
landmark description template is not added to the SLAM state and is stored
in a separate data structure.

As new scans become available, the SLAM estimate of existing map land-
marks can be updated by the following process. First, the location of a map

Global frame

Fig. 2. All SoG features are represented in the SLAM map as a global pose identi-
fying the location of the landmark coordinate frame. The generic observation model
for these features is a measurement of the global landmark pose x; with respect to
the global vehicle pose x,. The vehicle-relative observation is z = [zs, ys, ¢5]T.
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landmark relative to the vehicle is predicted to determine whether the land-
mark template SoG G (x) is in the vicinity of the current scan SoG G,(x).
This vehicle-relative landmark pose is the predicted observation z according to
(5). If the predicted location is sufficiently close to the current scan, the land-
mark template is aligned with the scan using the SVD correlation algorithm,
using z as an initial guess (see Fig. 3).

[z, R] = scan_align(Gp(x), Go(x), 2)

The result of scan alignment gives the pose of the landmark template frame
with respect to the current scan coordinate frame, which is defined by the
current vehicle pose. This is the new landmark observation z with uncertainty
R, in accordance with the generic observation model in (5). Having obtained
the observation z and R, the SLAM state is updated in the usual manner of
EKF-SLAM.

Fig. 3. The left-hand figure shows a stored scan landmark template (solid line) and
a new observed scan (dashed line). The right-hand figure shows the scan alignment
evaluated with the scan correlation algorithm from which the observation vector z
is obtained.

7 Results

This section presents simulation and experimental results of the algorithm
presented. The importance of the simulation results is in the possibility to
compare the actual objects position with the estimated by Scan-SLAM.

Fig. 4 shows the simulation environment. The experiment was done in
a large area of 180 by 160 metres with a sensor field of view of 30 metres.
The vehicle travels at a constant speed of 3m/s. The sensor observations
are corrupted with Gaussian noise with standard deviations 0.1 metres in
range and 1.5 degrees in bearing. The simulation map consists of objects with
different geometry and size. In order to select the segments to be added into
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the navigation map, a basic segmentation algorithm was implemented that
selects sensor segments that contain a minimum number of neighbour points.

The results for the Scan-SLAM algorithm are shown in Fig. 4. Here the
solid line depicts the ground truth for the robot pose and the dashed line the
estimated vehicle path. The actual object’s position is represented by the light
solid line and the segment’s position by the dark points. The local axis pose for
each scan landmark is also shown and the ellipses indicate the 30 uncertainty
bound of each scan landmark. The local axis position was defined equal to the
average position of the raw points included in the segment and the orientation
equal to the vehicle orientation. Fig. 5 shows the result after the vehicle closes
the loop and the EKF-SLAM updates the map. The alignment between the
actual object’s position and that estimated by the algorithm after closing the
loop can be observed.

60

20

_60 I I I I I I I
-80 -60 -40 -20 m e9r es 20 40 60 80

Fig. 4. The figure shows the simulation environment. The solid line depicts the
ground truth for the robot pose and the dashed line the estimated vehicle path.
The actual object positions are represented by the light solid line and the segment
positions by the dark points. The ellipses indicate the 30 uncertainty bound of each
scan landmark.

The algorithm was also tested using experimental data. In the experiment
a standard utility vehicle was fitted with dead reckoning and laser range sen-
sors. The testing environment was the car park near the ACFR building. The
environment is mainly dominated by buildings and trees. Fig. (6) illustrates
the result obtained with the algorithm. The solid line denotes the trajec-
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Fig. 5. Simulation result after closing the loop.

tory estimated. The light points is a laser-image obtained using feature-based
SLAM and GPS, which can be used as a reference. The dark points represent
the template scans and the ellipses the 1o covariance bound. The local axis for
the scan landmarks were also drawn in the figure. The segmentation criterion
was also based on distance. Seven scan landmarks were incorporated and used
for the SLAM.

8 Conclusions and Future Work

EKF-SLAM is currently the most popular filter used to solve stochastic
SLAM. An important issue with EKF-SLAM is that it requires sensory in-
formation to be modelled as geometric shapes and the information that does
not fit in any of the geometric models is usually rejected. On the other hand,
scan correlation methods use raw data and are not restricted to geometric
models. Scan correlation methods have mainly be used for localisation given
an a priori map. Some algorithms that perform scan correlation based SLAM
have appeared, but they do not perform data fusion and they require storage
of a history of raw scans.

The Scan-SLAM algorithm presented in this paper combines scan correla-
tion with EKF-SLAM. The hybrid approach uses the best of both paradigms;
it incorporates raw data into the map representation and so does not require
geometric models, and estimates the map in a recursive manner without the
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Fig. 6. Scan-SLAM result obtained in the car park area. The solid line denotes the
trajectory estimated. The light points is a laser-image obtained using feature-based
SLAM and GPS. The dark points represent the template scans and the ellipses the
lo covariance bound.

need to store the scan history. It works as an EKF-SLAM that uses raw data
as landmarks and utilises scan correlation algorithms to produce landmark
observations. Finally experimental results were presented that showed the ef-
ficacy of the new algorithm.

In terms of future research, there is a lot of scope for developing the data
association capabilities that arise from combining scan correlation with EKF-
SLAM metric constraints. The ability of batch data association within an
EKF framework to reject spurious data is well developed (e.g., [1, Chapter
3]). Scan correlation has the potential to strengthen the rejection of outliers
by matching consecutive sequences of scans and removing points that are not
reobserved. Also, scan correlation provides a measure of how well the shape of
one scan fits another and can reject associations that have compatible metric
constraints but misfitting shape.

A second area for future work is the development of continuously improv-
ing landmark templates. As a landmark is reobserved, perhaps from different
view-points, the template model that describes it can be refined to better
represent the object.
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Summary. We present a probabilistic technique for alignment and subsequent
change detection using range sensor data. The alignment method is derived from a
novel, non-rigid approach to register point clouds induced by pose-related range ob-
servations that are particularly erroneous. It allows for high scan estimation errors to
be compensated distinctly, whilst considering temporally successive measurements
to be correlated. Based on the alignment, changes between data sets are detected
using a probabilistic approach that is capable of differentiating between likely and
unlikely changes. When applied to observations containing even small differences, it
reliably identifies intentionally introduced modifications.

1 Introduction

We provide a unified probabilistic technique for alignment and subsequent
change detection using range sensor data. Our work has been motivated by
the goal to identify even small changes of the size of a little box by (airborne)
vehicle observations. To allow for an exhaustive application of our approach,
a terrain shall be sensed as infrequently as possible.

An autonomous Yamaha RMAX helicopter (see Fig. 1) that has been deve-
loped within the scope of the NASA Autonomous Rotorcraft Project (ARP),
serves as model and experimental platform for our alignment and change de-
tection approach. Tests were performed at the Ames Disaster Assistance and
Rescue Team (DART) Collapsed Structure Rescue Training Site (see Fig. 2)
located at NASA Ames Research Center in Mountain View, California.
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Fig. 1. The NASA/ARP helicopter Fig. 2. The DART Collapsed Struc-
equipped with a range measurement ture Rescue Training Site located in
device from SICK. Mountain View, CA.

The vehicle’s pose is estimated by a Kalman filter integrating GPS position
and velocity. The RMAX has been modified to include an avionics payload
which, for our purpose, contains a SICK PLS laser range scanning unit that is
mounted under the helicopter’s nose, pointing straight down at an angle of 90
degrees. The device provides centimeter-accuracy range measurement every
one degree over a field-of-view of 180 degrees and at a frequency of 75 Hz.
Details on ARP as well as the helicopter’s operational issues are to be found
in [14].

2 Related Work

In the past, automatic change detection based on probabilistic techniques has
widely been studied in the field of computer vision and image processing.
In [1] the history of change detection from remotely sensed digital images is
summarized comprehensively. A variety of approaches addressing interesting
purposes, like environmental monitoring [3], urban [4], [5], [6] and forest sur-
veillance [7], etc. have further been developed. These studies exclusively base
on optical and range imagery acquired by camera or aerial mapping radar and
lidar systems.

Recent major breakthroughs in the field of high-precision range sensor
technologies led to an increasing availability of inexpensive scanning devices.
As a consequence thereof, applying change detection methods to spatially
interpreted range sensor data as presented in [8] and [9] has become more and
more attractive. However, compared to the major efforts and breakthroughs
in the imagery-related theories, these approaches have only been studied to
some unsatisfactory extent. Nevertheless, they promise to open up a wide area
of potentially superior applications.

In this paper, we are therefore deriving a novel unsupervised technique to
evaluate changes in spatial point clouds. Our method deeply relates to those
based on the so-called “difference image” as proposed in [1]. In principle,
these methods analyze spatial or spatio-temporal distributions of a distance
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metric between previously aligned reference and sample imagery. But in spite
of their relative simplicity and widespread use, they usually exhibit a major
weakness: As shown in [2], change detection accuracy strongly correlates with
precise registration results that again suffer from the prevailing neglection of
building sufficient models.

In contrast to related work that merely makes insufficient effort to precisely
register data sets by only few rigid transformations, the theory presented in
this paper focuses on enhancing alignment results significantly. This goal is
achieved by applying a novel algorithm based on the non-rigid registration
approach as presented in [13]. We therefore explicitly derive and consider
models of the measuring processes involved in data acquisition.

3 Models

3.1 Helicopter Model

Whenever a range scan is acquired, the helicopter is at a specific pose relative
to a global GPS coordinate system. Let us denote the pose by two sets of
variables, pertaining to the x-y-z coordinates of the vehicle and its three Euler
angles. Specifically, we assume that at time ¢, for ¢ = 1,..., N, the helicopter’s
location is given by the variables x;, y;, and z;. We denote the angles at time
t by ¢4, 8; and ;. Thus, the state vector of the helicopter at time ¢ is given
T
by & = (xt Yt 2zt Gt O 7/%) .

An estimate of the helicopter’s pose is provided by the onboard Kalman
filter. Specifically, at time ¢ we receive from the EKF a Gaussian pose esti-
mate. The mean of an estimate will be denoted uy and the covariance Y.
The sequence of all poses acquired during a single flight of the helicopter is
represented by a high-dimensional Gaussian trajectory estimate £ with mean
p and covariance Y. Stated differently, we have & ~ A (u, X). This implies
that the corresponding negative logarithm of the pose trajectory distribution
is given by

~logpr () = const. + (6~ )" T (€~ p) (1)

The constant term in Eq. 1 is the logarithm of the normalizer |27TE‘7%.
However, this normalizer does not depend on the target variable &. Henceforth,
its actual value will play no important role, and it can safely be omitted.

3.2 Measurement Model

The helicopter acquires ground data using a range scanner. Each scan consists
of M = 180 range measurements. The i-th measurement is oriented at angle
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a;. Let the actual range measurement be denoted r;;, where ¢ is once again
the time index, and 4 is the index of the measurement beam acquiring the
range scan at time ¢.

Basic geometry suggests that the projection of this measurement into spa-
tial coordinates is now obtained by

Pt,i (€¢,70i) = Rg0,0, Ri (00 Tt,z‘)T + (@ g Zt>T (2)

Here Rg,0,y, is the joint rotation matrix that maps the orientation of the
helicopter’s local coordinate system back into global world coordinates. The
vector (x¢,yt, 2¢) represents the helicopter’s location in 3-D world coordinates.
Finally, the matrix R; is a rotation matrix that captures the angle «; of the
i-th measurement beam.

In practice, even in static environments each measurement will be corrup-
ted by noise. To model the noise, we assume the existence of a “true” surface
point, denoted Py ;. Of course, Pg,; is unknown. However, this surface point
induces a true range, denoted 7 ;, which is unknown as well, but it will play
an important role in determining whether two scans refer to the same static
surface patch in the differencing process. Again, we assume the noise probabi-
lity distribution elongating along the measurement beam to be Gaussian with
mean 7 ; and variance s. Thus, we define ry ; ~ N (74,4, 5). The corresponding
negative logarithm shall then be given by

1
—logpr (ry,;) = const. + 5 (rei — i) st (rei —7ei) (3)

Once again, the constant term in Eq. 3 is the logarithm of the normalizer
|27TS|_% and can be omitted. We remark that the assumed measurement error
s plays a critical role in change detection. It characterizes the normal variation
we are expecting when measuring the ground surface.

From Eq. 2 we learn that the distribution over probable surface points py ;
depends on the time-related pose estimation & and the measurement model
for r; ;. Both models are represented by Gaussians and we therefore infer that
the py,; are also distributed normally. Hence, we define the joint probability
Pt,i ~ N (Dt,i, Qr,;) and the negative logarithm

1 ) _ .
—logpr (pt,i) = const. + 3 (Pe;i — Pei)’ Qi (Pei — D) (4)

Here, the mean py,; is once again the “true” surface point we have sensed,
and the covariance );; incorporates the helicopter model as stated in Sec.
3.1 along with the projection of our measurement model from Sec. 3.2 into
spatial coordinates. The constant part is omitted as usual.
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3.3 Practical Considerations

In change detection, the same ground is purposely sensed more than once. To
distinguish variable values arising from two independent scanning runs, we
introduce a special notation remarking that estimations occurred at different
times. Therefore, poses, measurements and induced surface points originating
from an earlier run will further be referred to as &, r¢ v and p¢s i respec-
tively. Observations acquired during a subsequent pass will remain denoted
&, rt,; and pg ;. The noise models will be modified analogously.

4 Scan Alignment

In this section, we are deriving a probabilistic model for the alignment process.
Based on that, we will show why classical approaches addressing the problem
of registering range scan data that originates from measurements carried out
by a helicopter must perform poorly. Hence, we will introduce a novel and
superior method that is much more capable of aligning maps of the discussed

type.

4.1 Alignment Model

Based on the assumptions made in Sec. 3, we can now formally consider
alignment as the problem of maximizing the posterior over locations of points
P = {P¢,i} in the world, although they might have been induced by different
sensor readings acquired in different runs. Put differently, we seek to find

argmax pr (p) (5)
&r
where € denotes the helicopter’s trajectory estimate, whilst r = {r;;}

refers to all the measurements acquired during the entire duration of the
observation flight.

As common, our approach minimizes the negative likelihood. From Eq. 5,
we can therefore derive under independent sensor noise:

argmaxpr (p) = argmin —logpr (p) = argmin — log Hpr (ps,i)  (6)
€ Er Er o

This expression may then be converted into a simple non-linear least squa-
res problem by applying the negative logarithm stated in Eq. 4. The optimiza-
tion then resolves to
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: 1 . - .
ar%mm Z 3 (Do — i) le (Pt,i — Dt,i) + const. (7)
i t,i

A basic assumption our approach does not make is the existence of an
explicit model of the environment. This is an important factor, because we are
aiming at being able to detect changes by sensing parts of the world not more
than twice. Hence, it seems nearly impossible to incorporate enough knowledge
to actually learn an adequate probabilistic representation for it. We therefore
have to refer to measurements originating from a previous observation run as
the reference. Put differently, we define

Pti=m (Pt,i) (8)

Here, the function m (ps,;) — py,v denotes a matching of points acquired
at time ¢ and angle «; with corresponding surface points of the reference, that
is points induced by sensor readings of an earlier pass. Hence, the posterior’s
optimization from Eq. 7 can be restated

ar%minZ[pt,i —m (pe)]” Qr) [Pei — m (Pe,i)] 9)
Tt

where constant parts and factors that apply to the whole term have been
omitted. This is safe, because they do not depend on the target variables and
thus, they will play no role in the overall optimization.

One might have noticed that we have not yet derived the joint covariance
matrix @ ; that appears in our distribution over probable surface points. From
Eq. 2 we learn that inferring the elements of ();; involves several rotational
and translational transformations to be applied to the distributions introduced
by our helicopter and our measurement model. However, for the purpose of
simplicity, the correct form of @);; will play no role in the overall alignment.
Its determination is therefore dispensable.

4.2 Aligning Rigid Models
Iterative Closest Point Algorithm

Besl and McKay suggest in [10] to solve the alignment problem by using a
special iteration scheme. They prove that, with respect to a given metric,
an optimal matching between a reference and a sample point cloud can be
achieved by repeatedly optimizing the registration parameters Ragapay and
At such that they minimize the distance metric between the sample and the
best matching parts of the reference at a time. Here, Ragagay, or written
briefly AR, denotes a joint transformation matrix that rotates all sample
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points about the three spatial axes, whilst At = (Az Ay Az)T performs a
translation. Put formally, ICP therefore seeks to find

argmin D [AR P+ At —m (pe)]” Qp) [AR e + At — m (pr)] (10)
At

Here, the desired metric that matches correspondent points of the clouds
is the Mahalanobis distance. However, the classical ICP approach only allows
for metrics that assume the constant isotropic and time-invariant case of our
posterior. Put differently Q:; = q I3, where I3 is the 3 x 3 identity matrix.
With respect to the overall minimization, @) ; is now constant and can be
omitted. The optimization therefore reduces to

argmin Z[AR Pt,i + At —m (pt,i)]2 (11)
AR.AC 5

Still, the problem is a non-linear least squares problem, because the rota-
tion is a non-linear function of the angles involved.

The ICP algorithm itself is stated in [10] and its convergence is proven. We
therefore waive a complete notation of the iteration scheme. The reader should
note that AR and At both incorporate global transformation parameters that
align reference and sample as a whole. Thus, both point clouds are considered
to be rigid.

Linear Optimization Approach

Commonly, it is convenient to linearize the optimization criterion. For that
purpose, we simply expect aligning rotations at each step of ICP to be small
and approximate cosa by 1 and sina by «. In our case, this is a reasonable
assumption, because we seek to register point clouds that are pre-aligned to
some extent. Accordingly, Rasas4y denotes

1 —Ayp Af
Rapnony = AR = AAI/JG A1¢ —Ap (12)
— 1

Now that the optimization problem is linear, it can easily be solved exactly
(relatively to the approximations). For this purpose, the partial derivatives of
Eq. 11 with respect to the dependents Az, Ay, Az, A¢p, A and Ay are
set to zero, yielding 6 equations containing the 6 sought variables. This gives
us a matrix equation of the form A x = —b, where A is a 6 x 6 matrix
collecting the gradients of the optimization criterion, b is a 6-dimensional
vector incorporating the constant components of the derivatives and x =

(Az Ay Az Ap A9 Ay)T.



186 R. Kaestner et al.

Fig. 3. Registration results obtained by considering reference (light blue) and sam-
ple (black) to be rigid. The side view reveals, that there remain huge divergences
(red boxes) between numerous parts of the two point clouds.

Here, the exact determination of A and b be omitted, because this solely
involves basic maths. However, we shall remark the important fact that A
is symmetric and positive definite. This is an important property a variety
of particularly efficient numerical algorithms take advantage of. For example,
A x = —b may be solved using the Cholesky Decomposition.

Preliminary Results

Fig. 3 shows two point clouds, one being the reference py i/, the other being
the sample p¢ ;. Both have been registered using rigid body transformations
as suggested by Besl and McKay. The scans inducing the point clouds were
acquired independently during two flights of our laser-equipped helicopter.
The classical approach obviously performs poorly in that there remain huge
divergences between numerous parts of the two data sets.

To gain more insight into the apparent lacks that occur when applying
standard ICP to helicopter range observations, we need to investigate the
reasons for its failing. By looking at Fig. 3, we find that the errors in our ob-
servations are nearly uncorrelated. This implies that the variances and covari-
ances of the pose estimation and the measurement distribution are significant.
The attempt to apply rigid body transformations to our sample is obviously
not capable of compensating for this kind of errors.

5 Aligning Non-rigid Models

In Sec. 4.2 we have shown that assuming an alignment model consisting of
several individual scans to be rigid leads to results that implicitly induce a
vast amount of false differences. Therefore, we now present a novel approach
that is capable of dealing with high, randomly distributed estimation errors
ICP does not consider.
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The key idea is to extent the classical alignment approach by treating the
sample we wish to align to a reference model as a non-rigid point cloud. More
specifically, each scan is considered as rigid body, whilst it remains subject to
local transformations as a whole. Based on that, we are then able to involve
dependency assumptions that account for correlations between observation
errors.

Ezxtended Optimization Criterion

In a first step we simply allow for scans to be transformed independently
instead of assuming a global AR and a global At. For that purpose, we
introduce a rotation matrix AR; = Rag, 0,4y, and a translation vector

Aty = (Axt Ay Az )T. Both are applying to all pg,; that were induced by
readings acquired at time ¢t. We now modify the simplified posterior from Eq.
11 to incorporate the scan-related transformation parameters and henceforth
seek to find

argmin Z[ARt Pt,i + Aty — m (pe,i)]° (13)
ARy, Aty

At first glance, this only seems to be a slight modification, but Eq. 13
essentially differs from Eq. 11 in that we now use a vast sequence of scan-
related, local rotation matrices AR; and translation vectors At instead of
a single scan-common, global AR and a global At to align reference and
sample.

Nevertheless, this gives us a linear optimization problem we are able to
solve exactly. Setting the partial derivatives with respect to the dependents
Axy, Ay, Az, Agy, ABy and Aty for all ¢ to zero, we yield 6N equations
with 6N unknown variables. That is, the dimensionality of our optimization
problem grew by the factor N. However, we collect the elements to a linear
matrix equation of the form A* x* = —b*, where A* is once again the matrix
containing all the gradients of our optimization criterion and now incorpora-
tes 6N X 6N elements. As usual, the 6 N-dimensional vector b* accumulates
the constant components of the derivatives and x* represents all 6N sought
transformation parameters.

A closer look to the matrix equation reveals that A* remains symme-
tric and positive definite. Although its dimensionality increased tremendously,
non-zero elements can solely be found along the main diagonal. The reason
for that is covered in our model assumption. In particular, we considered all
pose estimations and measurements to be independent in terms of noise. The
missing gradients to the left and the right of the main diagonal therefore ac-
count for missing dependencies in the posterior. Hence, A* is said to be sparse
and the stated problem is usually referred to as a sparse energy minimization
problem, for which a rich family of efficient solvers exist. Amongst them, the
conjugate gradient (CG) algorithm is the most prominent iterative method.
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Descriptions of CG can be found in contemporary textbooks on optimization
[15]. The details of the algorithm are omitted for brevity.

Plausible Dependency Assumptions

The alignment approach stated so far is based on a non-rigid model that as-
sembles rigid scan lines in a non-specific way. Estimation noise is assumed to
be independent and consequently, scans are considered as incoherent. Howe-
ver, this is a very weak assumption that may lead to unexpected registration
results. The Kalman filter estimating the helicopter’s pose at each step t, for
example, emits sequences of state vectors & that are known to be statistically
dependent over time.

To account for correlated observation errors of this type, we therefore
assume non-zero covariances between temporally successive observations. Put
differently, the idea may be compared to attaching optimization constraints
in the form of little springs between scans arising from time ¢ and time ¢ —
1. We modify the posterior from Eq. 13 accordingly to take advantage of
a translational covariance parameter Ag; and a rotational covariance Ag;.
Henceforth, we seek to find

argmin Z[ARt Pti + Aty —m (pe,i)]?
ARy Aty 7

1 1
+ th E[Att — tAt—1]2 + TqT zt:[AI‘t — Art_1]2 (14)

Here, we introduced another vector Ary = (A(bt Ay Ay )T that simply
accumulates the corresponding Euler angles from our rotation matrix AR, =
AR, 20, A, -

To exactly solve the linear optimization problem stated in Eq. 14, we are
once again setting the partial derivatives with respect to the dependents Axy,
Ay, Az, Apy, AB; and Ay for all ¢ to zero. Furthermore, we collect the
gradients and constants to yield a linear matrix equation of the familiar form
and structure. Again, the gradient matrix remains sparse as well as symmetric
and positive definite. Hence, applying the CG algorithm to solve the system
of linear equations remains a feasible approach.

Online Approach

The approach presented so far constructs a global optimization problem that
incorporates knowledge on the complete data sets. However, a lot of applica-
tions exist where an online algorithm is a much more favorable solution. We
are therefore briefly presenting a slightly modified, iterative approach that
incorporates range scans as they occur.
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Fig. 4. Registration results obtained by applying the non-rigid approach presented
in this paper. Reference (light blue) and sample (black) are aligned near-perfectly.

The key idea of our alternative, real-time computable alignment method,
which can directly be derived from Eq. 14, additionally considers a translatio-
nal variance parameter s; as well as a rotational variance s,.. Thus, the online
posterior optimization shall be denoted

argmin Z[ARt Pt,i + Aty — m (pei)]° (15)
ARy, Aty
1 2 1 2 1 2 1 2
+ —[Aty —tac—1]" + [Arg — Argq]" + —Atg” + —Ary
Aqt A(Jr St Sr

and has to be determined for every arising observation at time t.

5.1 Alignment Results

Alignment results are depicted in Fig. 4. Compared to the preliminary results
shown in Fig. 3 that were obtained by applying classical ICP, our approach
provides a near-perfect registration of reference and sample, even though the
helicopter’s pose estimation is exceptionally imprecise and noisy.

In order to yield a quantitative evaluation of our alignment results, we
assume a normal distribution of all difference vectors between registered sam-
ple points and corresponding, that is nearest, reference points. This approach
allows for the mean and the standard deviation of the Gaussian alignment
error for each of the spatial dimensions to be determined empirically.

Table 1 presents the alignment errors achieved by applying the classical,
rigid method as well as the non-rigid offline and the non-rigid online approach
proposed in this paper to the helicopter’s observations. Obviously, all methods
perform fairly well in that they are capable of shifting the distributions’ me-
ans into the origin. However, the rigid registration does not compensate for
the error’s variant components, whilst both non-rigid approaches significantly
narrow the Gaussians, thus clearly indicating better alignment results.
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Table 1. Alignment errors (in meters) obtained by applying the classical registration
as well as the approaches presented. Significantly smaller standard deviations of
the error distributions achieved by applying the non-rigid methods clearly indicate
better alignment results.

Alignment /Error Mean Std. Deviation

None (0.017 0.032 —0.063) (0.117 0.129 0.212)
Rigid (0.001 0.000 0.002)  (0.094 0.090 0.153)
Non-Rigid, Offline (0.002 0.002 0.004)  (0.058 0.054 0.061)
Non-Rigid, Online (0.002 0.003 0.000) (0.053 0.052 0.058 )

6 Change Detection

This section of the paper deals with the question of how to actually identify re-
levant changes in the previously aligned models. It will become apparent that
in order to reliably detect changes in naturally erroneous and noisy sensor
data, several assumptions are to be made. Therefore a probabilistic approach
with the capability of considerably improving the detection results is presen-
ted.

6.1 Change Model

The critical question in change detection is whether a surface in the real world
has changed. In our context, a change is manifested by the fact that two “true”
measurements differ, that is the environment has been altered between two
consecutive scans. The probability for this to happen shall be given by the
expression

pr(Pe,i # D) (16)

We introduce a joint probability distribution giving an estimate of changes
in the environment. Therefore, we are considering two distinct cases.

Case 1: The world has not changed. Consider the range scan r; and its
induced point py; along with the acquisition pose &. Furthermore, let pg/ 3
be the nearest neighbor to py;, and 7 ; the associated range sensed rela-
tive to the same pose. Then our approach gives us pr (r¢; | P/, &, false) ~
N (7 i, 2s). The variance of 2s accounts for the two measurement noise va-
riables involved in this process, one from each of the scans. We assume inde-
pendence in measurement noise, hence the variances of both noise variables
are simply added.

Case 2: The world has changed. Since we make no assumptions as to
how the world changes, the best we can assume is a uniform distribution over
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scan lengths. Thus, we define pr (ry; | Pe,iv, &, true) ~ U (0, "max), with U
denoting the desired uniform distribution.

These two probabilities enable us to arrive at a probabilistic expression to
estimate when the world changed. In particular, Bayes rule suggests:

pr (true | re 4, Perirs &) {17)
— pr (’rt,i | f)tlyi" ét’ true) ) p (true)
or (Tt,i | pt’,i’,étv true) P (true) + pr (’f‘tﬂ‘ | Pt,i, &, false) -p (falbe)

Here p (true) is the prior probability of a change, and p (false) = 1—p (true)
the probability that the world remains static at any given location.

The logarithm of this expression can be approximated using Jensen’s ine-
quality:

log pr (true | 7¢i, Der,iv, &)

= log[pr (r¢,; | Pe,iv, &, true) - p (true)] — log[pr (re; | Pe,iv, &, true) - p (true)]
—log[pr (1 | Pe,i7, &, false) - p (false)]

—log[pr (re; | Per,iv, &, false) - p (false)]

1 _
= —logp (false) 4 log Vdms + B (re — Ft/7i/)T (2s) ! (reo — T i)

1 _ _
= const. + 3 (ree — th,ir)T (29) ! (re; — T i) (18)

Therefore, we are now able to determine how probable a likely change is.
We compute a simple quadratic distance of the type

dii = (reg—7o i)’ (28)7" (req—Fowr) (19)

Assuming that a change with a probability pr (true | 7., Per,i7, &) > 0.5
may be significant, the distance d;; has to be compared to the following
threshold

?
di; > 2logpr (true | ¢, Pe,iv, &) — 2 const.
= 2log 0.5 + 2logp (false) — 2log Vdrs (20)

If the comparison evaluates to “true”, a probable change can be marked
as detected.

6.2 Change Detection Results

The change detection results shown in Figs. 5, 7 and 6 were all obtained
by preliminarily registering reference and sample according to our alignment
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Fig. 5. Change detection results ob-
tained by evaluating the Euclidean di-
stance between reference and sample.
Changes (red) are commonly occurring
in scattered areas.

Fig. 6. The intentionally introduced
change (a small box with an edge
length of about 20 cm) has been de-
tected correctly by our approach.

Fig. 7. By applying the probabilistic threshold analysis presented in our approach,
all unlikely changes could successfully be extracted from the results. The “true”
change is marked.

approach. A small cubical box with a maximum edge length of about 20 cm
has been placed within the area examined by the helicopter.

Fig. 5 illustrates that solely evaluating the Euclidean distances between
both point clouds explicitly fails in scattered areas of the environment. The
superiority of our probabilistic change detection approach is visualized in Fig.
7, where no false changes were marked within these parts. In Fig. 6 a closer
look to our intentionally introduced change reveals that is has been detected

correctly after all.
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7 Discussion and Future Work

We presented a probabilistic approach for alignment and change detection
using range sensor data. The alignment method provides a non-rigid point
cloud registration that near-perfectly deals with high estimation errors. Chan-
ges between data sets are detected using a probabilistic threshold that is
capable of differentiating between likely and unlikely changes. Even small in-
tentional modifications are detected reliably, whilst errors are excluded.

There is ample opportunity for future research. On the basis of a reliable
change detection, changes could be classified. That would allow for a variety of
applications in robotics to superiorly deal with dynamic environments. Ano-
ther opportunity pertains to the learning component of our work: In addition
to learning alignment models, it should be possible to learn the actual noise
models of the sensors and the pose estimation system. We also suspect that
further improvements can be achieved by better involving the exact physical
noise characteristics of a sensor.
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Summary. Elevation maps are a popular data structure for representing the environment of a
mobile robot operating outdoors or on not-flat surfaces. Elevation maps store in each cell of a
discrete grid the height of the surface the corresponding place in the environment. The use of
this 2%—dimensional representation, however, is disadvantageous when it is used for mapping
with mobile robots operating on the ground, since vertical or overhanging objects cannot be
represented appropriately. Such objects furthermore can lead to registration errors when two
elevation maps have to be matched. In this paper we propose an approach that allows a mobile
robot to deal with vertical and overhanging objects in elevation maps. We classify the points in
the environment according to whether they correspond to such objects or not. We also describe
a variant of the ICP algorithm that utilizes the classification of cells during the data association.
Experiments carried out with a real robot in an outdoor environment demonstrate that the scan
matching process becomes significantly more reliable and accurate when our classification is
used.

1 Introduction

The problem of learning maps with mobile robots has been intensively studied in
the past. In the literature, different techniques for representing the environment of a
mobile robot prevail. Topological maps aim at representing environments by graph-
like structures, where edges correspond to places, and arcs to paths between them.
Geometric models, in contrast, use geometric primitives for representing the environ-
ment. Whereas topological maps have the advantage to better scale to large environ-
ments, they lack the ability to represent the geometric structure of the environment.
The latter, however, is essential in situations, in which robots are deployed in poten-
tially unstructured outdoor environments where the ability to traverse specific areas
of interest needs to be known accurately. However, full three-dimensional models
typically have too high computational demands for a direct application on a mobile
robot.

Elevation maps have been introduced as a more compact 2%—dimensional repre-
sentation. An elevation map consists of a two-dimensional grid in which each cell
stores the height of the territory. This approach, however, can be problematic when a
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Fig. 1. Scan (point set) of a bridge recorded with a mobile robot carrying a SICK LMS laser
range finder mounted on a pan/tilt unit.

robot has to utilize these maps for navigation or when it has to register two different
maps in order to integrate them. For example, consider the three-dimensional data
points shown in Figure 1. They have been acquired with a mobile robot standing
in front of a bridge. The resulting elevation map, which is computed from averag-
ing over all scan points that fall into a cell of a horizontal grid (given a vertical
projection), is depicted in Figure 2. As can be seen from the figure, the underpass
has completely disappeared and the elevation map shows a non-traversable object.
Additionally, when the environment contains vertical structures, we typically obtain
varying average height values depending on how much of this vertical structure is
contained in a scan. Accordingly, if one registers two such elevation maps, one ob-
tains incorrect alignments.
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Fig. 2. Standard elevation map computed for the outdoor environment depicted in Figure 1.
The passage under the bridge has been converted into a large un-traversable object.

In this paper we present a system for mapping outdoor environments with el-
evation maps. Our algorithm transforms range scans into local elevation maps and
combines these local elevation maps using a variant of the ICP algorithm [3]. In our
elevation maps, we classify locations in the environment into four classes, namely
locations sensed from above, vertical structures, vertical gaps, and traversable cells.
The advantage of this classification is twofold. First, the robot can represent obsta-
cles corresponding to vertical structures like walls of buildings. It also can deal with
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overhanging structures like branches of trees or bridges. Furthermore, the classifi-
cation can be utilized in the ICP algorithm to more robustly match local elevation
maps. We present experimental results illustrating the advantages of our approach
regarding the representation aspect as well as regarding the robust matching.

This paper is organized as follows. After discussing related work in the follow-
ing section, we will describe our extension to the elevation maps in Section 3. In
Section 4 we then describe how to incorporate our classification into the ICP algo-
rithm used for matching elevation maps. Finally, we present experimental results in
Section 5.

2 Related Work

The problem of learning three-dimensional representations has been studied inten-
sively in the past. One of the most popular representations are raw data points or tri-
angle meshes [1, 7, 12, 15]. Whereas these models are highly accurate and can easily
be textured, their disadvantage lies in the huge memory requirement, which grows
linearly in the number of scans taken. An alternative is to use three-dimensional
grids [9] or tree-based representations [13], which only grow linearly in the size of
the environment. Still, the memory requirements for such maps in outdoor environ-
ments are high.

In order to avoid the complexity of full three-dimensional maps, several re-
searchers have considered elevation maps as an attractive alternative. The key idea
underlying elevation maps is to store the 2%-dirnensi0nal height information of the
terrain in a two-dimensional grid. Bares et al. [2] as well as Hebert et al. [4] use ele-
vation maps to represent the environment of a legged robot. They extract points with
high surface curvatures and match these features to align maps constructed from con-
secutive range scans. Parra et al. [11] represent the ground floor by elevation maps
and use stereo vision to detect and track objects on the floor. Singh and Kelly [14]
extract elevation maps from laser range data and use these maps for navigating an
all-terrain vehicle. Ye and Borenstein [16] propose an algorithm to acquire elevation
maps with a moving vehicle equipped with a tilted laser range scanner. They pro-
pose special filtering algorithms to eliminate measurement errors or noise resulting
from the scanner and the motions of the vehicle. Lacroix et al. [6] extract elevation
maps from stereo images. They use a two-dimensional grid and store in each cell
of this grid the average height. Hygounenc et al. [5] construct elevation maps in an
autonomous blimp using 3d stereo vision. They propose an algorithm to track land-
marks and to match local elevation maps using these landmarks. Olson [10] describes
a probabilistic localization algorithm for a planetary rover that uses elevation maps
for terrain modeling.

Compared to these techniques the contribution of this paper lies in two aspects.
First, we classify the points in the elevation map into horizontal points seen from
above, vertical points, and gaps. This classification is important especially when a
rover is deployed in an urban environments. In such environments, typical structures
like the walls of buildings cannot be represented in standard elevation maps. Second,
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we describe how this classification can be used to enhance the matching of different
elevation maps.

3 Extended Elevation Maps

As already mentioned above, elevation maps are 2%—dimensional representation of
the environment. The maintain a two-dimensional grid and maintain in every cell
of this grid an estimate about the height of the terrain at the corresponding point of
the environment. To correctly reflect the actual steepness of the terrain, a common
assumption is that the initial tilt and the roll of the vehicle is known.

When updating a cell based on sensory input, we have to take into account, that
the uncertainty in a measurement increases with the distance measured due to errors
in the tilting angle. In our current system, we a apply a Kalman filter to estimate the
parameters u;., and o, about the elevation in a cell and its standard deviation. We
apply the following equations to incorporate a new measurement z, with standard
deviation o, at time ¢ [8]:
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Note that the application of the Kalman filter allows us to take into account the
uncertainty of the measurement. In our current system, we apply a sensor model,
in which the variance of the height of a measurement increases linearly with the
distance of the corresponding beam. This process is indicated in Figure 3.

Fig. 3. Variance of a height measurements depending on the distance of the beam.

In addition we need to identify which of the cells of the elevation map correspond
to vertical structures and which ones contain gaps. In order to determine the class of
a cell, we first consider the variance of the height of all measurements falling into
this cell. If this value exceeds a certain threshold, we identify it as a point that has not
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been observed from above. We then check, whether the point set corresponding to a

cell contains gaps exceeding the height of the robot. When a gap has been identified,
we determine the minimum traversable elevation in this point set.

Fig. 4. Labeling of the data points depicted in Figure 2 according to their classification. The
different colors/grey levels indicate the individual classes.

Figure 4 shows the same data points already depicted in Figure 2. The classes
of the individual cells in the elevation map are indicated by the different colors/grey
levels. The blue/dark points indicate the data points above a gap. The red/medium
grey values indicate cells that are classified as vertical. The green/light grey values,

however, indicate traversable terrain. Note that the not traversable cells are not shown
in this figure.

y—

R 1y

Fig. 5. Extended elevation map for the scene depicted in Figure 1.

A major part of the resulting elevation map extracted from this data set is shown
in Figure 5. As can be seen from the figure, the area under the bridge can now be
represented appropriately by ignoring data points above the lowest surface. This in
turn enables the robot to plan a path through the passage under the bridge.
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4 Efficient Matching of Elevation Maps in 6 Dimensions

To integrate several local elevation maps into a single global elevation map we need
to be able register two maps relative to each other. In our current system, we apply
the ICP algorithm for this purpose. The goal of the matching process is to minimize
an error function defined over two point sets X = {x,...,xz}and ¥ = {y},...,y.},
where each pair x; and y; is assumed to be the points that corresponding to each other.
We are interested in the rotation R and the translation ¢ that minimizes the following
cost function:

1 L
ER.1)= ~ > Il =Ry 1, (3)
=1

where || - || is a distance function that takes into account the variance of the Gaussians
corresponding to each pair x; and y;.

In principle, one could define this function to directly operate on the height val-
ues and their variance when aligning two different elevation maps. The disadvantage
of this approach, however, is that in the case of vertical objects, the resulting height
seriously depends on the view point. The same vertical structure may lead to varying
heights in the elevation map when sensed from different points. In practical experi-
ments we observed that this introduces serious errors and often prevents the ICP al-
gorithm from convergence. To overcome this problem, we separate Equation (3) into
four components each minimizing the error over the individual classes of points. The
first two classes consist of the cells corresponding to vertical objects and gaps. The
latter two classes contain only cells whose points have been sensed from above. To
increase the efficiency of the matching process, we only consider a subset of these
cells. In practical experiments we found out that traversable cells and edge cells yield
the best registration results. The traversable cells are those cells for which the ele-
vation of the surface normal obtained from a plane fitted to the local neighborhood
exceeds 83 degrees. Additionally, we consider edge cells, i.e., cells which lie more
than 20cm above their neighboring points.

Let us assume that a1, ...,an, and aj,...,a) are the corresponding vertical
points, B1,...,Bn, and ], ... ’ﬂ;\&z are the vertical gaps, y1,...,yn, and 7}, .. ,y;\,y

are the edge points, and 6y, ...,dy

, and 67, ... ,6;\,0 are the traversable cells. The
resulting error function then is

No Ng Ny Ns
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vertical objects  vertical gaps edge cells traversable cells

where d(x,y) = ||x = Ry — 1|>.

Figure 6 illustrates how two elevation maps are aligned over several iterations of
the minimization process. Whereas the left column shows the point clouds the right
column shows the cells in the elevation map used for minimizing Equation (4). In our
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current implementation, each iteration of the ICP algorithm usually takes between
one and five seconds on a 2.8GHz Pentium 4. The time necessary to acquire a scan
by tilting the laser is 5 seconds.

Fig. 6. Incremental registration of two elevation maps. The left column depicts the original
point clouds. The right column shows the vertical and edge cells of the elevation maps used
by the ICP algorithm. The individual rows correspond to the initial relative pose (top row),
alignment after 5 iterations (second row), after 10 iterations (third row) and the final alignment
after 30 iterations (fourth row).
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In addition to the position and orientation of the vehicle we also have to estimate
the tilt and roll of the vehicle when integrating two elevation maps. In practical ex-
periments we found that an iterative scheme, in which we repeatedly estimate the
tilt and roll of the robot and then determine the relative position and orientation of
the involved elevation maps, improves the registration accuracy. In most cases, two
iterations are sufficient to achieve precise matchings and to obtain highly accurate
maps from multiple local maps generated from different viewpoints.

SICK laser range finder

AMTEC wrist unit

Fig. 7. Robot Herbert used for the experiments.

5 Experimental Results

The approach described above has been implemented and tested on a real robot sys-
tem and in simulation runs with real data. The robot used to acquire the data is our
outdoor robot Herbert, which is depicted in Figure 7. The robot is a Pioneer II AT
system equipped with a SICK LMS range scanner and an AMTEC wrist unit, which
is used as a pan/tilt device for the laser.

5.1 Learning Accurate Elevation Maps from Multiple Scans

To evaluate our approach we steered our robot Herbert through different areas of our
university campus and visually inspected the maps obtained with our technique. In
all cases, we obtained highly accurate maps. Figure 8 shows a typical example, in
which the robot traveled under the bridge depicted in Figure 1 and then continued
driving up a ramp. Along its path the robot generated local elevation maps from 36
scans. The overall number of data points recorded was 9,500,000. The size of each
cell in the elevation map is 20 by 20cm. The whole map spans approximately 70 by
30 meters. As can be seen from the figure, the map clearly reflects the details of the
environment. Additionally, the matching of the elevation maps is quite accurate.
Figure 9 shows a typical example in which our algorithm yields more accurate
maps than the standard approach. In this situation the robot traveled along a paved
way and scanned a tree located in front of the scene. Whereas the left image shows
the map obtained with the standard elevation map approach, the right image shows
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the map obtained with our method. The individual positions of the robot where the
scans were taken are also shown in the images. As can be seen from the figures, our
method results in more free space around the stem of the tree.

Fig. 8. Elevation map generated from 36 local elevation maps. The size of the map is approx-
imately 70 by 30 meters.
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Fig. 9. Maps generated from four local elevation maps acquired with Herbert. The left image
shows a standard elevation map. The right image depicts the map obtained with our approach.
The peak in front of the scene corresponds to a tree, which is modeled more accurately with
our approach.

5.2 Statistical Evaluation of the Accuracy

Additionally, we performed a series of experiments to get a statistical assessment as
to whether the classification of the data points into normal, vertical and gap points
combined with the sub-sampling of the normal points leads to better registration
results. To perform these experiments we considered two different elevation maps for
which we computed the optimal relative pose using several runs of the ICP algorithm.
We then randomly added noise to the pose of the second map and applied the ICP
algorithm to register both maps. We performed two sets of experiments to compare
the registration results for the unclassified and the classified point sets. Table 1 shows
the individual classes of noise that we added to the true relative pose of the two maps
before we started the ICP algorithm. In this experiment described here, we only
varied the pose error of the maps and kept the error in the rotations constant. In
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particular, we randomly chose rotational displacements from +5 degrees around the
real relative angle and also varying random displacements in the x and y direction.

Table 1. Displacement classes used to evaluate the performance of the ICP algorithm on the
classified and unclassified points extracted from the elevation maps.

displacement class|{max. rot. displ.|max. displ. in x and y
1 +5 degrees +0.5m
2 +5 degrees +1.0m
3 +5 degrees +1.5m
4 +5 degrees +2.0m
5 +5 degrees +2.5m
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Fig. 10. Average registration error for the individual types of initial displacement.

The resulting average displacement errors after convergence of the ICP algo-
rithm are depicted in Figure 10. As can be seen from the figure, the ICP algorithm
performed significantly better on the classified point sets. In this figure, the error bars
indicate the & = 0.05 confidence level.

Additionally, we evaluated how often the ICP algorithm failed to accurately reg-
ister the two maps. Figure 11 depicts the normalized divergence frequencies in per-
cent for the individual displacement classes. As this plot illustrates, the utilization of
the individual classes in the ICP algorithm leads to a seriously better convergence
rate. In additional experiments not reported here we obtained similar results for the
different orientational errors.
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Fig. 11. Number of times the ICP algorithm diverges for the individual initial displacements.

6 Conclusions

In this paper we presented an approach to generate elevation maps from three-
dimensional range data acquired with a mobile robot. Our approach especially ad-
dresses the problem of acquiring such maps with a ground-based vehicle. On such
a system one often encounters situations, in which certain objects, such as walls or
trees, are not seen from above. Accordingly, the resulting elevation maps contain
incorrect information. The approach in this paper classifies the individual cells of el-
evation maps into four classes representing parts of the terrain seen from above, verti-
cal objects, overhanging objects such as branches of trees or bridges, and traversable
areas. We also presented an extension of the ICP algorithm that takes this classifica-
tion into account when computing the registration.

Our algorithm has been implemented and tested on a real robot and using outdoor
terrain data. Experimental results show that our classification yields more accurate
elevation maps, especially in the cases of vertical objects and overhanging objects.
Additionally, our extension of the ICP algorithm, which utilizes our classification,
produces more accurate alignments and additionally converges more often.
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Summary. In this paper, a method of obtaining vehicle hypothesis based on laser
scan data only is proposed. This is implemented on the robotic vehicle, CyCab,
for navigation and mapping of the static car park environment. Laser scanner data
is used to obtain hypothesis on position and orientation of vehicles with Bayesian
Programming. Using the hypothesized vehicle poses as landmarks, CyCab performs
Simultaneous Localization And Mapping (SLAM). A final map consisting of the
vehicle positions in the car park is obtained.

Keywords: Vehicle Detection, Bayesian Programming

1 Introduction

In the framework of automatic vehicles in car parks, a 2D map of a car park
is constructed using the autonomous vehicle, CyCab, as the experimental
platform. The map of the car park will contain the positions and orientations
of the different vehicles in the car park. An application of such a map is to
serve as a reference to indicate obstacle positions . Furthermore, it can indicate
the state of the parking lots in the car park, and possibly be used in higher
level applications such as automatic parking.

Several object based representation of the environment were proposed.
Chatila et al. [8] represented the map with a set of lines. More advanced
methods in mapping consists of approximating the environment using small
polygons [3] [4]. Such methods used a variant of the Expectation-Maximization
to generate increasingly accurate 3D maps as more observations are made.
In this paper, a higher level of representation (vehicles in this case) of the
environment is used instead of fundamental geometrical entities.

Currently, the CyCab robotic vehicle localizes itself in a static environemnt
with respect to artificially installed reflective cones. This localization serves to
build a grid map of the environment and has the capability to perform motion
planning with safe navigation as described in [1]. However, reflective cones as
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artifical landmarks is not a very practical approach. An improvement from an
application point of view is to use naturally occuring objects often found in
the car park as landmarks. In this paper, vehicles found in the car park are
used.

The general idea is to use only the laser data without artificial or predefined
landmarks, CyCab will navigate the car park autonomously while generating
a map of its environment.While CyCab is travelling around the car park,
scanning the environment, CyCab continuously reads in odometric and laser
data. At each stage of the iteration, CyCab estimates its own position and
orientation of the form (z,y, 8) and creates a map of the car park in the world
frame of reference. The origin of the world frame of reference is taken from
the initial position of CyCab. The map is then represented as a set of tuples,
each containing the position and orientation of the vehicles detected. CyCab
hypothesizes the configuration of the vehicles in the surrounding based on the
laser scan inputs from laser scanner only.

The advantage of the approach is its ability to map any car park without
installing any external aids. With the set of vehicle poses representing the
map, a compact and semantic representation of the map can be obtained.

2 System Overview

The mechanism of the entire system can be broken down into three funda-
mental components, vehicle detection, the simultaneous localization and map-
ping(slam) and the map construction . CyCab is provided with two types of
raw data, the laser scans and CyCab’s odometric data. Figure 1 shows the
block diagram of the different stages and its interactions:

R Hypothesized

aw Relative Absolute

Laser Vehicle Vehicle

Data Positions Positions Map
- Vehicle SLAM Map (.

Detection Construction

¢

Vehicle Odometry Robot Localization

Fig. 1. Overview showing the mapping process

1. Vehicle Detection: With only raw laser scan data, vehicle detection
constructs hypotheses about the positions and orientation of vehicles in
the car park.

2. SLAM: Coupled with information about odometry of CyCab, SLAM
module makes use of the constructed vehicle hypotheses as landmarks
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to localize itself. With its own configuration, SLAM can then calculate
the absolute configuration of the vehicles with respect to real world coor-
dinates.

3. Map Construction: The hypotheses of vehicles have to be checked for
inconsistencies. It is possible for the hypotheses obtained to conflict with
a previous corresponding hypothesis. Furthermore, multiple hypothesis
SLAM methods such as FastSLAM produces a set of hypotheses, a map
construction module is required to merge the information from the differ-
ent hypotheses to obtain the final map.

3 Vehicle Detection

Vehicle detection is the process of forming possible vehicle hypotheses based
on the laser data readings. This problem is addressed in this paper using
bayesian programming[2]. Bayesian programs provides us with a framework
for encoding our a priori knowledge on the vehicle to infer the possible vehicle
poses. In this case, the a priori knowledge consists of the length and width
of vehicles which is assumed to be the same across standard vehicles (cars)
and that the type of vehicles in the car park is of the same class. The subtle
differences in the size of the vehicles can be accomodated for in the bayesian
paradigm and this property renders our assumption practical.

The detection of vehicles takes place in two stages. The first stage is basi-
cally composed of three portions:

1. Clustering and segmentation, to group a set of points indicating ob-
jects, using a distance criterion. Next, segments are obtained using clas-
sical split and merge techniques.

2. Vehicle hypotheses construction using bayesian programming. The
construction of hypotheses by bayesian programming results in a mech-
anism similar to that of hough transform. Peak values in the histogram
indicates the most probable vehicle poses.

With real data, the first stage produces too many false positives. A second
stage of filtering is applied to each vehicle hypothesis obtained after the first
stage as a form of validation gating in order to reduce the number of false
positives. It is broken down into two portions:

1. Edge Filtering is applied to extract the set of line segments that is only
relevant to the vehicle hypothesis in question.

2. Vehicle Support Filtering is based on our proposed metric, vehicle
support, that measures how much of the two adjacent sides of a vehicle
are seen. We try to remove as many false positives as possible using the
vehicle support.
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3.1 Construction of Vehicle Hypotheses

A bayesian program is used to infer vehicle positions. The formulation of our
bayesian program results in a mechanism similar to that of a hough transform.
We can infer on positions and orientations of vehicles from segments detected
from laser scan data which is analogous to the way line segments are recovered
from an ensemble of points. However our histogram cells are updated in terms
of probability which takes into account the length and the width of vehicles
instead of voting in the case of hough transform.
Briefly, a bayesian program is composed of:

the list of relavant variables;

a decomposition of the joint distribution over these variables;

the parametrical form of each factor of the decomposition;

the identification of the parameters of these parametrical forms;

a question in the form of probability distribution inferred from the joint
distribution.

In the construction of the histogram, each line segment is treated inde-
pendently. In doing so, it will be sufficient to simply go through the list of
segments and add necessary information into the histogram for each line seg-
ment. This is achieved by performing data fusion with diagnostic [7]. Inference
of vehicle poses is represented by the bayesian program in fig. 2 and fig. 3. In
this paper, the following variables are adopted:

V: A boolean value indicating the presence of a vehicle

Z = (z,y,0): The pose of a vehicle

S: Ensemble of extracted line segments

M € {0, 1}*: Compatibility of segments with vehicle pose

C € {1,2}?: A value of 1 or 2 if segment corresponds to the width and
length of a vehicle respectively

e m: A priori knowledge

To represent the absence of specific knowledge on the presence of vehicle
P(V | my), the pose of the vehicle P(Z | 7) and the segments P(S | 7), they
are represented as a uniform distribution.

The semantic of the question from the bayesian program (fig. 2) is to
find the probability of a vehicle given all segments and the vehicle pose. This
question can be simplified using baye’s rule:

P(v=1][[M=1][S] Z ny)
= KHP([Mi: 1|[V=12Z2S8; )

With K constant. The simplification of the question gives the product of the
probability of the contributions of each line segment, which is given by each
sensor sub-model. The local maximas of the function, P([V = 1]|[M = 1] [S =
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Relevant Variables
V' : Boolean, presence of vehicle
Z = (X,Y,0) :Pose of vehicle
S : Set of line segments
M € {0,1}" : Segment compatibility
Decomposition
P(ZV SM |ny) =
P(V | xp)P(Z | 7p)P(S | 7) [T, P(M:
Parametric Form
PV ‘ 7¢) uniform
Pz | 7 ¢) uniform
P(S | 7¢) uniform
P(M; |V Z S; my) Sensor sub-model
Identification :
None
Question :
PV =1[M=1][8=(s1,....8:)][Z = (2,9,0)])

V Z S mf)

Description
Specification

Programme

Fig. 2: Detection of vehicles bayesian program

Relevant Variables
V' : Boolean, presence of vehicle
Z = (X,Y,0) : Pose of vehicle
S; S5, €8S
C; :C;eC
M, :M; e M
Decomposition
P(V 7Z Sz Cl Mi ﬂ'f) =
P(V | 7))P(Z | 75)P(S: | 75)P(C:
Parametric Form
PV | 7¢) uniform
P(Z ‘ 7¢) uniform
P(S
P(M; | C; V Z S; m¢) pseudo-gaussian
Identification :
None
Question :
P(M; =1 | [V =1] [Z = (2,y9.0)] [S: = 5] )

Specification

Trf)HiP(Mi VZSi 7Tf)

Description

Programme

7 ¢) uniform

Fig. 3: Sensor Sub-Model bayesian program

(s1,82,---,8n)] [Z = (z,y,0)] 7s), gives the possible vehicles hypotheses. For
ease of calculation, the logarithm is applied. The sub-model used in the
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calculation of P(M; |V Z S; my) is described in fig. 3. The question of the
sub-model can be further resolved:

P([M; =1]|[V = 1]ZS;my)
= > P(GCilrp)P([M; = 1]|Cs[V = 1]ZSimy)
Ci

The remaining problems lies in expressing P(C; | 7¢), the probability that
a segment corresponds to the length or width of a vehicle, and P([M; =
1]C; [V =1][Z = (z,y,0)] [Si = si] 7), the probability that a segment and
its given association to the sides of the vehicles, corresponds to a vehicle at
pose (z,y,0). For P(C; | 7¢), a simple model is given by:

o P(C;=1]lny) = 5

o P(Ci=2]rf) = %

Given the length L and the width 1 of the assumed vehicle size, we consider
the prior probability that the segment belongs to either the length or width
is based on the simple ratio of the side in question against the sum of the two
sides.

P(M; = 1| C; [V =1] [Z = (2,4,0)] [S; = si] 7f) is expressed by a
pseudo-gaussian function G(S, s;). Where S, represents the segment of a side
of the hypothesized vehicle position (z,y, ). The more s; is further or have a
different orientation with respect to S., the smaller the value of G(S,,s;). In
practice, as most of the values in the histogram are negligable if the histogram
is to be filtered by a threshold, it is sufficient to go through the list of segments
and filling in the histogram values only for the possible vehicle poses (z,y, 6)
that are compatible with the line segments. The vehicle poses can be easily
calculated with simple geometry.

I+L

3.2 Edge Filtering

To calculate how well the sides conform to a vehicle hypothesis configuration,
the set of relevant segments around the contours of the hypothesized vehicles
have to be selected. The filtered edges are to provide data for the calculation
of the vehicle support (section 3.3).

Two bounding rectangles are calculated from the vehicle hypothesis con-
figuration with one rectangle a ratio smaller than the original vehicle size and
the other a ratio bigger as illustrated in figure 4. The two bounding rectangles
will then be oriented and positioned in the same manner as the hypothesized
vehicle configuration.

The algorithm begins with the segment that contains the end point nearest
to the origin (where Sick is). Starting from this segment, the algorithm starts
to grow outward by searching for any segments where any of its endpoints
lies sufficiently close to one of the endpoints in the original segment. This
continues till a sufficiently close segment cannot be found.
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Outer bounding box Line segments

Actual vehicle size

Inner bounding box

Fig. 4: Edge filtering with 2 bounding boxes. Shaded area indicates valid area

3.3 Vehicle Support Calculation

In adopting a conservative approach, both length and width of the vehicle
must be adequately observed. Cases where either its length or width is ver-
ified are rejected as it introduces ambiguities and potentially false positives.
A metric, the vehicle support, based on the sum of the magnitude of cross
products can be used to enforce our conservative approach.

The calculation of vehicle support is given by eqn. 1. Under the ideal
case where there are only two segments perfectly aligned to the edges of the
vehicle, the result is a multiplication of the length and width of the vehicle.
The equation for calculating the support is given by:

support = Vi, j Z | Si x S; | (1)
i#]

Intuitively, if a large portion of the length and a small portion of the width is
detected, the support will give a low value and vice versa. Hence it enforces
the verification of both the length and the width of the hypothesized vehicle
before classifying it as a positive vehicle hypothesis. The enforcement of such
rules are all conveniently embodied in a single equation (eqn 1).

4 Map Construction

The SLAM algorithm is independent of the construction of the vehicle hy-
potheses. Hence, a variety of SLAM methods can be used. If multiple hy-
potheses SLAM algorithms are used, the different hypotheses might come up
with conflicting hypotheses caused by association of landmarks. Such con-
flicting associations of landmarks must be resolved in order to obtain a final
consistent map. In such cases, a single observation might be associated with
different landmarks across the various SLAM hypotheses. The most likely
group of hypotheses with the same data association for a given observation
can be combined together to obtain the landmark to be represented in the
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final map while the rest of the hypotheses are ignored. A detailed descrip-
tion and example based on FastSLAM [5] [6], which is used in this paper, is
presented in [9].

The bayesian programs used previously to construct the vehicle pose hy-
potheses gives a set of possible vehicle poses by taking each line segment
extracted from the laser scan independently. It does not consider the pre-
viously made vehicle pose hypotheses. The disadvantage of the vehicle pose
hypotheses construction and conservative gating approach is its inability to
handle occlusion and false positives are obtained as a result. For example in
fig. 5, a wrong hypothesis is constructed due to occlusion. A corner of a build-
ing is mistook as a vehicle pose hypothesis. By making more observations as
CyCab navigates around to obtain a more comprehensive picture of the envi-
ronment and taking into account previous hypotheses, wrongly made vehicle
hypotheses can be removed.

Fig. 5: An example of a wrong hypothesis due to occlusion

All hope is not lost for vehicle hypotheses that failed gating, often due
to occlusion. Hypotheses that failed gating can be checked against previously
accepted hypotheses. A current hypothesis that is very similar in position and
angle with a previously accepted hypotheses can be taken to be a positive
hypothesis by virtue of being previously accepted.

4.1 Considering Previous Hypotheses

The two main criteria for measuring similarity of a current hypothesis and a
previously accepted hypothesis are their position and angle. It will be con-
venient to obtain a similarity measurement function that returns a bounded
value of between 0 and 1. The measurement of difference in position is given
by function f:

~ 2x Area(PNQ) %)
f= Area(P) + Area(Q) (
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Where P and @ are both the geometry of the two vehicle hypotheses. A perfect
fit of P and @ gives a value of 1 and a non overlapping P and @ gives a value
of 0. Similarly, a measurement of difference in angle, g:

g=1—]sinb| (3)

The two hypotheses are considered similar as long as min(f, g) > threshold.

5 Experimental Results

5.1 Vehicle Detection

After stage 1 (without gating), the vehicle hypothesis to the left in figure 6 is
accepted even when only either the length of the vehicle is detected. But in
fact, that detected side corresponds to a wall. This example demonstrates the
weakness of using a laser scanner as ambiguous situations renders the system
incapable of inferring correctly if it is vehicle. Additional information from a
camera would be more useful. Such examples are the main motivation for a
gating approach.

Stage 2 (gating) rejects the wrong hypothesis as represented by its in-
ner and outer bounding boxes in fig. 7. Due to the conservative approach
in validating hypotheses in stage 2, some potential hypotheses are inevitably
eliminated in the process (eliminated vehicle hypothesis to the right in fig. 7).

Fig. 6. Accepted vehicle hypothesis Fig. 7. The same configuration as

after stage 1 of vehicle detection in figure 6 but with rejected vehicle
hypothesis in their inner and outer
bounding boxes after stage 2 of vehi-
cle detection

Vehicles parked in the car park are often spaced out sufficiently enough to
be able to view its sides from the point of view of the laser scan. However, in
the less likely event of being spaced very close together such that the relevant
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laser impact points cannot be obtained, the relevant hypotheses cannot be
obtained. This is one of the limitations of using only a laser scanner. A fusion
of data with a camera will be desirable.

5.2 Map Construction

Tests were conducted within the context of the car park in INRIA Rhone-
Alpes. The current implementation is a naive and unoptimized version of
FastSLAM that executes with a frequency of between 4-6Hz on a pentium 4.

Figure 8 presents the multiple hypotheses of the position of CyCab and
the other vehicles in the environment. The various CyCab hypotheses are
followed by a curve indicating its mean path taken and the various landmark
hypotheses.

Figures 9 and 10 illustrates final constructed map. It is basically a com-
bined map of all the various hypotheses obtained from FastSLAM. In addition,
the figure is overlaid with the laser impact points from the first laser scan and
the laser scan at CyCab’s current position.

Fig. 8: The various CyCab and landmark hypotheses

6 Conclusion and Further Work

In this paper, the extraction of hypothesized vehicle poses from laser scan
data only is presented. Due to limitations in the laser scan data, gating is
required to remove the false positives. However the conservative vehicle hy-
potheses construction approach is at the cost of eliminating potential vehicle
hypotheses. Vehicle hypotheses construction can be ameliorated by taking into
account previously accepted vehicle hypotheses.
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A more reliable method of vehicle hypotheses construction will be explored
by fusing laser scan information with information from a camera. The current
implementation assumes a static environment where landmarks do not move.

Extensions will be made to handle moving objects.
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1 Introduction

The capacity to know about the environment is a major requirement for robots
and automated systems. Real scenes are complex to perceive, dynamic and
large. Therefore to perceive those scenes, robots have access to complemen-
tary sensors such as sonar/laser range-finders, cameras or bumpers, but all
these are always noisy. In automated navigation, the internal representation
of the environment is used for all fundamental tasks: localization[14], path-
planning[6], obstacle avoidance[l] or target tracking[2]. But this modelling
can require huge memory space, especially when the level of abstraction is
fairly low and the representation is close to the sensor data. In these cases
the time of data analysis is also prohibitive, making it necessary to change
sophisticated algorithms for naive ones. This paper addresses the problem of
data representation and data storage for large maps, under the constraints of
multi-sensor real-time updates and hierarchical representation. Thus multi-
scale algorithms could be applied to very large maps with efficient calculating
time.

The first step when mapping the environment is obviously to define how to
map. Geometrical properties are powerful guidelines to do it. A focus on the
ability to reach a point from an other leads to the class of topological maps
and the associated representation is the graph of connected places. Topo-
logical maps are semantically rich, can be drawn even without an accurate
localisation of the robot and their size is very small. However it is difficult to
build and update them automatically and they do not allow direct complex
data manipulations. The possibility to index all the spatial information in a
common reference frame, via a global coordinate system, leads to the class
of metric maps. In an inversely symmetrical manner, metric maps are easy

* Work supported by ProBayes and the French ANRT (National Association for Technical
Research).

P. Corke and S. Sukkarieh (Eds.): Field and Service Robotics, STAR 25, pp. 219-230, 2006.
© Springer-Verlag Berlin Heidelberg 2006
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to build and update and they allow direct complex interactions with the en-
vironment such as obstacle avoidance, but they are semantically poor, they
require an accurate localisation of the robot and the size of data is critically
huge. Among metrical maps, occupancy grids (OGs) are a classical approach
[9] with the essential property, that they make it straightforward to integrate
noisy measurements of different sensors over time. To deal with the sensor
uncertainty is a main requirement for a mapping framework, because chip
sensors are very noisy. And an unified theory for sensor integration allowed
sensor networks, that achieve robustness for a robotic system. Convincing new
world representations have recently used topological and metric maps in in-
tricate manners to combine their advantages [13], [5]. Now, both of these new
world representations resort to OGs for precise mapping. Therefore focusing
on the main drawback of OGs which is the data size is a major challenge for
robotic.

The wavelet framework [3], [8] is very interesting for non linear signal
approximation as images. Image and occupancy grid processing are two re-
lated subjects as pointed out by Elfes in [4]. Moreover wavelets offer a rigor-
ous mathematical framework for multi-resolution representations and signal
compression. Thus unlike mixed representations as metric-topologic ones, we
propose a new unified framework for multi-resolution map building based on
wavelets, which we call the wavelet occupancy grid (WavOG). Pai and Reis-
sell [10] have shown that wavelets could be used to represent 3D static maps,
and also how to devise efficient path planning through rough terrain with this
kind of representation. Drawing upon this, Sinopoli et al. [12] have used this
static wavelets representation for global path-planning while using traditional
3D updatable OG for local navigation. What we propose is a synthesis of
wavelet representation and OG representation in order to do OG building in
the wavelet space. And also, we describe a probabilistic formulation for every
scaled information provided by the wavelet transform.

In the rest of this paper we first present the wavelet mathematical frame-
work in simple terms. Second, we explain how to link the theoretical building
of OGs with wavelets in order to on-line construct occupancy grids in wavelet
space. We will then pay attention to the multi-resolution occupancy mean-
ing of WavOGs. Fourth, we describe how WavOGs are implemented and a
compact representation is obtained. This new building was validated through
a mapping tour with the cycab autonomous robot. Finally we present these
results in a comparison with a standard occupancy grid, which proves the
compactness of the new representation.
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2 The Wavelet Mathematical Framework

The function which is discretized by a 2D-occupancy grid is the continuous

occupancy function:

R? — [0;1]

which is the probability that an obstacle lies in the point (z,y) (Fig. 1).
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Fig. 1. Occupancy grid
(in grey level) and its corre-
sponding probability distri-
bution. The green boxes rep-
resents the probability that
the cell is empty while the
red ones the probability that
the cell is occupied.

The aim of this work is to compress the occu-
pancy function. The main idea at work in several
compression schemes is to project the function onto
a set of elementary functions which is a basis for
the wvector space of approximation functions. For
example the Fourier transformation projects the
functions onto the infinite set of sines and cosines.
Then, in this case, the approximation process con-
sists in selecting a finite set of the lowest frequen-
cies and rejects high ones, which are almost consid-
ered as noise. But this leads to poor compression
results, especially for non linear functions as OGs
certainly are. Indeed, There exists a similarity be-
tween OGs and images Fig. 1 and there exist some
approximation spaces that are useful for this kind
of signals called wavelet spaces [3].

We will now present a 1-dimensional wavelet decomposition using Mallat’s
algorithm [7]. Then we will present the wavelet notation and the Haar basis

we use.

2.1 Example of the Haar Wavelet Transform in 1D

We will now focus on 1-dimensional wavelet decomposition using Haar basis.
A 1D function p, which is regularly discretized over n points {zg, ...,z },

is seen as a vector [p(zo),. ..

,p(zn)] (Fig. 2).

One elementary step of the Haar wavelet transform (HWT) uses two neigh-
boring samples p(x;) and p(x;41) to generate a scale s; coefficient and a detail

coefficient d;:

Table 1. elementary step of direct and inverse Haar transform

‘Haar wavelet transform:|Haar inverse wavelet transform :‘

si=(p(z2:)+p(x2i11))/V2 p(w2i)=(si+d;)/V2
di=(p(w2;)—p(x2i41))/V2 p(z2i41)=(si—d;)/V2
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Fig. 2. left : mono-dimensional OG: an observer in the first cell views an obstacle in the
7th cell. Rigth : first iteration of a 1D Haar transform; scaled and detail coefficients are
grouped together. There is only one nonzero detail coefficient corresponding to the impacted
cell.

Except for a constant, the scale coeflicient is the average of the neigh-

boring samples and the detail coefficient is the difference between them. It is
clear that it exploits correlation for better encoding, because the more similar
p(xa;) and p(x9,11) are, the closer to zero d; is.
The principle of the HWT is to apply the HWT elementary step recursively
on the scale coefficients (Tab. 1, Fig. 2). The process can be stopped at ev-
ery iteration but the best encoding is obtained when there is only one scale
coefficient.

2.2 The Haar Wavelet Transform in 2D

It is straightforward to deduce HWT in 2 dimensions by alternating one step
of the 1d wavelet transform on raws ( Fig. 3(b) ) and then on columns ( Fig.

One step of the 2D HWT divides the space in 4 parts: the scale, raw
detail, column detail and diagonal detail spaces ( Fig. 3(c) ). Then one square
of 2 x 2 pixels in the original image produces 4 coefficients by one step of
the 2D HWT (Fig. 4). These coefficients are the weights of special functions,
called the Haar basis functions, in the Haar wavelet representation (Fig. 5).
Performing HWT is just iterating this step on the previous scalle space until
the size of the resulting scale space is one.

Wavelet notation

Here we consider the 2D Haar basis. It is built upon 2 types of basis functions:
the scale and detail functions.

e The scaling mother function is of unit value over the unit square:

&(x,y) =1 for (z,y) € [0,1]%, zero elsewhere
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(a) (b) (c)

Fig. 3. One step of the Haar wavelet transform in 2d. From the original image (a): first
(a): one 1d wavelet transform on each raw (b), then one 1d wavelet tranform on each column
(c). In the result: from up to bottom, left to right: there are the scale, raw detail, column
detail and diagonal detail spaces.

S = ’r' =
utvt+w+tazx u—vtw—x
ulv| Hwrap 2 2 rwrep-! [u = SEIebdfy, = s=riced
—_— —_—
w 1.| w = s+r;c—d T = s—r—c+d
c= d= 2
utv—w—=x u—v—w+4x
2 2

Fig. 4. 2D Haar wavelet transform and inverse transform: elementary step algorithm. The
direct and inverse transform are the same algorithm.

3.

e The three wavelet mother functions over the unit square

Fig. 5. These graphically-defined functions are +1 where white and -1 where black in the
unit square shown and implicitly zero outside that domain.

We define fche Haar basis at scale s as the union of the set of scaled
functions: {@*7|(i,j) € Z?} and the set of details functions: {¥ 7|l =
0,...,8;(i,7) € Z*}. Where :

P = 27 lp(27 e — 0,27y — j) (1)
Wi — 97lp(2 e — i, 27y — j) (2)

3 The type M take three values -01, 10 or 11- corresponding to one of the three mother
wavelets for horizontal, vertical and diagonal differencing.
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Each triplet (s,i,7) defines a wavelet square at scale s and offset (4, 7). The
scale s is just the number of steps in the HWT. Squares at scale s are disjoint
and have an area of 4'u where u is the area of a square at scale 0. We use the
term coarser to describe basis functions in square at higher scale and finer
for those at lower scale.

Thanks to the orthogonality of the Haar basis, the weight of a basis vector
function, e.g. % is formally given by the scalar product (noted <.|.>)
with the occupancy function:

<pley) |59 > = / P, )8 (2, y)derdy 3)

z,y€ER?

3 Occupancy Grids and Wavelets

We first present the bayesian definition of occupancy grids. As the purpose is
to build dynamic maps, we show how occupancy grids are updated. Then as
the wavelet framework is a vector space framework wich special constraints,
we show how to combine OGs and wavelets to perform updates in wavelet
space.

We will now introduce OGs as a statistical representation of the distri-
bution of obstacles over space (Fig.1). Each cell (z) corresponds to a binary
random variable (E,) whose value is either occupied (occ) or empty (emp)?.
Each cell is considered independent from all others, which makes it possible
to define the consequences of an observation for each specific cell. This leads
to efficient update computation, linear in the number of cells in the sensor
range.

3.1 Relation Between Sensor Measurement and Cell Occupancy

To build a robust modelisation, we use a statistical framework to capture mea-
surement uncertainty. Let Z be a random variable which takes values among
all possible sensor values. Let P(Z|E,) be the probability distribution over
Z knowing the occupancy state of cell z; P(Z|E,) is called the sensor model
(Fig. 6(a) for E, “occupied” and Fig. 6(b) for E, “empty”).

We define the joint distribution over Z and E, as P(Z, E,) = P(E,;)P(Z|E,).
For a new sensor measure z;, the Bayes rule gives:

ples|z) = % (4)

4 We use capital letters for random variables and normal case letters for their realisation.
We use the P capital letter for probability distributions and the p normal case letter for
probability values.
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(a) (b) (c)

Fig. 6. Sensor models with a laser-range finder located in (0,0) the sensor measures an
impact in (0, 10). (a) Sensor model for occupied cells, (b) Sensor model for empty cells, (c)
Log ratio of previous sensor models.

where the measurement probability is equal to a marginalisation term:

p(zt) = plocc)p(zt|oce) + p(emp)p(zt|emp) (5)

So from an occupancy state P(E,) at time ¢ : p;(ex), a new observation
gives a new occupancy state P(E,|[Z = z]). This process defines a bayesian
filter which can be indexed by time:

pe(es)p(2tles)

prri(er) = plex|zr) = 6
i) =) = 5 eaparlen) )
In a mapping process the robot gets a series of observations Z = {zg, 21, ..., 2}
Therefore p¢(e,) represents p(ez|zo,. .., 2z:—1) in the above equation. The pro-

cess is initialized with a prior for P;—o(F,), it could be the map obtained by
a previous mapping process or uniform distribution if the aera is unknown.
Thus Eq. 6 provides a general framework for updating a map each cell apart.

3.2 Logarithmic-Form for Occupancy Grid Updates

We will now link OGs to wavelets. We have seen that we can project a huge
representation of a function in a wavelet vector space in order to compress
it. However an occupancy update (Eq. 6) is not a linear operation. Thus, we
present now a well known logarithmic transformation which makes it possible
to perform the entire update operation with only sums. Since p;(occ) = 1 —
pt(emp), we can summarize p;(occ) and p;(emp) with only one number g¢;:

q: = pt(occ) /pi(emp) (7)

As can be seen®, p;(occ) and ps(emp) are easy to compute from g;.

5 gt

pt(oce) = 71— and pt(emp) = ﬁ
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This leads to the elimination of the marginalisation term in (6), so that
the time process appears to be:

p(z— 1locc p(zilocc)
Gt =—F—""= =qo 8
T plz 1|emp H p(zilemp) ()
where ¢;_1 was recursively evaluated.

Now, the products can be changed into sums by using a logarithm. Let
odds; = log(q:) then it leads to log-form expressions of the occupancy grid
updates:

t—1

) + oddsi—1 = oddsy + Z log(
i=0

p(z;|occ)

P(ze1]occ)
p(zilemp)

odds; = lo
' g(p(ztfllemp)

) (9)

n (9) log( M) is the observation term of the update; we note it
p(ze—1emp)

Obs(zt,l). odds;_1 is the a priori term so that the observation term corrects

it.

Thus, updating a WavOG comes down to adding the wavelet transform of

observation terms to the wavelet representation of the map.

(a) (b)

Fig. 7. mapping obtained by a single laser range-finder in OG and WavOG: (a) classical
OG, (b) the corresponding 3 first detail spaces of the WavOG.

4 Multi-resolution

The wavelet representation is a hierarchical one, and WavOGs are represented
from the coarser scales to the finer. So the coarse resolution information must
be interpreted in order to use multi-scale algorithms.
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Let us analyse the scaled coefficients of a WavOG. As we have seen in sec. 2,
it is given by a scalar product eq. (3). It is the integral of a product between
the log-form of the occupancy grid function and the scale basis function 452” ),
where s indexes the scale.

p(occ) (i) p(occ) (i)
1 —(z (59343 I (x = l 2)). P (z
< % Og(p(emp)( )0z P (2) > % Og(p(emp)( ). @7 ()
(4,9)
. P([Ey = occ])®:7 (@) s
=log(H (E. D ) = klog(q®) (10)

[1, p((Es = emp)) 2 @

In the case of the Haar wavelet basis (Eq. 2) P is constant over a square
S and zero elsewhere. Let k this constantS:

bty = h1og MlzcsE: = oxc)

s _ Hmesp([Ex = occ])
H;cgsp([E:c = emp))

let us define an aera of n cells: A = {cy, ..., c,}, then let us define 2 events:
e/ when all the cells in A are occupied and e°P*™ when all the cells in A
are empty. So the weight for the scaled function leads us immediately to the
probability of ef“! or e°P°™ when the system must make a choice between
those two possibilities:

) (11)

(12)

[1.cap([Ex = emp]) _ 1
HaceA p([E$ = OCC]) + cheA p([Em = emp]) 1+¢°

P(eopen ‘eopenvefull) —

and in a symetrical way, P(ef%!|ePen v efull) is obtained. So each resolution
of the map provides a continuous information about the occupancy of the map.

The pixel (7,4, s) in the scale space of a WavOG is proportional to the
mean over the square (4, §, s)” of the log-ratio occupancy values (Fig. 8).

5 Implementation

We have implemented a classical mapping process using a WavOG with
the Cycab. The Cycab is an autonomous robot devoted to urban transport
equiped with a laser range-finder : SICK LMS-291. In the mapping loop, there
is first a localisation step using a SLAM algorithm and a second step where
the map is updated from the current position using sensor values. We use the
classical SLAM algorithm [11] to get the absolute position.

6 with value: 27%.
7 The square has is up left corner at coordinate: (2%4,2°5) and has a side of 2° pixels.
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D Fd A el

(a) (b) () ()

Fig. 8. Scaled view of OG provided in WavOG representation (a) scale %: 192 x 128
pixels, s = 2. (b) scale 6—14: 96 x 64 pixels, s = 3. (c) scale ﬁ: 48 x 32 pixels, s = 4. (d)
1.

scale {557: 24 X 16 pixels, s = 5.

The laser range-finder has an 8-meter range. The side of the finer scale is
6.25c¢m then sizes double over 5 scales. Thus the side of the coarsest cells is 1
meter and so there still exist many coarser cells which appear totally open at
this scale.

We consider a square window which encloses the sensor view. We maintain
an area of this size as a buffer. As long as the laser impacts belong to this
window, the updates occur in this buffer. Then we apply a 2D Haar wavelet
transform to the buffer and add it to the WavOG. The buffer is flushed and
the process is repeated. Waiting for an entire sick scan at least before doing
the wavelet transform gives a large enough area to see regular fields appear.
So that the result of the wavelet transform is sparse and it is only necessary
to perform wavelet transforms at distant time intervals.

After experimental studies we set a compression threshold which is a com-
promise between data fitting and sparsity. i.e. after updating a wavelet detail
coefficient, if it is lower than this threshold, it is removed from the WavOG.

6 Results

As a validation of our method we compare the number of cells in a classical
occupancy grid with a WavOG (Fig. 9(a), Fig. 9(b)).

Fig. 9 shows the results obtained on the car park of INRIA. These exper-
imental results clearly shows that we have obtained a significant reduction of
the size of the model (about 80% relatively to the OG model), and that the in-
teresting details are still represented (such as the beacons represented by dark
dots in Fig. 9(c)). It should be noticed that the coarser model give a quite good
representation of the empty space (see Fig. 9(d)); this model could be used
for path planning, and refined when necessary using the wavelet model. In the
previous experiments, the map building has been done in real-time. This kind
of compression is however weaker than we expected, the reason seems to be du
to the logarithm use. Indeed the very weak probabilities which must appear to
be the same in human eye, are very different in logarithm space e.g. consider
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(c) (d)

Fig. 9. (a) classical occupancy grid : 393,126 cells. (b) wavelet occupancy grid : 78,742
cells. (c) reconstructed occupancy grid from the WavOG. (d) Semantics for the coarser
scaled of the WavOG.

the difference between 1071% and 107 is huge in log space whereas it is
negligible in a standard representation of probabilities. Then two conclusions
arise: one it is necessary to work with bounded probabilities, which make the
map reactive and easy to compress in wavelet space, two we must observe
homogeneously near area such as the duration of observation of a cell don’t
make a bias in the map representation and then in the map compression. So
in the development of this framework, we plan to study systematic methods
to achieve both of these tasks.

7 Conclusion and Future Works

This paper introduces the structure of wavelet occupancy grids (WavOGs)
as a tool for storing occupancy grids in a compact way. We have shown that
WavOGs provide a continuous semantics of occupancy through scaled spaces.
In accordance with the theoretical properties of wavelets, our experiments
have validated that WavOGs allow major memory gains. WavOG as a com-
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pact multi-scaled tool provides an efficient framework for the various algo-
rithms that use OGs such as robot navigation, spatio-temporal classification
or multiple target-tracking. In future works we plan to apply WavOGs to the
monitoring of urban traffic over large areas.
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Summary. In this paper, we present recent results with using range from radio
for mobile robot localization. In previous work we have shown how range readings
from radio tags placed in the environment can be used to localize a robot. We have
extended previous work to consider robustness. Specifically, we are interested in
the case where range readings are very noisy and available intermittently. Also, we
consider the case where the location of the radio tags is not known at all ahead of
time and must be solved for simultaneously along with the position of the moving
robot. We present results from a mobile robot that is equipped with GPS for ground
truth, operating over several km.

Keywords: SLAM, range-based localization, kalman filter, particle filter

1 Introduction

Many tasks for which robots are well suited require a high level of precision in
localization for the application to be successful. One solution to the problem
of localization in which environmental structure can’t be relied upon for use in
localization is to obtain absolute position via GPS. This approach is limited,
however, to environments in which a clear line of sight to GPS satellites orbit-
ing the earth, is available. Robots navigating inside buildings or underground
cannot receive GPS data, and in outdoor environments nearby structures and
even foliage can affect the quality of localization. Another common localiza-
tion technique is dead reckoning, in which the robot’s position is estimated
based on measurements of distance travelled and orientation taken from wheel
encoders and gyros. Since the dead reckoning position estimate degrades over
time, a robot must correct position error using landmarks detected by on-
board sensors. A problem that frequently arises in these cases is that of data
association: sensed data must be associated with the correct landmark, even
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© Springer-Verlag Berlin Heidelberg 2006
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though multiple landmarks may have similar features. Additionally, in many
settings it is not possible to guarantee line of sight to the landmarks.

The method of sensing we have been using involves low-cost, low-power,
radio frequency tags placed in the environment. Originally intended as a
means to track assets and people in an environment equipped with special RF
transponders, we invert the paradigm by fixing the tags in the environment
and moving a transponder with a robot. As the robot moves, the transponder
periodically sends out a query, and any tags within range respond by sending
a reply. The robot can then estimate the distance to each responding tag by
determining the time lapsed between sending the query and receiving the re-
sponse. The advantage of such a method is that it does not require line of sight
between tags and the mobile robot, making it useful in many environmental
conditions that fail optical methods. Note that, since each tag transmits a
unique ID number, distance readings are automatically associated with the
appropriate tags, so the data association problem is solved trivially.

We would like to send a mobile robot into an environment containing these
tags and have it navigate successfully while maintaining a reliable estimate of
its location at all times. In this paper, we examine issues of robustness that
result from noisy and infrequent range data. We also examine the issues of
SLAM in this environment by presenting results from experiments in which
the robot starts moving in the environment without apriori knowledge of the
location of the tags.

2 Related Work

Most landmark-based localization systems use sensors that measure relative
bearing or in some cases both range and bearing to distinct features in the
environment. In the case that the location of these landmarks is unknown,
the problem is more difficult and is generally known as Simulataneous Lo-
calization and Mapping (SLAM). Here we report on localization results with
a modality in which only range to landmarks (RF tags) is measured. Some
other researchers have used range to estimate position. In most cases, instead
of using range, signal strength from a known transmitter is used to produce
a “pseudorange” that is then used for triangulation. For instance, the Cricket
System [9] uses fixed ultrasound emitters and embedded receivers in the object
being located. Radio frequency signals are used to synchronize time measure-
ments and to reject multipath readings. The localization technique is based
on triangulation relative to the beacons. The RADAR system [1] uses 802.11b
wireless networking for localization. This system uses the signal strength of
each packet to localize a laptop. RADAR uses nearest neighbor heuristics to
achieve localization accuracy of about 3 meters. The SpotOn system [4], uses
radio signal attenuation to estimate distance between tags. The system local-
izes wireless devices relative to one another, rather than to fixed base stations,
allowing for ad-hoc localization. Note that GPS also works by triangulating
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ranges to multiple satellites. In some cases, GPS localization is augmented
with inertial measurement and/or dead reckoning. In almost all such systems,
GPS triangulation generally develops an estimate of position as well as un-
certainty that is merged with a position estimate from dead reckoning. Other
methods choose to train on patterns of signal strength to localize. For ex-
ample, Ladd et al propose a Bayesian formulation to localize based on signal
strength patterns from fixed receivers [8].

In contrast, we use a single filter to combine range measurements with
dead reckoning and inertial measurements. While the range measurements are
noisy and exhibit biases, we find that treatment by an extended Kalman filter
(necessary because the underlying system is non-linear) after preprocessing
to remove outliers and to remove systematic biases, suffices as long as the
estimate doesn’t get too far from the true state. This might happen if the
initial condition is too far from the true state or if the filter diverges due
to missing range data over an extended period of time.The Kalman filter
has the advantage that the representation of the distribution is compact; a
Gaussian distribution can be represented by a mean and a covariance matrix.
The robot’s pose estimation is maintained as a Gaussian distribution and
sensor data from dead reckoning and landmark observations is fused to obtain
a new position distribution.

Recent extensions of Kalman filtering allow for non-Gaussian, multimodal
probability distributions through multiple hypothesis tracking. The result is
a more versatile estimation technique that still preserves many of the compu-
tational advantages of the Kalman filter. Monte Carlo localization, or particle
filtering, provides a method of representing multimodal distributions for po-
sition estimation [2], [11], with the advantage that the computational require-
ments can be scaled. The main advantage of these methods is their ability to
comverge from a poor initial condition. We show how a particle filter is able to
recover from large offset errors that are large enough that the Kalman Filter
fails. Also, we extend previous work [5], [7] in SLAM by treating the case in
which the robot starts with no information about the location of the tags in
the environment.

3 Approach

Our current emphasis is robustness. We would like to explicitly treat the case
of noisy and missing range data in addition to requiring the robot to discover
the location of the landmarks on its own. We assume only that the robot has
some information about the accuracy of the range measurements as reported
previously [7]. Here we use range data that is significantly less frequent and
more noisy. For example, the range measurements can have a variance of upto
6 m and range measurements can be as spread out by as much as 15 seconds.

Below we discuss the use of particle filter as a method of being able to
recover from large estimation errors. While the particle filter has weaker per-
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formance than the Kalman filter when all is well, it shines when there is a
significant break in the range data or when there is a large initial offset. We
show the ability of the robot to locate the radio tags in the case that their
locations are not known ahead of time.

4 Localization

4.1 Localization with Kalman Filter
Formulation

We have formulated a Kalman Filter that estimates position given measure-
ments of odometry and heading change (from a gyro), and range measure-
ments. Odometry and gyro measurements are used in the state propagation
or the prediction step, while the range measurements are incorporated in the
correction step.

Process Model. If the robot state at time k is g = [k, Yk, Ok, Br, 7k, where
Tk, Yk, Ok are the robot’s position and orientation and Sy, 7 are the gyro
output scale-factor error and bias at time k. The dynamics of the wheeled
robot used in this experiment are well-modeled by the following set of non-
linear equations:

xg + A Dy, cos(6y)
Yr + ADy, sin(@k)
k1 = | Ok + (14 Br) DO,k + i | + v = fQk, ur) + v, (1)
Bk
Nk

where vy is a noise vector, A Dy, is the odometric distance traveled, and A6
is the orientation change. These dead reckoning measurements constitute the
control input vector u, = [ADk,AQk]T. When a new control input vector
u(k) = [ADy, A0g]T is received, the robot’s state is updated according to
the process model equation. Then we apply a standard Kalman filter, [7], to
propagate the covariance matrix with the extension from our previous work
to incorporate the gyro bias terms within the filter.

Measurement Model. The range measurement at time & is modeled by:

e =/ (xr — )% + (Y& — )2

T (2)
y(k) = | ADy| +w(k) = hlgrsr) + w(k)

Aby,

where, 7, is the range measurement received at time k and (x,yp) is the
location of the beacon from which a measurement was received. When a mea-
surement is obtained, using the measurement model, we compute the expected
range 1 to the beacon. Then the state can be updated using standard Kalman
filtering equations.
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Results

In order to evaluate the performance of the filter we turn to the two commonly
used error metrics, the Cross-Track Error (XTE) and the Along-Track Error
(ATE). The XTE accounts for the position error that is orthogonal to the
robot’s path (i.e. orthogonal to the true robot’s orientation), while the ATE
accounts for the tangential component of the position error. As part of our
error analysis of the path estimates, we observe the average of the absolute
values of the XTE and ATE for each point in the path, as well as the maximum
and standard deviation of these errors.

In the experiment illustrated here, the true initial robot position from GPS
was used as the initial estimate. Furthermore, the location of each tag was
known. Figure 1 shows the estimated path using the Kalman filter, along with
the GPS ground truth (with 2 cm accuracy) for comparison.

Path Estimate from Kalman Filter Localization
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Fig. 1. The path estimate from localization (red), ground truth (blue) and beacon
locations (*) are shown. The filter uses odometry and a gyro with range measure-
ments from the RF beacons to localize itself. The path begins at (0,0) and ends at
(33,0), travelling a total of 3.7 km and completing 11 identical loops, with the final
loop (0.343 km) shown above. (Note the axes are flipped). Numerical results are
given in Table 1.

Table 1. Cross-Track and Along-Track Errors for Kalman filter Localization esti-
mate for the entire data set using the Kalman Filter with gyro bias compensation.

\ XTE ATE
Mean Abs. | 0.3439 m | 0.3309 m
Max. 1.7634 m | 1.7350 m
Std. Dev.n | 0.3032 m | 0.2893 m
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Failure

Sensor Silence. An issue that requires attention while dealing with the
Kalman filter is that of extensive sensor silence. When the system encoun-
ters a long period during which no range measurements are received from the
beacons, it becomes heavily dependant on the odometry and its estimate di-
verges. Upon recovering from this period of sensor silence, the Kalman filter
is misled into settling at a diverged solution. The Figure 2 shows the failure
state of the Kalman filter when presented with a period of sensor silence. In
this experiment, all range measurements received prior to a certain time were
ignored so that the position estimate is derived through odometry alone. As
can be seen in the figure, when the range data starts once again, the Kalman
filter fails to converge to an accurate estimate.

Path Estimate from Kalman Filter Localization

; ‘ : ‘ Sensor Silence
80r — KF
Recovery from — GT
Sensor Silenc * beacons

X position (m)

s | )t

0 20 40 60 80 100
y position (m)
Fig. 2. The path estimate during the extended period of ”simulated” sensor silence
(cyan), Kalman filter’s recovery from the diverged solution (red), ground truth (blue)
and beacon locations are shown. (Note the axes are flipped). The filter is not able to

properly recover from the diverged solution resultant of the initial period of sensor
silence.

Although this is characteristic of all Kalman filters in general, this problem
is especially critical while dealing with range-only sensors. Due to the extra
level of ambiguity associated with each range measurement it becomes far
easier for the estimate to converge at an incorrect solution.

4.2 Localization with Particle Filter

As we see above, the Kalman filter can fail when the assumptions of linearity
can not be justified. In this case, it is useful to look at methods like Particle
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Filters that can converge without an initial estimate. Particle Filters are a way
of implementing multiple hypothesis tracking. Initially, the system starts with
a uniform distribution of particles which then cluster based on measurements.
As with the Kalman filter, we use the dead reckoning as a means of prediction
(by drifting all particles by the amount measured by the odometry and gyro
before a diffusion step to account for increased uncertainty). Correction comes
from resampling based on probability associated with each particle. Position
estimates are obtained from the centroid of the particle positions.

Formulation

The particle filter evaluated in this work estimates only position on the plane,
not vehicle orientation. Each “particle” is a point in the state space (in this
case the x, y plane) and represents a particular solution. The particle resam-
pling method used is as described by Isard and Blake [3]. Drift is applied
to all particles based on the displacement estimated by dead reckoning from
the state at the previous measurment. Diffusion is achieved by applying a
Gaussian distibuted displacement with a standard deviation of B m/s which
scales according to intersample interval. Given a range measurement r from
the beacon at location X, = (xp, yp) the probability for the i’th particle is

1 — (=X, —=X;)

P(r, Xp, X;) = e 202 + Py (3)

oV 2T

which has a maximum in a circle of radius r about the beacon with a radial
cross-section that is Gaussian. The minimum probability, Py, helps reduce
problems with particle extinction. ¢ is related to the variance in the received
range measurements.

It was found to be important to gate range measurements through a nor-
malized error and a range measurement band, [7]. In the event of a measure-
ment outside the range gate an open-loop update is performed, the particles
are displaced by the dead reckoning displacement without resampling or dif-
fusion.

The location of the vehicle is taken as the probability weighted mean of
all particles. There is no attempt made to cluster the particles so if there
are, for example, two distinct particle clusters the mean would lie between
them. Initially this estimate has a significantly different value to the vehicle’s
position but converges rapidly. Here we use 1000 particles, ¢ = 0.37, and
B =10.03.

Results

In the experiment illustrated here, the initial condition for the particles is
based on no prior information, the particles are distributed uniformly over a
large bounding rectangle that encloses all the beacons. The location of each
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tag was known apriori. Figure 3(a) contains the plot of the particle filter
estimated path, along with the GPS ground truth.

It should be noted that the particle filter is a stochastic estimation tool and
results vary from run to run using the same data. However it is consistently
reliable in estimating the vehicle’s location with no prior information.

Path Estimate from Particle Filter Localization
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Fig. 3. (a) The path estimate from localization using a Particle Filter (red), ground
truth (blue) and beacon locations (*) are shown. The filter uses the odometry and
a gyro with absolute measurements from the RF beacons to produce this path esti-
mate. The Particle Filter is not given any information regarding the initial location
of the robot, hence it begins its estimate with a particle cloud uniformly distributed
with a mean at (-3.6 m, -2.5 m). The final loop (0.343 km) of the data set is shown
here, where the Particle Filter converges to a solution. Numerical results are given in
Table 2. (b) The path estimate during the extended period of ”simulated” sensor si-
lence (cyan), Particle filter’s recovery from the diverged solution (red), ground truth
(blue) and beacon locations are shown. The filter easily recovers from the diverged
solution, exhibiting the true nature of the particle filter.

The next experiment addresses the problem of extensive sensor silence
discussed in Section 4.1. When the Particle filter is presented with the same
scenario that was given to the Kalman filter earlier we acquire the Figure
3(b). This figure reveals the ability of the Particle filter to recover from an
initially diverged estimate. It can be observed that although in most cases the
particle filter produces a locally non-stable solution (due to resampling of the
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Table 2. Cross-Track and Along-Track Errors for Particle filter Localization esti-
mate for the entire data set.

XTE ATE

Mean Abs. | 0.4053 m | 0.3623 m
Max. 1.6178 m | 1.8096 m

Std. Dev. | 0.2936 m | 0.2908 m

particles), its ablity to recover from a diverged solution makes it an effective
localization algorithm.

5 SLAM — Simultaneous Localization and Mapping

Here we deal with the case where the location of the radio tags is not known
ahead of time. We consider an online (Kalman Filter) formulation that esti-
mates the tag locations at the same time as estimating the robot position.

5.1 Formulation of Kalman Filter SLAM

The Kalman filter approach described in Section 4.1 can be reformulated for
the SLAM problem.

Process Model: In order to extend the formulation from the localization case
to perform SLAM, we need only to include position estimates of each beacon
in the state vector. So,

T
ak = [Tk Yk Ok To1 Yo1 - Ton Yon] (4)

where n is the number of initialized RF beacons at time k. The process used
to initialize the beacons is described later in this section.

Measurement Model: To perform SLAM with a range measurement from bea-
con b, located at (xp,ys), we modify the Jacobian H(k) (the measurement
matrix) to include partials corresponding to each beacon within the current
state vector. So,

H()_8h| _[on on on on on  oh o oh ok 5)
- an 9=q — | dxp, Oyr 90y Ozy1 Oyu1 " Oxp Oyp’ """ OTin OYin
where,

oh _ 0h _ . .

Bre = Dy =0, for ti# b,andl <1i < n.
Oh _ —(xp—xp)
Ozp V (@k—zp)2+(yk—yp)> (6)
dh —(yr—up)

Oz V(@e—z6)2+(ye—yp)?
Only the terms in H(k) directly related to the current range measurement
(i.e., the partials with respect to the robot pose and the position of the bea-
con giving the current measurement) are non-zero. To complete the SLAM
fomulation, P (the covariance matrix) is expanded to the correct dimention-
ality (i.e., 2n+3 square) when each new beacon is initialized.
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Beacon Initialization: For perfect measurements, determining position from
range information is a matter of simple geometry. Unfortunately, perfect mea-
surements are difficult to achieve in the real world. The measurements are con-
taminated by noise, and three range measurements rarely intersect exactly.
Furthermore, estimating the beacon location while estimating the robot’s lo-
cation introduces the further uncertainty associated with the robot location.

The approach that we employ, similar to the method proposed by Olson
et al [10], considers pairs of measurements. A pair of measurements is not
sufficient to constrain a beacon’s location to a point, since each pair can
provide up to two possible solutions. Each measurement pair “votes” for its
two solutions (and all its neighbors) within a two dimensional probability
grid to provide estimates of the beacon location. Ideally, solutions that are
near each other in the world, share the same cell within the grid. In order to
accomplish this requirement, the grid size is chosen such that it matches the
total uncertainty in the solution: range measurement uncertainty plus Kalman
filter estimate uncertainty. After all the votes have been cast, the cell with
the greatest number of votes contains (with high probability) the true beacon
location.

5.2 Results from Kalman Filter SLAM

In this experiment, the true initial robot position from GPS was used as an
initial estimate. There was also no initial information, about the beacons,
provided to the Kalman filter. Each beacon is initialized in an online method,
as described in Section 5.1. Performing SLAM with Kalman filter produces
a solution that is globally misaligned, primarily due to the dead reckoning
that had accumulated prior to the initilization of a few beacons. Since, until
the robot localizes a few beacons, it must rely on dead reckoning alone for
navigation. Although this might cause the Kalman filter estimate to settle
into an incorrect global solution, the relative structure of the path is still
maintained.

In order to properly evaluate the performance of SLAM with Kalman filter,
we must study the errors associated with the estimated path, after removing
any global translational/rotation offsets that had accumulated prior to the
initialization of a few beacons. Figure 4 shows the final 10% of the Kalman
filter path estimate after a simple affine transform is performed based on the
final positions of the beacons and their true positions. The plot also includes
the corresponding ground truth path, affine transformed versions of the final
beacon positions and the true beacon locations. Table 3 provides the XTE
and ATE for the path shown in Figure 4.

Several experiments were performed, in order to study the convergence
rate of SLAM with Kalman filter. The plot in Figure 5 displays the XTE and
its 1 sigma bounds for varying amounts of the data used to perform SLAM
(i.e., it shows the result of performing Localization after performing SLAM
on different amounts of the data to initialize the beacons).
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Tranformed Path from Kalman Filter SLAM
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Fig. 4. The path estimate from SLAM using a Kalman Filter (green), the corre-
sponding ground truth (blue), true beacon locations (black *) and Kalman Filter
estimated beacon locations (green dimond) are shown. (Note the axes are flipped).
A simple affine transform is performed on the final estimate beacon locations from
the Kalman Filter in order to re-align the misaligned global solution. The path
shown corresponds to the final loop (0.343 km) of the full data set after the affine
transform. Numerical results are given in Table 3.

Table 3. Cross-Track and Along-Track Errors for the final loop (0.343 km) of the
Data Set after the Affine Transform.

\ XTE ATE
Mean Abs. | 0.5564 m | 0.6342 m
Max. 1.3160 m | 1.3841 m
Std. Dev. | 0.3010 m | 0.2908 m

XTE for the last 10 percent of the dataset (After Affine Transform)
T
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Fig. 5. Kalman Filter Covergence Graph. Varying amount of data is used to perform
SLAM, after which the locations of the initialized beacons are fixed and simple
Kalman filter localization is perform on the remaining data. The plot above shows
the average absolute XTE and its 1 sigma bounds for various subsets of the data
used for SLAM.
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6 Summary

This paper has reported on extensions for increasing robustness in localization
using range from radio. We have examined the use of a particle filter for
recovering from large offsets in position that are possible in case of missing
or highly noisy data from radio beacons. We have also examined the case
of estimating the locations of the beacons when their location is not known
ahead of time. Since practical use would dictate a first stage in which the
locations of the beacons are mapped and then a second stage in which these
locations are used, we have presented an online method to locate the beacons.
The tags are localized well enough so that the localization error is equal to
the error in the case where the tag locations are known exactly in advance.
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Summary. In this paper we describe experiments with networks of robots and
sensors in support of search and rescue and first response operations. The system
we consider includes a network of Mica Mote sensors that can monitor temperature,
light, and the movement of the structure on which they rest. We also consider an
extension to chemical sensing in simulation only. An ATRV-Mini robot is extended
with a Mote sensor and a protocol that allows it to interact with the network. We
present algorithms and experiments for aggregating global maps in sensor space and
using these maps for navigation. The sensor experiments were performed outdoors
as part of a Search and Rescue exercise with practitioners in the field.

Keywords: Sensor network, search and rescue, robot navigation

1 Introduction

A network of robots and sensors consists of a collection of sensors distributed
over some area that form an ad-hoc network, and a collection of mobile robots
that can interact with the sensor network. Each sensor is equipped with some
limited memory and processing capabilities, multiple sensing modalities, and
communication capabilities. Sensor networks extend the sensing capabilities of
the robots and allow them to act in response to events outside their perception
range. Mobile robots extend sensor networks through their ability to bring new
sensors to designated locations and move across the sensor field for sensing,
data collection, and communication purposes. In this paper we explore this
synergy between robot and sensor networks in the context of search and rescue
applications.

We extend the mapping and navigation algorithms presented in [8] from
the case of a static sensor network to that of a mobile sensor network. In this
algorithm, the sensor network models the sensor readings in terms of “dan-
ger” levels sensed across its area and creates a global map in sensor space.

P. Corke and S. Sukkarieh (Eds.): Field and Service Robotics, STAR 25, pp. 243-254, 2006.
© Springer-Verlag Berlin Heidelberg 2006
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The regions that have sensor values above a certain threshold are represented
as danger. A protocol that combines the artificial potential field of the sen-
sors with a notion of “goal” location for a mobile node (perhaps to take a
high resolution picture) computes a path across the map that maintains the
safest distance from the danger areas. The focus of this paper is on particular
issues related to building systems of sensors and robots that are deployable
in realistic physical situations. We present sensor network mapping data from
our participation in a search and rescue exercise at Lakehurst, NJ. We then
show how these kinds of maps can be used for navigation in two settings: (1)
in a simulated scenario involving chemical spills and (2) in a physical scenario
implemented on Mica Motes [3] that sense light and guide an ATRV-Mini
robot.

2 Related Work

This work builds on our research agenda for providing computational tools
for situational awareness and “googling” for physical information for first re-
sponders [5]. We are inspired by previous work in sensor networks [2] and
robotics [6]. [7] proposes a robot motion planner that rasterizes configuration
space obstacles into a series of bitmap slices, and then uses dynamic program-
ming to compute the distance from each point to the goal and the paths in
this space—this is the inspiration for our distributed algorithm. This method
guarantees that the robot finds the best path to the goal. [4] discusses the use
of an artificial potential field for robot motion planning. The concept of using
a sensor network to generate a potential field of sensed “danger” and then
using this information to generate a path of minimum danger from a start
location to a goal location was proposed in [8]. In this paper, the proximity
to danger is based on the number of hops from nodes which broadcast dan-
ger messages, and the total danger is the summation of the danger potentials
from all nodes which sense danger. Then, given start and goal node locations,
it is possible for the network to direct the motion of the agent from node to
node along a path which minimizes the exposure of the agent to danger. In a
related work, [1] addresses coverage and exploration of an unknown dynamic
environment using a mobile robot and beacons.

3 Guiding Algorithm

To support guidance, the sensor network computes an adaptive map in per-
ception space. The map is used by mobile nodes to compute safe paths to goal
locations. The goals may be marked by a user or computed internally by the
network. The map is built from locally sensed data and is represented globally
as a gradient starting at the nodes that trigger sensor values denoting danger,
using the artificial potential protocol described in [8]. Given such a map, we
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Algorithm 1 Algorithm for following a path to the goal node.
: Goalld = 19
Queryld = NONE
NextNode.Id = NONE
NextNode.Potential = POTENTIAL_.MAX
NextNode.Position = (0,0)
Error = RobotSynchronize()
while !Error AND (NextNode.Id != Goalld) do
if Queryld == NONE then
9: Address = TOS_BCAST_ADDR {send query to all nodes}
10:  else
11: Address = Queryld {send query to the next node on the goal path}
12:  NextNode.Id = NONE {set this to detect 0 responses}
13:  NodeQuery(Address, Goalld) {send the query}
14:  for all Node query responses, R; do

15: if (R;.Potential < NextNode.Potential) OR ((R;.Potential ==
NextNode.Potential) AND (R;.Hops < NextNode.Hops)) then

16: NextNode.Id = R;.Id

17: NextNode.Potential = R;.Potential

18: NextNode.Hops = R;.Hops

19: NextNode.Priorld = R;.Priorld

20: NextNode.Position = R;.Position

21:  if (NextNode.Id == NONE) OR ((Queryld != NONE) AND
(NextNode.Id != Queryld)) then

22: Queryld = NONE {no valid response, go back to broadcast}

23:  else

24: Queryld = NextNode.Priorld {Priorld is the next node on the goal path}
25: Error = RobotMove(NextNode.Position) {move to position of best R;}

modify the algorithm in [8] to compute safe navigation paths as shown in
Algorithm 1.

Once a path query message is sent, the replies are processed to select the
best path available. This is done by selecting the response with the lowest
danger potential. If two or more replies with the minimum danger potential
are received, the reply with the minimum number of hops to the goal is used
to select the path.

4 Sensor Experiments

4.1 Search and Rescue Experiments

Experiments were conducted on February 11, 2005 at the Lakehurst Naval
Air Base, NJ as part of the New Jersey Task Force 1 search and rescue train-
ing exercise. The purpose of the experiments was to validate the utility of
sensor networks for mapping, to characterize the ambient conditions of a typ-
ical environment for search and rescue missions. 34 Mica Motes with light,
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temperature, and acceleration sensors were manually placed on a large pile of
rubble which is used to simulate the environment of destroyed buildings. The
rubble consists mostly of concrete with embedded rebar or steel cable, though
various destroyed appliances and scraps of sheet metal are also constituent el-
ements. In this experiment, node locations were given to the Motes via radio
messages after deployment.

The sensors were in place by 11:15am and gathered data until 12:45pm.
The sensor data was stored on each Mote and downloaded at a later time.
The day was cold (below freezing at the start of tests), clear and sunny, and
very windy. The sensors were placed at approximately 1.2 meter intervals to
form a 6x6 meter grid. People and robots were traversing the rubble while
readings were taken. The particular section of rubble where the sensors were
placed can be seen in Fig. 1.

Fig. 1. Wide angle view of sensors placed on rubble. Most of the sensors are behind
outcroppings and hence are not visible. The circles show the locations of a few of
the sensors.

To protect them from dust and weather, the sensors were placed in ziploc
freezer bags. All had fresh batteries and were placed so the light sensor was
generally pointing up, though most of the sensors were not on level surfaces.
After about 35 minutes, sensor 23 blew off its concrete perch and fell down
a two meter hole. This event is discernable in the graphs that follow. The
strong winds also rearranged some of the sensors during the course of the
experiment. Four sensors failed, most likely due to temperature extremes,
and hence produced no data.

Sensor Radio Connectivity

The connectivity between the sensors was measured by each sensor sending
and acknowledging 20 ping messages. The results are shown in Fig. 2 (left).
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Fig. 2. Connectivity and acceleration data for sensors placed on rubble. The left
image shows connectivity between sensors in the rubble field. The relative thickness
of the lines indicates the connection strength. Those sensors near the top of the
rubble pile had poor connectivity. The right images show X-axis (top) and Y-axis
(bottom) acceleration data for Sensor A, shown in Fig. 1 as the leftmost black circle.

While the lower laying sensors, which were mostly on flat slabs of concrete,
had reasonable connectivity, the sensors embedded in the more diverse rub-
ble higher in the pile had poor connectivity. In previous experiments we have
found that we get fair connectivity with a distance of two meters between sen-
sors lying on earth. Even with the shorter distance we used between sensors
here (1.2 meters) the metal in the environment has reduced connectivity dra-
matically. The three dimensional nature of the sensor deployment is also likely
to have had an effect, since the antennas of the sensors are not on the same
plane, and have varying orientations. The antennas have a toroidally-shaped
reception pattern with poor connectivity along the axis of the antenna.

Light Sensing

Fig. 3 shows a two dimensional light intensity map at three different times
during the experiment. The map is bilinearly interpolated from the sensed
light values, with the nearest two sensors contributing to the points in the
map between them. Because the light sensors were pointed at the sky and
it was a bright day, they saturated at their maximum value for most of the
test, even if they were in shadow, although near the end of the test shadows
from the moving sun brought some of the sensors out of saturation. The light
reading for sensor 23 goes down after it falls into a hole. Later, light again
reached the sensor from another angle. Other sensors experienced some brief
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changes in intensity due to the shadows of people walking by. The shadows
from the rubble and the wind causing sensors to shift account for the rest of
the changes.
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Fig. 3. Sensed light intensity map at times of 35, 55, and 90 minutes.

Temperature Sensing

Fig. 4 shows a two dimensional temperature map at three different times
during the experiment. The temperature varied dramatically over time and
based on sensor location. The Motes got quite warm (40C, 105F), which is
surprising since the day was cold and there was a strong wind blowing, though
the day warmed up gradually. The Motes were in plastic bags and the black
plastic of the battery holder and the black heat sensor itself were exposed
directly to sunlight. The bags acted as insulators from the cold, holding warm
air inside and the sunlight on the black plastic heated the air in the bags. The
black heat sensors themselves were also heated to higher than surrounding
temperature by the sun. This is quite interesting since it shows that a sensor
in an environment isn’t necessarily sensing that environment. It needs some
direct connection to the outside world, or else it is only sensing it’s own
microclimate.

Mote 23 fell into a hole at about 35 minutes and cools down slowly (when
viewing the complete data set). The sensors near the base of the rubble and
on the peak of the rubble were mostly laying exposed on flat surfaces. The
in-between sensors were in amongst jumbled rubble and recorded cooler tem-
peratures. The sensors most exposed to the sun became the warmest. The
changes in temperature were caused by the sun warming the air as it rose
higher, the shifting of shadows in the rubble, and sensors being shifted by the
wind.

Acceleration Sensing

In addition to the light and temperature sensors, three acceleration sensors
were deployed. The sensing element was an Analog Devices ADXL202E, 2-
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axis device, capable of measurements down to 2 milli-gs, with a +/-2¢ range.
Due to a higher data rate, we were only able to record about a half hour of
readings.

Temperature Map at T=5 Minutes Temperature Map at T=25 Minutes Temperature Map at T=65 Minutes Degrees G
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Fig. 4. Sensed temperature map at times of 5, 25, and 65 minutes.

Fig. 2 (right) shows the readings from the sensor laying on the ground, The
readings at the start of each graph show the sensors being placed in position.
Sensor A was picked up and then replaced by a task force member halfway
through the experiment. It apparently slowly tipped over during the course
of the next four minutes. The other large shifts in the readings are due to
wind blowing the plastic bags the sensors were in. We have collected similar
data from several other sensors placed on loose rubble at various points up
the rubble pile.

Between wind, weather, shifting rubble, people moving about, lighting and
temperature changes due to the motion of the sun, local variations in line of
sight, and the jumbling of the radio environment by sheet metal and rebar,
this is clearly a challenging environment for wireless sensing applications.

4.2 Chemical Sensing Experiment

In many first response calls the presence of deadly, invisible chemicals is first
noticed when people start coughing or falling ill. Even after the presence of
a gas has been verified, unless it is visible it is difficult to avoid exposure
due to air motion. Chemical sensing networks can provide a first warning of
nearby toxins, and more importantly, can tell us where they are, where they
are moving towards, and how to avoid them.

As part of ongoing work in medical and environmental sensors for first
responders, we devised a simulated air crash scenario that involves a chem-
ical leak. The crash throws some debris into a nearby farmers field where a
tank of anhydrous ammonia used as fertilizer is present on a trailer attached
to a tractor. Anhydrous ammonia, when released into the atmosphere, is a
clear colorless gas, which remains near the ground and drifts with the wind.
It attacks the lungs and breathing passages and is highly corrosive, causing
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damage even in relatively small concentrations. It can be detected with an
appropriate sensor such as the Figaro TGS 826 Ammonia sensor. We ran ex-
periments designed to map the presence of an ammonia cloud and guide a
first responder to safety along the path of least chemical concentration. The
sensors were Mica Motes, programmed with the same potential field guidance
algorithm described above in Section 3. Light sensors on the Motes were used
instead of ammonia sensors, due to the difficulty of working with ammonia
gas.

The sensors were programmed with locations arranged in a grid with 50
feet between sensors. The experiment was carried out on a tabletop with the
RF transmission range of the sensors reduced to match a physically larger
deployment. Radio messages between sensors were limited by software to one
hop, using the known locations of the sensors, to reduce message collisions.
Potential field messages were repeated five times to ensure their propagation.
The computed field values were read from the sensors every four seconds to
update a command and control map display. It took 10 to 15 seconds for the
potential field to propagate each new event and stabilize. Chemical detections
were triggered at sensors 9, 20, and 32.
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Fig. 5. (Left) Potential field danger map computed by sensors in response to the
simulated presence of a chemical agent. (Right) Safest path computed for a trapped
first responder by the sensor field.

Fig. 5 (Left) shows a danger map computed by a 38 sensor field after the
ammonia has been detected. The danger in the areas between the sensors is
computed using a bilinear interpolation of the stored potential field values
from the nearest two sensors to each point on the map.

After the ammonia has moved into the locale of the field operations, a first
responder located in the lower left corner (the 4+ symbol there) needs guidance
to safely find a way to the operations base (the + symbol in the upper right
corner.) The guidance algorithm uses the potential field to compute all safest
directions from one sensor to the next, and then computes the overall safest



Experiments with Robots and Sensor Networks 251

and most direct path for the first responder to follow, which minimizes the
exposure to the chemical agent. Fig. 5 (Right) shows the safest path computed
by the sensor field.

Such a system can not be relied on by itself for guiding people through
danger. This is due in part to the presence of obstacles which the sensors
know nothing about, such as fences, bodies of water, vehicles, etc. In addition,
the commander on the scene may have additional knowledge which overrides
the path chosen by the sensors (e.g., if there’s a tank of jet fuel which is
overheating along part of the path, it may be best to try a different way,
even if the chemical haze is thicker.) Thus, although the sensors guidance
computations can not be the sole source for guidance, they can be a very
useful addition to the knowledge which the commander and responders in the
field use to choose a way to safety.

4.3 Robot Navigation Experiment

We implemented the algorithm used for the simulations in Fig. 5 and the
algorithm for safe path following, Algorithm 1, on a system of physical robots
and sensors. In our implementation we have a notion of “obstacle” or “danger”
much like in the chemical spread simulation. The values for danger could come
from any of the sensors deployed and tested as described above.

Experimental Setup

Our experimental setup consists of a network of Mica Motes suspended above
the ground and an iRobot ATRV-Mini robot being guided through the network
space. The network space was above a paved area surrounded by grass. The
goal was to guide the robot from a start location to a goal location along a
curved path, while avoiding any grassy area which corresponds to “danger”.

Network

The network is comprised of 18 Mica Motes attached to a rope net suspended
above the ground (see Fig. 6). Motes were attached at the rope crossing points,
spaced 2 meters apart. Deploying nodes above ground level improves radio
performance and prevents damage from the robot wheels. Although the use
of a net is not representative of a typical real-world deployment, it allowed
research to proceed without fabricating protective enclosures for the Motes
and it does not invalidate the algorithmic component of the work.

In our implementation, the location of the nodes in the network is known a
priori, since the Mica Motes are not capable of self-localization without extra
hardware. When the robot communicates with the next node on the path to
the goal, the node passes its location to the robot. The robot then uses its
compass and odometry to move to the node location.
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Fig. 6. The network configuration for the guided navigation experiments. 18 Mica
Motes are located at the junctions of the ropes, indicated by the ID numbers. Nodes
10, 11, 12, and 18 broadcast “danger” messages, and node 19 is the goal. Node
number 1 is on the robot, communicating with the network and guiding the robot.
The robot is shown in the starting position for the experiments.

The presence of “danger” was detected by uncovering the light sensor on
the Mica Mote sensor board. This would cause the node to broadcast five
separate danger messages, which would then flood the network due to each
receiver relaying the messages to its neighbors. Multiple messages were used
as a means of determining “reliable” communication links—if the number
of received danger messages is above a threshold based on the number of
expected danger messages, then the link is determined to be reliable, and
is therefore suitable to be on a guiding path [8]. In the experimental setup
shown in Fig. 6, nodes 10, 11, 12, and 18 sensed danger, equivalent to being
over grass in this case. The goal node was number 19, and the robot starting
position is shown in Fig. 6. For these condition, the optimal path consists of
nodes 2, 3, 4, 9, 13, 16, 19.

The robot used in our experiments is an iRobot ATRV-Mini with a four-
wheel skid-steer drive. It is equipped with an internal computer running Linux,
as well as odometry, sonar, compass, and GPS sensors. For our experiments,
the sonar sensors were only used to avoid collisions by stopping the robot if
any sensor detected an object with 25cm of the robot. The GPS sensor was
not used in our experiments, since its resolution was inadequate for the size
of the network. Odometry was used to measure forward motion of the robot,
and the compass was used to turn the robot to a new heading.

The interface to the network is by means of an onboard Mote connected
to the robot by a serial cable. In fact, the onboard Mote is in command of the
system and the ATRV-Mini is merely a locomotion slave. The path algorithm
described in Section 3 is run on the Mote, which sends motion commands to
the robot and receives acknowledgements after the move is completed.
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Experimental Results

Experiments were performed with the setup shown in Fig. 6. A sequence of
snapshots of an experimental run is shown in Fig. 7. Initial experiments were
hampered by poor compass performance on the ATRV-Mini robot, due to
the compass being mounted too close to the drive motors. Despite turning
the robot drive motors off to minimize the compass deflection the compass
heading was not precise, due to the large amount of steel in the adjacent
building and buried electrical cables. The result is some additional deviation
from the path node positions as shown in Fig. 7.

Fig. 7. Six snapshots of a guided navigation experiment. The Mica Motes are located
as shown in Fig. 6. The optimal node sequence is 2, 3, 4, 9, 13, 16, 19. Because the
viewing angle is not directly from above and there is some distortion in the net, the
robot does not line up exactly with the node locations.

Despite the difficulties with the compass, the navigation was successfully
performed many times. Although the final location of the robot is offset from
node 19, the robot did follow the path of minimum danger and avoided the
danger areas while being guided by the sensor network. We plan to conduct
further experiments to get better statistics on the precision of this navigation
algorithm.

Discussion

This implementation demonstrated robot guidance by a sensor network. The
sensor network is very effective at computing useful global maps in perception
space. However, the precision of the navigation system is greatly dependent
on the robot hardware. Navigation by compass can be problematic if environ-
mental factors such as electrical cables and steel structures exist. Although it
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is possible to compensate for these effects in a known environment, a search
and rescue scenario may not permit elaborate offline calibration.

Another option would be to use a directional antenna in place of (or in
addition to) the compass. The standard Mica Mote antenna is omnidirectional,
but using a directional antenna would allow the robot to determine a bearing
to the next node in the goal path. This technique, coupled with the use of
radio signal strength (RSSI) to determine the proximity of the robot to a
node would make network localization optional, since the robot could directly
sense its proximity to a node.? Since localization is sometimes not possible in
a sensor network due to the cost of additional hardware such as GPS sensors
or acoustic transducers like those on the MIT Crickets, enabling the robot
to move through a non-localized network is a useful feature. It is also cost
effective since adding extra hardware to a small number of robots is less costly
than adding localization hardware to all the nodes in a large sensor network.
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Summary. This paper presents a data-fusion and interpretation system for op-
eration of an Autonomous Ground Vehicle (AGV) in outdoor environments. It is
a practical implementation of a new model for machine perception and reasoning,
which has its true utility in its applicability to increasingly unstructured environ-
ments. This model provides a cohesive, sensor-centric and probabilistic summary
of the available sensory data and uses this richly descriptive data to enable robust
interpretation of a scene. A general model is described and the development of a
specific instance of it is described in detail. Preliminary results demonstrate the
utility of the approach in very large, unstructured, outdoor environments.

1 Introduction

The robust interpretation of sensory data represents a critical problem in
the development of autonomous systems in a wide range of application ar-
eas, particularly those involving natural or unstructured environments. At its
most fundamental level perception involves using sensory information to eval-
uate a series of decisions; understanding how various sensors interact with the
surroundings; capturing and interpreting cues including location, geometry,
texture, colour and other perceptual properties; and combining and manip-
ulating the available information to improve the robustness of the processes.
It is known that as the complexity of an environment increases, the level of
informational abstraction required to support a given task also rises and this
method aims to directly address this issue.

This paper introduces a new general model for the perception problem
and highlights its efficacy through the application to the specific problem of
terrain-based navigation and control of an autonomous ground vehicle (AGV).
Both the practical development of the vehicle and the supporting data ma-
nipulation systems will be discussed in detail.

The proposed model is shown in Figure 1. The model has three significant
characterisitics:

P. Corke and S. Sukkarieh (Eds.): Field and Service Robotics, STAR 25, pp. 257-268, 2006.
© Springer-Verlag Berlin Heidelberg 2006



258

R. Grover et al.

{  Likelihood
Generator

| Likelihood L
Generator

Liihood

aia 4 Likelihood g

Fig. 1. A schematic view of the proposed perception model highlighting the three
main characteristics: a sensor-centric information summary; explicit use of likelihood
models; and delayed, application-specific interpretative stages.

The data is modelled in a sensor centric manner, representing the per-
ceptual information in terms of the observed sensory responses. Separate
stimuli are described and quantified as separate degrees of freedom in a
high-dimensional “sensor space” which captures, in a single structure, the
data from all available sensors. No attempt is made, at this stage, to infer
the existence of important characteristics or features. The sensory data
itself is treated as the best available model of the external world.
Uncertainty and ambiguity in sensing is captured in a probabilistic form
as a likelihood function. The explicit use of a probabilistic model allows
operations of temporal propagation of data and temporal fusion of infor-
mation to occur through the use of the Chapman-Kolmogorov and Bayes
equations respectively. The actual form used to encode these likelihoods is
an important computational issue and many different techniques are ap-
propriate under different circumstances, including: sets of particles, kernel
approximations and functional representations.

The tasks of perception and reasoning are interpreted as processes which
abstract or compress the stored information. In this context, we focus on
re-interpretation of the data for the purpose of increasing the contrast in
the data relevant to some specific task. It is shown that entropy measures
can be used to explicitly estimate the changes to the information content
as a result of this process.

What distinguishes this approach to machine perception is this emphasis

on processing data in its ‘raw’ sensory form and delaying any interpretative
tasks until the time and place where they are required to achieve some goal.
This is motivated by the belief that the sensory stimuli themselves represent
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a robust, appropriate, and the most complete, summary of the available data.
Sections 2 and 3 introduce the general problem of machine perception and
reasoning and derive the general form of the solution as described in the pre-
sented model. Section 4.1 introduces the AGV system for which the practical
implementation is designed and develops the requirements and characteristics
necessary for successful operation. The specific instantiation of the general
approaches of section 2 and 3 for this application is described in section 4.3.
While the results and methods presented here are preliminary, ongoing work
will be described which demonstrates that this approach is an effective imple-
mentation for the multi-sensor perception problem.

2 Modelling Unstructured Environments

This section introduces the data gathering task; outlines the justification for
the utilisation of the model presented in this work; describes general methods
for data manipulation, management and representation; and once the common
repository of data is developed, the process of re-interpreting the data to aid
task-specific processing is examined. Section 4 derives a specific example of
this approach adapted to the AGV problem.

Assume that the sensor-centric representation amounts to estimating the
value of m distinct properties over a physical space of dimension n. Each
of the individual sensory cues would represent a separate property in this
arrangement. This forms a (rank-zero) tensor field over a physical space, which
is equivalent to a feature space of (m +n) dimensions except that it explicitly
invokes the spatial correspondences between properties. Let the vector y, an
arbitrary vector in R”, represent a particular location in the physical space
and let the tensor function x(y) yield the values of the m properties at that
location for the k*" time step.

Real sensors yield a measurement of [ properties over the same n-dimensional
space. These will be different to the properties to be estimated and will, for
any particular sensor, correspond to a subset of the estimated properties. For
example, a radar measures return intensities which infer the reflectivity at the
radar wavelength. Let the tensor function z(y) € R’ represent the &*" obser-
vation. Denote by Z* the sequence of k observations {z,(y), z2(y), ..., zx(y)}.

The goal of the framework is to determine an appropriate estimate of the
function, that is, X3 (y) given Z*. In order to maintain this estimate, we use
Bayes’ rule to re-arrange the sensor model to yield

p(xk(y)|Z*) (1)

where Z* = {z1(y),z2(y),-..,2(y)}, which is equivalent to the ‘standard’
formulation of the Bayesian problem, except that explicitly encodes the spatial
dependencies of the components in the form of the tensor functions. It is
possible to transform the state function x;(y) from the spatial frame into
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a function space with an appropriately defined basis set. A general form of
this approach is the Kernel decompositions, where the function is treated as
a linear summation of a known set of basis functions. In the sense of these
kernel approximations, the functions can be re-written as

xily) = YK (y,0) @)
z(y) = D_Kj(y.a5") (3)

where ¢,j € Z are summation indices; the kernels K7 and K% represent the
i and j* functions in the basis sets for each of the equations; and the « are
the parameters (including a mixture co-efficient) which define the i** and ;"
state and observation kernel function respectively.

Now, given that knowledge of the o;* and a* uniquely defines the func-
tions xx(y) and zx(y), then the estimation of these functions can be considered
as the equivalent problem of estimating these parameters. Thus, we can write
the equivalent of equation 1 as

p(a®™|A*)  where A*={a a*,. .. o)} (4)

In order to make this problem tractable, however, it is necessary to select
an appropriate kernel basis such that the number of parameters required to
yield an acceptable approximation is finite. There are many such approxima-
tions, including: truncated Fourier series, truncated Wavelet decompositions
and Gaussian mixture models, where we can limit the required number of
Gaussians a priori. If the number of mixture components is N and M for the
state and observation mixtures respectively, then we can rewrite this as,

p(a®|A*) where AF ={a® o™, ... o} (5)
and o® e RV, o* e RM

3 Reasoning/Data Condensation

In this section an alternative model of the feature extraction process is pre-
sented, one which is based on the underlying assumption that the vast array
of accepted methods all share common features and should, therefore, be de-
scribable as subsets of a more general approach. In this approach reasoning
is treated as an abstraction (or condensing) process in that it reduces the
amount of data during the operation. The overall goal of any feature extrac-
tion algorithm is to determine which subset of the sensory data best enables
the identification of features, so that the system may achieve its desired goals.
In this approach, consider the salient characteristics of the combined sensory
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representation as ‘feature descriptors’ and therefore the basis for the identifica-
tion and description of features. That is, the goal of the interpretative process
is to determine firstly the aspects of the data which support the identification
of the elements within it which, in turn, enable some decision process to be
evaluated. We will refer to these tasks as feature promotion and extraction
respectively. The overall scheme is shown in figure 2. It is beyond the scope
of this paper to develop this feature-extraction process fully and a thorough
treatment will be available in a forthcoming paper.

) HDXUWH3RP RURQ

) HDUH ([ WEFURQ

Sy T N

Fig. 2. Feature extraction block- Fig. 3. The Argo vehicle at a recent field
diagram showing promotion and extrac- trial
tion phases in grey

The first stage of this algorithm (incorporating the ‘generalised convolu-
tion” and ‘model’” blocks) involves promoting relevant characteristics of the
data with respect to the background. As an example, a system which relies
on the reliable detection of edges in a visual field will utilise an appropriate
methodology depending on the types of edges which are of greatest impor-
tance. Fundamentally, this is a contrast enhancing operation and involves the
application of biases to the data, treating parts as either significant or noise.
Mathematically, these biases can be conveniently encoded as functions and
combined with the data, such that the output of the operation as a set of new
measures (one for each model function) which locate the data in a new space.
This is an explicit re-interpretation of the raw data for a specific purpose.

The final stage of the approach involves isolating and identifying the parts
of the signal which are identified by these characteristics as distinct from
background noise. As the previous stage is a generalised contrast enhancing
operation, this step involves a general extension of a thresholding operation.
The existence of a meaningful threshold as a feature criteria is implicit in most
feature extraction algorithms, consider support vector machines (SVMs) [1]
where the nonlinear process is used to generate a hyperplane classifier; or the
scale-invariant keypoints of [2] where keypoints are selected at the scale-space
extrema in an image space.
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4 Practical Implementation

While sections 2 and 3 have introduced generalised approaches to the problem,
this section describes the application of this approach to a specific application
of the navigation and control of an Autonomous Ground Vehicle.

4.1 The ARGO Project

Consider the mapping of this approach to the autonomous ground vehicle
(AGV) shown in figure 3. The vehicle subsystems have been developed with
emphasis on two main goals: to ensure reliable operation over extended periods
(greater than 24 hours continuous) and to provide a modular, scalable test
platform for deployment of technologies resulting from research programmes.
The vehicle has already been demonstrated to operate reliably for longer than
8 hours and has performed autonomous path-following over distances in excess
of 7.5km and up to 2.5km between individual waypoints. The deployment
arena is unstructured, expansive outdoor environments including desert, rural
farmland and wooded areas.

4.2 Reasoning Tasks and Sensing Requirements

Reliable long-term navigation and control for this vehicle under mission sce-
narios including continuous day/night transitions, all-weather operation and
with speeds of up to 9ms™! requires a minimum set of capabilities. Most im-
portantly the vehicle must be capable of reliable navigation under all design
conditions. There are two obvious candidates: GPS/INS systems [3] and an
implementation of the SLAM algorithm [4]. It has been shown, however, that
reliability and fault detectability considerations suggest that neither system is
suitable in isolation, however an appropriate combination can be developed.
Recent results from the DARPA Grand Challenge [5] have demonstrated the
effects of undetectable faults in the navigation systems.

Determining the desired path based on available information is also critical
for developing a truly autonomous platform. A reliable and efficient planner
will necessarily interpret sensory data with respect to a vehicle specific model.
In addition to estimating the local surface geometry, characteristics such as
ground type (gravel, grass, tarmac, etc.) and condition will be required. Fur-
thermore, the traversability of different regions must be estimated at a larger
scale; identifying lakes, salt-pans, rivers, cliffs and known fence-lines among
the necessary tasks. Even with reliable navigation and a global plan, it is well
known that local variations will prohibit blind path-following. This suggests
that a vehicle will require the ability to detect and respond to obstructions
(both volumetrically positive and negative) in order to modify the trajectory
appropriately.

Candidate sensing modalities for these reasoning capabilities include vehicle-
based GPS/INS system, near-field laser and radar scanners, and augmented
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Fig. 4. High-level view of simple implementation of proposed approach to an Au-
tonomous Ground Vehicle (AGV).

and non-augmented cameras for navigation and near-field sensing. Efficient
global planning suggests the utilisation of satellite (or aerial) height data,
visible and hyper-spectral imagery and surveyed meta-data (fence-lines, way-
points, beacons etc.). This method is advocated as each of these separate
reasoning tasks are dependent on different subsets of the same sensory data.
For example, geometry will depend on the direct measurement of the radar
and laser reflectivities of the environment but robust feature association for
navigation may require some highly abstracted combination of all the sensors.
Finally, the system is able to handle asynchronous data gathering, providing
the most complete available data at any point in time and is readily exten-
sible to scenarios with multiple heterogeneous platforms. Figure 4 shows a
customised version of Figure 1 with these sensors and reasoning capabilities
shown.

4.3 The ‘International Rescue’ Project

In this section we introduce a practical implementation (known internally as
the ‘International Rescue’ project) which enables the system of figure 4 to be
constructed. This implementation provides for a common repository of sen-
sory knowledge and allows simultaneous access to that repository for adding,
changing and accessing the data. Fundamentally, the particular selection of the
information to model and the operational representation for the manipulation
of that data are intimately linked to the computational efficiency provided.
Here we consider first an implementation used to demonstrate the applicabil-
ity of this method, using a single sensor in an expansive outdoor environment.
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Fig. 5. Outdoor scanning terrain imag- Fig. 6. The network structure used in
ing millimeter-wave radar unit the International Rescue Project.

The first implementation used a millimeter-wave imaging radar unit de-
veloped for outdoor unstructured environments and is shown in figure 5. The
location and orientation of the scanner is obtained using high-accuracy GPS
measurements throughout the data collection phase. Data from the radar is
available as recorded data or ‘live’ from the unit via a TCP/IP socket con-
nection. The network structure for the system is shown in figure 6. The Data
Storage Server block in this image is the location where the probabilistic
models and common representation are constructed. All the data sources con-
nect directly to this block and the server itself is responsible for handling
the incoming data. Multiple clients connected to this data server perform the
application-specific tasks such as those shown in figure 1. Since there are mul-
tiple clients and sources asynchronously accessing the data server, there is a
need to manage the internal data as efficiently as possible.

We treat the input space for this system to be a two-dimensional function
for a set of points in a three dimensional space. That is, we will manage the
data as a five dimensional vector containing: position (3), radar intensity and
source ID. Since the radar provides data directly in a three-dimensional space
and since each source or client will act on localised regions of that space, it
is advantageous to partition the data vector into a spatial component and
the property values. Furthermore, in doing this it is possible to efficiently
partition and search the spatial dimensions with the utilisation of sensible
data-structures.

Data Storage Structure

In this example, we developed an efficient thread-safe k-D tree. Using this ap-
proach the space is successively subdivided in regions with high data content.
This ensures that regions which are sparsely known are stored efficiently, while
regions where data is heavily located are divided into appropriately sized vol-
umes. A symmetric binary subdivision process is utilised, in which a cell to
be divided is divided into eight equal-volume subdivisions. This enables very
fast spatial searching through the data.
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Having noted earlier that there will be multiple data sources and clients
accessing the common data repository it was important to accelerate, where
possible, the access to the data but to protect the integrity of that data at the
same time. A smallest-container, Multiple-Read, Single-Write (MRSW) mutex
system was employed to achieve this. Functionally, an MRSW mutex allows
an unlimited number of threads to read simultaneously from the object, but
only a single thread may write to the object at any one time, and no thread
may read while the object is write-locked. Figure 7 shows the structure of the
spatial k-D tree, consisting primarily of the root node, from which the tree
descends. Each node in the tree (that is each rectangle in this diagram) can
have eight child nodes and may only contain data if it has no child nodes. If
the node has no children (denoted by shaded nodes) then the node is called a
‘leaf’.

While it would be possible to simply apply a single MRSW mutex to the
entire tree, this would mean that the entire structure is locked at once. Since
this acts contrary to the desire that the tree should provide for as efficient
multi-threading as possible and since it is likely that many operations will act
only on small sections of the tree, we look for a more efficient mechanism. In
this example, the tree is used to add additional data to an expansive outdoor
map using a radar sensor and this sensor will only interact with a small section
of the map at any one time. To overcome this constraint we note the following:

1. Data may be efficiently locked at the level of a single leaf node, or a series
of leaves. Additionally, a write lock is only required when the data is to
be modified.

2. Each node can affect any node below it, and no others. This means that
whenever a child node is being accessed in any manner then a node should
be locked for reading.

3. A node will only require a write-lock when the structure of the particular
node is changing, that is, the node is changing from a leaf node to an
internal node. Since every operation on nodes lower in the tree than the
current node require a read-lock, then all these operations will be halted
until the restructuring is complete.

For these reasons, a three-tier locking structure was employed as shown in the
figure. Here any operation proceeds down through the tree placing read-locks
on the nodes through which it passes. When the method reaches the leaves
in which it is interested it places the appropriate lock on the data. If the
points are only required for reading purposes, then there is no need to retain
a lock on the points as they can be passed to a calling routine using a copying
method. If the structure of the tree is going to change, then the appropriate
node locks are requested. As noted earlier, since the MRSW mutex will wait
until all reading threads unlocks the object (but prevent any new read locks
being successful) before granting the write-lock, this ensures that the minimal
portion of the tree is locked during normal operation.
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Fig. 7. The structure of the k-D tree and mutex structure for efficient multi-threaded
operation. The nodes can all have eight children, corresponding to the binary division
of each axis of the original volume. Only leaf nodes can contain data and are shown
shaded. Multiple-read, single-write mutexes are provided at the tree, node and leaf
levels for efficient access to the tree.

System Development

The structure of the previous section is implemented in a series of custom-built
C++ applications. At the simplest level, these programs mimic the structure
shown earlier and communicate using TCP /IP sockets to provide the internal
links. The sensor data is provided by two applications which, together, mimic
a real connection to the live radar, and there is no functional difference for the
data storage server whether it is connected to the actual device or the data
playback programs. The tree structure suggests an intuitive programmatic
structure and is implemented in this manner. Operations which act on the
tree therefore simply call the same operations on the child nodes, or return
the requested information if the current node is a leaf.

4.4 Experimental Results

This section details the preliminary results obtained by the system. In its
current configuration, the system is capable of connecting to both live and pre-
recorded data streams, and of having multiple simultaneous clients connect to
the data server and conduct any application specific processing. At this stage,
only a single client has been developed, primarily to aid in debugging, however
multiple instances of this single client can be run. In Figures 8 one example of
a client can be seen. This client is taking data from the radar and processing
it to put it in a form suitable for display using modern 3D graphics hardware.
Figures 8 and 9 shows the system at two stages in the recursive operation,
when only a small amount of data has been collected from the radar and once
more data has been added. Clearly visible are both the OcTree data structure,
as well as the data, which is represented in point form.
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Fig. 8. Screen capture of the data vi- Fig. 9. Screen capture of the data vi-
sualisation client. The OcTree and the sualisation client. More data has been
data contained in it can be seen. added to the structure

4.5 Future Work

This section details the areas of ongoing research aimed at extending the
framework described in this document. Some of the areas are theoretical,
some are implementation related.

Generation of Probabilistic Sensor Models The discussion in this doc-
ument assumed that any sensor likely to be used in the system will have a
likelihood model associated with it. Most existing methods for generating
these models tend to be ad-hoc. An important are for further research is
the generation of probabilistic models for describing the way sensor data
maps to world states. It is, in principle, possible to build these models
purely from a detailed knowledge of the physics behind the individual
sensing process.

Information and Entropy This document has described the general struc-
ture and mathematics behind much of the perception problem. One very
natural issue that arises, particularly in the area of ‘feature extraction’
(which we conjecture is the most common mode of perception), is that
of performance. How can one tell whether the system is extracting any
useful information? It is the firm belief of the authors that this question
can be directly answered through the use of metrics based on Shannon
Information and Entropy. If the information content of a signal can be
measured, both before and after feature extraction, then information gain
gives a direct measure of performance.

Clients At this stage of the project, most of the resources have gone into the
construction of the infrastructure that allows the perception paradigm
suggested here to be concretely realised in a robust and rigorous manner.
Even though the philosophy espoused here is that many clients can each
take data from the central repository to support many individual applica-
tions, only one client has been constructed to date - that of visualising the
processed data. The construction of more clients is currently underway.
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The ultimate aim is to produce a concrete instantiation of the diagram
shown in Figure 4.

Multiple Simultaneous Data Sources The capability currently exists to
use multiple simultaneous data sources. For example, in the case of the
ARGO, it would be advantageous to use camera, laser and radar as the
data sources used for perception. At this stage of the project, only a
single data source (radar) has been tested, both on and off line, as well
as with a mix of on-line and pre-recorded data. An important area for
future work is to add the information coming from other sensors. This will
show conclusively the many advantages of the theory and implementation
described in this document.

5 Conclusions

This paper has introduced a practical perception and reasoning system for
assisting operation of an Autonomous Ground Vehicle in an unstructured,
outdoor environment. The use of a new model for the analysis of the perception
and reasoning problem supports the development of the system, particularly
in respect to the selection of data parameterisation and manipulations used.
In particular, development of a general interpretation of the tasks of modelling
and reasoning provide a direct, quantifiable justification of the utilisation of an
unstructured grid representation. Preliminary results show that this approach
handles the difficult and expansive environments extremely well and supports
the ongoing development of many advanced perception tasks.
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Summary. We propose a principled method to create a search space for constrained
motion planning, which efficiently encodes only feasible motion plans. The space of
possible paths is encoded implicitly in the connections between states, but only fea-
sible and only local connections are allowed. Furthermore, we propose a systematic
method to generate a near-minimal set of spatially distinct motion alternatives. This
set of motion primitives preserves the connectivity of the representation while elim-
inating redundancy — leading to a very efficient structure for motion planning at the
chosen resolution.

Keywords: Nonholonomic motion planning lattice control set

1 Introduction

Discrete representation of states is a well-established method of reducing the
computational complexity of planning at the expense of reducing complete-
ness. However, in motion planning, such discrete representations complicate
the satisfaction of differential constraints which reflect the limited maneuver-
ability of many real vehicles. We propose a mechanism to achieve the compu-
tational advantages of discretization while satisfying motion constraints.

To this end we introduce a search space, referred to as the state lattice,
which is the conceptual construct that is used to formulate a nonholonomic
motion planning query as graph search. The state lattice is a discretized set
of all reachable configurations of the system. It is constructed by discretizing
the C-space into a hyperdimensional grid and attempting to connect the origin
with every node of the grid using a feasible path, an edge, using an inverse
trajectory generator. The lattice in general is also assumed to contain all
feasible paths, up to a given resolution, which implies that if it is possible for
a vehicle to travel from one node to another node, then the lattice contains a
sequence of paths to perform this maneuver. Hence, it is possible to conclude
that this formulation allows resolution complete planning queries.
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Like a grid, the state lattice converts the problem of planning in a con-
tinuous function space into one of generating a sequence of decisions chosen
from distinct alternatives. Unlike a grid, the state lattice is carefully con-
structed such that each connection represents a feasible path. A connectivity
scheme that intrinsically represents mobility constraints leads to superior mo-
tion planning results because no time is wasted either generating, evaluating,
or fixing infeasible plans.

To achieve this scheme we attempt to capture local connectivity of the
state lattice, within a limited neighborhood of any node. We discuss design-
ing a small control set, a minimal set of primitive paths that, when concate-
nated, can re-generate any other path in the lattice. We further show that
this formulation lends itself directly to building an efficient search algorithm.

2 Prior Work

The utility of the lattice is hinged on the assumption that it is possible to
determine a feasible path between any two configurations in a C-space without
obstacles. While this is itself a very difficult problem, it has been the objective
of much research in the past century. Frazzoli et al. in [3] suggest that there
are many cases where efficient, obstacle-free paths may be computed either
analytically or numerically by solving an appropriate optimal control problem.
A fast nonholonomic trajectory generator was described in [10]. It generates
polynomial spiral trajectories, such that a path is specified by a continuous
control function: curvature as a function of path length.

It was shown in [6] that through careful discretization in control space it
is possible to force the resulting reachability graph of a large class of non-
holonomic systems to be a lattice. However, this is usually difficult to achieve,
and under most quantizations the vertices of the reachability graph are un-
fortunately dense in the reachable set. By using an inverse path generator,
we can choose a convenient discretization in control and state space, one that
makes the search more efficient. This also allows us to use continuous control
functions that are natural for real systems.

The importance and difficulty of enforcing differential constraints also has
a long history [1], [9], [5]. A recent trend appears to favor more deterministic
variants of the PRM [11]. In [2], Quasi-PRM and Lattice Roadmap (LRM)
are introduced by using low-discrepancy Halton/Hammersley sequences and a
regular lattice, respectively, for sampling. LRM appeared especially attractive
due to its properties of optimal dispersion and near-optimal discrepancy.

Also, a “Lazy” variant of these methods was discussed that avoided col-
lision checking during the roadmap construction phase. In this manner the
same roadmap could be used in a variety of settings, at the cost of performing
collision checking during the search. An even “lazier” version is suggested, in
which “the initial graph is not even explicitly represented” [2]. In this regard,
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our approach of using an implicit lattice and searching it by means of a pre-
computed control set that only captures local connectivity is very similar to
the Lazy LRM. Our contribution is in exploring the conjecture made in that
work and successfully applying it to nonholonomic motion planning.

Initial concepts of this work were explored in a successful field implementa-
tion of a nonholonomic motion planner built using the state lattice of limited
size represented explicitly [4].

3 State Lattice

In this section we describe the state lattice as a generalization of a grid and
present it as a search space for efficient constrained motion planning as heuris-
tic search.

3.1 Inverse Path Generation

Among several approaches discussed in Section 1.1 that allow finding a se-
quence of controls from a given initial configuration to a final configuration,
we evaluated the one described in [10]. This approach allows fast generation
of nonholonomic trajectories. The assumed form of the solution path is a
curvature polynomial of arbitrary order. The method was shown to provide
good results and in principle allows optimization w.r.t. various criteria, e.g.
least curvature variation. The continuous specification of paths was conve-
nient to manipulate and execute in vehicle controllers. The method executes
practically in real-time: a query is computed in about 1 millisecond.

3.2 Constructing the State Lattice

Discretization is central to defining the state lattice as a generalization of a
grid. Discretization converts the motion planning problem into a sequential
decision process. We adopt the typical strategy of assuming that decisions
are made only at discrete states. The states are the nodes in the lattice and
the motions that connect the states are the edges. While the state vector can
certainly have arbitrary dimension, for this paper we have implemented the
state lattice in 4 dimensions. Each node of the lattice therefore represents a
4-dimensional posture that includes 2D position, heading and curvature.

If the discretization exhibits any degree of regularity, then the spatial
relationships between two given states will reoccur often due to the existence
of other identically arranged pairs of states. A discretization exhibiting some
degree of regularity leads to a set of motion options which is similarly regular.

For the balance of the paper, we adopt the assumption that the state
space discretization is regular in at least the translational coordinates (z,y).
Specifically, if the path between two postures:
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a) b)

<) d)

KA

Fig. 1. Constructing the lattice for the Reeds-Shepp Car. In a) we define a discretiza-
tion in C-space (an (x,y) grid is chosen here, arrows indicate allowed headings), an
origin is chosen; b) for 8 neighbor nodes around the origin, feasible paths are found;
¢) same query is extended outward to 24 neighbors, only a few direct paths shown;
d) complete lattice.

[l‘i, Yiy 9i7 Ki] - [:L'f7 yfa efa Hf]
is feasible, then so is the path
[ + nAy,yi + 1AL 0, ki) — [xp + 1AL yr + 1A, 0f, kg

for any integer n and (z, y)-discretization step size A;. While the starting and
ending states for two such motions are distinct, the motion itself (perhaps
encoded as a steering function) is not.

With these properties in mind we construct the state lattice by using the
inverse path generator to find paths between any node in the grid and the
arbitrarily chosen origin. Fig. 1 illustrates lattice construction for the Reeds-
Shepp car. By regularity, we can copy the resulting set of feasible paths to any
node in the lattice. In the limit, as the lattice is built by including all feasible
motions from any point, it will approach the reachability graph of the vehicle,
up to a chosen resolution. Without loss of generality, we henceforth consider
the state lattice to be a valid representation of the system’s reachability graph.

Since we discretize state space, it is consistent to consider discretizing
paths through space in a similar fashion. We consider two paths (with identical
endpoints) which are “sufficiently” close together to be equivalent. We define
a path 7, to be equivalent to 75 if 71 is contained in a certain region @ around
7o, defined as a set of configurations within a certain distance §. of 71, given
some metric p:
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Fig. 2. Path Equivalence. A variety of paths between two configurations (thin
black lines) that are contained in the boundary (grey region) are considered to be
equivalent and represented by a canonical path (thick gray line).

Vg e 11,Yq¢ € 12,Q = {d'|p(d',q) < 6} (1)

All paths that satisfy this criterion are considered to belong to the same
equivalence class (Fig. 2). It is important to note that this definition of path
equivalence is consistent with applications to mobile robotics. Typically, there
is a certain error of path following for realistic vehicles. By exploiting this
error, motion planning can be made more efficient, as presented below.

4 Control Set

Here we present a principled method of choosing the neighborhood of the
lattice that both offers practical guarantees of best exploration of the lattice
and keeps the neighborhood size small to preserve search efficiency. We strive
to obtain the minimal set of controls as motion alternatives that captures
local connectivity of the lattice.

4.1 Path Decomposition

With the insights obtained in Section 2.2, we again look at the lattice as a
concept derived from a grid. The regularity property of the grid implies that
it is possible to isolate a certain representative set of connections which is
repeated everywhere in the grid. As is illustrated in Fig. 3a, for the case of
a 4-connected rectangular grid, it is easy to identify the minimal set of con-
nections. The grey lines in this figure represent all possible paths in the grid.
Four thick black paths in the center constitute the minimal set of paths. Any
path through this grid can be decomposed into a sequence of “primitives”,
paths in the minimal set. If we cast the grid in the context of motion plan-
ning, we understand that this minimal set enables us to generate arbitrarily
long motion plans in the infinite grid. This concept has been used in motion
planning for some time [1].

In a similar fashion, if we could identify such a control set for a lattice,
we could use it to address the computational issues mentioned above and
essentially create a finite representation of the lattice.

By invoking the notion of path equivalence class and some J. > 0, we can
substitute a path with two other paths such that their concatenation generates
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a motion that belongs to the same equivalence class as the original path. We
define path decomposition as the problem of finding two such constituents of
a path (Fig. 3b).

By definition of path decomposition, the two constituent paths must meet
at a lattice node. Intuitively, the longer a path is, the more lattice nodes it
comes “close” to, hence the easier it is to find a decomposition because there
are more “opportunities” to do so. Through a simulation study we concluded
that it is possible for realistic vehicle parameters (Kmq, and d.) to decompose
the entire assumed infinity of motions in the state lattice, of arbitrary length,
in this manner. We considered over 2000 different (relatively long) paths in
the lattice and showed that all of them could be decomposed into at least
two (usually more) smaller paths. Thus, the control set allows us to eliminate
redundancies of the lattice both in terms of the variety of paths between nodes
(through the notion of path equivalence), and in terms of generally unlimited
path length (path decomposition).

4.2 Generating the Control Set

Given a method to generate the set of distinct feasible paths to a single state,
the control set can be generated by a process of structured elimination. First,
paths to all states one unit from the origin are generated, then, paths to all
states two units from the origin, etc. When a path is considered, it is tested
for passing sufficiently close to an intermediate state, and if so, it is removed
from the control set because it can be decomposed into the path to this state
from the origin and the path from this state to the end-point. Since we are
moving radially outward, any path that can be decomposed may be removed
from the control set because its “ingredients” have already been considered.

a) b) ¢)
CO O OO OO0
OO
COFOOIOOCLO O
OO OO O

Fig. 3. a) Isolating a minimal set of paths in a 4-connected grid. b) An illustration
of path decomposition. Blue diamonds are lattice nodes; the black curve on the left
is some arbitrary path (that starts and ends on nodes). On the right, we show that
it can be decomposed into two (grey) smaller paths that meet at another node.
¢) Special heading discretization that allows considering straight lines as much as
possible. Black arrows show 8 equal heading intervals, grey arrows represent finer,
non-uniform discretization: 8 additional intervals chosen such that the grey arrows
end on nodes as well.
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Each of them is either in the control set already or does not need to be because
it itself is decomposable.

This process terminates at the certain radial distance from the origin when
all paths at that distance can be decomposed. Through simulation studies
similar to the one mentioned in Section 3.1 we verified that this termination
condition is a good heuristic for obtaining a control set that spans the entire
state lattice.

Although a uniform discretization of heading is an option, we found it
useful to discretize heading in the non-uniform manner. The motivation for
this is to enable the planner to produce straight-line paths as much as possible.
For example, if the goal is a node that is to the left two nodes and up one node
from the origin, then a vehicle can get there in a straight line if its heading
is arctan(1/2) = 26.6°. Therefore, we define 8 equal heading intervals of 45°,
and also 8 non-uniform intervals chosen such that there can be straight paths
from the origin to all nodes within the radius of two nodes around the origin.
Certainly, increasing this radius would result in finer heading resolution and
increase consideration of straight paths, however experimentally we concluded
that the added computational cost exceeds the gain of the radii greater than
two. Fig. 3¢ shows our heading discretization: black lines indicate the uniform
part, and grey lines show the non-uniform part.

Motion alternatives were expressed as polynomial steering (curvature)
functions of cubic order:

Fig. 4. An Example Control Set. Only three sets of paths with initial heading of
0, 26.6 and 45° are specified; all others are obtained by reflection around x- and
y-axes, and the two diagonals.
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k(s) = a+ bs + cs* + ds®

Such functions possess exactly the 5 degrees of freedom required to join any
two poses with arbitrary initial and terminal curvatures [10]. An example
control set that results is depicted in Fig. 4. Note that the shortest paths (e.g.
straight up of length 1) are present in the control set, but not immediately
visible.

5 Motion Planning Using Control Sets

The state lattice now possesses the properties necessary to express nonholo-
nomic motion planning as graph search. A cost-map can be overlaid on the
lattice to represent obstacles or other criteria with respect to which we want
to find an optimum obstacle-free motion plan (energy, slope hazard, etc.). We
also assume a path sampling procedure that returns the cost of traversal of
a path given the cost of cells spanned by the path. The control set can be
viewed as the neighborhood that is expanded when a particular lattice node
is considered. Its minimality property that we were seeking is important to
making the search in the lattice efficient. We should note that by virtue of
containing all feasible motions, the lattice is a cyclic graph. Any standard
systematic heuristic graph search algorithm can be applied. In this manner
the state lattice can be considered a roadmap, in which the cost of traversal
is considered during the search.

5.1 Estimating the Search Heuristic

A key component of heuristic search (e.g. A* implemented for this paper) is
calculating the heuristic, an estimate of the cost to travel from any node in
the lattice to the goal. We begin with the discussion of the issues involved in
estimating the heuristic for nonholonomic vehicles and arrive at a heuristic
estimation scheme, based on pre-computing a look-up table, that produces
very accurate estimates, thereby improving search efficiency considerably.

The heuristic must not be an over-estimate of the true cost in order for it
to be admissible (i.e. in order to guarantee that the search algorithm will find
the optimal path). Ideally, we would like it to be exactly equal to true cost,
such that the search can be correctly guided toward the goal. Typically, it is
impossible to use standard distance metrics, e.g. Euclidean, to estimate the
nonholonomic heuristic because depending on change in heading from start
to goal and on direction to goal, the vehicle may have to execute an n-point
maneuver. Consider re-orienting a car 180°: translation can be negligible in
Euclidean sense, but the overall length of the maneuver is significant. Using
Euclidean distance for such local plans would result in a gross under-estimate
of the cost, such that the behavior of A* would approach that of breadth-first
search, with an accompanying performance decrease.
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It is important to observe that these issues are primarily relevant for local
planning. When the distance to goal is much larger than the minimum turn-
ing radius of the vehicle, the under-estimation error percentage of Euclidean
distance will become small, thus making this metric a viable heuristic option.
We this in mind, we propose a hybrid approach to calculating the heuristic: in
the close vicinity of the robot, a local estimation procedure that considers the
vehicle’s kinematic model is used, whereas in the far range Euclidean distance
is sufficiently accurate. Based on experimental studies, we found that a good
threshold for switching between local and global heuristics is 10 minimum
turning radii.

As we mentioned, it is crucial for the heuristic to be as accurate as possible
for high efficiency. However, there is no known closed-form solution for calcu-
lating the local heuristic, and obtaining an accurate estimate requires solving
the original planning problem. Thus, we defined an off-line pre-processing step
to create the heuristic look-up table (LUT). The table is simply a compilation
of the costs to travel from the origin to all lattice nodes in its local neighbor-
hood. These costs are determined by running the planner for each possible
path endpoints using simply Euclidean distance as heuristic, which is guaran-
teed to be an under-estimate. LUT generation could be a lengthy process, but
it is performed off-line, and the agenda for future work includes developing
advanced function approximators to eliminate this pre-processing. The exact
values for the path costs provided by the LUT result in the dramatic speed-up
of the planner as described in the next section.

5.2 Path Planner Results

In order to quantify the performance of the present path planner, we under-
took a simulation study that included performing a statistically significant
number of planning experiments, where initial and final path configurations
were chosen at random. It was confirmed that the planner built using the
control set generated in Section 4.2 for the robots in [4] is very efficient: it
performs as efficiently as basic grid search. In fact, for over 90% of path plan-
ning queries, our method performs even faster than grid search. The significant
result here is that this method generates optimal nonholonomic paths with
no post-processing, yet can perform better than the classical grid search, the
archetype of efficiency in path planning. We believe that the reason for this
significant speed-up is twofold. The primitive paths can span multiple grid
cells, such that by choosing a primitive, the planner may “jump” ahead, while
grid search still considers one cell after another. Besides, the accurate heuristic
as provided by the LUT was shown to reduce the number of required search
iterations considerably.

In Figure 5 we present the timing results of our planner by considering the
toughest local planning scenarios: the final state (goal) is close to the initial
state and exhibits significant change in heading and direction to goal. The fig-
ure shows the results of over 1000 timing experiments for both nonholonomic
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Fig. 5. Run-time results of our nonholonomic (N.H.) path planner (red datapoints)
in comparison with basic grid search (blue datapoints). Vertical axis is the time
of plan generation, and horizontal axis is the length of the nonholonomic paths.
a) Runtimes for both nonholonomic and grid search on semi-log scale. b) Average
runtimes superimposed on the same plot on linear scale.

path planner and grid search. For each experiment, a goal @ ¢ was chosen ran-
domly such that the Euclidean distance between initial state and goal was the
same. In this manner, the grid search had roughly the same amount of work
to do, whereas nonholonomic path planner’s job could vary significantly de-
pending on changes in orientation between initial and final states. The length
of the resulting nonholonomic plan is roughly indicative of that complexity,
and so the horizontal axis (in units of cell size) is intended to capture increas-
ing nonholonomic planning complexity. Figure 5a shows the runtime versus
nonholonomic path length (i.e. “complexity”) per planning query, plotted on
the semi-log scale. Nonholonomic planner runtimes are denoted with circles,
and the grid search runtimes — with stars. Even though the plot looks rather
busy, the clustering of circles below the stars is clearly visible, indicating that
on average nonholonomic planner ran faster in the same experiment (i.e. a
choice of path endpoints). This trend is easier to see in Figure 5, where we
superimposed the mean of runtime for both planners. The two solid lines (red
for nonholonomic, and blue for grid search) clearly show that nonholonomic
planner on average takes less time. The balance tilts in favor of grid search
only at the right-most end of the horizontal axis, i.e. for highest planning
complexity. Thus, our path planner is clearly very efficient and can compute
most planning queries in less than 100ms, which deems it useful for real-time
applications.

6 Applications

We discuss several important mobile robotics applications that could greatly
benefit from the constrained motion planning approach presented herein. The
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constrained motion planner presented here was successfully implemented on
the DARPA PerceptOR program [4]. This planner guided a car-like all-terrain
vehicle in its exploration of natural, often cluttered, environments. The pro-
posed planner exhibited great performance as a special behavior that was
invoked to guide the vehicle out of natural cul-de-sacs. Fig. 6b depicts an ex-
ample motion plan that was generated by the vehicle on-line. The grayscale
portion in the figure represents the cost-map, pink indicates obstacles, and
orange is the area of unknown cost. Yellow line represents the generated
plan. With this technology, the PerceptOR vehicles exhibited kilometers of
autonomous traverse in very difficult natural terrain (Fig. 6a).

Fig. 6. Example applications: a) Robot navigation in natural cluttered environments
(DARPA PerceptOR). b) A nonholonomic path computed in a natural cul-de-sac.
c) Planetary rover instrument placement problem. The rover must approach five
science objects at specified heading in cluttered environment on the slope of a crater.

Another important application for which the presented motion planner
is suited especially well is rover navigation for space exploration. The rover
instrument placement task is known to be a difficult problem both from the
standpoint of motion planning and execution (see Figure 6¢). The signifi-
cant communication time lag is an important consideration prompting quick
progress in rover autonomy. Very rough terrain and considerable wheel slip on
loose terrain require an approach that can consider the model of rover motion
as accurately as possible, as well as take into account the peculiarities of the
terrain as it is being discovered.

Our method of motion planning is well suited for this application because it
addresses all of the above issues. The inverse trajectory generator used in this
approach [10] can use any kinematic rover model whatsoever, and therefore
any generated path is inherently executable by the rover under consideration.
The flexibility of using any cost-map, overlaid over the state lattice (implicitly
represented through using control sets), enables this planner to consider an
arbitrary definition of obstacles in terms of the map cost: both binary (e.g.
rocks) and variable (e.g. slopes as high-cost, yet traversable). Moreover, dy-
namics analysis can be made to “label” regions of steep slopes or very loose
terrain as untraversable.

An added benefit to specifying paths as continuous curvature functions is
the possibility to define velocity planning quite easily. By defining a maxi-
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mum desirable angular velocity of a vehicle, it is straight-forward to compute
the maximum translational velocity as a function of path curvature. In this
fashion, our path planner can become a trajectory planner with this simple
velocity planning post-processing step.

7 Conclusions and Future Work

This work has proposed a generative formalism for the construction of dis-
crete control sets for constrained motion planning. The inherent encoding
of constraints in the resulting representation re-renders the problem of mo-
tion planning in terms of unconstrained heuristic search. The encoding of
constraints is an offline process that does not affect the efficiency of on-line
motion planning.

Ongoing work includes designing a motion planner based on dynamic
heuristic search which would allow it to consider arbitrary moving obsta-
cles, the extension of trajectory generation to rough terrain, and hierarchical
approaches which scale the results to be applicable to kilometers of traverse.
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Summary. This paper discusses some issues for generating points of contact on
object grasping by multifingered robot hands. To address these issues, we present
a general algorithm based on computer vision techniques for determining grasping
points through a sequence of processes: (1) object’s visual features, we apply some
algorithms for extracting vertices, edges, object’s contours, (3) modeling the point
of contact by a bounded polytope, (3) based on these features, the developed algo-
rithm starts by analysing the object’s contour to generate a set of contact points that
guarantee the force-closure grasps condition. Finally, we briefly describe some ex-
periments on a humanoid robot with a stereo camera head and an anthropomorphic
robot hand within the ”Center of Excellence on Humanoid Robots: Learning and
co-operating Systems” at the University of Karlsruhe and the Forschungszentrum
Karlsruhe.

Keywords: Vision system, Points of contacts, Force-closure, Grasping, Lin-
ear programmimg implementation.

1 Introduction

Grasping by a multifingered robot hands has been an active research area in
the last years. Several important issues including grasp planning, manipula-
tion and stability analysis has been done. We refer to [1] for a general survey
on grasping and to [2-3] for the theory of grasping. Much relevant work has
been done in the field of grasping analysis and grasping synthesis referring to
properties such as equilibrium, force-closure grasp, form closure [4-14]. Most
of these researches assume that the geometry of the object to be grasped is
known and the positions of the contact points are estimated based on the
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geometrical constraints of the gripper. These assumptions reduce the com-
plexity of the mathematical model of the grasping. However, much less work
has been done in generating possible grasps from unknown objects. The com-
plete grasping process requires multiple type of sensors information such as
visual information or tactile (force) sensor information, and so, the grasping
process should be controlled by fusing this sensory information. This require-
ment seems too difficult for practical applications. To overcome this problem,
the authors propose different systems of sensors. In [15-16] suggested the fea-
sibility of detecting the contact location directly by a tactile sensor instead
of estimating it, using the geometrical model of the object. In [17], a vision
system based on sensor fusion for grasping has been proposed, which has a
parallel processing architecture. The system provides higher resolution with
lms cycle time, being this rate within the range required for the visual ser-
voing applications. In the most of these researches, the main concern is the
detection of the contact location between the fingertips and the object, which
a priori geometrical information of the object was not necessary. A grasping
system suitable of performing various tasks under different operating condi-
tion is currently in the development stage. The adaptation of these theoretical
techniques for real grasping objects applications is a subject of actual inves-
tigation. In this paper we address the problem of grasping unknown objects
by defining a procedure based on the following three phases:

1. Visual information phase. To provide a description of the objects grasping,
a set of visual features (including object size, center of mass, object’s
boundary, and main axis for orientation) is stored into a model graph,
which preserves the topological relationships between the features.

2. Grasp points determination phase. A graphical method is used to generate
a group of grasping points on the boundary of the object. Then a set of
geometrical functions is analysed to find a feasible solution for grasping.
There are many other methods proposed for the planning stage [7-10].

3. Grasp decision phase: This is characterized by the stability of the contact
between fingers and object. To achieve this, the friction constraints of
all contact points must be satisfied by finding an equilibrium between
internal and external forces (see also [13] for this topic). Fig. 1 shows the
experimental setup. It contains, a stereo camera head, a humanoid robot
arm, and an anthropomorphic robot hand.

The rest of this paper is organised as follows: Section 2 gives some mathemat-
ical preliminaries for grasping in this direction. In section 3, a vision system
framework is presented. The vision system is divided into two parts: the first
part concerning to 2D grasping and the second part concerning 3D grasping.
In section 4, we will describe some procedures we are using to compute feasi-
ble grasping region. In section 5, we will present the experimental results with
conclusion.
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Part 1 Part 11
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3D Model ‘
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=
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Create Feasible Grasp Set F or Library

Fig. 1. The Vision System.(left side)Experimental setup with a stereo camera head,
a humanoid robot arm(7DOF) and an anthropomorphic robot hand(10 DOF). (right
side) Visual Processing Partl and PartIl: General Flow Diagram.

2 Mathematical Preliminaries

We consider a k-hard-fingered robot hand is grasping a rigid polygonal object
in a 2D workspace, as illustrated in Fig. 2. Since any curved planar object
can be approximated to a polygon with any required degree of accuracy, we
assume that an object to be grasped has a polygonal shape. We assume that
k-fingers are positioned along n given different edges respectively. To hold
the object and balance any external forces and moments within each edge, a
finger ¢+ must apply a force f; to the object, called grasping force. To assure
non-slipping at the contact point p;, the grasping force f; must lie inside
the friction sector defined by f;; and f,; and be centered about the internal
surface normal at contact point with half-angle ;. If it lies inside the friction
sector, the grasping force f; can be expressed as a positive linear combination
of these two edges vectors: f; = prif ritptif1s, with the coefficients i, 000>
0.The force f; and the moment m,; acting on the object can be combined into
wrench wi:(fi,mi)T, where m;=(p;,f;). By linearity, a contact wrench w;,
generated by f; can be expressed as the same positive linear combination of
the edge wrenches: w;=A ;w.;+ Ajwy;, where w,; and w;; are called primitive
contact wrenches. The net wrench applied to the object by k-fingers is

k

Wnet = Z()\eri + )\liwli) = WX (1)
i=1

where W=[w,1wy1, ..., wepwi)€ R372k and \ = [Ari AL, oo Ark k] € RY¥2k gre
called wrench matrix and column vector, respectively. For more details in this
topic, see also [1].

2.1 Modeling the Point of Contact

A point of contact with friction (sometimes referred to as a hard-finger) as
defined previously, imposes non linear constraints on the force inside of its
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finger i

Fig. 2. Polygonal object to be grasped with a hard-finger. (a) a force f; applied
within vertices v; and v;t1. It lies inside the friction cone defined by its edge vectors
f; and f.,. (b) The corresponding wrench space of f,, w; = (f;, m;) € R®.

friction cones. In this subsection, we simplify the problem by modeling the
friction cones as a convex polytopes using the theory of polyhedral convex
cones attributed to Goldman and Tucker [19]. In order to construct the convex
polytope from the primitive contact wrenches, the following theorem states
that a polyhedral convex cone (PCC) can be generated by a set of basic
directional vectors.

Theorem 1. A convex cone is a polyhedral if and only if it is finitely gener-
ated, that is, the cone is generated by a finite number of vectors vy,vo,...,Um:

m
C = {vi € R": Zaivi,ai > 0} (2)

i=1
where the coefficients «; are all non negative. Since vectors v; through v,,, span
the cone, we write (2) simply by C=span {vy, v, ..., v, }. The cone spanned
by a set of vectors is the set of all nonnegative linear combinations of its
vectors. A proof of this theorem can be found in [24]. Given a polyhedral
convex set C, let vert(q)={v1, va,..., um} stand for vertices of a polytope g,
while face(q)={Fi,..., Far} denotes its faces. In the plane, a cone has the
appearance as shown in Fig. 3(b). This means that we can reduce the number
of cone sides, m to one face. Let’s denote by ¢, the convex polytope of a
modelled cone, and {v;, v, v3} its three vertices. We can define such polytope
as

q:{xeR"at:z&ivizogéigl,z&izl} (3)

i=1 i=1
where v; denotes the i-th vertex of ¢, and v, is the total number of vertices.
n=2 in the case of a 2D plane. Finally, we denote the intersection of a set of
polytope cones (3) by

Cg? = cone(q1) N cone(qz) N cone(qs) (4)
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The set Cgi is either empty or a convex polytope comes from the properties of
convex polytope intersection. Since we are interested by the bounded convex

Fig. 3. Model contact: (a) Friction cone. (b) A representation of a bounded poly-
hedral cone in the plane (z1, 72). Both vectors v and v, span the cone on its
lower /upper side. (¢) Convex polytope and its extreme vertices. Pointed vertex v
joins the line segment at its midpoint and c¢; is the gradient of such segment that
lies inside the cone.

polytope, we know by definition that one of the its extreme points is an optimal
solution. Let v; be a pointed vertex of ¢, let [;(¢) be the line through v; that
makes an angle ¢ with the positive x-axis, and h; be the half-plane lying on
1;(¢). When ¢ increases from 0 to 2, the line [;(¢) (also ¢) rotates around
v; (see Fig. 3(c-d)). From this definition, we can suggest an observation that,
if a given extreme vertex is not an optimal solution, it is possible to move
along its line. To represent the vertex, v; on the line, we introduce a scalar
parameter u;, a unit direction ¢;, and an end-vertex v;p so that v;=wv;o+u;t;
where u; is constrained by 0 < u; < [;. The equation

el xii=1,...k (5)

represents the line containing the vertex v; and k is the number of constraints.
We denote by ¢;=[ciz, ciy] € R?, a vector of the first partial derivatives of (5),
called the gradient, and it is orthogonal to the line as shown in Fig. 3(c-d)
where the gradient is pointed inside of P. In Fig. 3(d), we have changed ¢;
to ¢;+tu; where u; is an wu,-vector varies from the lower to the upper side of
the spanned cone, and t is a parameter that increases from its initial value 0
to some upper bound ¢. This allows us to check whether the optimal solution
remains for all ¢; in the cone spanned by v, and v3. In section 4, we give a
detailed procedure to refine the algorithm for (3) and how to integrate it into
a whole algorithm for computing force-closure grasps.

2.2 Force-Closure Grasps

Our results on force-closure grasps are based on the following characterization
of the force-closure in [4-10]. We deal with our previous definitions that the
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full effect of the force and moment applied to an object is a wrench vector
such as the one given in (1), where each column of the matrix is described as
a three-dimensional wrench space. Using (1), given a set of k-point contacts
on an object, the corresponding wrenches wy, ws, ..., wy are said to achieve
force-closure, if the origin of the wrench space R® lies in the interior of the
convex hull of the primitive contact wrenches [3] Let us rewrite (1) as a convex
hull defined by

2k 2k
co(W) = {Z Awildi >0, A =1w; € W} (6)
i=1 i=1
where the superscript 2k is a pair of primitive wrenches as defined in the
wrench matrix. Equation (6) means that the convex hull of 2k-primitive
wrenches contains strictly the origin of R®. The construction of the force-
closure grasps now becomes the problem of finding contact location on the
boundary of the object. When a fingertip makes a contact on an edge (as
shown in Fig. 2), the force direction can be in any direction located inside the
friction cone with a friction coefficient, = arctan(«). To adapt to our previ-
ous definitions, we restrict our consideration to fingertips that make contact
on an edge, and only edge forces delimiting the friction cone are considered.

3 Vision System Framework

We are currently developing a vision system and its application to two and
three-dimensional object grasping which are corresponding to the part I and
I, respectively (see Fig. 1). The vision system is based on STH-MDI1-C digi-
tal stereo head with an IEEE 1394 (Firewire) bus interface and a SRI’s Small
Vision System (SVS) software for calibration and stereo correlation. The ar-
chitecture of the whole system is organized into several modules implement-
ing image processing, grasp generation and storage, which are embedded in
a distributed object communication framework. For its complexity, the flow
diagram of visual processing has been divided into two parts. The first part
provides details of 2D object grasping. The second part is dedicated to 3D
object grasping using visual information retrieval. As shown in Fig. 1, the
image acquisition primarily aims at the conversion of visual information to
electrical signals, suitable for computer interfacing. Then, the incoming im-
age is subjected to processing having in mind two purposes: (1) removal of
image noise via low-pass filtering by using Gaussian filters due to its computa-
tional simplicity and (2) extraction of prominent edges via high-pass filtering
by using the Sobel operator. This information is finally used to group pixels
into lines, or any other edge primitive (circles, contours, etc). This is the basis
of the extensively used Canny edge detector. So, the basic step is to identify
the main pixels that may preserve the object shape. As we are visually de-
termining grasping points, the following subsections provide some details of
what we need for our approach.
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3.1 Extraction of Visual Features

A set of visual features are extracted from the left and right stereo cameras
and grouped into a compact representation of the object, which preserves the
topological relationships between features. As we are mainly interested on the
object’s contour, the pixels that belong to the object’s boundary are sorted
by ascending order of the rows. Let w, and h, be the width and height of the
image in the plane, respectively. Then the upper left corner pixel coordinate
is [0,0]7 and the lower right pixel coordinate vector is [h, — 1,w, — 1]7. We
denote by f a function regrouping paramaters of visual features together and
it is defined by

f ={p,r, ¢, com} (7)

where p is a list of points with p;=(z;,y;) are the coordinates of a point i, r;
is the distance of p; to the center of mass, com=(z., ¥.), and ¢ is the slope
value connecting each pixel with the center of mass. Additional to the local
features determined above, an algorithm for contour following is integrated.
This algorithm follows the object’s boundary from a starting point determined
previously and goes counter-clockwise around the contour by ordering succes-
sively its vertices/edge points into a double linked list. The algorithm stops
when the starting point is reached for the second time. The aim of this stage
is to determine that all vertices/edges belong to the object’s boundary which
we are needed further for the determination of the grasping points position.

00) Grasp Regions X corner

l\ Segment 1
o5 gr2

0o s o o s o0

o pixel T
o3 N \
o Initial fixation point of Initial fixation point of
segment 2 segment 1

Last fixation point of
segment 2

Fig. 4. Visual features of an object grasping: (top left) An original industrial object.
(bottom left) The object’s contour is represented by a set of line segments separated
by dot points and are given in counterclockwise direction. The center of mass of the
object is indicated by sign (x) and com.(top right) Curves fitting and merging seg-
ments (bottom right) process applied to the object’s contour. In each curve point p, a
variable triangle (p~,p,p") is defined. The admissible triangle is then checked by the
following conditions: d,nin§|p —p |, dmm§|p —pt|, @ < @mae, where |p —p- |:a,
|p —pt ‘zb, and a:arccos(a2+b2—02)/2ab is the opening angle of the triangle.
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3.2 Edge Linking and Segment Fitting

It was already mentioned that the contour of the object is represented by a list
of consecutive edge points p;=(z;,y;). Thus, it can be considered as a 2D func-
tion in the Euclidian space. The edge linking list is the result that forms a list
of connected edge points from a binary edge image. Let elist={ey, ea, ..., €, } be
the list of n edges points belonging to the object’s boundary with e;=(z;, y;)are
the coordinates of an edge point i. The aim of this stage is to determine all
salient contour segments that preserve the shape of contour. The curve fitting
(as shown in Fig. 4 (b)(top)) desrcibes the process of finding a minimum set
of curve segments to approximate the oject’s contour to a set of line segments
with minimum distortion. Once the line segments have been approximated,
the merging method (as shown in Fig. 4(b)(bottom)is used to merge two lines
segment that satisfied the merging threshold. The final result of the algorithm
is a list of consecutive line segments with a specified tolerance which preserve
the object’s contour. We define such list by slist={s1, sz, ..., $m } where a seg-
ment s; is defined by its ending vertices v;=(z;,y;) and v;41=(Zi+1,Yi+1). m is
the number of segments. Let §; ={v;, Vi1, lgi, di, ¢; } be a function defining the
parameter of a segment, s;, where [; is its center, d; its distance to the center
of mass, and ¢; its orientation from x-axis. Later, in the next section, we use
this function for computing a feasible solution of grasping. Once the object’s
contour has been approximated by line segments, the compact representation
of the contour of the object can be given by

B = (vlist, slist) € R? (8)

where B is a compact representation of the object’s contour in 2D. We will
integrate (8) in our algorithm for computing the feasible regions of grasps.

ii ve g
A 4 Y 4

i3
Vi3

Vi3
; 3 ch
s G P “‘

Focus point Focus point Focus point

Fig. 5. 2D Grasping configuration with three-fingers and its corresponding convex
polytopes. (a) Focus point of the feasible solution of (9), it does not include the
area of friction of the intersection cone (4), the grasp is not achieved. The grasping
is achieved in (b) and (c). (b) Focus point includes the feasible solution of (9) and
area of friction cones intersection. In (c), the area of friction cones intersection is on
the border of the feasible solution.
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3.3 Grasping Points Determination

Once the grasping regions have been determined on the object contour, a
heuristic algorithm is used to determine the grasping points where the ro-
bot fingers could be positioned. It takes as input the set of grasping regions
as illustrated in the previous section and given by (8). The output is a list
of k-tuplet grasping points. Each region is characterized by containing one
placed finger, so we have to find which triplet of regions could allow a k-finger
grasp. Mainly two steps are performed. In the first step the algorithm picks
the k-triplet elements from the list, and in the second it checks whether or
not a candidate grasp point will satisfy the condition of force-closure grasps.
Taking into account the force-closure grasping criterion, the grasping points
determination must satisfy the following conditions:

e The unit normal vectors to the surfaces defined by the grasp regions pos-
itively span the plane.

e The convex hull generated by the contact points contains the origin. (See
also [3] and [8] for more details).

We use an additional criterion for selecting the best grasp points. The distance
between the focus point of a grasp and center of mass is used as a quality
parameter to classify the stored grasps from the lower to the upper acceptance
measures.

4 The Algorithm

In order to obtain procedures for computing feasible solution for grasping,
we deal with our previous analysis of the shape of the object’s boundary
given by equation (8) which consists of a double linked list of segments and
vertices, and by (3) which is the convex polytope for modelling a cone. We
first calculate the extreme vertices of the convex polytope. Then we need to
fix one vertex as optimal solution on the midpoint of a joining segment. We
transform the double linked list of segments to the problem of solving equality
and inequality constraints. We call this problem Primal Problem and can be
expressed as follows:
f(z) :H(zx) —b <0,lb <u(zr) <ub 9)
where z = [z1, 75]7 is the vector coordinates of a point in the plane, d is a
real number, [Ib, ub] define the lower/upper band criterion. H={hy, ho, ..., hy }
be a linked list of half-planes defined over two variables. Each half-plane in
H is defined as a closed convex set in R? and it is represented by giving the
coordinates of its two endpoints. The intersection of a set of H, hy€ H is
defined by
Qp< = {hy Nhy, -, hy} (10)
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where (2 is a feasible solution of intersecting & half-planes (see Fig. 5, where
k=3). The feasible solution for common intersection is to find a set among all
the points that satisfy the following constraints problem at the same time.

hi:{(X7Y)|aix+biy}7i:1a"'7k' (11)

where k is the number of constraints. Since each half-plane is convex, and
the intersection of two convex is convex, the result of a set of constraints
intersection is convex. More details about convex analysis can be found in
[18-19]. Since we are interested to the bounded solution, the expected running
time we present here is O(k logk), where k is the number of constraints. The
whole process operates as follows:

1. Compute the list of grasp regions: each region is approximated as a
straight segment with its associated parameter function. Retain the grasp
region that have a size value longer enough than an estimated threshold
corresponding to a rayon of the finger (let said, the regions have less than
three pixels are omitted).

2. Pick three grasp regions: compute the parametric form of each segment
and find the midpoint as starting finger’s position on each segment.

3. Model a cone as bounded polytope: by providing its vertices-representation.
Fix a vertex as pointed vertex laying at the midpoint of its corresponding
grasp region.

4. Polytope cone projection: compute the area of three cone intersection.
Check whether the polytope is bounded by returning 1 as output, and, 0
otherwise.

5. Build a system of linear inequalities: compute the area of grasping region
and check whether or not the result admits a solution.

6. Force-closure grasp: examine whether or not a feasible region of grasp is a
bounded polytope region. If so, stop and save the corresponding grasping
configuration. Find the focus point and measure its distance from the
center of mass of the object (see Fig. 6). Keep this values into 2D array as
parameter measures. We try to find as near as possible the center of mass
of the object in the bounded region. This enables to decrease the effect of
gravitational and inertial forces during grasping.

The last step of the algorithm consists of selecting the best grasps from a
range of valid grasps from lower to upper acceptance measures by using two
parameters measure: the distance between the focus point of a feasible grasp
region and the center of mass, and the distance between both focus points;
area of friction cone and grasp region.

5 Results and Conclusions

We have introduced an approach that combines vision and grasping. Based on
the vision, visually deterimining grasping points is done by transforming the
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grasping regions into a geometrical optimization problem. The results shown
in Fig. 6 are obtained from applying the software packages in [20] to our Mat-
lab 6.12 programming environment. In order to compute the feasible region
of various grasps, we have integrated other linear programming solvers by
providing a set of constraints for optimization procedure. Various grasps with
three hard-fingers are tested on 2D original object and the feasible solution of
grasps are determined by analysing the polytope region of grasps. The focus
point inside the polytope convex and its distance from the object’s center of
mass are two measures used for selecting the best grasps.The most impor-
tant aspects of our algorithm are how to select the grasping point set and
to determine each one step of the grasping process. Three functions, pick(),
insert(), and remove() are used. The initialization step picks a first grasping
set. The while loop iterates by checking the feasible region of grasps and then
by selecting a new candidate of grasp. A build library is used to store valid
grasps by the insertion function which inserts a valid candidate grasp into
library, while the remove function deletes invalid grasp from the library. The
results in this paper shows the potential to combine vision and grasping in a
unified way to ressemble the dexterity of human manipulation.

Three-fingers position

3

0 Image plane x

=

o) Three-fingers position X Three-fingers position

0

G

¥

Fig. 6. Object Grasping by three fingers. These are some results obtained and
positioned on their corresponding segment (shaded segments). The force-closure
grasp is satisfied when the polytope region of friction cones intersection is not empty
as shown in (a), (b) and (c). In (d), the force-closure grasp is not satisfied. The focus
point is included into the both polytopes region as shown in (a-c). The best grasp
shows in (b) is selected from its corresponding parameters measure.

The second part of our visual processing: General flow diagram will be the
future work for generating 3D grasps on unknown objects includes implemen-
tation on a humanoid robot with a stereo camera head and an anthropomor-
phic robot hand (as shown Fig. 1).
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Summary. A key aspect of service robotics for everyday use is the motion in close
proximity to humans. It is essential that the robot exhibits a behavior that signals
safety of motion and awareness of the persons in the environment. To achieve this,
there is a need to define control strategies that are perceived as socially acceptable
by users that are not familiar with robots. In this paper a system for navigation in a
hallway is presented, in which the rules of proxemics are used to define the interaction
strategies. The experimental results show the contribution to the establishment of
effective spatial interaction patterns between the robot and a person.

Keywords: Service robotics, hallway navigation, robot-human interaction,
embodied social interaction.

1 Introduction

Robots are gradually entering our daily lives to take over chores that we would
like to be without and for assistance to elderly and handicapped. Already
today we have more than 1.000.000 robots in domestic use (Karlsson, 2004).
In terms of (semi-) professional use we are also starting to see robots as courier
services, and as part of flexible AGV-systems.

As robots start to enter into daily lives either in homes or as part of our
office/factory environment, there is a need to endow the robots with basic
social skills. The robot operation must of course be safe, but in addition we
expect the robot to interact with people following certain social rules. An
example of this is passage of people when encountered in the environment.
When people pass each other in a corridor or on the factory floor, certain rules
of encounter are obeyed. It is natural to expect that robots, at least, should
follow similar rules. This is in particular important when robots interact with
users that are inexperienced or have never before met a robot.

Several studies of physical interaction with people have been reported in
the literature. Nakauchi & Simmons (2000) report on a system that is to stand
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© Springer-Verlag Berlin Heidelberg 2006
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in line for event registration. Here the robot has to detect the end of the line
and position itself so as to obey to normal queueing behavior. Althaus et al.
(2004) report on a system that is to participate in multi-person interaction as
part of a group. It is here important to maintain a suitable distance from the
other actors and to form a natural part of the group. Passage of people in a
hallway has been reported by Yoda & Shiota (1997); an avoidance algorithm
has been developed, based on a human avoidance model, where two separate
conditions of a standing and walking person were considered.

In this paper we study the problem of social interaction of a robot with
people in a hallway setting and present an algorithm for person passage that,
in contrast with the one proposed by Yoda & Shiota (1997), dynamically
adapts the robot’s behavior to the person’s motion patterns. A overall de-
scription of the spatial interaction among people during passage is presented
in Section 2, and the corresponding control strategy for the robot is presented
in Section 3. The implementation of the proposed strategy is described in Sec-
tion 4. The system has been evaluated in a number of different tests to show
its handling of standing and moving people and the corresponding handling
of regular obstacles. The experimental results are summarized in Section 5.
Finally the main observations, open questions and issues for future research
are presented in Section 6.

2 Human Spatial Interaction

Interaction between people has been widely studied both as part of behav-
ioral studies and in psychology. Formal models of interaction go back to the
1960s when one of the most popular models in the literature, the proremics
framework, was presented by Hall (1966). The literature on proxemics is rich,
but good overviews have been presented by Aiello (1987) and Burgoon et al.
(1989). In proxemics the space around a person is divided into 4 categories:

Intimate: This ranges up to 45 cm from the body and interaction within this
space might include physical contact. The interaction is either directly
physical such as embracing or private interaction such as whispering.

Personal: The space is typically 45-120 cm and is used for friendly interaction
with family and for highly organized interaction such as waiting in line.

Social: The range of interaction is here about 1.2-3.5m and is used for general
communication with business associated, and as a separation distance in
public spaces such as beaches, bus stops, shopping, etc.

Public: The public space is beyond 3.5 m and is used for no interaction or in
places with general interaction such as the distance between an audience
and a speaker.

It is important to realize that the personal space varies significantly with
cultural and ethnic background. As an example in Saudi Arabia and Japan
the spatial distances to be respected in person-person interaction are much
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smaller, than in countries such as the USA and the Netherlands. The pas-
sage/encounter among people does not only depend upon the interpersonal
distance, but also the relative direction of motion. At the same time there
are social conventions of passage that largely follow the patterns of traffic. So
while in Japan, UK, Australia, ...the passage in a hallway is to the left of
the objects, in most other countries it is to the right.

One could model the personal space for a human as a set of elliptic regions
around a person as shown in Figure 1. Video studies of humans in hallways
seem to indicate that such a model for our spatial proxemics might be cor-
rect Chen et al. (2004).

intimate personal social public

Fig. 1. The interaction zones for people moving through a hallway setting

It would be natural to assume that the robot respects the same physical
boundaries as we expect from other people, if the robot has to display some
level of “social intelligence”.

3 The Control Strategy

The operation of a robot in a hallway scenario is presented here. Given that
proxemics plays an important role in person-person interaction, it is of interest
to study if similar rules apply for the interaction between people and robots
operating in public spaces. Informally one would expect a robot to give way
to a person when an encounter is detected. Normal human walking speed is
1-2m/s which implies that the avoidance must be initiated early enough to
signal that the robot has detected the presence of a person and to indicate
its intention to provide safe passage for her/him. In the event of significant
clutter the robot should move to the side of the hallway and stop until the
person(s) have passed, so as to give way. A number of basic rules for the robot
behavior may thus be defined:

1. Upon entering the social space of the person initiative a move to the right
(wrt. to the robot reference frame) to signal the person that has been
detected.

2. Move to the right to respect a desired distance from the person (if the
layout of the hallway allows) while passing the person.
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3. Await a return to normal navigation until the person has passed by. A
too early return to normal navigation might introduce discomfort on the
user’s side.

Using the rules of proxemics outlined in Section 2, one would expect the robot
to initiate avoidance when the distance is about 3.5m to the person. Given
a need for reliable detection, limited dynamics and early warning however,
a longer distance for reaction was chosen (6m). The avoidance behavior is
subject to the spatial layout of environment. If the layout is too narrow to
enable passage outside of the personal space of the user, as in the case of a
corridor, it is considered sufficient for the robot to move to the right as much
as it is possible, respecting a safety distance from the walls. The strategy is
relatively simple but at the same time it obeys the basic rules of proxemics.

4 An Implementation

The strategies outlined above have been implemented on a Performance Peo-
pleBot from ActivMedia Robotics (Minnie). Minnie is equipped with a SICK
laser scanner, sonar sensors and bumpers (see Figure 2).

person
PEOPLE position & velocity PERSON
TRACKING PASSAGE
MODULE MODULE
COLLISION
LOCAL MAP AVOIDANCE [~
obstacle MODULE

configuration

motion command

Fig. 2. The People- Fig. 3. The overall control system architecture
Bot system

The system on-board computer runs Linux and uses the Player soft-
ware (Vaughan et al., 2003) for interfacing the robot sensors and actuators.
The main components of the control system are shown in Figure 3.

The laser and sonar data are fed into a local mapping system for obstacle
avoidance. In addition the laser scans are fed into a person detection/tracking
system. All the software runs in real-time at a rate of 10 Hz. The serial line
interface to the SICK scanner runs at a rate of 5 Hz.

The tracking module detects and tracks people in the environment; the
laser is mounted on the robot at a height of 33 cm from the ground to per-
form leg detection of the persons. Information about the current position of



Embodied Social Interaction for Service Robots 297

the people as well as their velocity is provided. Both the magnitude and the
direction of the velocity are important to decide when and how to react. A
particle filter, as the one presented by Schulz et al. (2001), is used which can
deal with the presence of multiple persons.

The navigation system relies on a local mapper that maintains a list of
the closest obstacle points around the robot. Obstacle points are pruned away
from the map when they are too far from the robot or when there is a closer
obstacle in the same direction. The sonar data are processed through the
HIMM algorithm by Borenstein & Koren (1991) before being added to the
map. The collision avoidance module can deal with significant amount of clut-
ter but it does not take the motion of the obstacles into account as part of
its planning and it does not obey the rules of social interaction. The Near-
ness Diagrams (ND) method by Minguez & Montano (2004) has been chosen
because it is well suited for cluttered environments. The Person Passage mod-
ule (PP) implements a method for navigating among dynamically changing
targets and it is outlined in the next Section. During normal operation the
robot drives safely along the corridor toward an externally defined goal. The
goal is feed to the collision avoidance module. In parallel the person tracker
runs to detect the potential appearance of a person. If a person is detected
by the people tracker both the PP and the ND modules are notified. The PP
module generates a strategy to pass the person. If, due to the limited width
of the corridor the passage would involve entering into the personal space of
the person, the ND module will override the generate motion commands and
park the vehicle close the wall of the hallway, until the person has passed.
Otherwise the generated motion commands are filtered through to the robot.

It is important to underline here some important assumptions that have
been made in the implementation. The approach consider the presence of one
person at a time; to deal with the simultaneous presence of multiple persons
this strategy should be extended. It is assumed that the robot operates in
a hallway wide enough to allow the simultaneous passage of the robot and
the person; this means that the only impediment to the robot’s maneuver is
represented by the person behavior (i.e. the person’s pattern of motion along
the corridor). The presented method aims at achieving a low level control
modality whose only competence is to determine a passage maneuver on the
right of the person, when it is possible, or to stop the robot otherwise. We
believe that it is crucial to stick to this simple set of rules to avoid any am-
biguity in the robot behavior. In situations where the method decides to stop
the robot, a high level module based on a more complete set of information
(localisation of the robot on a global map of the environment, user motion
model for person’s behavior prediction) could determine alternative motion
patterns for the robot.
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4.1 Person Passage Method

The Person Passage module has been designed to perform a passage maneuver
of a person, according to the previously defined proxemics rules. It operates
as follows: as soon as a person is detected at a frontal distance below 6m,
the robot is steered to the right to maintain a desired lateral distance from
the the user. If there is not enough space, as might be the case for a narrow
corridor, the robot is commanded to move as much to the right to signal to
the user that it has seen her/him and lets her/him pass.

A desired trajectory is determined that depends on the relative position
and speed of the person and the environment configuration encoded in the
local map. The desired trajectory is computed via a cubic spline interpolation.
The control points are the current robot configuration (zf,ylt), the desired
“passage” configuration (z% yE), and the final goal configuration (z¢,y%),
where « is in the direction of the corridor (see Figure 4).

X35

dx

Fig. 4. Desired trajectory for the passage maneuver. The distance of the robot from
the person is maximum when it is passing her/him (dashed line)

The control point (zf, y%) determines the passage maneuver, and is com-
puted as follows:
oB =t 4 dx (1)

b =yo +dY (2)
The value of dY depends on the lateral distance LD that the robot has to
keep from the person:

dY = LD +wr/2 — (y* — yf) (3)

where wg is the robot’s width and y* is the person’s y coordinate in the
corridor frame. The value of dY may be limited by the free space on the robot
right. dX is computed so that the robot maintains the maximum distance from
the person when it is passing her/him, according to 4:

dX = v/ (vy' —vy) x (a7 — ag) (4)

The robot starts the maneuver by clearly turning to the right to signal to
the person its intent to pass on the right side, then the maneuver is updated
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according to the person’s current relative position ¥ and velocity vZ (see 4),
until the person has been completely passed, at which point the robot returns
to its original path. The capability to adapt to the changes in the speed of the
person is crucial to establish a dynamic interaction between robot and person,
as will be shown in Section 5, and represents an important improvement with
respect to the work of Yoda & Shiota (1997).

The adopted trajectory following controller takes into account the differen-
tial drive kinematics of our robot to define the feed forward command (driving
and steering velocity) (Oriolo et al., 2002):

vp(t) = \/ 2> (t) + ya’ (t) (5)
Ya(t)za(t) — a(t)ya(t)
Za*(t) +ya* (1)
where z4(t) and y4(t) is the reference trajectory. The controller includes also

an error feedback in terms of a proportional and a derivative term.

vs(t) =

(6)

5 Experimental Results

The system has been evaluated in a number of different situations in the corri-
dors of our institute, which are relatively narrow (2 m wide or less). During the
experiments the “test-person” was walking at normal speed, that is around
1m/s; the average speed of the robot was around 0.6 m/s.

5.1 Person Passage

The experiments show how the system performs in the person passage be-
havior, adapting to the person speed and direction of motion. Three different
cases are here presented.

In the first situation a person is walking at constant speed along the cor-
ridor. Figure 5 depicts top-down four different steps of the encounter. The
robot starts its course in ND mode. As soon as the robot detects the person
at a front distance below 6m, it starts its maneuver with a turn toward the
right (first snapshot). This makes the person feel more comfortable and most
people will instinctively move to the right too, to prepare for the passage, as
it happens in the second snapshot. As soon as the person has been passed by
the robot, the robot resumes its path along the center of the corridor (third
and fourth frames). The steering maneuver of the robot results in an effective
interaction with the user; to achieve this result, it has been crucial to perform
a clear maneuver with a large advance. In the second test (see Figure 6), the
person walks along the corridor and then stops. The robot starts its maneu-
ver at the same front distance from the person as before (first frame) but
then, detecting that the person has stopped (second frame) it does not turn
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Fig. 5. A person walks along the corridor. The robot trajectory in ND (circle)
and in PP mode (plus) is represented. The person trajectory (continuous line) and
current position (star) together with the current obstacle points on the local map
(dots) are also shown. The robot steers to the right to pass the person and then
resumes its course

toward the center of the corridor but it continues on the right until it has
completely passed the person (third frame). Then the robot resumes its path
toward the goal (fourth frame). Updating on-line the desired trajectory has
allowed the robot to adapt the passage maneuver to the person relative po-
sition and velocity. This is a key feature to establish an interaction with the
person that perceives the robot operation as safe and “social”. In the third
test (see Figure 7), the person is walking along the corridor and then turns to
his left to enter in his office. The robot starts a maneuver of passage as before
(first and second frames) but then, as soon as it detects the person on the
“wrong” side of the corridor, it stops (third frame). Once the person is not
detected any more, the robot resumes its path in ND mode (fourth frame).
In this situation, the environment layout does not allow the robot to pass the
person on the right and a passing maneuver on the left would be perceived by
the person as not natural and unsafe, contradicting the social conventions of
spatial behavior. In such a situation, it is considered as the best solution for
the robot to stop.

5.2 Regular Obstacles Handling

This second set of experiments show how the robot handles regular objects in
the environment. A paper bin was placed in the corridor, in the robot path.
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Fig. 7. The person crosses the robot path. The robots stops and wait until the
person has disappeared from the field of view of the laser to resume its path in ND
mode
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The controller was in ND mode with a security distance of 0.6 m, because
no persons were around. Two different configurations of the paper bin with
respect to the corridor have been considered. In the first situation the bin is
on the left of the hallway, close to the wall. The robot circumvents it on the
right (see Figure 8, left). This is automatically achieved with the ND because
the right is the only free direction). It is important to observe here that ND
drives the robot safely around the obstacle but it does not make the robot
steer to the side as early as the PP mode does, in presence of a person. A
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Fig. 8. Regular obstacles handling. On the left, the robot circumvents a paper bin
placed on the left of the corridor. On the right, the paper bin is in the center of the
corridor, the robot stops

second situation is shown on the right of Figure 8 in which the paper bin
has been placed slightly to the right of the center of the hallway (wrt. to the
robot). This is a potentially dangerous situation, because the object could be
a non-detected person and it would be inappropriate to operate in ND mode,
as ND would in most of the cases pass the obstacle on the left. The robot is
not allowed to pass and it stops at a distance of 2.5 m from the object.

It may appear a strong measure to stop the robot in the center of the
corridor, as in the second situation. But it is important to underline here that
we are making the assumption that the corridor should normally be free from
obstacles. So, if the robot detects something in the middle of the hallway it
should take into account the hypothesis that this object could be a person. In
this case the chosen strategy is to stop the robot, because any other attempt
to steer (as moving to the side and then stopping) could be perceived, at such
short distance (2.5m), as unsafe and unpredictable by the undetected person.

5.3 Pilot User Study

To fully appreciate the value of such method and to fine-tune it to be socially
acceptable there is a need for careful user studies. Some preliminary indica-
tions about the method have been achieved in a pilot user study in which 4
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subjects have evaluated the acceptability of the robot motion patterns during
passage with respect to 3 parameters: the robot speed, the signaling distance
at which the robot starts the maneuver and the lateral distance kept from
the person during passage (Pacchierotti et al., 2005). Two values of each pa-
rameters were tested by the subjects. It was clear from the users feedback
that higher speeds were preferred. An explanation for this result is that the
robot moves faster to the side; the higher speeds during passage were still not
higher than 0.4m/s so they were never perceived as intimidating. The lower
speeds instead, were perceived as less safe or even annoying by the users. The
higher value of the signaling distance was highly preferred by all the subjects.
Although not necessary to avoid the user, a large signaling distance is im-
portant for the robot behavior to be clearly understood. An early maneuver
allows the robot to signal its intent, so its behavior is perceived as trustworthy
and safe by the user. No clear indication emerged about which value of lateral
distance was preferred. The evaluation of this parameter will be addressed
more extensively in further studies.

6 Summary/Outlook

As part of human robot interaction there is a need to consider the traditional
modalities such as speech, gestures and haptics, but at the same time the spa-
tial interaction should be taken into account. For operation in environments
where users might not be familiar with robots this is particularly important
as it will be in general assumed that the robot behaves in a manner similar
to humans. There is thus a need to transfer these rules into control laws that
endow the robot with a “social” spatial behavior.

In this paper the problem of passage of a person in a hallway has been
studied and a control strategy has been presented, based on definitions bor-
rowed from proxemics. The operation of the robot has been evaluated in a
number of experiments in typical corridor settings which have shown how the
introduction of social rules for corridor passage in the robot navigation sys-
tem can give a contribution to the establishment of effective spatial interaction
patterns between a robot and a person.

The hallway passage is merely one of several different behaviors that robots
must be endowed with for operation in spaces populated by people. The gen-
eralization to other types of environments is an issue of current research.
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Summary. Motion prediction for objects which are able to decide their trajectory
on the basis of a planning or decision process (e.g. humans and robots) is a chal-
lenging problem. Most existing approaches operate in two stages: a) learning, which
consists in observing the environment in order to identify and model possible mo-
tion patterns or plans and b) prediction, which uses the learned plans in order to
predict future motions. In existing techniques, learning is performed off-line, hence,
it is impossible to refine the existing knowledge on the basis of the new observa-
tions obtained during the prediction phase. This paper proposes a novel learning
approach which represents plans as Hidden Markov Models and is able to estimate
the parameters and structure of those models in an incremental fashion by using
the Growing Neural Gas algorithm. Our experiments demonstrate that the tech-
nique works in real-time, is able to operate concurrently with prediction and that
the resulting model produces long-term predictions.

1 Introduction and Related Work

In order to successfully interact with a dynamic environment, a person, a robot
or any other autonomous entity needs to reason about how the objects which
populate this environment are going to move in the future. However, this
knowledge about the future is often unavailable a priori, hence it is necessary
to resort to prediction: estimate future motion based on available knowledge
about the object’s present and past states. This explains the importance of
prediction techniques for a number of research domains like motion planning,
tele-surveillance and automatic traffic control [1, 2].

This work focuses on motion prediction for objects which are able to per-
form trajectories as a result of an internal motion planning process or decision
mechanism (e.g. persons, animals and robots). It is assumed that such plans
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to thank the support of the french CNRS Robea ParkNav and the Predit Mobivip
projects.
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are made with the intention to reach a specific goal, thus the name intentional
motion which will be used hereafter to designate this kind of motion.

Assuming that the object’s decision mechanism as well as all the rele-
vant variables at every time step (e.g. internal state, sensorial input, etc.) are
known, predicting its trajectory consists in replicating the planning process
in order to find the intended trajectory. However, this assumption is not re-
alistic. Neither the planning model nor the variables are known or observable
(what is the decision mechanism of a human being?) and they must be in-
ferred from observed motion before performing prediction. This leads to the
following decomposition of the problem:

e Learning. Construct a plan representation based on observations.
e Prediction. Use the representation obtained during learning to estimate
future states on the basis of present knowledge.

Thus, learning consists in observing a given environment in order to con-
struct a representation of every possible plan for it. But, how long should we
observe the environment in order to construct such a ”plan library”? Given
the enormous number of possible plans for all but the simplest environments,
there is not a simple answer. This raises an important problem of existing
learning techniques (e.g. [3, 4]): the use of a ”learn then predict” approach,
meaning that the system goes through a learning stage where it is presented
with a set of observations (an example dataset) from which it construct its
plan models. Then, the plan library is ”frozen” and the system goes into the
prediction stage.

The problem with this approach is that it makes the assumption that all
possible plans are included in the example dataset, which, as we have shown, is
a difficult condition to meet. This paper addresses the problem by proposing a
”learn and predict” approach which is able to learn in an incremental fashion
(ie by continuously refining its knowledge on the basis of new observations
used for prediction). To the extent of our knowledge, this is the first intentional
motion prediction technique in the literature to have this property.

Learning techniques used by the ”learn then predict” approaches are very
diverse. For example in [5] plans are modeled as series of straight motion seg-
ments which are clustered together. In [3] and [6], typical behaviors are learned
by clustering whole trajectories. In [7] Bui proposes Abstract Hidden Markov
Models as a way to represent plans as hierarchies of probabilistic sub-plans
or policies. Although the approach does not define an automatized learning
mechanism, this has been done in [4] by using the Expectation-Maximization
algorithm.

In this paper, we present an approach which is able to continuously
learn from observations in an incremental fashion. It models plans as Hid-
den Markov Models (HMM)[8] augmented with a variable which indicates the
goal that the plan intends to reach?. The learning algorithm is composed of

2 An HMM is a stochastic finite-state automaton which models a process whose
state evolves according to a transition probability at discrete time-steps. The
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two modules: in the first one, the Growing Neural Gas algorithm [9] is used to
estimate both the set of states in the model and the observation probabilities.
The second module identifies goals and then uses a Maximum-Likelihood cri-
terion to update the transition probability of the model. As mentioned above,
the technique determines the number of goals and states in the model, thus
learning the structure of the underlying HMM.

The rest of the paper is structured as follows: section 2 presents an overview
of the problem. Section 3 discusses the details of our HMM-based probabilis-
tic model and describes how it is used to represent plans. The details of the
learning algorithm are presented in section 4. Section 5 discusses the exper-
imental results. The paper ends by exposing our conclusions and explaining
future research directions.

2 Problem Overview

This paper proposes an unsupervised learning algorithm which constructs plan
representations by observing the motion of objects (e.g. pedestrians, vehicles,
etc.) moving in a given environment. Plans are modelled as Hidden Markov
Models augmented with a variable v which is used to represent the particular
goal that the object intends to reach.

The input of the learning algorithm is a continuous stream of observations
ot = {01,092, -} gathered through a tracking system. In order to keep nota-
tion simple, we will assume that no more than one object is observed at the
same time, noting that the approach is easily generalizable to the multi-object
case. It will also be assumed that the tracking system can determine when
the object has stopped or exited the environment.

Every observation o = (x4, yt, n:) returned by the tracker consists of an
estimate of the object’s position® at time ¢ and a binary variable 1; which
indicates whether the object has reached the end of its trajectory (n = 1)
or not (n = 0). A trajectory ends when the object stops moving or exits the
environment.

Learning will consist in estimating the parameters of the slightly modified
HMM which will be presented in the following section.

state of the process may only be observed through a noisy sensor, the probability
that a measure provided by the sensor corresponds to a given state is known as
the observation probability.

3 Higher-dimensional observations (ie (z¢,y:, =1, y:)) may also be used as input by
the algorithm.
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3 Probabilistic Model Definition

In order to develop our model, we will start from the HMM?* joint probability
distribution (JPD) for a single time-step, which may be written as follows:

(qt, gt—1,0¢) = p(qe—1)p(qe | @—1)p(0s | qr) (1)

Where ¢;_1 and ¢; represent the state at time ¢ — 1 and ¢, respectively,
and o; represents the observation returned by the sensor at time t. The de-
composition contains the three probabilities that define an HMM: a) the state
prior, or belief state p(g:—1); b) the transition probability p(q; | ¢t—1) and c)
the observation probability p(o: | ).

In the context of this work. Discrete states will correspond to positions
in the environment and transition probabilities will depend on the particular
goal that an object intends to reach. In order to account for different goals,
we will augment the HMM with a variable v which is used to represent them:

p(at; gt—1,0t,7) = plat—1)p(V)p(ar | v, at-1)p(ot | qr) (2)

This JPD has been obtained from eq. 1 by making two additional condi-
tional independence assumptions: a) The goal does not depend on the previous
state p(y | gi—1) = p(7y) and b) given the state, the observation is independent
of the goal p(o | qt,7) = p(ot | q1).

Due to the fact that « is not time-dependent, this may be regarded as
having a different Markov model for every value of -y, where all such mod-
els share the same observation probabilities and number of states. The idea
is a simplified version (ie without the actions) of the probabilistic planning
technique known as Markov Decision Processes.

Having defined a JPD, we will proceed to specify all the model’s relevant
variables as well as their respective domains:

e N € N: The total number of discrete states in the model. These states

correspond to positions in the environment.

Gt,qi—1 € [1, N]: The object’s states at time ¢ and ¢t — 1, respectively.

o¢ € R?: The object’s state estimation returned by the sensor at time ¢.
(e the observation variable).

e (G € N: The total number of goals in the model. The goals correspond to
specific places in the environment (ie it may correspond to many discrete
states).

e ~ € [1,G]: The goal that the object intends to reach.

Finally, we the representations we have chosen for the probability distri-
butions:

4 In this section, it is assumed that the reader is familiar with Hidden Markov
Models. The interested reader is referred to [8] for an excellent tutorial on the
subject.
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p(qt | v, qt—1): Table, it will be further described in §4.3.

plot | [gr = 1]): Gaussian G(u;, 0y).
p(qo): Uniform Uy = % This probability is used to initialize the belief
state for a new trajectory.

e p(7v): Uniform Ug = é This probability is used to initialize the goal’s
belief for a new trajectory.

4 Parameter Learning Algorithm

On the basis of the model specification presented in §3 it is possible to define a
learning algorithm which consists in estimating parameters from observations.
Having defined the priors as uniform distributions, this leaves four parameters
to be estimated: the transition and observation probabilities, and the values
for N and G. It is worth noting that, by learning both N and G, the proposed
technique is able to learn the structure of the model. This is an significant
departure from existent techniques [3, 4], which depend on values fixed a
PTiOTI.

Assuming that, for every observed trajectory the associated goal is known,
learning may be performed using the Baum-Welch algorithm [10] which is a
specialization of Expectation-Maximization [11] and has become the standard
learning technique for HMM’s. However, it has two problems which prevent
its application to our particular problem: a) it is not incremental and b) it
needs to know the number of states to be learned a priori. The first problem
may be solved by using incremental variants of the algorithm [12, 13], but
the second one is more difficult to solve and is not a trivial task. Moreover,
we want to deal with the general case, where goals are not known beforehand
and should be identified.

The approach proposed in this paper takes a different approach by splitting
the problem in three tasks:

1. State GNG. The observation probability p(o; | ¢:) and the number of
states N are estimated using the Growing Neural Gas algorithm (§4.1).

2. Goal GNG. Another instance of GNG is used to estimate the number of
goals G as well as their position.

3. Viterbi Counting. The Viterbi algorithm [14] is used to perform a max-
imum likelihood (ML) estimation of the transition probability p(g: |
v, qt—1). This estimation uses the outputs of tasks 1 and 2 (§4.3).

The rest of the section provides the details of the tree learning tasks.

4.1 Learning Discrete States and Observation Probabilities

The observation probability for a given state p(o; | [¢ = ]) is defined as a
gaussian. Therefore, the learning algorithm should estimate the mean value
w; and standard deviation o; for the N states.



310 D. Vasquez et al.

This rises the question of the ”correct” value for N, which is an important
question. The state space is continuous, when it is mapped to a finite set
of discrete values an error is introduced in the representation. The number
of states allows to trade off accuracy and computational efficiency. By incre-
menting the value of N the approximation error — also known as distortion —
is reduced at the expense of additional calculation burden.

There is another way of reducing the distortion: discrete states may be
placed in such a way that the mean distance between them and observed data
is minimized. This is known as Vector Quantization [15].

Our approach uses a Vector Quantization algorithm known as Growing
Neural Gas (GNG) [9] in order to estimate the number of discrete states of
the model as well as the mean values and standard deviation of the obser-
vation probabilities. This algorithm has been chosen between many different
approaches existent in the literature [15, 16, 17, 18] due to its following prop-
erties:

e It is fast. The costliest operation is of O(N). This can be further optimized
by using a hierarchical structure like an r-tree[19].

e The number of states is not fixed. New states are added and deleted as
observations arrive.

e It is incremental. This makes it suitable to process continuous streams of
observations.

The algorithm processes observation on a one by one basis. It produces a
graph, where nodes representing discrete states are explicitly linked to their
closest neighbors (the graph is a subset of the Delaunay triangulation). Every
node i is associated to a vector u; known as the centroid.

The application of this structure to estimate the required parameters is
straightforward: state information {z;,y;} contained in each observation is
used as an input for a GNG. The resulting set of nodes represents discrete
states whose centroids are the mean values of the observation probabilities.
The standard deviation o; for state ¢ is approximated by averaging the half
length of the links emanating from the corresponding node

Insertion of new states is no longer allowed when argmin o; is less than a
given threshold. This restrains the algorithm from discretizing the space below
the sensor’s precision. Thresholding may be regarded as defining a minimum
cell size, which is similar to conventional grid approaches but with two im-
portant advantages: a) the location of the cells is not fixed a priori and b)
only relevant cells are represented. The latter advantage depends on the ratio
between the existing positions (ie the full grid) those which are actually vis-
ited by objects. Usually, this advantage becomes more important as the state
dimension grows due to motion constraints which apply to the object (e.g.
acceleration and speed limits, unaccessible areas, etc.).

An example of the use of GNG is presented in fig. 1. The environment
is a simulator of the laboratory’s entry hall. It contains a number of places
which may constitute motion goals (e.g. the stairways in the bottom or the
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two doors in the top of figure 1la). Fig. 1b presents the state of the GNG
structure after processing 1000 trajectories.

{ — 1 \
' ! o

A——— [ 1 N 4. i 4 =,
a) Sample Environment b) GNG Network

Fig. 1. Using GNG to represent discrete states in the laboratory entry hall.

4.2 Identifying Goals

The problem of automatically identifying the goals that an object seeks to
reach using only observation data is very difficult since these goals are often
related to information which is not present in this data (e.g. the presence of
a billboard).

The approach taken here aims to identify goals based on a simple hypoth-
esis: when an object stops moving (or exits the environment) it is because it
has reached its goal. This leads to a simple goal identification scheme: every
observation o; having 7, = 1 (end observation) is sent to a GNG structure
which clusters this information together into high-level goals.

The nodes of the resulting GNG graph corresponds to goals®. The graph
itself may be used to identify the goal that corresponds to a given end-state
observation:

v =minarg; [|(ze, ye) — pf ||, for ne =1 (3)

4.3 Learning Transition Probabilities

Transition probabilities are updated once a complete trajectory is available,
this means that all non-end observations are stored until an observation having
n = 1 is received, then, expression 3 is used to compute the attained goal g.
For every observation in the trajectory o;, the Viterbi algorithm is used in
order to find ¢; given the past state ¢;:—1 = ¢ (which has been estimated in
the previous iteration)®:

% notations uf and p? will be used henceforth in order to distinguish between state
and goal GNG’s

S This implies iterating through the domain of ¢;, meaning that the update step
has cost O(N).
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¢ —maxarg, {paqt — 3 b= gl las = iplor | g = m}

The obtained values for g, i and j are then used as indices to update a
transition count matrix A on a maximum-likelihood criterion:

Alg,i,j] — Alg,i, 4] +1 (4)

If the observation correspond to the first step of a trajectory only the
current state is estimated using:

qo = maxarg;{p(oo | [g0 = i])} (5)

Transition probabilities are calculated using:

i iy _Alei gl
p(lg: =41 [v =g, [ge—1 = 1]) S Alg, i, 7] (6)

Finally, when N or G change due to additions or deletion on the corre-
sponding GNG structures the corresponding columns and rows are simply
inserted or deleted accordingly, this is possible due to the fact that we are
storing counts instead of probabilities in the transition matrix.

5 Experimental Results

In order to validate it, the proposed approach has been applied to the predic-
tion of pedestrian motion in the entry hall of the Inria laboratory, which is a
rectangular area of approximately 8 x 20 meters. As it may be seen in fig.2,
the environment consists mostly of an open area without much structure.

We have performed experiments with both real and simulated data. Real
data has been gathered through a vision system which tracks people using
a single camera having wide-angle lenses. The system projects observations
from the camera plan to the floor plan. It is worth noting that, due to the
projection process, the system ends up covering only about 60% of the total
area.

Simulated data consists of noisy trajectories between predefined sequences
of control points.

5.1 Evaluation Criterion

In order to perform prediction, the probability p(y | 0g, - ,0:) has been
estimated using a particle filter with a resampling step [20] to integrate new
observations.

The performance of the algorithm has been evaluated by measuring the
difference between the predicted and effective final destination. The first n
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Fig. 2. The INRIA entry hall

observations of a trajectory were used to predict the most probable goal g =
maxarg; p([y =] | 00, ,0n). The global estimation error is calculated as
the average of all the distance between the goal such obtained and the real
end of the trajectory.

5.2 Results

We have run our experiments using datasets of 600 trajectories both for real
and simulated data. The algorithm was initialized by processing 500 trajecto-
ries before starting to record the results. The remaining 100 trajectories were
processed as follows: for every trajectory, the predicted goal is estimated using
10% of its length, then 20% and so on until 90%. This allows us to measure
how new knowledge improves prediction.

The results obtained for both simulated and real data are presented in
fig. 3.

Mean Prediction Error

—+—Real
—=—Simulated

0 20 30 40 s 6 70 80 9
Trajectory %

Fig. 3. Experimental results
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It may be seen that both error curves decrease in near linear fashion with
respect to the known fraction of the trajectories, we regard this as an encour-
aging result, particularly in the case of real data, which was very noisy due
to the tracker’s inability to adequately track the object’s motion during all of
its motion. However, we think that faster (non-linear) convergence rates are
achievable, in particular by using a more efficient goal discovery mechanism.

It may be surprising to find that real data seems to perform better than
simulated data. The reason is that the simulator produces trajectories which
cover the entire entry hall, while, as we have explained above, real data is
gathered only in a fraction of the environment.

It is important to mention that all the results presented here are prelim-
inary. For example, the chosen performance measure should be improved to
take into account situations where a trajectory passes through more than one
goal, in this case, the system will probably predict that the object intends to
reach these ”intermediate” goals (which we think is fine), but, as they do not
correspond to the trajectory’s final position, the resulting prediction error will
be high.

5.3 Real-Time

In our experiments, prediction has been performed simultaneously with learn-
ing and graphic display for the test data set. Our unoptimized implementation
of the technique runs on a 2 Ghz Athlon PC at a frequency of 20—60 Hz. Even
if we consider this as adequate for most real-time systems involving pedestri-
ans, the system may be further optimized at the code level or by using a more
efficient technique for searching the winner in the GNG structure, for example

(64.1).

6 Conclusions

In this paper, we proposed a method for learning motion plans from obser-
vations. Our approach represent plans as Hidden Markov Models. Learning
consists of three modules: a) the Growing Neural Gas algorithm is used to
estimate the total number of states IV as well as the observation probability
distribution; b) another GNG structure is used to estimate the number and
positions of goals in the environment, and c) the Viterbi algorithm is used to
perform a Maximum-Likelihood estimation of the transition probability.

The main contribution of this technique is that it follows a ”learn and pre-
dict” approach, thus allowing the continuous improvement of existent knowl-
edge on the basis of new observations. To the best of our knowledge no other
technique in the literature is able to do that. A second important contribution
consists on the fact that, by learning the number of states and the number of
goals, this technique is able to learn the structure of the model, this distin-
guishes our work from techniques with fix this values a priori.
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The technique has been implemented and applied to both real and sim-
ulated data. The experiments show that the learned model may be used to
efficiently predict the intended goal of an object. Moreover, this is performed
in real time.

7 Future Work

The approach presented in this paper is a first approximation to the problem.
In the short term, our goal is to test the approach in a different setting: the
ParkView experimental platform, which is able to track a car moving in a
parking lot (fig. 4).

Fig. 4. The ParkView platform: left) camera view of the Cycab experimental car
moving in the parking lot of the laboratory; right) the Cycab as detected on the
tracking system.

In the medium term, a number of lines of work are being considered: a)
including velocity and object size in the space representation; b) modelling
of semi-dynamic objects such as doors which may be either open or closed;
¢) the extension of the algorithm to learn hierarchical plan models such as
Abstract Hidden Markov Models [7].
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Summary. This paper presents a novel design and a motion planner for a semi-
passive mobile robot. The robot consists of an upper circular body and three identical
semi-passive driving mechanisms. Each mechanism consists of a passive wheel that
can freely roll, a rotation actuator along the normal axes and a linear actuator for
motion along the radial direction of the upper body center. The robot is equipped
with an inclinometer to measure the surface slope. Each wheel is also equipped with
a rotational encoder to measure roll. Using an odometric model, data from these
encoders determines vehicle position. Kinematic analysis provides tools for designing
a motion path that steers the robot to the desired location, and determines the
singular configurations. Due to the passive roll, there is no longitudinal slippage,
and lateral slippage is determined from the kinematic and odometric models. This
enables accurate and reliable localization even with slippage. A gait pattern planer
for downhill, as well as horizontal and uphill surfaces is presented. A prototype robot
has been built and field tested. Experimental results verify the suggested models.

Keywords: Passive motion planning, skid steering, slippage.

1 Introduction

Wheel slippage is one of the dominant features that affect the efficiency, relia-
bility, feasibility and stability of mobile robot motion. Uncontrolled slippage
causes undesired motions that result in erroneous position and orientation.
The most common method for autonomous relative position estimate - odo-
metry, is subject to unbounded errors due to slippage [2], and requires an
additional positioning system (e.g. Map-Matching, GPS, Beacon-Based Tri-
angulation). This problem becomes critical when no absolute positioning sy-
stem is available (e.g. space, underground or indoor missions). Furthermore,
additional tasks such as trajectory planning and obstacle avoidance cannot
be reliably performed in the presence of uncontrolled slippage. Many rese-
archers deal with robot-surface interaction, particularly on slippery terrains.
Bidaud et. al. [1] deal with wheel-soil interaction models. Iagnemma et. al. [7]

P. Corke and S. Sukkarieh (Eds.): Field and Service Robotics, STAR 25, pp. 319-330, 2006.
© Springer-Verlag Berlin Heidelberg 2006
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describe terrain estimation and sensing methodology using visual, tactile and
vibrational feedback. Ferretti et. al. [5] exploits high resolution encoders to
compensate for non linear friction terms. Physics based motion control that
involves a model of traction mechanics with the consideration of force distri-
bution among the wheels is discussed in [3]. In this approach the wheel-soil
contact angle and the distribution of the load on each wheel are considered,
and a control system maximizes traction between the vehicle and the terrain.
Yoshida and Hammano [11] investigate the tire-soil traction mechanics as well
as the body-suspension-wheel dynamics of a mobile robot. Conventional lo-
comotion uses legs or powered wheels to generate motion. In contrast, our
robot relies on relative motion of the joints to generate motion of the central
body similar to the motion of a downhill skier on an icy surface, or locomotion
on rollerblades. A novel robot design that has the ability to switch between
skating and walking modes is the Roller-Walker [4]. This quadruped robot has
the ability to switch between walking and skating modes. Passive wheels at
the end of each leg fold flat to allow the robot to walk. In the skating mode,
the wheels are rotated into place to allow the robot to carry out skating mo-
tion. Another example is the ROLLERBLADER [6]. This robot is different
from the Roller Walker in its ability to raise the rollerblades off the ground.
This allows the use of gaits that mimic those used by human rollerbladers.
Shimizu [10] developed both a skiing robot and a snowboarding robot that
can model how humans perform turns on skis or snowboard.

Semi-passive driving mechanism has several advantages over regular po-
wered mechanisms. First, no longitudinal slippage occurs, given minimal fric-
tion between the wheels and the surface. The minimal friction is required
for overcoming the rotational friction between the wheels and their housing,
which is significantly reduced even by conventional bearings. The elimination
of longitudinal slippage is essential for accurate and reliable odometry, parti-
cularly for outdoor missions. Using semi passive driving mechanism, combined
with intelligent motion planner can significantly reduce the power consump-
tion of the vehicle. Utilizing the powered mechanism only when required (e.g.
traveling uphill or on horizontal surface), while changing to passive motion
when possible (downhill travel or using the vehicle inertia) can save signifi-
cant energy consumption, and therefore increase the autonomy of the system.
Finally, while replacing the passive wheels with ice skating blades it can move
on slippery surfaces such as ice utilizing the unique characteristic of small
friction forces on the longitudinal direction and large friction forces on the
lateral direction.

The paper is organized as follows: In Section 2 we describe the robot
design. Section 3 provides kinematic analysis and geometrical insights of sin-
gular configurations under no lateral slippage conditions. Section 4 suggests
an odometric model for localization and lateral slippage detection. Section
5 describes motion patterns for downhill, uphill and horizontal locomotion.
Section 6 presents experimental results that verify the motion planner and
the odometric model. Section 7 provides the conclusions.
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2 Robot Description

The robot consists of an upper circular body and three identical semi-passive
driving mechanisms shown in Fig. 1(a). Each driving mechanism consists of a
passive wheel that rolls freely along its longitudinal direction. The mechanism
has two actuators: a rotational and a linear actuators shown in Fig. 1(b). Both
actuators use Pittman DC servo motors. The linear actuators use a lead screw
mechanism with two parallel slide guides and linear bearings. The rotational
actuator uses timing belt mechanism to reduce the total robot height and
lower the center of gravity. The robot is equipped with studded-like tires to
increase traction and reduce slippage. The wheels can be easily replaces by
ice skating blades or skis for motion on icy or snowy surfaces. The robot is
equipped with an inclinometer to measure the surface slope.

The robot is equipped with six degrees of freedom, allowing for changes
in the internal configuration which are required for various motion patterns
(as described in the following sections). The rotation along the normal to the
central body determines the longitudinal rolling direction of the wheel. Since
wheels are passive, we assume no longitudinal slippage (lateral slippage is
permitted)3. Each of the passive wheels is equipped with a rotational encoder
to measure rolling. Data from these encoders is used by the odometric model
for relative position and orientation estimation of the robot. Furthermore,
based on the kinematic and odometric models (discussed in Sections 3 and 4),
the amount of lateral slippage on each wheel can be determined.

3 Kinematic Analysis

The robot’s c-space (configuration space) contains nine parameters, q =
(b, Yp, Op,d1,d2,ds, 01,02,03) € IR?, out of which only six are actuated. Hence
the robot’s central base is un-actuated. The goal is to design a motion path for
the actuated joints such that it steers the entire robot to a desired location.
To begin, we compute each wheel’s center point location and velocity using
rigid body transformation and its time derivative:

pi = dy + Rydir; and p, = dy + Rydir; — 0y JRpd;r;  fori=1,2,3 (1)

1 . . .
where J = [_01 0] and Ry is the rotation matrix of the central base angle
0y. Assuming mo lateral slippage, the wheel’s center point velocity has no

component along the lateral direction. Therefore:
c/p,=0 fori=1,2,3 (2)

where ¢; = RyR;(1,0)7 is the lateral direction of the i*” wheel, and R; is the
wheel’s rotation matrix of angle ;. Let us make the following definitions:

3 This assumption is valid only for wheels with small inertia and for relatively small
accelerations.
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linear lead screw

motion
p - b
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Fig. 1. (a) Prototype of the three wheeled robot, (b) design model of the wheel

mechanism, and (c) the robot’s parameters.

V(q) = —diag(chbrl,cher’ CgRbrg,) c R¥*3 (3)

and

cf' —dicT JRyry s
—dzC;JRbFQ € R**".
cg —dgcijbrg

S

The no-slippage constraint (2) can now be written in matrix form as follows:
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a A
(§)-cta | d | wiere 6@ =K @vi@ e
b ds

This constraint depends on velocities as well as on the configuration. The-
refore, (4) introduces three non-holonomic constraints, and the robot is said
to be a non-holonomic, under-actuated system. Let u = (ug,us)” € IR be
vector of control inputs, where uy = (dl,dg,dg)T and uy = (91,92,93)T.
Then the robot’s kinematic system is:

a= (). )

u

The central base velocity is uniquely determined by the actuators’ veloci-
ties only if G(q) has full rank. Moreover, existence and uniqueness of solution
to the robot’s kinematic system is assured only if rank(K(q)) = 3. Matrix
K(q) is of full rank if, and only if, the three lines Iy, 12, and I3 do not inters-
ect in a single point and are not mutually parallel. Theses lines are given by
l; = p; + tic; for i = 1,2,3, and t; is a length parameter along the " line
(Fig. 1(c)). If the robot is not in a singular configuration, the central base
velocity is fully controllable using the linear actuators velocities. Later on we
use this fact to conduct uphill motion. However, singular configuration can be
used for free slide in downhill motion.

4 Odometric Model and Slippage Detection

In this section we describe the odometric model of the robot and a method
for slippage detection. As previously discussed, each wheel is equipped with
a rotational encoder to measure the passive roll - ¢;, (Fig. 1(c)). Given the
central body velocity, the wheels’ center point velocity is computed in (1).
Taking the derivative of ¢; and multiplying by the wheel radius - W,., gives
the i*" wheel center point longitudinal velocity. Equating the latter term with
the i*" wheel center point velocity projected on the longitudinal direction,
denoted ¢; = —Jc;, results in:

cI'py =W,  fori=1,23 (6)

Based on (6) it is possible to evaluate the central base velocities while mea-
suring the passive wheels’ rotation velocities and the actuators’ positions and
velocities. Let us define the 3 x 3 matrix K(q) as follows:
¢l —diel JRyry
K(q) = | &) —d2&) JRyrs | € R*, (7)
&5 —dsel JRyrs

then central base velocity is determined by:

B\ 1 W, — d1&] Ryt
B | =K Ha) [ $oW, — dat; Robsy
0b qf)gWr — dgégRbf‘g
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Numerical integration of the central base velocity along the motion path
determines the robot’s central base position. Note that as long as f((q) is
not singular it is possible to calculate the base position even under lateral
slippage. Matrix f((q) is of full rank if, and only if, the three lines 1, >, and
Z3 do not intersect in a single point and are not mutually parallel, where
l; = p; +1;¢; for i = 1,2,3, and ¢; is a length parameter along the [; line (Fig.
1(c)).

Slippage detection method: After evaluating the central body veloci-
ties, it is possible to compute each wheels’ center point velocity according to
(1). This velocity vector, p;, can be divided into two components: the longi-
tudinal component, é?pi, and the radial component,

5, =clp;, for i=1,2,3.

Note that $; is the lateral velocity of the wheel center point. If the three lines
11,12 and 15 (Fig. 1(c)) do not intersect in a single point and are not mutually
parallel, then we can explicitly compute the amount of lateral slippage of each
wheel.

5 Motion Patterns

In this section we describe the motion patterns of the robot. Since motion is
based on a semi-passive mechanism, there are two major patterns: Uphill and
horizontal locomotion, and downhill motion.

5.1 Uphill and Horizontal Locomotion

In horizontal or uphill locomotion, gravitational force cannot be used to con-
duct motion. Rather, the robot actuators produce the required central body
velocity. The motion planning problem is as follows: For a given path, a(t)
of the robot’s central body, what should be the actuators’ velocities. The
Lafferriere and Sussmann method [9] is an example of such a motion plan-
ning method for under-actuated non-holonomic systems. The Lafferriere and
Sussmann method requires the system to be nilpotent (i.e. high order of Lie
products vanish). However, our system contains trigonometric function whose
derivatives never vanish and therefore is not nilpotent. Eq.(4) shows that, in
order to provide the robot’s central body with any desired velocity, the linear
joints should supply the joint’s velocities

u = VY (a)K(q) <gb) where (‘;b> —alt).  (8)
b/ desired b/ desired

Applying the velocities described in (8) to the linear actuators provides the
central body with the desired velocity and it precisely follows the a(t) path.
This motion is limited by the linear actuators’ stroke. When one of the linear
actuators reaches its limit, all actuators stop. Next, the linear actuators return
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Linear Motion

Circular Motion

Step I Step 11 Step 11T Step IV

Fig. 2. Horizontal and uphill motion patterns

to their initial configuration without causing the robot’s central body to move.
From (3) we notice that if the matrix V(q) is the 3 x 3 zero matrix, motion of
the linear actuators will not affect motion of the robot’s central body. V(q) is
a diagonal matrix with the terms c;fFRer— on the diagonal. The c;fFRbri terms
vanish if each c; is perpendicular to Rpr;. This happens only when the wheels
are in the radial directions.

Figure 2 illustrates the principle of our motion patterns for linear motion
and for circular motion around the robot’s center. Motion consists of four
steps, in which some or all wheels change their angular and/or linear con-
figuration resulting in the desired path for the robot’s central body. Other
trajectories can be generated using similar patterns.

Linear motion pattern consists on four phase motion: First the front
two wheels (wheels 2 and 3) rotate Ay and Af3 to the required configuration
(Step I). Next, the linear actuators of wheels 2 and 3 move to provide the
desired velocity to the central body (step II). The actuators move Ads and
Ads, resulting in a longitudinal motion of wheels 2 and 3 of Aps and Aps, and
a central body linear motion of Ad,. It should be noted that Apy = Aps =
Ads cos Af3, and Ad, = Ads sin Af3. Once the linear actuators reach their
maximum stroke, the wheels rotate such that their longitudinal axes coincide
with the radial direction to the base center (in our case —Af; and —Afs).
Finally, the linear actuators return to their initial configuration.

Circular motion pattern: In the first step all wheels simultaneously ro-
tate A6 at the same direction. Next, all linear actuators move simultaneously
the same distance Ad. This linear motion generates tangential forces that ro-
tate the robot’s body Af, around its center. Once the linear actuators reach
their limit, the wheels rotate such that their longitudinal axes coincide with
the radial direction to the base center and the linear actuators return to their
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Fig. 3. Motion pattern for rotation about wheel 3.

initial configuration. The rotation around the robot center A6, is given by
Ad
Aeb = 7 tan(A@)

where d is distance between the robot center and the wheels. According to
this equation, larger rotation angle of the wheels Af in step I increases the
rotation of the robot’s body in step II. However, A = 90° is a singular
configuration in which the body can rotate freely with around its center.
It also should be noted that as the wheels approach the robot’s center, the
rotation rate increases for the same Af. However, the friction forces required
for this rotation increase, and eventually break the static friction constraint,
resulting in a lateral slippage of the wheels.

Other trajectories can be generated using similar patterns. For example, a
rotation around one of the robot’s wheels is shown in Figure 3 (in this figure
around wheel 3). In step I wheel 2 rotate 60° and wheel 3 rotate 90%irc to
the configuration shown. Next, the linear actuator of wheel 1 generates the
rotation of the body by moving d;. In step III the wheels rotate back to the
radial configuration and in step IV the linear actuator of wheel 1 returns to
the initial configuration.

5.2 Downhill Locomotion

In downhill motion the gravitational force is used for dragging the robot do-
wnwards. For circular motion the lines 1;’s intersect in a single point and the
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matrix K(q) is singular. In this case the robot is constrained to move along
an arc shaped path. The center of the arc is in the intersection point of the
11,15 and 13 lines. Since the robot is an Euler-Lagrange system and since there
is friction in the wheels’ bearings, the system is passive and governed by gra-
vitational potential energy. According to Koditschek [8] the configuration in
which the system’s potential energy is minimal is an asymptotical stable equi-
librium point of the system. According to this observation, we find the radius
and center of curvatures at each point of the desired motion path. Then we
continuously set the 1;’s intersection point at the center of curvature of the
desired path by changing the robot’s configuration. This way, the robot pas-
sively glides along the desired path. In the ”snow-plough” motion two wheels
are rotated in a ”snow-plough” configuration, while the third wheel is used
for steering. In this mode, speed is controlled according to the slide angle of
the wheels relative to the motion direction. Figure 4 shows these two patterns
for downhill motion.

"Snow-Plough" Motion Circular Motion

Fig. 4. Downhill motion patterns

6 Experimental Results

In this section we describe the experiments conducted with our autonomous
robot, shown in Figure 1(a). In the first experiment we examine the linear
motion pattern on a horizontal surface. Figure 5 shows the robot configuration
(rotation angle and linear actuator of all wheels) during motion. Wheels 2 and
3 perform the required rotation and translation as shown in figure 2, while
wheel 1 remains passive. The second part of figure 5 shows the actual wheels
locations during motion as determined by our odometric model. Although
the nominal path of the robot center is linear, actual path is not linear and
bends to the right. This is expected as the experiment is conducted on a non-
homogenous surface, and lateral slippage occurs, especially during stage II.
This is also the reason for the oscillated motion of wheel 1, which nominally
remains passive during that motion. However, the slippage is clearly detected
by the odometric model.
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Figure 6 shows the robot configuration (rotation angle and linear actuator
of all wheels) during circular motion around the center of the robot. Instead of
returning to initial configuration (Step III in Figure 2) all wheels are rotated
—2A80 before the linear actuators return. This way rotation of the central
body continues during Step IV, resulting in a double rotation angle for a full
motion period.

Figure 7 shows a downhill motion using the ”snow-plough” method. In
this motion all linear actuators remains stationary, and wheels 2 and 3 are
rotated until motion starts. Returning to the initial radial configuration stops
the motion. The odometric model shows identical, parallel and near-linear
motion of all wheels and robot’s body. The non-linearity of the path occurs
at the beginning and end of motion due to rotation of the wheels.

Finally we show an experiment for downhill rotation. In the experiment
shown in figure 8, the robot rotates around wheel 3 according to the pattern
shown in figure 4. In this pattern wheels 1 and 2 rotate A#; such that 1; and 1,
(lines through wheels 1 and 2 in the lateral direction) intersect at the contact
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point of wheel 3. The robot rotates about wheel 3 and stops when in reaches
a minimal potential energy position.

7 Conclusions

In this paper we present a mobile robot, designed for motion on slippery sur-
faces. Motion is performed by changes in the internal configuration of the
robot, using passive rolling studded-like wheels. Kinematic model determines
the required joints’ velocities that steer the robot to a target position. Odo-
metric model accurately determines the robot’s position even in the presence
of slippage. A method for evaluating the lateral slippage based on the odo-
metric and kinematic models is presented. Gait patterns for motion up and
down hills, as well as on horizontal surface are presented. Experimental re-
sults verify our models and slippage estimate, and show the reliability and
accuracy of motion on slippery surfaces. Field experiments for the suggested
gait patterns on various slopes and terrains have been carried out using our
prototype model. In future work we intend to develop a dynamic model and
investigate the effect of various terrain types on the suggested gait patterns.
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Summary. In our current research, we are developing a holonomic mobile vehicle
which is capable of running over the step. This system realizes omni-directional mo-
tion on flat floor using special wheels and passes over the step in forward or backward
direction using the passive suspension mechanism. This paper proposes a new wheel
control method of the vehicle according to its body configuration for passing over
the step. The developed vehicle utilizes the passive suspension mechanism connected
by two free joints that provide to change the body configuration on the terrain con-
dition. Therefore, it is required to coordinate the suitable rotation velocity of each
wheel according to its body configuration. In our previous work, the vehicle motion
during step-climbing was discussed and moving velocity of each wheel was derived.
In this paper, we adapt these results to wheel control and derived rotation velocity
reference of each wheel. The performance of our proposed method is verified by the
computer simulations and experiments using our prototype vehicle.

Keywords: Omni-Directional Mobile System, Passive Linkage Mechanism,
Step-Climbing, Wheel Control

1 Introduction

In recent years, mobile robot technologies are expected to perform various
tasks in general environment such as nuclear power plants, large factories,
welfare care facilities and hospitals. However, there are narrow spaces with
small barriers such as steps and the vehicle is required to have quick mobility

P. Corke and S. Sukkarieh (Eds.): Field and Service Robotics, STAR 25, pp. 331-342, 2006.
© Springer-Verlag Berlin Heidelberg 2006
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for effective task execution in such environments. The omni-directional mo-
bility is useful for moving in narrow spaces, because there is no holonomic
constraint on its motion. 1) 27 Furthermore, the step-overcoming function is
necessary when the vehicle runs in the environment with barriers. In related
works, various types of omni-directional mobile systems are proposed (legged
robots, ball-shaped wheel robots, crawler robots, and so on). The legged robot
(3] 4] can move in all directions and passes over rough terrain. However, its en-
ergy efficiency is not so good because the mechanisms tends to be complicated
and the robot need to use its actuators in order to only maintain its posture.
The robot with ball-shaped wheels can run in all directions 5, however, it
cannot run on the rough grounds. The special crawler mechanism e is also
proposed for the omni-directional mobile robot, but which can climb over only
small steps. Therefore, there is still a lack of well-adapted mobile system for
both narrow spaces and irregular terrain operation and we are developing a
holonomic omni-directional vehicle with step-climbing ability. (7

Our prototype mechanism consists of seven special wheels with free rollers
(Figure 1) and a passive suspension mechanism. The special wheel equips
twelve cylindrical free rollers (g) and applies the traction force only in advance
direction. All special wheels are actuated and generate the omni-directional
motion with suitable wheel arrangement and wheel control.

Furthermore, our mechanism utilizes new passive suspension system, which
is more suitable for the step than general rocker-bogie suspensions. (9] o) The
free joint point 1 is in the same height as the axle and this system helps that
the vehicle can pass over the step smoothly when the wheel contacts it in
forward or backword direction. -1 No sensors and no additional actuators are
equipped to pass over the barriers on the floor.

Y ) Force Applied  Force Free
o 3 ‘? ([
. R o ‘ R, , [Rz ; {3( ) Wheel Axis
s ai—> X 1
(®) x| (71\)L M J @7 Free Roller
I R,  SideView  Front View
[ = M Special Wheel
& j’ .~ '\_\ s @
| wy Top View .\ w,

Free Joint Point 2 Free Joint Point 1 Special wheel
\
\

Free Joint Point 2

Special Wheel
'Free Joint Point 1

Side View Front View

(a) Overview of the mechanism (b) Prototype vehicle

Fig. 1. Our prototype mechanism
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Our prototype has redundant actuations, therefore the vehicle controller
calculates the control reference of each wheel based on the kinematic model 111
and controls each actuator to take the coordination among the wheels using
PID-based control.nzy When the vehicle with passive linkages overcomes the
step, the moving velocity of each wheel is different because of the change of the
body configuration and its kinematic model. Therefore, it is required to modify
the wheel control reference referring to the change of its body configuration.
However, in many cases, fixed control reference which is derived without the
consideration of body configuration is adapted and it causes the wheel slippage
or rotation error. [is]

In our previous work, we developed PID based control scheme with co-
ordination among the wheel n2 and derived its control reference referring to
its body shape. 114y However, wheel control reference tends to become too ex-
traordinary, especially during step-climbing, because it is derived from only
vehicle’s body configuration without consideration of the balance among wheel
velocities. Too extraordinary control reference causes wheel slippage and ro-
tation error. Wheel slippage disturbs the vehicle mobile performance and it
is important to reduce it for maximizing traction force. ns) Therefore, it is
required to derive the suitable wheel control reference not only referring the
body configuration but also maintaining the balance among the wheel rota-
tion velocities. In this paper, we developed the adjusting method of wheel
control reference referring to the modification of the body shape for reducing
wheel slippage and rotation error, and increasing the mobile performance.

2 Control System

2.1 Kinematics

Our vehicle has the passive suspension mechanism in its body and the body
configuration changes according to the terrain condition when the vehicle
passes over the non-flat ground. Therefore, it is required to modify the wheel
control referring to its configuration.

In this section, we consider the relationship of rotation velocity vector
of each wheel and the change of the body configuration on general passive
linkage vehicle model. We assume that the vehicle has n passive linkages
and all wheels have grounded and actuated. When the vehicle passes over
the barrier as shown in Figure 2 (a), the velocity vector of wheel ¢ + 1 is
calculated by the velocity vector of wheel ¢ and the rotation vector of wheel
1+ 1 in equation (1). These vectors are expressed by three dimensions in their
local coordination system.

Vi_,'_l:lvi—i-lO'in §+1 (1)
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where i is the number of wheel (i = 1---n), ‘v; and ‘o, are the velocity vector
and the rotation vector of wheel ¢ on the coordinate system i, respectively.

‘P!, is the position vector from the wheel i to wheel i + 1 on coordination 4.

Coorination {i+7/  Coordination /i

Coordination (i}

OG5+ )
X X Y
f\wmapzz R Wheel/’z /// Wheol

Coordination fi+//

fihee| Rotation
Vector

Wor ld coordinate system Goordinat ion /7/

Terrain Surface

(a) Body configuration (b) Wheel model

Fig. 2. Relationship between the velocity vector and the vehicle body

The coordinate system of each wheel is defined as shown in Figure 2(b).
- The x-axis is defined in the drive direction of the wheel.
- The y-axis is defined in the perpendicular direction to the ground.

Thus, the x-direction ingredient of the velocity vector in the coordination
{i} is derived as the control reference value. The control reference of the wheel
i+ 1 (wi41) is derived from equation (2) and (3).

it+1y,. ]
Wis1 = H ‘:HH;E + HZUZ'HZ (2)
i+1vi+1 = §+1R . iVi+1 (3)

*lv, 1| is x ingredient of the wheel i+ 1 velocity vector, r is the radius
+1]|, g

of the wheel and ;:HR is the conversion matrix from the coordination {i} to
{¢ + 1}. Thus, when the velocity vector and rotation vector of wheel ¢ are
defined as *v; and ‘g;, the control reference of wheel ¢ + 1 is expressed as
equation (4).

FIR . (iy, 1 i, x P |
Wit1 = H ( ¢ . ¢ +1)||z+||zJin (4)

All wheels have grounded, therefore we can assume that each wheel
grounds the plane as shown in Figure 2(b). When the angle between the x-
axis of coordination {i} and the one of coordination {i+1} is «, the conversion
matrix is derived as equation (5). « fulfills the equation (6).
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cosa —sina 0

IR = | sina cosa 0 (5)
0 0 1
I vl =0 (6)

2.2 Adaptation to Our Prototype

In previous section, we discuss the general vehicle kinematics referring to the
body configuration. In this section, we adapt it to our prototype vehicle and
derive the velocity vector of each wheel. Our vehicle measures the change of
body configuration using its attitude sensors and generates the wheel control
reference with this information.

Our vehicle has two potentiometers on each passive joint and tilt sensors
which are attached on the rear part of the vehicle body as shown in Figure
3(a). We can measure the following angles using these sensors.

- The roll angle #; and pitch angle v; from potentiometers.
- The roll angle 6> and pitch angle - from tilt sensors.

Our developing vehicle has 7 wheels and all wheels has actuated. Figure
1(a) shows the definition of the wheel number (We display as wheel i: i =
1---7), the coordinates, the length of each links, and the rotate speed of each
wheel, respectively. R1 and R2 indicate the length of each links and wq, -+, wr
are the rotation velocity of each wheel.

“u'( § A Goordination {7)

(Front i)

Fotent icmetera

X Coordination {7}

Tilt 3snacrs

(a) Side view (b) 3D view

Fig. 3. Coordination and parameters of our prototype

When the vehicle runs at vy in x-direction on the coordination {4}, the
velocity vector of wheel 7 on the coordination {4} is derived as equation (7)
by equation (1). The kinematic relationship among the wheels is shown in
Figure 3(b).
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vy =t v + 4o x* PS = (4V4 +40y x 4Pé) + %06 x* P$
|:47;7x:| |:110 + 01 {—R1sinf; + Ry cosfy siny; —beosby (1 —cosvyi)} (7)

Yo7y 01 {Ry cosy — Rysinfy siny; + bsinfy (1 — cosvy1)} — 41 (Racosyy — bsinyy)

Yo7, —41 (Ra cos 0y siny; — beos by (1 — cosvy))

As the same, the velocity vectors of wheel 1, 3 and 5 are derived from
equation (8), (9) and (10), respectively.

[v1a | [vo — 62 {R1sinfs + Ry cos By sinys — bcos s (1 — cosya)} 1

v, = Yoy | = | 6 {Ry cos bz + Ry sinfy sinys — bsin by (1 — cosy2)} + 2 (Ra cosy2 — bsinys) (8)
_4’Ulz ] | Y2 (R2 cos 02 sinya — beos Oz (1 — cosyz)) ]
[vs, ] [0 + 62 {— Ry sin 0y + Ry cos Oy siny, — beos by (1 — cosya)} 1

tvy = 4173y = |6, {R1 cosfy — Rysin By sinys + bsin s (1 — cosy2)} — 42 (R cos vz — bsinys) (9)
_41732 ] | =2 (Rz cos By sinya — beos O (1 — cosyz)) 1

0, {R1 cosby + Rosinfy siny; — bsin6y (1 —cosvy1)} + 41 (R cosy1 — bsiny) (10)

05 v — 61 {Rysin 6y + Ry cos by siny; — beosy (1 — cosyi)}
Vs = -
A1 (Ro cos By sinyy — beos 0y (1 — cosvy))

On the other hand, the rotation vector of each wheel is derived using the
roll and pitch angle as shown in equation (11) and (12). In equation (11), The
rotation vectors of wheel 5 and 7 are same because these wheels are connected
by same linkages. As the same, the rotation vectors of the wheel 1 and 3 are
same in equation (12).

Yos =107 = [0, o7y 4U7Z}T =[50 91]T
4 " = [0 002)"

_ 4 _[4 4 4
01 = 03 = [ 03z 03y 03z

2.3 Derivation of Wheel Control Reference

In previous section, we derive the velocity vectors and rotation vector of each
wheel when the vehicle runs at vy on the coordination {4}. However, these vec-
tors are only calculated by kinematical relationship of wheels and the velocity
vector of wheel, which passes over the step, tends to become extraordinary
because of change of body shape. If we derive the wheel control reference
by these extraordinary vectors using equation (4) simply, wheel control refer-
ences become also extraordinary and cause wheel slippage and rotation error.
In order to derive suitable wheel control references from results of previous
section, we consider the following points.

o When the vehicle passes over the step at Vj in advanced direction on the
vehicle coordination as shown in Figure 1 (a), we set V4 as the velocity in
x-direction on the coordination {4}.



Wheel Control Based on Body Configuration 337

e All wheel velocity based on Vj referring to body configuration must be
smaller than Vj.

Our proposed scheme is shown in Figure 4. When the vehicle passes over
the step at V4 on the vehicle coordination as shown in Figure 1 (a), we set the
velocity in x-direction on the coordination {4} as equation (13) temporary
and we derive the velocity vectors of all wheels from equation (7)-(10).

4U4.’L’ =W (13)
The coefficient ¢; of wheel ¢ is determined by equation (14).
\V/ .
o= LTS ] > Wl (14)
1 if [*vil < Vol

where 4v; indicates the calculated velocity vector of wheel 3. i (=1,---,7)
means sub-number for identification of the wheel.

The velocity vector on the coordination {4} is determined by equation
(15). Using equation (15), all wheel velocity vectors are calculated within the
range of V).

vout = ¢y, (15)

where ¢ = min{ci, -, 7}

Now, we derive the wheel control references from wheel velocity vector and
rotation vector derived in previous section. When we set vy as the velocity
vector v§*! of x-direction, the velocity vector of wheel i on the coordination
{3} is shown in equation (16). As shown in equation (5), we assume that the
obstacle is the a-degree slope about each wheel as shown in Figure 3(a).

cosa —sina 0 iz cosa - *v, —sina - 41}@
v, =R - 4v; = |sina cosa 0] - 4viy = |sina - *vj; +cosa - 4viy (16)
0 0 1 4’01;2 4111'2

From equation (4) and (13), the control reference of wheel 7 is expressed
in equation (17).

4 : 4
cosa - vy —sina - vy, g
w; = , + 70, (17)

The a-degree is defined in equation (18), because the x-axis is defined in
the drive direction of the wheel and the velocity vector is parallel to the drive
direction as equation (6).

sina - *v;, + cosa - 4viy =0 (18)

Our vehicle controls each wheel based on this control reference using PID
based control system. g
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3 Experiments

3.1 Computer Simulation

We verify the effectiveness of our proposed control reference by computer sim-
ulations. We adapt our proposed control reference to test vehicle model and
compare the result of proposed reference with the result of fixed reference
which does not consider the body configuration. As initial conditions, simu-
lation parameters of test vehicle model are chosen from our prototype model.
The parameters are shown in Table 1.

Table 1. Parameters of prototype

Number of Linkages 2
Length of Linkage Front Part 195[mm|, Rear Part 400[mm]
Body Weight Front Part 7.8]kg], Rear Part 13.8[kg]
Wheel Diameter 132[mm)]
Distance between Wheels|Front-Middle 255[mm], Middle-Rear 215[mm]
Friction Coefficient Static 0.3, Dynamic 0.25
Running Speed (Vo) 0.25[m/sec]
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ﬁ Advance Direction 255[mm]  215[min]

e U U

Front Middle ~Rear’Wheel

Fig. 5. Simulation setup

In this simulation, the vehicle passes over the step at advance direction as
shown in Figure 5. The vertical gap of step is 0.1[m)].

We use the Working Model 2D as a physical simulator and MATLAB as a
controller. Working Model calculates the vehicle conditions dynamically using
Kutta-Merson integrator and outputs the sensing data for MATLAB such as
rotational velocities of each wheel and angle of free joint. MATLAB calculates
the output value of each actuator using these values with our developed PID
based controller 12 and returns the output value for Working Model. Both
applications are linked by Dynamic Data Exchange function on MS Windows.

3.2 Simulation Results

As the result of the simulation, when the prototype vehicle passes over the
0.1[m] height step, control references of each wheel are derived as shown in
Figure 6. These references are within the range of Vj and we verify these
control references are suitable.

Figure 7 shows the slippage ratio and Figure 8 shows rotation error ratio
of the wheels during step climbing. The slippage ratio of the wheel decreases
54[%)] and the rotation error ratio of the wheel decreases 55(%)] by our proposed
control method as shown in Table 2. The slip ratio and the rotation error ratio
of wheel are calculated by equation (19) and (20), respectively.

TW — Uy
§=— @ 19
8 - (19)

7 Wref — W
d= ="~ 20
L (20)

where w is the rotation velocity of the wheel and wy..y is the reference value
of wheel rotation velocity. » and v,, indicate the radius of the wheel and the
vehicle speed, respectively.

From these results, our proposed method reduces the slippage and the ro-
tation error of the wheels. Therefore, our proposed control method is effective
for increasing the mobile performance of the vehicle during step-climbing.

3.3 Experiments

Here, we verify the mobile performance of proposed wheel control method by
the experiments using our prototype. In this experiment, the vehicle passes
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Fig. 6. Wheel control reference during step-climbing

Table 2. Slippage and rotation error ratio of wheel [%)]

Method |Front Wheel|Middle Wheel |Rear Wheel | Average
Slippage Standard 31.3 30.3 29.6 30.3
Ratio Proposed 13.1 14.3 14.2 13.9
Rotation Error|Standard 16.5 16.3 16.6 16.5
Ratio Proposed 7.4 7.2 7.9 7.5
M aw = - - e e
& 06 ’ \ \I \ / \ == =Rear Wheel
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(a) With standard control method
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(b) With proposed control method

Fig. 7. Wheel slippage ratio

over the step in advance direction and we verify the height of the step which
the vehicle can climb up. Experimental conditions are same as the prototype
vehicle parameters shown in Table 1. We compare the results by our proposed
method with the result utilizing standard PID controller, which doesn’t con-
sider the body configuration.

As the result of the experiment, the vehicle can pass over the 0.152[m)]
height step with our proposed wheel control method as shown in Figure 9.
With standard method, the vehicle can pass over the only 0.072[m] height
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Fig. 8. Wheel rotation error ratio

Fig. 9. Passing over the 152[mm]| height step

step. From this result, mobile performance of the vehicle increases using our
proposed wheel control method.

4 Conclusion

In this paper, we propose the wheel control method of the vehicle according
to change of its body shape during step-climbing. We discuss the kinematic
model referring to the body configuration and adjusting method of the wheel
control references when the vehicle passes over the step changing the body
shape.

We verified the effectiveness of our proposed method by the computer sim-
ulations and experiments. Utilizing our proposed method, the slippage ratio
and the rotation error ratio of wheels reduces when the vehicle climbs the step
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and its step-overcoming performance is improved. As the results, our vehicle
realizes 152[mm] height step-climbing performance with wheel of 132[mm] di-
ameter. Its performance is useful for omni-directional wheeled vehicle. Our
proposed wheel control method can utilize for the vehicle which has passive
suspension mechanism.
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1 Introduction

Sphere is "the set of all points in three-dimensional space lying the same dis-
tance (the radius) from a given point (the centre).” (Encyclopedia Britannica
Online)

The shape of a sphere provides complete symmetry and a soft, safe and
friendly look without any sharp corners or protrusions, which is advantageous
when a robotic device is dealing with people. In terms of robotics, a spher-
ical structure can freely rotate in any direction and all positions are stable.
While the propulsion system is located inside the ball it can be hermetically
sealed to provide the best possible shield for the interior parts. The spher-
ical shape maximizes the internal volume with respect to surface area and
provides an optimal strength against internal overpressure or underpressure,
which is an important feature for underwater and space applications. The
greatest technical challenges are its limited off-road capability and challeng-
ing controllability. Step-climbing capability is defined by the radius of the ball
and the ratio of the masses of the cover and the unbalanced mass. Typically,
the static step-climbing capability is less than 0.25 x R. The possibility of
rotation in all directions makes the control of the ball challenging. Ball os-
cillation during the movement is difficult to handle, while the control system
requires powerful actuators to compensate the oscillations.

Ball-shaped autonomously moving vehicles have a long history, and recent
studies have described a variety of applications in different environments,
including marine, indoors, outdoors, zero-gravity and planetary exploration.
This article describes briefly the history of American patents of self-moving
balls and recent developments carried out at Helsinki University of Technology
(TKK) and elsewhere in the world.

P. Corke and S. Sukkarieh (Eds.): Field and Service Robotics, STAR 25, pp. 343-354, 2006.
© Springer-Verlag Berlin Heidelberg 2006
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2 History of Self-Propelled Movable Balls in View of
U.S. Patents

Engineers are often advised not to invent the wheel again. However, a quick
search of the U.S. Patent office database immediately reveals more than 50
patents related to the autonomous mobility of a ball-shaped object. These
patents date from 1897 to 2003 and all comprise a motorized counterweight
that is used to generate ball motion. Obviously, the number of related patents
in the USA and worldwide is much larger than found by this quick search. The
number of similar one-wheeled and two-wheeled counterweight-based vehicles
is even larger.

The first vehicles were small spring-powered toys with one fixed axis of ro-
tation. The patents concentrate on methods of storing and converting spring
energy with different mechanical solutions. Adding steering capability to the
toys has been a challenge from early times. In 1906, B. Shorthouse patented
a design that offered the possibility of manually adjusting the position of the
internal counterweight in order to make the ball roll along a desired curved
trajectory instead of a straight path (U.S. Patent 819,609). Ever since, mech-
anisms have been patented to produce more or less irregular rolling paths for
self-propelled balls. The toy shown in Fig. 1 dates back to 1909 and shows
one innovative way of producing a wobbly rolling motion for an amusing toy.

Fig. 1. Mechanical Toy by E.E. Cecil, (U.S. Patent 933,623)

The counterweight was usually constructed with a lever rotating around
the ball’s axis. Mobility was provided by generating torque directly to the
lever. The amount of torque needed from the power system was directly pro-
portional to the mass of the counterweight and length of the lever arm. In
1918, A.D. McFaul patented a ”"hamster-ball” design (a derivative of a ham-
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ster running wheel), where the counterweight was moved by friction between
the ball’s inner surface and traction wheels mounted on the counterweight
(Fig. 2, left). In this construction, the length of lever arm does not any more
affect the required power-system torque, and similar mobility can be achieved
with less internal torque. Obviously this is of great benefit to spring-driven
toys, at least if they have a large diameter.

A mechanical spring as a power source was displaced by a battery and an
electric motor in a patented design by J.M. Easterling in 1957 (U.S. Patent
2,949,696). Consequently, electric motors were introduced with several differ-
ent mechanical solutions that were already at least partly familiar from earlier
spring-driven inventions. Further development introduced shock and attitude
sensing with mercury switches that would control motor operation and rolling
direction, as well as adding light and sound effects.

An active second freedom for a motorized ball was introduced by McK-
eehan in 1974, as shown in Fig. 2, (right). In addition to reversible rolling
motion, upon impact against an obstacle, the ball would also change its axis
of rotation with the aid of additional motors. This opened the way towards
radio-controlled (introduced in 1985 in U.S. Patent 4,541,814) and, finally,
computer controlled, ball-robots. As (radio-controlled) toy-cars became more
common following 1984, they were frequently inserted inside the ball to pro-
vide a fully steerable 2-dof. rolling toy (U.S. Patent 4,438,588).
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Fig. 2. (Left) Early "hamster-ball” by A.D. McFaul, (U.S. Patent 1,263,262).
(Right) A 2-dof. ball by R.W. McKeehan, (U.S. Patent 3,798,835).

Spherical vehicles to carry people were first developed for marine applica-
tions, like the one of W. Henry in 1889 (Fig. 3, left). This vehicle, with its
passenger floating in the water, was balanced by ballast mass and the weight
of the passenger. The vehicle would move in a manner very similar to the
toys described above with balanced mass inside and with their outer surface
rolling. Steering would be achieved by tilting the axis of rotation by mov-
ing the passenger mass inside the vehicle. In 1941, J.E. Reilley patented a
ball-shaped car (Fig. 3, right) and later different types of chairs were inserted
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inside the spherical vehicle. In some cases, a person would enter a ball and
operate it directly without any additional means, like a hamster inside his
running wheel.

Fig. 3. (Left) A marine vessel by W. Henry (U.S. Patent 396,486). (Right) A
Spherical vehicle by J.E. Reilley (U.S. Patent 2,267,254).

The most recent inventions introduce new novel solutions to alter the posi-
tion of the ball’s centre-of-gravity. One example is the Spherical Mobile Robot
by R. Mukherjee, patented in 2001, that uses several separate weights that
are moved with the aid of linear feed systems (U.S. Patent 6,289,263).

3 Fascinating Shape of a Sphere

The apparent large number of patents (and obviously a much larger number of
patent applications) raises the question: ”Why is the mobile ball so popular?”
One aspect is visible already in the names given for the device, such as ”self-
propelled toy”, ”magic ball”, "squiggle ball” and "randomly self-propelled
spherical toy”. The power source and principle of action of the device is not
obvious and it appears to move by itself, like a living thing. Apparent random
action increases the fascination of people watching the ball moving around.
This fascination is real and of a great importance when the ball is turned into
a useful robot that operates together with people at home. Another aspect can
be seen in the name ”self-propelled continuously moving toy”, which indicates
that this device never stops. Partly because of its design, and partly through
added functions, this ball-shaped vehicle has an amazing capability to back-
off and change direction upon contact with an obstacle. It is hard to get
this thing jammed, except in unsuitable terrain that could be too resistive or
too slippery. By definition, the ball is round; it has no corners and its outer
dimensions are similar in all possible directions. Wherever it enters, it can also
exit, regardless of its orientation. This being so, the robustness of the ball in
real environments is excellent.



Ball-Shaped Robots 347

4 TKK Family of Ball-Shaped Robots

During recent years, the Automation Technology Laboratory of Helsinki Uni-
versity of Technology has developed several different ball-shaped robots. It
may be stated that the laboratory has a special interest in ball-shaped de-
vices. Although these robots have been developed for several purposes and
their functioning is very different, they have, however, a common feature -
their ball-shaped structure - which originates from their common need for mo-
bility. Although the ball is not easy to guide, and its kinematics and dynamics
are quite challenging, the ball-shape provides a robust and fault-tolerant enve-
lope. It has also been observed that the spherical shape fascinates the general
public, which is a fact of great importance when the robot is to be operated
with human beings in a common environment. The robots are presented below
in chronological order.

4.1 Submar

Submar is a robotic member of a multirobot society of several small ball-
shaped floating robots. The robots can be inserted inside a fluid circulation
system of, for example, a paper factory. There, the robots would move along
the fluid circulation and measure several properties of the fluid itself or of
piping containing it. Submar robots measure the internal state of the process
and can perform small tasks such as injecting reagent and taking samples.
The robots move semi-actively along the process flow, changing their vertical
position through the use of an internal pump and diving tanks (see Fig. 4).
A pressure sensor gives information for vertical positioning.

The aim of this project was to create a multirobot system, i.e. a robot
society operating in a 3D process environment. Members of the society com-
municate with each other and so provide an overall view of the state of the
complete fluid circulation system. The benefits of this robot society concept
are fault tolerance, flexibility and simplicity. The society structure compen-
sates the disadvantages of the partly random behaviour of the robots and
of their incomplete mobility capabilities. The spherical shape provides the
advantage of obstruction-free mobility.

A third generation prototype of Submar has a 10.8-cm outside diameter. A
0.5W DC motor controls functions such as the diving tank and chemical tank.
Typical sensors will measure internal and external temperatures, conductivity,
pressure and tilt. The CPU is a Siemens 80C166, 32 MHz, with a 128 kbytes
flash EPROM memory and 128kbytes SRAM. Communication between robots
and with the operator is provided by a Radiometrix BIM, 9600 baud, 433 MHz.

The Submar robots have a wide range of possible applications, includ-
ing various industrial processes, water purification plants, and environmental
monitoring cases. The novel feature in Submar sensor/actuator robots is that
they can follow the state of a process from the inside.
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One possible use of Submar robots in environmental monitoring is to an-
chor it to bottom of a sea or a lake. The robot would then move up and down
along the rope, measuring interesting parameters. Measured values would be
either saved in Submar’s memory or sent by radio to the operator. Another
method might be to let a herd of robots drift along a river flow collecting data
and catching them in a net at the end of the experiment. [1] [2]
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Fig. 4. Submar construction and test environment. (TKK)

4.2 Rollo

Rollo is a motorized 2-dof. spherical robot intended to operate at home with
people. It can act as a real mobile telephone, event reminder and safety guard.
Rollo has also performed live on-stage in a theatre in Helsinki. During its
development, several different mobility systems have been developed. Fig. 5
illustrates the three generations of Rollo-robot. The first two generations were
of the "hamster-ball” type, while the third is based on a rotational rim gear
carrying a rolling axis. An instrument body hangs suspended on the rolling
axis.

Fig. 5. 2nd, 1st and 3rd generation of the Rollo. (TKK)
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The radio-controlled second generation hamster ball was provided with two
completely independent freedoms and full steerability with easy control, but
required an expensive spherical cover that was accurate and fitted precisely.
The third generation allows a softer and transparent cover easily available
from industry. The kinematics and dynamic behaviour of this design are quite
challenging. Rolling direction is selected by turning the rolling axis along the
rim gear, which must then lie in the horizontal position. However, during
rolling, the rim gear also rotates around the axis and there are only two
positions where the robot can select the rolling direction (i.e., the rim gear lies
horizontally). In these two cases, a similar motor rotation yields to opposite
directions of rotation along the rim gear. The robot always has to advance
a full number of half-revolutions, after which it needs to determine which
direction along the rim gear is the correct one. Revolutions of the rim-gear
are counted by means of an inductive sensor. Continuous steering of the robot
is also possible in theory, but in practice it would be a very demanding task.

Contrary to the Rollo-robot, the Roball, and the Rotundus and The This-
tle ([6], [9], [4]) for example, are able to use continuous steering. In these
designs, the rolling axis is not rotated in a horizontal plane to choose the
rolling direction, but is tilted sideways to make the ball adopt a curved tra-
jectory. This is in nature a dynamic behaviour, which has been studied in
relation to Roball-development ([6]).

Another challenging property of the hard-surfaced, unbalanced ball on a
smooth floor is that it behaves like a pendulum. Any change in motor torque
(acceleration, deceleration), or disturbances from its surroundings, easily make
the ball to oscillate; this attenuates very slowly. Oscillations around the rolling
axis are controlled in Rollo with a closed-loop system that controls the drive-
motor torque. The control loop is equipped with attitude sensors and gy-
roscopes that measure forward and backward motion of the payload mass.
A more difficult task is to control the sideways oscillation, since we do not
posses any actuators in this direction. So far, no active instrumentation has
been included for this, but, in future, passive dampers or an active closed-loop
controlled movable counter-weight or pendulum may be considered.

The Rollo-robot is equipped with a camera, microphone and a video link.
Communication to the control station is achieved using a radio modem. The
robot is equipped with a Phytec MiniModul-167 micro controller board us-
ing a Siemens SAB C167 CR-LM micro controller. The robot has sensors
for temperature, pan, tilt and heading of the inner mechanics and pulse en-
coders for motor-rotation measurement. The local server transmits controls
to the robot using commands that are kinematics invariant (i.e., they use the
work-environment variables only). The commands include heading, speed and
running time/distance. Coded graphical signs mounted on the ceiling are uti-
lized by means of the on-board camera to determine absolute robot location
when necessary. The system has an automatic localization command, which
causes the robot to stop, wait for some time to smooth out oscillations, turn
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the camera to the vertical position, find the visible beacons and automatically
calculate the position, which is then returned to the control station.

The robot can be programmed as an autonomous device or it can be
teleoperated via the Internet. The user interface contains a virtual model of the
remote environment where the video input and virtual models are overlaid to
produce the augmented reality for robot guidance. Augmented reality provides
an efficient medium for communications between a remote user and a local
system. The user can navigate in the virtual model and subsequently use it
as an operator interface.

As one application, an educational system has been developed for virtual
laboratory exercises, which university students can do over the Internet. The
overall experimentation system includes versatile possibilities to set up inter-
active laboratory exercises from an elementary level to more advanced levels.
Topics include mechatronics, robot kinematics and dynamics, localization and
navigation, augmented VR-techniques, communication systems and Internet-
based control of devices.

A second application, The Home Helper system, provides a mobile multi-
media platform for communications between home and outside assisters. The
system is connected to various networked devices at home. The devices pro-
vide possibilities for remote security surveillance, teleoperation of the devices,
and interactive assistance to people living at home [3].

4.3 The Next-Gen Robot Society

The Next-gen Robot Society consists of a mother robot and several small
ball-shaped robots shown in Fig. 6. The aim of the project is to realize a func-
tional robot society of several robots autonomously changing information and
working together. A practical application of the system might be a ”Night
Watchman” that involves the agents of the multi-robot system patrolling the
corridors of the laboratory and asking people moving around there for identi-
fication. The small robot contains a novel mechanism that changes the robot
shape from a ball into two separated hemispheres. Simultaneously, as the
hemispheres separate, a mechanical tail extends from its interior to provide
better balance under motion. The kinematics of this robot does not present
a ball but a two-wheeled rover, although it can be driven also in ball-shaped
configuration. In the latter case, steerability would be limited, though. As this
robotic system is also intended for indoor operation with human beings, the
spherical shape provides a friendly look. Further, the ball shaped rovers can
be handled and stored in a robust way by the mother robot that will serve
as an energy refilling station and, when needed, giving a piggyback ride for
some or all of them.

Communications form the basis for any multi-robot system. The robots
are able to form a network by themselves, without the aid of an operator. This
requires dynamic network formation and management. Each robot will also
have a sufficient level of autonomy to remain in operation when they go out



Ball-Shaped Robots 351

Fig. 6. A member of the Next-gen Robot Society, closed and open. (TKK)

of communications range. Communications between the human operator and
the robots can either be achieved through the mother robot or by contacting
the robot member directly.

In the robot are two processors, a phyCORE 167CR, functioning as the
main controller and having an Infineon 16-bit C167CR microprocessor. It also
features several communication channels, including two 10/100 Mbit Ethernet
connections, a USB 1.1 host, two serial ports and a compact flash-card slot
housing a Bluetooth or WLAN communications module. A CMOS camera is
connected to the USB host port. It is used, among other things, in recognition
of objects and optical flow measurements. Three VTT SCA 610 accelometers
/ inclinometers are used for inclination and acceleration measurements. A
silicon ring gyroscope is used to monitor the angular speed of the robot, to
stabilize its driving and keep track of the current angle and the relation to
the world coordinates.

A real challenge with the project was to get all the things to fit inside
the 16-cm ball, including the drive mechanics and separation mechanism. The
drive mechanism utilizes two independent motors. The separation mechanism
takes actuation from the other drive motor via a one-way clutch. This way,
we were able to reduce the number of the motors, with the limitation that the
other motor may run only in one direction during normal operation. When the
motor running direction is changed, the mechanism extends 25 mm along with
in-built linear guides. The opening is realized by a special shuttle-device that
automatically closes the structure again when the motor rotation is continued.
A 5-bar linkage is operated by the motion of separate body parts and extends a
two-piece tail to give further support for the device upon rolling. This support
is needed to allow higher motor torque when over-passing obstacles like carpet
edges or door steps. The tail can also be used for automatic connection to a
battery charging station on-board the mother vehicle.

The opening action of the robot requires careful positioning of the masses
inside. The system must be stable both in closed and open positions and the
camera must have an unobstructed view in the open position.
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4.4 Thistle

This study, funded by the European Space Agency under ARIADNA-program,
focused on new innovations derived from nature to develop a novel system to
provide a robust and efficient locomotion system to be used for exploring
foreign planets. Thistle is a large low-mass wind-propelled ball inspired by
the Russian Thistle plant, as shown in Fig. 7. The 1.3-meter ball represents
a model of a larger 6-meter version that was proposed to operate on the
surface of Mars for autonomous surface exploration. In order not to be fully
dependant on occasional wind-energy, the Thistle was equipped with a 2-dof.
drive system that provided full steerability and motorized locomotion.

Without additional equipment and mass, assuming a low drag coefficient
due to the open structure of the ball, a terrestrial 5 m/s wind is supposed to
propel the roughly 4-kg prototype over obstacles 10 cm high. When actively
driven by the motorized 5.1 kg ballast mass we expect the prototype to roll
over 4.3 cm obstacles. Driving tests with the Thistle show that locomotion is
quite clumsy and somewhat chaotic. Structural flexibility and sectional cir-
cumference make the ball proceed in short bursts. If a tilt angle is introduced
by means of the steering system, during rolling the Thistle follows a spiral-like
path in which the radius of curvature decreases towards the end of the motion.
In practice, it is possible to make the Thistle turn in a very limited space, but
controlling the length of the turn is more difficult.

The torque margin of the drive system allows the ballast mass to be rotated
a complete revolution around the axis of rotation. This means, that when
the Thistle stops against an obstacle, the ballast mass finally travels over the
upper dead centre and, in consequence, the Thistle autonomously backs off by
half revolutions. Due to instability, the Thistle also, usually simultaneously,
turns slightly. This behaviour enables the Thistle to circumvent obstacles
autonomously, and without any active steering. The Thistle was also tested
on a snow bed during Finnish winter conditions. The soft structure of the snow
effectively damped out the structural vibrations of the Thistle, while driving
and steering was clearly easier and overall behaviour was more predictable.

Fig. 7. The tumbleweed plant and inspired Thistle rover. [4]
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5 Other Recent and Related Development

In addition to robots presented, there are several other similar devices, mostly
intended for demonstration or simply for toys. Some recent and related devel-
opments are shown in Fig. 8. The 1.5-meter diameter scale models of the Tum-
bleweed Rover and Windball are intended for Mars exploration. Both of them
are purely wind-driven, the only mobility-related actuation being re-shaping
the structure by inflation/deflation (Tumbleweed) or with the aid of shape-
memory alloys (Windball). On Mars, 6-meter versions of these models would
be used to carry out scientific tasks like surface mapping and atmospheric
measurements. The 15-cm Roball performed an important role in a study of
interaction between the robot and small babies. It is anticipated that the 15
cm Cyclops and 50 cm Rotundus will be used to inspect and guard industrial
plants. The Sphericle is used as an educational tool for learning dynamics and
control of a ball-shaped robot. The Gyrorover of Carnegie Mellon University,
although not acting as a ball but a wheel, is stabilized and steered by means
of an internal, mechanical gyroscope. [11] This approach might very well also
be adapted for ball-shaped robots.

Fig. 8. Top Row: Tumbleweed Rover, Roball Rolling Robot and Cyclops. [5], [6],
[7]. Lower Row: Windball, Rotundus and Sphericle. [8], [9], [10].

6 Conclusions and Future of Ball-Shaped Robots

Throughout history, ball-shaped toys have been quite popular and they do still
exist. Development in computer technology, wireless data transfer and digi-
tal cameras has given them many advanced operational capabilities. The au-
tonomous ball-shaped robots are being introducing back into modern homes,



354 J. Suomela and T. Ylikorpi

this time, not only as toys, but also as serving and guarding robots. Future
work in this field will concentrate on analyzing and developing the dynam-
ics and control of the ball, as well as on applications and interaction with
environment and people.

The utilization of large wind-propelled balls for Mars-exploration has been
widely studied in many separate institutions. The main advantage is the large
size, low mass and autonomous mobility; this accompanies the disadvantage
of limited steerability. Although the balls appear efficient in covering large
distances, a common requirement of full controllability is unlikely to be met
in these ambitious scenarios. It would require exceptional open-mindedness
to include a Windball, Tumbleweed or Thistle even as a piggy-pack along
with other Mars-exploration instruments. Only the future will tell if the cur-
rent expensive exploration missions will be followed by low-cost autonomous
missions utilizing these more simple technologies.
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Summary. The design and control of high power water hydraulic robotic systems
presents unique challenges. This paper describes some of those challenges and the
techniques used to overcome them to develop a unique system for an autonomous
robotic drilling machine for underground mining.
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1 Introduction

A robotic self-propelled underground drilling system is under development
that uses high-pressure potable water to provide power to drive hydraulic
systems for cutting and propulsion. The drill string, that normally provides
both torque resistance, fluid flow and thrust is replaced by a flexible hose with
a self-propelled down-hole motor. In operation the drill is a small scale (0.1m
diameter) version of a tunnel boring machine except that friction with the
wall is used to create thrust rather than pushing from a casing. Removal of
the drill string enables a tight radius of turning and provides greater flexibility
of the system to optimise hole trajectories.

Water, alone or with additives, is commonly used in drilling to provide
power to a downhole motor. The fluid is subsequently dumped into the hole
to recover the cuttings and return them to the surface. With a self propel-
led system, water is also needed to power hydraulic clamping, thrusting and
steering systems before being dumped into the hole. Although essential for
this system, water hydraulics for power transmission is making a return to
modern hydraulic systems [1,2] because of its advantages as a power trans-
mission fluid, i.e., low cost, environmental friendliness, high system stiffness,
fire safety and chemical neutrality.

P. Corke and S. Sukkarieh (Eds.): Field and Service Robotics, STAR 25, pp. 355-366, 2006.
© Springer-Verlag Berlin Heidelberg 2006
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2 Overview of Design

A drawing of the machine is shown in Figure 1. A cutting head is attached
via a high-torque, compact universal joint to a shaft which travels the length
of the machine and is splined into a water-powered electronically controlled
wobble plate motor located at the rear. Thrust and steering is performed by
three axial cylinders located in the main body 120° apart. Torque and thrust
from the cutting head is transferred from the motor to the walls via a set
of clamps located near the centre of the machine. Water is pressurised by a
positive displacement pump located on the surface and supplied to the drill by
a flexible hose attached to the rear of the unit together with communications
and electronics power lines. Water is used both as the working fluid for the
motor and hydraulics as well as the transport medium to flush cuttings to the
surface.

thrust &
steering
rams

INS &

axial ram
controls

valves

P
. water powered
water motor

Fig. 1. Overview of robotic drill.

The operation of the machine occurs in four stages. Firstly, the rear clamps
engage the wall and the front clamps are depressurised. Secondly, the three
axial cylinders are pressurised to provide thrust for the cutting bit. Steering
is enabled by differential pressure on the axial cylinders causing the drill to
veer toward the cylinder with the lowest force. Thirdly, once the axial rams
are fully extended, the front clamp is engaged and pressure is released to the
rear clamps. Pressure on the other side of the three axial rams is then used to
drag the hose and body forward to the next position. Finally, the front clamps
are disengaged, the rear clamps engaged and the cutting cycle recommences.
The cutting head runs continuously throughout the operation. The reverse
process can be used to back out of the hole if the hole prematurely collapses
during retrieval with water jets from the motor to assist with displacement of
any material that may remain in the hole. Otherwise, tension on the hose is
used to retrieve the drill.
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2.1 Water Hydraulics

The difficulties associated with water as a power transfer medium include its
poor lubrication properties due to low viscosity, its low compressibility and
its potential for corrosion. These properties lead to issues with leakage of seals
and valves, a propensity for cavitation and water hammer and a restriction
on material selection to prevent corrosion. Low viscosity generally makes it
difficult to use conventional proportional control valves due to the tolerances
needed to reduce leakage especially at the very high pressures (34MPa) used.
Instead, bi-state valves with a metal-to-metal seal are employed here.

Two different designs are incorporated within the drill for the design of the
hydraulic cylinders and pistons. The axial pistons use 316 stainless steel for
both the piston and bore material, whilst the clamps use aluminium bronze
pistons and stainless bores. Although adequate corrosion resistance is provided
by 316, its wear properties are poor and it is essential that two surfaces not
touch. Wear bands, made from bronze impregnated PTFE are added to the
piston on either side of the double acting seal. Due to the short length and
lower speed of the clamp pistons, a solid aluminium bronze piston was used to
provide the bearing surface. A drawing of both pistons are provided in Figure
2. The seal used for the axial rams was an 'O’ ring backed PTFE band to
ensure suitable performance at higher speeds. A bronze impregnated PTFE
piston was used for the clamp piston seal. PTFE bearings were also used to
support and seal the rod. A Nitrile wiper was used to keep cuttings from
entering the ram.

Fig. 2. Detailed piston assembly.

2.2 Construction

The drill is constructed as a series of sections sliced across the axial plane. Seals
between each surface separate the multiple flow passages that contain the high
pressure supply water, control pressures, lubricating oil, electronics and shaft.
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These seals also exclude high external pressure water and rock slurry from
entering the machine. These seals take two forms: a) protruding edges (0.2mm
high by 0.5mm wide) are machined onto the surface and these act on copper
gaskets, or b) 'O’ rings with a compression to 96% of the groove are used
between lapped surfaces to minimise the extrusion gap. High strength bolts
are used to clamp the entire assembly together. Materials for construction
consist primarily of 316 stainless steel as this provided both adequate corrosion
resistance and strength. Inner components of the motor are made from EN26
steel which has high strength and surface hardness. This material has low
corrosion resistance but the components are completely immersed in oil for
lubrication and corrosion protection.

3 Electrohydraulic Wobble Plate Motor

While some novel water powered motors [3] and other commercially available
units have been designed [4], these units are not capable of running at the high
pressure (34MPa) required by the drill or have the necessary controllability
within the motor for torque and speed. The motor design needed to provide
high torque at low speeds and high power in a compact package. It was also
desirable to limit the overall length (approximately 300mm) to allow the drill
to turn in a tight radius. These requirements together with the low viscosity
and the high pressure of the water, led to the use of a positive-displacement
piston-based motor. To simplify the design, it was also desirable to use the
same seal type, wear bands, valving, control electronics and software for the
motor as that used for the hydraulic propulsion systems.

There are basically three types of piston powered hydraulic motor; swash
plate, crankshaft and radial piston. However, due to the desire for a compact
cylindrical machine, of the three designs, only the swash plate is suitable. Due
to the poor lubrication properties of water, a significant redesign of the swash
plate style motor was needed, in particular the shaft thrust bearing, rotating
ports and the swash plate bearing. In a conventional swash plate oil powered
motor, the oil is used to lubricate all of these surfaces to reduce wear. High
pressure oil travels through the centre of the pistons and lubricates the piston,
seals and base shoe which runs over the swash plate. Oil is also trapped by a
hydrodynamic bearing on the top of the rotating cylinder block to lubricate
this surface to provide porting.

To solve these issues a new type of motor was developed (Figure 3) which is
different from conventional designs in a number of ways. Firstly, the lower half
of the motor, which contains the shaft axial and thrust bearing, is immersed
in oil. Water flow is restricted to the tops of the pistons only and is sealed
with the same seal used for the body hydraulic rams. A second seal is provided
below the first to prevent water that may pass the first from entering the oil
filled bearing chamber. A vent to outside is provided between the two seals.
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Fig. 3. Detailed motor assembly.

The second major problem is caused by the bearing surface between the
cylinder block and port area. This area must rotate to provide the swash plate
action and to open and close the ports for the inlet and exhausting of fluid.
The third problem is the high pressure oil that normally lubricates the shoe.
To solve both these problems, the cylinder block is fixed in place and the
swash plate was attached directly to the shaft via an angled bearing. Instead
of shoes sliding on the swash plate the load from the piston is transferred to
the angled bearing via a combination of two spherical rod end bearings sliding
on stubs and six double spherical linkages. Axial force from the piston acts
on the outer race of the inclined bearing causes the inner race to rotate and
hence drive the shaft.

3.1 Motor Sequencing Electronics and Operation

A consequence of opting for a fixed cylinder block is the provision of porting to
the cylinders. Previously, the inlet and outlet ports were sequentially opened
and closed as slotted ports were uncovered. This is beneficial as the porting
area no longer needs to be lubricated, however, some form of porting system
needs to be implemented. This was solved by suppling a solenoid valve to each
individual piston and to sequence their operation electronically to simulate the
normal operation of the motor. This means those pistons pushing on the down
side of the internal swash plate bearing are being supplied pressure and those
on the upper side are being vented to outside.

A typical valve control sequence is shown in Figure 4. The sequence shows
that four of the valves, which are located on the down stroking side of the
wobble plate, are open whilst the others are closed. While the valves are closed
they are venting the contents of the other pistons to the outside. The rotary
motion of the shaft pushes the pistons back to the top and forces the water
out. The valves that are experiencing pressure are swapped from valve to valve
to cause the linear piston to rotary shaft motion.
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Fig. 4. Valve sequence for 100% motor torque.

The use of sequenced valves allows the operation of the motor in a number
of unique ways that allow it to behave like a stepper motor. At present, the
motor controller runs open loop with no feedback from the shaft angle. The
additional features of the motor include the following.

Full Reversibility. By reversing the sequence of operation of the valves the
motor can be reversed easily. This can be useful if the head jams.

Full Speed control. Changing the frequency of switching changes the operatio-
nal speed of the motor. This can reduce stress on the head if hard material is
encountered.

Stopping. Closing all valves stops the motor independently of the pump.
Braking. Activating all valves forces the motor into a braking mode.

Full torque at zero speed. All valves can be open for the period with speed
controlled by the frequency of operation.

Full torque control. By activating only a single or multiple valves for various
periods controls the torque of the motor.

3.2 Motor Torque Theory

An equation can be derived for the instantaneous torque at any position from
the internal geometry of the motor, i.e.,

n
T:Z(Pi>x<r>x<A>0<sir19>t<sin(oz—C))7 (1)
i=1
where i is the number of the piston, P; is the pressure of piston i, A is the cross
sectional area of the piston, r is the distance from the piston to the centreline,
0 is the angle of the wobble plate, « is the angular position of the first piston,
and, ( is the relative angle between the first piston and piston i. This equation
is plotted in Figure 5 for a number of different sequencing algorithms. The
plotted torque is a result of a summation of all the pistons acting on the shaft.
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Fig. 5. Theoretical torque levels.

The maximum torque values and smoothest output results when the pistons
are activated symmetrically around the midpoint of the downward stroke.

3.3 Cutting Head Performance

A prediction of motor torque, power and the penetration rate of the cutting
head is required to determine the performance of the system based of the
performance of the motor. Due to the complexities of the cutting head system
and the lack of prior knowledge of type of rocks to be targeted, an empirical
based formulation is employed [5]. Firstly, the energy required to remove a
cubic centimetre of rock is given by

E, = 0.9518 % S, + 104.38, (2)

where E; is the Specific Energy per volume of rock (J/cm?) and S. is the
compressive strength of the rock in MPa. For rotary drilling the torque, T
(Nm) required to be supplied from the bit is given by

T =a+WOB % D/100, (3)

where a is a dimensionless ratio for rotary drilling with 0.1 typical for tri-cone
bits and 0.15 for polycrystalline composite (PDC) bits. WOB is the weight-on-
bit or thrust(N) and D is the diameter of the bit in cm. The rate of penetration
ROP (m/hr) of the bit is given by

ROP =0.048 xa* WOB « RPM/(D x Ey), (4)

where Ej is the work done by the bit ( = Efficiency * E;), and RPM is the
speed in revolutions per minute.

To estimate performance a rock with a compressive strength of 220 MPa is
assumed together with a cutter bit efficiency of 50% and a thrust force equal
to the load capacity of the bit, namely 4500N. For a bit diameter of 104.8mm
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and a speed of 400 rpm a tri-cone bit requires 47.14 Nm of torque and a PDC
bit 70.72 Nm. The resultant rates of penetration are 1.31 and 1.97 m/hr for
the tri-cone and PDC cutters, respectively.

3.4 Motor Experiments

The motor was set up with a no load condition on the test bench with a
rotary potentiometer attached to the output shaft to measure rotation angle
as a function of time. The results of these preliminary trials are shown in
Figures 6 and 7.

Figure 6 shows the output from the motor at a number of different se-
quencing speeds with a setting of 100% torque. 100% torque is defined as the
case where four valves are engaged simultaneously. In the figure, the top trace
shows the output at 10 rpm. Here it can be seen how the motor quickly rota-
tes to each position and then waits until the next valve change. In this case
the behaviour is analogous to a stepper motor. As is the case for stepper mo-
tor applications, the motor behaviour will depend on the inertia of the total
system. The second trace, at 50rpm, also shows the stepper like behaviour,
although not as clearly as the 10rpm case. In the third trace, at 100rpm, the
speed that the sequencing speed has started to catch up with the rotation of
the shaft and the angular rotation is slightly smoother.
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Fig. 6. Experimentally measured shaft angle at 10, 50 and 100rpm for 100% torque.

In Figure 7, a comparison is made of the operation of the unloaded motor
at a number of different torque levels. The torque settings are defined as
follows: 100% refers to four valves actuated, 75% three valves actuated, 50%
two valves actuated simultaneously and 25% means one valve at a time. In
these experiments, the motor sequencing speed is set to 100rpm. In the figure,
the 100% torque case, represented by the solid line, shows the shaft accelerate
to the next position and wait for the next sequence to switch. This is also
evident for the 75% torque test, to a lesser extent, but is not as evident
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for the lowest torque cases. Again, this behaviour will change with loading
condition.

5 05
Seconds

Fig. 7. Experimentally measured shaft angle at 25% (dotted), 50% (dotdash), 75%
(dashed) and 100%(solid) torque settings for 100rpm shaft speed.

4 Electronics and Control

While PID control of water hydraulic systems has been reported [6], propor-
tional control valves do not exist at the system pressure (34MPa) or in a
compact enough package for use in the robotic drill. The drilling system soft-
ware consists of embedded software and a graphical user interface software.
The embedded software is responsible for tactical control, namely real-time
control of the valve output sequences, and, the graphical user interface soft-
ware is responsible for strategic control, such as start, stop, forward, backward
and speed/torque control.

4.1 Steering Algorithm

The control of the drilling system has some similarities with the control of
stepper motors. That is, the controller sends a sequence of digital signals which
dictate the state of the motor and body valves. The axial ram controller uses
position feedback, via linear potentiometers, to provide closed loop control.
Due to unavailability of proportional control valves for low viscosity fluids,
a rapid digital control is used. This is satisfactory due to the relatively slow
motion of the steering due to its progress being limited by the rate of cutting
of the rock. The feedback data is required to detect rams that may be leading
the others due irregularities in the rock which could bias the direction of the
cutting head.

The control algorithm for straight-ahead-steering involves detecting the
ram having the largest displacement and checking if this displacement exceeds
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the average of the displacements by a prescribed threshold. If it does, than this
ram’s pressure is removed until its displacement is less than the average plus
the threshold. To steer the drill, the desired pitch and yaw is used to provide
a tilt of the cutting head. As the drill progresses along the cutting path, the
selected tilt causes the drill to veer off in that direction. To implement this
control, the straight-ahead-steering algorithm is used except that an offset
is subtracted from each rams zero position which effectively misaligns the
cutting head to the body. Given the tilt angles are less than 3 degrees the
following offsets ¢, co and c3 are calculated as

c1 = r * tan(pitch), (5)
co = (—1/2 x tan(pitch) + \/2/3 * r * tan(yaw)), (6)
c3 = (—r/2 x tan(pitch) — \/3/3 * r * tan(yaw)), (7

in which r is the distance from the drill axis to the ram axis. The pitch angle
is positive down and yaw is positive to the left when looking down-hole. The
offset ¢ corresponds to ram 1, which is directly above the drill axis. Ram 2
is 120° in the clockwise direction, when looking down hole, and ram 3 is 120°
in the anti-clockwise direction.

4.2 Navigation

The section between the motor and the clamping section contains the em-
bedded electronic systems to control the operation of the motor, rams and
clamps. It also contains an inertial navigation system (INS) which uses 3 rate
gyroscopes, 3 accelerometers and 3 magnetometers [7]. Data from the INS
and from the linear displacement sensors (which measure the movement of
the axial rams) is used to control the trajectory of the drill. All ram control,
valve sequencing and steering is embedded within the drill, whilst supervisory
control, position information and condition monitoring information is to be
relayed to the surface. The surface computer is responsible for supervisory
control, data logging and control of the surface infrastructure.

4.3 Embedded Software

The valves used for the body and motor were binary microhydraulic valves
having a positive metal ball on seat seals. The valves had two states - they
are either on or off, therefore, digital signal levels, i.e., either a '1’ or a ’0’, are
used to control the state of the valves. Consequently, the embedded software
controller possesses body valve and motor valve state machines. The controller
was developed using an ImageCraft ICC ¢ compiler and implemented on an
Atmel ATmegal28 microcontroller. Briefly, a command parser serves to detect
input commands and take appropriate action. The body or motor states are
advanced whenever body state or motor state time out occurs.
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4.4 Hardware Description

A stack of three printed circuit boards (PCBs) situated inside the u-shaped
cavity within the body of the drilling system. One PCB accommodates the
Atmel ATmegal28 microcontroller while the other two each possess 8 so-
lenoid driver circuits (8 for the body valves and 8 for the motor valves).
The solenoid driver circuit consists of a microprocessor output port driving a
MTD20NO06HDL FET via a MOCD223-M opto-isolator. A 12CWQO04FN dual
diode is used to diminish the back-EMF from the solenoid valve and preserve
the FET.

5 Adaptive Cutting Mechanisms

The drill is designed to be flexible in its operation to allow it to adapt to a
number of different rock types. This can allow the drill to progress through
multiple rock types during a single drilling operation or, alternatively, to al-
low the drill to be used with various cutting heads for a number of different
drilling tasks without the need to purchase a different drill for each task. This
change in operation is achieved with common hardware but with changes to
the software.

Three modes of cutting are envisaged with the robotic drill; rotary cutting
with point attack or drag picks, percussive mode, and wobble mode.

The rotary cutting mode uses an innovative cutting head that contains
cutting tips made from thermally stable diamond composite material. The
cutting tips are relatively sharp compared to conventional bits and have a
very high wear life. Experiments with these tips have shown that the cutting
forces and energy consumption are significantly lower than conventional bits.
In particular, the amount of thrust force was significantly reduced which is
consistent with the use of friction to provide this thrust. Because of the el-
ectronic control of the motor, a control input can result in a rapid response
from the motor. This control input is likely to be either that from the inte-
grated torque measurement system or the linear displacement measurement
system. If the rock type that the drilling system encounters suddenly changes,
then the motor torque and rotation speed can quickly be modified to prevent
breakage of the cutting head, shaft or motor components. This change to the
speed torque characteristics also allows the drill to adapt to a more optimum
regime to increase the rate of progress through the rock.

In the percussive cutting mode the three axial rams are used to recipro-
cate the cutting head back and forth to allow the cutting head to impact on
the face of the rock. The rock is crushed under the cutting tips and flushed
away by the cutting fluid. In this mode, the motor is controlled to allow the
head to be indexed to the next position for the next impact. The drill con-
trol system allows complete control over the frequency and intensity of the
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hammer impacts to allow optimisation of the cutting mode without changes
to hardware.

The third regime of cutting is known as wobble mode. By sequencing the
operation of the three axial rams, an off-centre load can be placed on the
cutting head. This will increase the stress on individual bits allowing higher
stresses to be placed upon the rock without any increase in the axial or torque
loads to the drill. It is expected that the stress increase on the rock could be
of the order of 10 times the normal cutting modes and is useful for the drilling
of extremely hard rock.

6 Conclusions

The design and control of high power water hydraulic robotic systems presents
unique challenges. This paper describes some of those challenges and the tech-
niques used to overcome them to develop a unique system for an autonomous
robotic drilling machine for underground mining.
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Summary. In most search and rescue or reconnaissance missions involving field
robots the requirements of the operator being mobile and alert to sudden changes
in the near environment, are just as important as the ability to control the robot
proficiently. This implies that the GUI platform should be light-weight and portable,
and that the GUI itself is carefully designed for the task at hand. In this paper
different platform solutions and design of a user-friendly GUI for a packbot will be
discussed. Our current wearable system will be presented along with some results
from initial field tests in urban search and rescue facilities.

Keywords: GUI, Field Robot, Wearable

1 Introduction

Deployment of robot systems for outdoor field applications poses a number
of interesting challenges. The outdoor application of computer systems is in
itself a challenge due to lack of screen contrast, limited availability of weather
proof casings, etc. At the same time the mobile systems are often operated
by inexperienced users, which calls for careful design of the interfaces. This
involves both selection of a suitable hardware platform, and design of an
associated interaction system with GUI etc.

In joint research between the Centre for Autonomous Systems, KTH and
the Swedish Defense Materials Administration (FMV) a study is considering
how rugged platforms such as a PackBot can be utilised for search and detect
type missions by inexperienced users. As part of international peace keeping
missions or as part of search for people after major disasters there is an interest
to deploy PackBot systems (See Fig. 1). These systems are to be used for early
intelligence gathering before people enter a building or a neighborhood.

A PackBot is by default delivered with an operator control unit (OCU)
that is composed of a rugged laptop computer with an attached joystick for

P. Corke and S. Sukkarieh (Eds.): Field and Service Robotics, STAR 25, pp. 367-376, 2006.
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Fig. 1. The PackBot system used as part of this study

tele-operation. The system has an operation time of about 1 hour between
recharges. The user interface is designed around a GUI that is divided into
four sub-windows. The windows can visualize information such as:

Video from fish-eye / IR camera (streamed video)
Present speed

Battery capacity /remaining power

Temperature of key motors

Track of GPS position

Payload information

Status of WLAN Connection

In most cases the information is presented as a small scalable icon and a text
snippet that specifies the type of information visualized. The system poses a
number of challenges

It is heavy and not easy to carry

The system is not packaged for rugged outdoor operation with weak con-
nectors etc.

The screen has limited contrast outdoor due to use of a regular LCD panel
The system has a limited time of operation

Consequently there is a need to consider how a suitable interface could be
designed to enable realistic use of the system, and how it could be designed
to enable easier use by inexperienced users.

The prototypical user for a system is a young male with a high school
degree. The users often have experience using a cell phone and some experience
with computer games, but they cannot be considered computer experts.

Some of the requirements for a system include:

e High contrast of video screen during outdoor operation
e FEasy control interface with intuitive control of the vehicle
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e An uncluttered visual interface with access to key information
e A manageable learning curve that enable use after no or limited training
e Highly portable for easy transportation and suitable battery duration.

In the present paper a design of a wearable control unit for a field robot
is described. The unit has been used for tele-operation of a PackBot in urban
search-and-rescue missions involving operation both in factory buildings and
in area coverage.

Design of user interfaces for this type of robots has been described in the
literature earlier. Fong et al. [1] describe use of a PDA for basic teleoperation
using an on-board keypad and video feedback to the user. The interface also
includes text messages from the supervisory control. Perzanowski et. al. [2] at
NRL have also designed a speech / PDA interface for control of iRobot ATRV
robots. The emphasis is here on integration of speech with simple commands
for teleoperation in the context of a semi-autonomous system. Leskinpala et
al [3] describe the use of a PDA based system for simple tele-operation of a
mobile platform, but the tests have only been performed indoor in relatively
accommodating environments. Edwards [4] outline the design of a wearable
computer system that has been deployed in Afganistan for teleoperation of
the iRobot PackBot and the Forster-Miller system. Few details are available
on the actual interface design. Mayol et al [5] have also described a wearable
systems for localisation and mapping, in which small visual platforms are re-
mote controlled for mapping. Few details are available on the interface design.
The most relevant work here seems to be the work by Fong, and Perzanowski,
though none of them have designed a truly wearable system for robot opera-
tion. One would have expected a large number of wearable systems for robot
tele-operation, but our review of the literature have not shown much reported
research.

Initially the various options for design of a portable user interface are
discussed (Section 2). The details of the actual design are then presented in
Section 3. A number of observations on the use of the system is provided
in Section 4. Finally a summary and outlook for future work is presented in
Section 5.

2 Selecting a Platform for Control of a Field Robot

As mentioned above a number of people have already reported use of a PDA
for control of field robots in everyday use. In earlier work we have also reported
use of a PDA for control of an iRobot ATRV [6]. The PDA has the advan-
tage that it is a well known platform, it is lightweight and has good battery
performance. Almost all of PDAs have poor outdoor performance in terms of
screen contrast. In addition most newer PDA have a problem for control of
platform motion. The built-in joystick does not offer adequate control of the
platform, it is too difficult to determine if a side-way or forward/backward
motion is requested.
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An alternative to PDA control is the use of a tablet PC as for example
provided by HP/Compaq. These platforms have a large screen and but the
same contrast issues as a PDA. The platforms are not rugged and in addition
there is a need to use a special purpose pen for the control, which makes
it difficult to use and at the same time the platform is relatively large and
difficult to carry.

Recently there has been significant progress on small rugged computers
that can be carried in a large pocket. These platforms have standard in-
terfaces for networking, screen, USB, etc. The platforms are available with
standard processors and are relative power efficient, as reported in [4]. It is
thus possible to design a standard wearable computer solution in which a
computer is fitted with an 802.11b network and a pair of batteries for easy
use. Using the standard VGA connector it is possible to attach either a pair of
computer glasses or a small touch screen for mounting on the lower arm. The
touch screen has a standard mouse interface. The glasses, with an integrated
screen, has the advantage that the contrast problem is more manageable as
the backlighting from the background enhances contrast, which is the reverse
effect of normal LCD screens. For the control of a platform it is possible to
use a wireless gamepad, which is a well-known modality for computer games.
It typically offers two analog joysticks and a number of push buttons for se-
lection of different mode variables. The gamepad design is similar to what is
frequently used for tele-operation of cranes and mining equipment.

For our studies we have chosen a 650 MHz ULV Celeron computer with
standard ports for PS2, USB, VGA, LAN and serial COM. To ensure rugged
operation in an outdoor setting it was decided to use the built-in Compact
Flash interface to install a small linux system on a standard CF card. These
cards can typically tolerate shocks in excess of 100G which makes it a suit-
able solution for the present application. For communication a USB - WLAN
interface is used and it is mounted on a shoulder pad for maximum operation
range. For feedback to the user, two solutions were tested. A 77 LCD touch
screen was tested (see Fig. 2), but the contrast is similar to that achieved
with a PDA. It is an acceptable solution for indoor operation but not a good
solution outdoors. An alternative is a head-up display (HUD). We have cho-
sen the SV-6 “eye-monitor” system from Micro Optics. It offers a resolution
of 640 x 480 x 18 which provides adequate resolution when mounted in the
accompanying glasses.

The overall hardware solution for a wearable system for PackBot control
is shown in Fig. 3.

3 System Design
The PackBot comes with an on-board computer. The computer is used for

local control of the PackBot in terms of speed, direction, and the flipper
position. The control is purely in terms of speed. In addition the on-board
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Fig. 2. Example LCD screen tested for lower arm mounting. The contrast is, how-
ever, a major challenge for outdoor usage. The screen is shown together with a
corresponding iPAQ interface that can be used for portable control, but again with
contrast issues

802.11b

Fig. 3. The hardware setup for the control system

computer can stream video to the control unit. The PackBot has two on-
board cameras. One is in the visual spectrum and has a fish-eye lens fitted.
The other is an infra-red camera with a narrow field of view lens. The system
also has a built-in IR illuminator that can be used for operation in complete
darkness. The IR illuminator has binary control (on/off). All control and
video is communicated using two 802.11b links. The video is multicasted for
use by multiple clients. The computer system is not accessible to users and
consequently it is used as a blackbox. All extra control functionality has to
be achieved on the operator control unit.

To drive the system the wearable computer is setup with a small scale linux
distribution that fits onto a CF card. Only the bare minimum is available. The
DSL - Damn Small Linux distribution was used as a basis for our system. DSL
is a 50Mb distribution designed to fit an X11 system on a small credit card
sized cd. DSL was then modified to enable booting off a CF card.
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The design of the software system is relatively simple. The overall system
design is shown in Fig. 4

GamePad
“«xigcludes>>

<<include:

y <<include>s 7
ser 1

Packbot
Video Decoder

Fig. 4. The Software Components of the Wearable System

The controller handles the take-up of control of the PackBot, i.e. observer
mode versus control mode. In control mode an active link to the system is
maintained. The system is also responsible for handling telemetry feedback
from the system. In the present setup the control is purely tele-operated,
but other research is considering the addition of autonomy to the system. At
present the telemetry that is feedback to the user / control process are velocity
information, GPS coordinates (when available), battery status, temperature
information, and orientation of the platform with respect to horizontal.

The user control of the platform is through the earlier mentioned gamepad.
The gamepad is of the wireless variety, which provides a maximum of flexibility
and at the same time it is for many people a natural interaction modality.
The main interaction is through the two on-board joysticks. The left analog
joystick is used for control of speed and direction of travel, which is the default
behaviour of almost every video game. The right joystick controls the two on-
board flippers. The flippers can only be moved in synchrony and thus only
the forward/backward motion of the joystick is utilized. The gamepad has
11 on-board buttons. One is used for request of control of the platform and
another is used to call up a help screen. The remaining buttons are mapped to
frequently used actions such as toggle brake on/off, selection of video source
(fisheye/IR camera), increase/decrease speed limit and finally also a GUT reset
button.

The head-up display at all times streams the video data from the PackBot.
The display is setup to have three modes of information: i) the bare video
stream, ii) video plus velocity information, and iii) video, speed and telemetry
information. The different types of video information is shown in Fig. 5 and
Fig. 6.

The basic setup is so that one can toggle between the three types of infor-
mation. For the beginner a minimum of information is typically the preferred
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Fig. 5. The screen shown with video only information and with velocity information

Padie Loval: 2EI

Temparatura: 60
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Fig. 6. The screen shown with video, speed information and telemetry data

mode of operation. As the operator gains more experience the details can be
added gradually.

The system has been implemented using the Simple DirectMedia Layer
(SDL) which is a cross-platform library. SDL has been designed to provide low-
level access to audio, keyboard, joystick, video and framebuffer. It is supported
on a large number of platforms including Linux and as such provides for easy
portability across PDA, Wearable and Tablet systems. The library is written
in C with MMX optimized code, which provides for efficient execution and a
minimum load on the CPU, which is important for battery operated systems.

The entire system is capable of streaming video to the user at 15Hz with a
video resolution of 320 x 240 in real-time with a CPU load of 75 %. Actually
it can show video of up to 25Hz (using more CPU) but this is only valid in
the near proximity of the robot where the radio quality is good. As the radio
quality drops, so does the frame-rate. For realistic scenarios, the frame-rate
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varies between 5-15Hz which is enough to solve most tasks. It would be of

interest to be able to stabilize the image, as there is significant shaking in the
image during traversal of staircases etc., but this has not yet been achieved.

4 Field Use of the System

The wearable system has been tested in a number of pilot trials. The system
mounted on a person is shown in Fig. 7

Fig. 7. The Wearable System in Operation

The system has been evaluated both for indoor operation in an factory
setting, where the person is required to drive the PackBot into a building
and up a staircase to search for a particular object, and in an urban setting
where the system is deployed to enter an area with a number of buildings to
determine if there are any suspicious objects. Here the system is required to
drive up to a car and inspect the underside of the car for any unexpected
objects.

For the operation indoor the main challenge is driving in a staircase. The
shaky motion of the platform while traversing the staircase is a challenge for
the operator.

In the outdoor setting the operation is natural and easily picked up by the
operator.



A Wearable GUI for Field Robots 375

For both cases it must be recognized that the goggles only feed video
data to one eye of the operator. This poses a small challenge and in the
beginning the disparity in information between the two eyes (the one with the
screen and the eye with no feedback information) is a bit confusing. However,
when entering an area there is an interest to be able to see the immediate
surrounding with a minimum of obstruction of the field of view and at the
same time shift to robot operation without any changes in the setup. This can
easily be achieved with the present setup. After some training the users find
that it is easy to drive the system and achieve efficient operation. The system
has a battery time of about 3 hours, which is adequate for most interventions.

In comparison to the standard iRobot OCU a high degree of mobility is
available, and the same information as is available through the OCU can be
provided. The direct integration into the uniform is considered a major plus.
At the same time the gamepad provides at least the same level of maneuver-
ability has the OCU attached joystick. Initial comparative tests with the two
systems demonstrate that a similar performance in terms of flexibility and
speed is achieved for the wearable system and the OCU.

A wearable solution has been reported for the iRobot system in the paper
by Edwards [4], unfortunately no information is available about the display of
information, or the the modes of operation. In addition it has been impossible
to get access to such a system for comparative experiments.

5 Summary

In the present paper we have discussed the design of a wearable computer
system for tele-operation of a PackBot system. The system was designed to
address many of the challenges that exist with using a normal laptop for field
applications, in particular in an outdoor setting. Through use of wearable
goggles in combination with a gamepad it is possible to design an efficient
interface that can be used by people after only a brief introduction. The
design has been implemented on a linux based computer system that is worn
in a small belt together with the required batteries. The system has been
implemented and tested in pilot trials indoor and in urban settings with highly
satisfactory results. As more degrees of autonomy are added to the system the
overall design of the user interface will have to be adopted to accommodate
such functions. However the present design is efficient, portable and easy to
use. It offers an ideal work environment for control of a small field robot such
as the PackBot.

Future work will include more thorough field evaluation of the system and
indepth comparison to the standard OCU unit delivered with the PackBot.
In addition various degrees of autonomy and post-processing of information
such as image stabilisation is clearly of interest.
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1 Introduction

The Agrixz project studies machine control systems for agricultural imple-
ments. The research goal is to design and implement a prototype of an open,
generic and configurable implement control system. Other research topics are
user interface design, positioning and navigation, telematics and fault diag-
nostics, wireless communications and precision farming. In the project con-
sortium, there are four research institutions and eight companies. Most of the
funding comes from TEKES?. The project consists of three phases. In the first
phase, the Agriz fast prototype was developed and tested in the summer 2003.

Fig. 1. Pneumatic drill, sprayer and no-tillage drill

The development of the Agrixz basic system started in the autumn 2003
and was completed with field tests in summer 2004. Two combined seed and
fertilizer drills and one sprayer were modified with new control units and
additional sensors. The machines are shown in Figure 1. A commercial tractor
and virtual terminal together with a home-grown task controller and GPS

3 National Technology Agency of Finland
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adapter were used to complete the ISO 11783 system. The control system
software is developed with RTI’s Constellation software development tool. In
the third phase, the results from methods research will be integrated to the
basic system thus completing the Agriz advanced system which will be tested
in summer 2005.

Open control systems use standardized interfaces and communication pro-
tocols so that control units from different vendors can be used in the same
system. The Agrix control system is based on ISO 11783, which is an emerg-
ing communication standard for agricultural vehicles with widespread support
from the industry*. Generic control systems can be used to control several dif-
ferent implements by changing only the control software. The hardware, the
operating system and the tool chain can be reused without modifications.
This greatly reduces the design cost of a new system. Configurable control
systems can be easily configured using a high-level, usually graphical tool,
instead of writing it with a low-level programming language. Such high-level
tools are widely used in industrial automation. Most embedded systems are
still programmed with assembler or C languages because of the platform lim-
itations. However, the computational and memory limitations are becoming
less important with every generation of micro-controllers.

The control functions of traditional agricultural machines have been quite
simple and low-level languages have been adequate for programming these sys-
tems. But the machines are getting bigger and more complex. Large machines
require more automation to keep the operator strain at an acceptable level.
Emerging production methods, such as precision farming, require positioning
and feedback control. Automation technology can also be used to produce
more accurate farm records. To reach their full potential, separate control
systems need to be connected. Creating distributed real-time embedded con-
trol systems with low-level languages is slow, error-prone and prohibitively
expensive, especially if the production series are small.

2 ISO 11783

In the late 1980’s the development of communication networks between trac-
tors and implements was started in Germany. The main parts of DIN 9684
were completed by the end of 1991. At the same time similar efforts were
made in the United States, targeting the SAE J1939 standard. Both stan-
dards are based on CAN, but they are incompatible[8]. The development of
the ISO 11783 standard was started in 1992 and it is still under develop-
ment. ISO 11783 specifies the data network for control and communications
on agricultural vehicles and it uses some parts of DIN 9684 and SAE J1939.
The physical and data link layers are based on CAN 2.0b specification with
extended identifiers[1].

4 1SO 11783 is sometimes referred as ISOBUS, which is actually the name of the
implementation specification of the standard.
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ISO 11783 defines two buses. Implement control units, auxiliary input
devices, task controller, GPS receiver and virtual terminal are connected to
the implement bus. Tractor’s engine, transmission and hitch control units are
connected to the tractor bus. The tractor bus is accessible from the implement
bus only via the tractor electronic control unit (TECU) which acts as a bridge
between the tractor bus and the implement bus. ISO 11783 specifies three
tractor classes depending on the available features. Class 1 tractor provides
only basic measurements, class 2 tractor has more advanced measurements
and class 3 tractor allows the implement to control some of its functions.

A virtual terminal (VT) is the generic HMI device defined in ISO 11783. It
has a graphic display, soft keys and some means to enter data. Any control unit
can transmit its user interface to the terminal. An auziliary input device is an
additional HMI device. It can be used to supplement the virtual terminal when
a more specialized interface is required. With the help of the virtual terminal
the operator can configure the auxiliary inputs to the desired functions.

One or several implement electronic control units (IECUs) are needed to
control a single implement. Once the terminal has been initialized, the con-
troller can update its user interface and receive operator feedback. Only one
user interface can be active at a time but control units can update their user
interfaces even if they are not active. When a user interface becomes active
again, it will reflect the new changes. For the control units, this creates an
illusion of an exclusive access to the virtual terminal.

A task controller is an optional part of an ISO 11783 system. The planned
tasks are loaded into the task controller. It executes the tasks by sending
process data messages to other electronic control units. The task controller
can also collect data during field operations which can be used to produce
accurate farm records. Planned tasks may range from field level operations to
precision farming operations®. A GPS receiver provides position information
to the ISO 11783 network. The message format is specified in the NMEA 2000
standard[6] which is compatible with ISO 11783.

3 Methodologies and Tools

In software engineering, great efforts have been made to improve software
quality and programmer productivity. New methodologies and tools have been
created for designing increasingly complex systems. The new IEC 61499 stan-
dard is intended for “distributed industrial-process measurement and control
systems”[3]. The Object Management Group’s UML standard dominates in
most other application areas. UML promotes the best software engineering
practices and provides a descriptive graphical language®. The use of UML in

5 In precision farming soil spatial and temporal variability is identified, analyzed
and managed for optimal results.

S Even if the graphical languages are not silver bullets[2], they can be very useful
in specialized applications like control system design.
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systems engineering is increasing[4]. UML approach was selected for the Agrix
project simply because there are many commercial UML tools” available but
no mature tools that support IEC 61499. We selected RTT’s Constellation soft-
ware development system, as it supports UML and it is especially designed
for building control systems.

4 Constellation Software Development System

RTT’s Constellation provides a framework for building control systems and
other periodically executable software components. Components for process-
ing continuous signals are executed at the specified frequency. The control
systems can also be reconfigured on the fly by activating and deactivating
components. This kind of mode change is needed e.g. to transition from man-
ual to automatic control. In addition, Constellation provides a framework for
processing discrete events. UML-style state machines can be used for event
processing. State transitions can be triggered by events or changes in continu-
ous signals. Because time can be handled as a continuous signal, implementing
time-dependent state transitions is very easy.

Constellation encourages component reuse. The components are loosely
coupled by well defined interfaces. Because components are connected using
interfaces, it is possible to compose fundamentally different control systems
from the same set of components. Creating new interfaces and adding them to
new components is easy. New components can be created by combining exist-
ing components, drawing state machines or by writing primitive components
with C++. Because Constellation is based on C++ programming language, it
creates relatively efficient and fast code. Constellation runs in Windows and
Linux operating systems. It can also create executables for VzWorks operat-
ing system and supports various processor architectures.

4.1 Component Types

Atomic Components (ATCs) provides one or several functions which other
components can call. These functions can call other functions from other com-
ponents, or read and write signal values. Atomic components are executed only
when their functions are being called.

Data Flow Components (DFCs) have OnExecute and OnStateUpdate
functions which are executed periodically by the run-time system. The run-
time system sorts DFCs to satisfy their input—output dependencies and places
them on an execution list[7]. The DFCs on the list are executed at each sample
period. It is the programmer’s responsibility to cut algebraic loops. Data-flow
components can also be created directly from MATLAB/Simulink models.

" E.g. I-Logix’s Rhapsody, IBM’s Rational Rose and Insoft’s Prosa
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Finite State Machine Components (FSMs) are defined graphically by
drawing the states and the transitions between them. The state charts use
standard UML notation and semantics with a few minor exceptions. The
state transitions can be triggered by events or changes in signal values, which
are evaluated periodically. State Transition Components (STCs) are executed
as a response to a state transition in FSMs. Multiple STCs can be associated
to a single state transition or used as entry or exit actions for states, levels
and composite states.

Composite Object Group Components (COGs) are used to group other
components and connectors. There are three kinds of connectors. Pins corre-
spond to variables, bubbles correspond to functions and interfaces can contain
pins, bubbles and other interfaces. In addition, Constellation provides library
components for asynchronous message passing.

4.2 Configurability

Frameworks can provide different configuration strategies. The simplest one
is instantiation, which means using existing components without any change.
Generic components can be specialized by adding new functionality®. This
kind of configurability is called specialization. An easy way to configure com-
ponents is to specify parameters for parameterized components, which is called
parameterization. However, perhaps the most powerful form of configurability
comes from object composition, which means connecting components to create
new functionality and new components.

Many parts of the Constellation application framework are used without
change in all applications. For example, the run-time parser and execution
engines for sampled-data and event-based systems are instantiated at pro-
gram startup. There are also other run-time services that can be used when
needed. Functionality can be added to Constellation applications by special-
ization. For example, Constellation creates specialized wrappers for Simulink
code by inheriting a generalized Simulink wrapper. However, Constellation
favors composition over inheritance. Generalization is the opposite process
of factoring out the common features from a set of components. Constella-
tion applications can be configured by parameterizing the components. For
example, application’s habitat® component has parameters for adjusting the
execution rates and priorities of sampled-data and event-processing threads.
Object composition is the dominant technique of configuring Constellation
applications. Object composition is defined dynamically at run-time through
objects acquiring references to other objects. Composition requires objects
to respect each other’s interfaces[5]. In Constellation, the system’s behavior
depends on the relationships of the components rather than being defined in
one component.

8 In object-oriented programming languages, subclasses can be inherited from
super-classes.
9 Habitats are execution environments for other components.
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The Constellation application framework is designed for building control
systems. It emphasizes design reuse over code reuse although it has ready-to-
use component libraries. Design reuse leads to an inversion of control between
application and the framework[5]. When using a conventional function library,
the programmer writes the main program that calls the functions he wants to
reuse. But when using an application framework, the programmer writes the
functions that are called by the framework which is reused. As a result, appli-
cations are faster to build, have similar structures and are easier to maintain.

5 Design

The design of the control system was done in a top-down manner. The high-
level components and their interfaces were defined first and then attention was
shifted to lower-level components and interfaces. Because no implementation
was done at this time, interfaces could be easily changed as new deficiencies
in the design were discovered.

5.1 Machine Modes

From the start it was obvious that the implements will have different operating
modes and that there are some modes that are common to all implements. To
keep things simple — for the designers as well as the operators — the number
of modes was reduced to only three. The free mode turns off all automation.
The operator can apply individual controls freely by pressing the soft keys.
This is useful during maintenance when it is necessary to drive the machine
to a specific position. The free mode is also used as a fall-back mode when
something goes wrong in the other modes'®. When entering the free mode,
all ongoing controls are stopped for safety reasons. The free mode is also used
for calibration functions so no dedicated calibration mode is required.

The transport mode is used for transporting the implement, as the name
suggests. The implement is driven to its transport position and then the con-
trols are locked. This allows the safe transportation of the machine. The field
mode is the normal operation mode during the field operations. Automation
is used as much as possible to minimize operator strain. The level of automa-
tion can be adjusted by selecting manual or automatic modes for individual
functions e.g. marker mode or tramline mode!!. The field mode has two sub-
modes. In the work mode the machine is “doing its thing” on the field and in
headlands mode the machine can be quickly turned around. When changing
between these two modes the control unit automatically controls the different
functions in the proper sequence.

10 For example a sensor failure can render the field mode inoperable, in which case
the manual mode can be used drive the machine to its transport position so that
it can be moved for repairs.

11 The free mode is not called manual mode to avoid ambiguity with these modes.
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5.2 Basic Architecture

On the topmost level, the control system is divided into six components which
will be discussed briefly. The CAN component is a wrapper for CAN device
drivers. It provides a well defined interface to the rest of the system for sending
and receiving CAN messages. It also hides all the details of a particular CAN
driver. All it takes to adapt the system for different CAN hardware is to create
a new wrapper for the CAN drivers.

The ISOBUS component contains data link layer, network layer and net-
work management functionality. The ISOBUS component also transmits the
object pool to the VT or loads it from the terminal’s non-volatile memory, if
the object pool is already stored on the VT. The ISOBUS component can be
parameterized and reused without modification.

The hardware component is a hierarchical presentation of the implement.
This component is highly machine dependent and cannot be reused as such.
However, the components deeper in the hierarchical structure are more likely
candidates for reuse. For example, if some machines have the same subsystems,
they can be reused with little or no modification. Even if machines do not
have similarities at the subsystem level, they can still use the same hardware
components such as hydraulic cylinders and electric motors. At the device
level, most of the components can be parameterized and reused. Although
it is easier to reuse lower-level components, it is not as beneficial as reusing
higher-level components.

The mode component manages the major modes of the control system (see
section 5.1) by sending signals to the hardware component. This component
is machine dependent as the implementation of the modes varies. However,
an existing implementation can be used as a template and then modified to
meet the new requirements.

The I/0O component represents the machine specific I/O system. The I/O
component uses the I/O driver to interact with the physical hardware. It
provides an easy to use interface for the hardware component which hides the
I/0 system details. For example, input signals are scaled to engineering units,
noisy signal are filtered and additional signals can be created by differentiating
or integrating existing ones. For logging purposes, some signals can also be
written to a file in a centralized manner.

The I/0 driver is a wrapper for I/O device drivers and can be reused
without modification. Unlike the CAN driver, the I/O driver cannot provide
a standard interface. The exact I/O interface always depends on the actual
I/O hardware. For example, the number of digital and analog inputs and
outputs varies from device to device.

5.3 User Interface Design

The user interface designs are based on the existing commercial Uls and the
experiences gained from the fast prototype. Later, the Uls were further refined
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by conducting usability studies with real users. The actual ISO 11783 user
interfaces were created with a home-grown Java tool designed for building
object pools. The details of the UI design are not discussed in this paper.

6 Implementation

The implementation of the control system is done in a bottom-up manner.
The low-level components are implemented and tested first and then the im-
plementation effort is focused on higher-level components. Subsystems are
tested as early as possible to find out possible design problems. For example,
the CAN component was tested with a simple driver component. Driver com-
ponents were also made for I/O and ISOBUS components so that they could
be tested separately. Early found design problems are easier to fix, because
the affected upper-level interfaces are not yet implemented.

As the design and implementation progress, new components are created
and placed into component libraries or repositories as they are called in Con-
stellation. Reusable CAN, I/O and ISOBUS components are placed in corre-
sponding repositories. A separate repository is used to hold the generic low-
level components that model physical machine parts. The Simulink controllers
and fault diagnostic components are in their own repositories mainly because
they were created by different researchers. Three machine specific repositories
are used to hold the non-reusable high-level components, which are the “glue”
that hold the control applications together.

6.1 Controllers

Some simple controller DFCs are implemented directly with C++ but the
more complicated controllers and filters are created with Simulink which
is a widely used tool for modeling, designing, simulating and tuning con-
trollers. Constellation is integrated well with Simulink which makes importing
Simulink models easy. As an example, the sprayer pressure controller is shown
in Figure 2.

6.2 Finite State Machines

Finite state machines are used for many things, such as describing the user
interface logic, controlling machine modes, implementing marker and tramline
automation, specifying alarm logic and defining calibration sequences. FSM
components are also used extensively to implement protocols and procedures
defined in ISO 11783'2. Creating finite state machines may not be easier or
faster than writing conventional code, but it is less error-prone and the result
is much more readable — it is almost self documenting! The mode control logic
of the no-tillage drill is shown as an example in Figure 3.

12130 11783 defines many packet transport protocols for long messages and an
initialization procedure for connecting to the virtual terminal.



Design and Implementation of Machine Control Systems 385

"HORMAL™ “CALIBRATION”
calibControl
—  normaliode [T mod mod
o) e —— ' 4
spPress o calibrationMode ' R S
g e in " ) et b
B spCalFress
| - NormalMade CalihrarionMode
CalibPressucePT PressurePTio i M tivatedl
CERealPassThIoNgh
CERealPassThrough "MANUAL™ "ATTOMATIC”
spPressure - autoContral
’Z} > o width — nanMade o T
| o act, .t
spPrs autolode [k [
| atb op———
sphuroRate
PressurePT width ol P
S v calcRate ManuallMode Autalode
2RIPass o, sl
. Twid el MocsAvRtEAL: ModeActivatedtc
e
ctPressure
ctPressure
usFlow c & b 0
= nsFlow RateCalculator timestep order
D ‘ateCalculalor
ctFlow
sppraMat [ imorg | ctFlullat
" g0 - Gl u|
ns¥peed 4]
E} usSpeed en
FlowCentroller CtFlowTollat CtFlouTokeal
spBaseRate
T N f SpRate RateController FlowCantraller CSReaTaMat PressureController CSMalToReal
gl O 2
spER || 1F RateCaniralier PresswaCanirolierD)
: g enable
BaseRatePT
CSReaiPassThrough
o spRate nsFressure
spautoRate | nsPressureMat ctFlow
nsPressure
AutoRatePT NsPressureTolac FlowPT
CERealPassThough CEReaToMat CERealPassThrough

Fig. 2. Sprayer pressure controller COG

fTransportiode FieldMode “Entry" /
FeedbackMode() DEFAULT /
CheckToolPas UpTool()
i L "Entry™ /
toolPos EDDU’:S “transport” / ) B s
e L mFlash() "°0N0F
HULL T :
WULL{) 3l seqm / W
“Encryt nptaldr 7 WULL{)
FeedbackHode || ronlPos "Entry™ f WLL{)
TransportTool () == 1.07 4 IdleMode() g “ "mewsedq”
(mFlash() + WULLQ) + OffFlashi] st Triggeri) Entry™ /
DownTool () UpTooli)
[[ InitTransport J—'E[Flnls}ﬂranspurtj
wereer ;| EREEV" S " -
i Ditestadal] [FEEomaporsliy e
§ DEEFlashi) WL free” /
WILL) DEEFLashi )
- "taolPos
Lr v <= 0.0" gt/
FresHode £lelawy ‘ =
NULL() HULL () MULL ()

Fig. 3. No-tillage drill user interface logic FSM (STCs and interfaces are not shown)

7 Simulation and Debugging

Unit testing is simple with Constellation. Sometimes it is enough to create
a test application, add the component and specify its initial values. In more
complex scenarios, it may be necessary to create a driver and stub compo-
nents which are used to exercise the component under test and to give suitable
responses, respectively. The test application can then be compiled and run.
At run time, the signals can be changed and monitored from application’s in-
teractive shell. In addition to the shell, Constellation provides more advanced
debugging facilities. StethoScope is an oscilloscope like tool for monitoring sig-
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nals and LiveLook is used to animate state diagrams. These tools use TCP/IP

to connect to the running program, so they can be used to monitor programs
running on either the host or the target system in real-time.

8 Cases

The configurability of the control system was tested with three case imple-
mentations. A short summary of the implements and their control functions
is given in table 1.

Table 1. Case implements and their control functions

Pneumatic Drill Sprayer No-Tillage Dri