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Abstract

The problem of goal-directed, collision-free motion in arguex, unpredictable environment
can be solved by tightly integrating high-level deliberatplanning with low-level reactive con-
trol. This thesis presents two such architectures for a almmomic mobile robot. To achieve
real-time performance, reactive control capabilitiesentvbe fully realized so that the deliber-
ative planner can be simpli ed. These architectures aréckad with reactive target reaching
and obstacle avoidance modules. Their target reaching le®dse indirect-mapping Extended
Kohonen Map to provide ner and smoother motion control tdaect-mapping methods. While
one architecture fuses these modules indirectly via condmission, the other one couples them
directly using cooperative Extended Kohonen Maps, englilie robot to negotiate unforeseen
concave obstacles. The planner for both architecturessiggary cells technique to decompose
the free workspace into fewer cells, thus reducing seaned.tAny two points in the cell can still
be traversed by reactive motion.
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Summary

The problem of goal-directed, collision-free motion in angex, unpredictable environment can be
solved by tightly integrating high-level deliberative ptang with low-level reactive control. This
thesis presents two such architectures for a nonholonorolalenrobot. To achieve real-time per-
formance, reactive control capabilities have to be fullglimed so that the deliberative planner can
be simpli ed. These architectures are enriched with readi@rget reaching and obstacle avoidance
modules. Their target reaching modules use indirect-nmgppgixtended Kohonen Map to provide
ner and smoother motion control than direct-mapping megowhile one architecture fuses these
modules indirectly via command fusion, the other one cauptem directly using cooperative Ex-
tended Kohonen Maps, enabling the robot to negotiate usdereconcave obstacles. The planner for
both architectures use a slippery cells technique to deosethe free workspace into fewer cells,

thus reducing search time. Any two points in the cell cahlsgiltraversed by reactive motion.



Chapter 1

Introduction

1.1 Background

There have been many advances in mobile robotics over thénygmdecades, yet it is not pervasive in
our daily lives. This is mainly due to the dif culties of a@hiing real-time performance and precise,
smooth control while executing a sophisticated task in aangex and unpredictable world. Above
all, the fundamental problem of autonomous goal-direatetlision-free motion in an unstructured
environment has been the crux of much recent research sffattstill, no suf cing solution has
emerged to endorse the ubiquitous use of mobile robots irealrworld. Many mobile robotic
tasks in the area of service and eld robotics (Schraft andr&t, 1999; Shastri, 1999; Zelinsky,
1997), in particular, face this similar problem. They irddusewer inspection (Hertzbesg al,,
1998; Romeet al,, 1999), cleaning and housekeeping (Fioghal. 2000), surveillance (Everett and
Gage, 1999; Massiast al,, 2001), search and rescue (Fig. 1.1) (Davids, 2002; Muglay., 2002),
construction (Gambao and Balaguer, 2002), and tour guBlegérdet al, 1998, 1999). All these
tasks require the autonomous mobile robot to perform tanggdal reaching movements (also known

as beacon aiming (Collett, 1996) or homing (Rao and Fueh®8§)) while avoiding undesirable and
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Figure 1.1: Robot search and rescue at WTC disaster site.har@rdous surroundings of WTC

may risk the lives of the men in the rescue team if they sednishdanger zone, as the ramshackle
structures may collapse anytime. Hence, robots are engblfoyethis reconnaissance task. Photo
courtesy of Center for Robot-Assisted Search and Rescueetdity of South Florida.

potentially dangerous impact with obstacles in dynamicopulated environments.

1.1.1 Deliberation vs. Reactivity

Traditionally, two dichotomous faculties of robot motiagsearch have separately attempted to solve
the problem of goal-directed, collision-free robot motidrigh-level deliberative motion planning
andlow-level reactive motion controlRobot architectures (Fig. 1.2(a)) (Barraguand and Latamb
1991; Borenstein and Koren, 1991b; Brooks, 1983; Chatith lsaumond, 1985; Fikes and Nils-
son, 1971, Giralet al, 1979; Elfes, 1986; Girakt al,, 1984; Latombe, 1991; Lozano-Pérez, 1987,
Moravec and Cho, 1989; Nilsson, 1980; Zelingtyal., 1993; Zelinsky and Yuta, 1993b) that employ

high-level deliberative motion planning display the feliog characteristics:
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Figure 1.2: Deliberative planning vs. reactive controhfeavork. (a) Deliberative motion planning

framework: A world model is used to determine an optimal sege of motion commands to achieve
the desired goal state prior to motion execution. Once a béenbeen determined, it is executed
by the control. (b) Reactive motion control framework: Thedlly sensed information about the
environment is directly converted into a motion control ecoamd, which can be performed very
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ef ciently. This approach is, however, susceptible to lavénima.
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With ana priori global world model (i.e., representation-dependent),

1. aglobally optimal sequence of collision-free actions ba determined prior to execution,

2. aglobally speci ed goal that is situated in a complex eswinent can be achieved only if the

world model is accurate at the time of motion execution.

By planning the entire complete path prior to motion exemuti

3. unforeseen obstacles in a dynamic environment cannctédptiated during runtime,

4. aheavy computational burden is incurred, resultingowsksponse.
On the other hand, robot architectures (Fig. 1.2(b)) (Agre @hapman, 1987; Arkin, 1987, 1989b,
1992b, 1995; Braitenberg, 1984; Brooks, 1986, 1989, 19@mn€ll, 1987, 1990; Decugis and Fer-
ber, 1998; Gaet al, 1994; Maes, 1989, 1990; Matari¢, 1990, 1992; Mikgral, 1992; Payton,
1986; Rosenblatt and Payton, 1989; Rosenblatt, 1995; R&emand Thorpe, 1995; Rosenblatt,
1997; Rosenschein and Kaelbling, 1986; Schoppers, 198B) 1Bat utilize low-level reactive mo-

tion control exhibit the following properties:

With only locally sensed data (i.e., limited or free of reg@etation),
1. the sequence of actions produced may be suboptimal daekot global knowledge,
2. the globally speci ed goal may not be achieved under cemphvironmental conditions such
as local minima.
By interleaving the computation of the next motion command the immediate execution of this
motion,
3. unexpected obstacles can be successfully negotiatewyduntime,
4. real-time response and robust execution can be achieved.
The proverb “One man's meat is another man's poison” signttee relationship between the charac-

teristics of deliberative planning and reactive contrdieTotivation of the work in this thesis stems
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from the realization of their complementary characterssti

1.2 Motivation

1.2.1 Why Hybridize?

The individual drawbacks of deliberative planning and tieaaontrol (Section 1.1.1) handicap their
capacity for real-world applications in complex, unprédide environments, thus weeding out any
potential bene ts posed by their strengths. Yet surprisindevelopments in high-level deliberative

planning have largely ignored the details of low-level te@ccontrol and vice versa. The amalgama-
tion of the two paradigms into one coherent integrated llyfsimework can potentially aggregate
their fortes and diminish their respective drawbacks tédyike best of both approaches. Neverthe-
less, developing such a uni cation methodology is nonidtivlf done poorly, it can yield the worst

of both worlds.

1.2.2 The Art of Hybridization

Hybridization is more of an art than of science. Many hybobatic architects acknowledge that
the central issue is to concoct an effective division of fioralities between deliberation and reac-
tivity as well as an appropriate interface strategy to ciate these two components (Arkin, 1998;
Hexmoor and Kortenkamp, 1995a,b; Hexmebal.,, 1997; Matari¢, 1997). This open-ended guiding
principle entails arbitrary architectural decisions bedw various roboticists, thus conceiving many
different hybrid solutions (Section 2.1).

Notwithstanding the vast variety of hybrid perspectiveat tis accumulated over these years, a
de nitive resolution to this central issue has still not fawed. As a result, myopic architectural

decisions arise to fabricate hybrid systems that are atstime computationally complex for real



1.2 Motivation 6

world use (Albuset al,, 1989; Albus, 1991a,b, 1995, 1997). Often, this compleigtinadvertently
mistaken to be inherent in the robot motion problem, but iadsually an artefact of the hybrid

solution.

1.2.3 Rethinking Hybridization: Towards Real-Time Performance

With this in mind, it is therefore prudent to focus on reahdéi performance while moulding the hy-
bridization process. Real-time motion control capaleiitchie y determine a mobile robot's ability
to complete its navigation tasks. It is after all a vital iadient in gaining its acquiescence into our
society (Section 1.1).

To achieve real-time performance, my contention is thattiea control capabilities should be
fully exploited to satisfy those criteria listed in Sectibri.1 as much as possible, so that deliberative
planning can be consequently simpli ed. The more competieatreactive control capabilities, the
less complex need be the plan. This key notion indicateglgl¢iae division of labour between
the two paradigms. It also hints at how the interface/comtibn strategy should be devised: the
capabilities of the reactive competences determine timestér which the plans must be expressed.

In other words, the reactive competences give semantic cagice to the deliberative planner.

1.2.4 Empowering Reactivity in a Hybrid System

Until today, the real-time performance of existing hybrighitectures is still not optimal because
the capability of the reactive competences has not begnridllized. Often, the workload of high-
level deliberative planning far exceeds that of low-leweative control (Brock and Khatib, 1999a;
Brock and Kavraki, 2000, 2001; Fat al., 1998; Hu and Brady, 1994; Pyeatt and Howe, 1999; Sim-
monset al,, 1997a; Thruret al,, 1998a); hybrid architects seldom consider using the rtof@asctive

controller to solve the tougher problems in robot motion aglg heavily on the computationally
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expensive planner to do so. This proves to be fatal in termeadftime performance. The following
three constituents of robot motion have been consequeiatiymized.

In goal-directed motion, most hybrid architectures emgloy deliberative planner to plot the
exact motion path with detailed sequence of actions for i@t by the actuators. The reactive
controller performs only a single task, i.e., simple obstavoidance, by making minor modi cations
to an otherwise good course of action. Can the reactive altertrelieve the planner in producing
equivalent target reaching movements? This problem demades the under-nourished repertoire of
reactive behaviors that is employed in robot motion.

A high degree of smoothness, exibility and precision in matcontrol is essential for the ef -
cient execution of sophisticated tasks as well as physitataction with humans. A high-resolution
plan is normally used to achieve this. Can reactive contetimanisms be utilized to perform ne,
smooth motion control instead?

Unforeseen, complex obstacles in the environment are tlmaté menace to a robot in motion.
Most hybrid architects would insist that replanning is thmdyoway out. This may not be feasible
in certain situations where an updated world map is not @bkl or rendered obsolete easily by a
rapidly changing environment. Can these obstacles be éayl reactive means then? It is my aim

in this thesis to investigate these practical aspects iatnototion.

1.3 Thesis Objectives

This thesis proposes novel architectures for goal-diceatellision-free motion of a nonholonomic
mobile robot in an unstructured environment. A nonholoromobot has restrictions in the way it
can move due to kinematic or dynamic constraints on the raloch as limited turning abilities like

an automobile or momentum at high velocities (Arkin, 199BEnce, it is much harder to control
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and achieve smoothness in motion (Russell and Norvig, 198%irh makes the problem even more
challenging.
The integrated planning and control architectures addhesfollowing objectives, which differ

considerably from existing software architectures for iteotobots:

1. Enhancing the capabilities of low-level reactive motiorcontrol qualitatively and quanti-

tatively

(a) Enriching the repertoire of reactive behaviors (quatite)
(b) Performing ne, smooth and ef cient motion control (ditative)

(c) Negotiating unforeseen, complex obstacles (qualdati
2. Reducing the workload of high-level deliberative motiorplanner

This thesis emphasizes the rst objective on reinforcing thactive components of the integrated
planning and control architectures to achieve real-timéianaontrol capabilities. It de-emphasizes
the second objective on motion planning such that issuesaphgconnectivity and search will not be

addressed.

1.4 Overview of Integrated Planning and Control Architectures

This section gives an overview of the integrated planning @mntrol architectures that are imple-
mented to meet the objectives speci ed in the previous srctrig. 1.3 shows the general framework
of integrated planning and control, which combines the iptesstwo schemes of deliberative plan-
ning and reactive control (Fig. 1.2). Notice that delibeeafplanning and reactive control operate
in different servo loops. Short time-scale operations aedied by the fast re ex loops of the re-

active components, thus freeing up the deliberative compioto plan without worrying about the
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World Model - Planning

A

Sensing - Control

N

Environment

Figure 1.3: Integrated planning and control framework. Wéwer the current world model is signif-
icantly changed by the sensing data, a new plan is genergtde: planning module and supplied to
the reactive control module to be executed. The control necalso accommodates to unpredictable
changes in the environment that occur after planning aniegltine execution of the plan.

dynamism in the environment. This asynchronous executidheodeliberative and reactive mecha-
nisms is the key to preserving the reactive capabilitiehabreal-time performance can be achieved.
Whenever the current world model is signi cantly changedthy sensing data, a new plan is
generated. On this aspect, | wish to point out that since oyhasis in this thesis is on integrated
planning and control rather than mapbuilding, planningaisducted on a static world model that is
not updated by sensing. Interested readers are referi®idnataneous Localization And Mapbuild-
ing (SLAM) (Durrant-Whyteet al,, 2001) andConcurrent Mapping and Localizatioqf€ML) (Thrun
et al,, 1998b).
The amount of motion information encoded in the plan is diyegroportional to the computa-
tional complexity of the planner and inversely related ®¢hpability of the reactive components. On
one extreme, ae or speci ¢ plan comprises of a detailed sequence of motion commantavbis

obstacles marked on the static world model. As such, onlgtikeaobstacle avoidance is required to
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negotiate unforeseen obstacles by making minor modi cetikm an otherwise good course of action.
On the other extreme, grossor abstractplan supplies a series of checkpoints to the reactive clontro
mechanisms, which have to be further supplemented witketasgching capabilities. In general, the
reactive components have to accommodate to unpredicthbleges in the environment that occur
after planning and during the execution of the plan.

Two improvements have been formulated to re ne the integr@ianning and control framework
such that a tight integration of high-level deliberativampting with reactive control at the lowest
level can be achieved.

At the highest level of the rst integrated planning and ¢oharchitecture (also known dsom-
mand fusion” architecture (Fig. 1.4(a)), the deliberative motion planner, whichlvié elaborated
in Chapter 3, produces a sequence of checkpoints from thiepstiat to the goal. This is unlike
conventional planning algorithms that plot detailed pdflasvis and Byrne, 1986; Koditschek, 1987;
Barraquand and Latombe, 1991; Rimon and Koditschek, 198ihsky, 1991, 1992, 1994; Zelinsky
etal, 1993; Zelinsky and Yuta, 1993a,b). Thus, the constraimaidbiering strictly to a generated path
no longer exists. The current implementation focuses orewicty a single goal at a time. To achieve
multiple, possibly con icting goals, other high-level pliaing algorithms may be used to order the
goals.

The reactive model consists of three levels. At the rst letlee target reachingmodule deter-
mines the motion path between checkpoints. It senses tlopbiat state relative to the current state
and outputs appropriate motor control signals. It cont#tiesndirect-mapping Extended Kohonen
Map (EKM), which is trained to perform ne and smooth target reimg movements. It produces a
sequence of very low-level (motor velocity) control commario move the robot from one check-

point to the next.
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Figure 1.4: Integrated planning and control architectufa$ “Command fusion” architecture: This
architecture uses a command fusion module to coordinatththe reactive behavioral modules by
integrating their control commands into one nal commanat s sent to the actuators. Since fusion
is done at the action level, the reactive modules do notantatirectly. (b) “Dynamic neural elds”
architecture: This architecture integrates the react®eabioral modules directly by fusing their
neural representations. This permits the closely couplediies to interact more intimately, resulting
in enhanced reactive capabilities.
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The next lower-levebbstacle avoidanceodule senses the presence of local unforeseen static or
moving obstacles and produces additional motor controlnsands using the Braitenberg Type-3C
Vehicle (Braitenberg, 1984) method to repel the robot awamfthe obstacles.

The lowest-levehomeostatic controinodule senses the internal state of the robot to maintain
internal stability by coordinated responses that autarabyi compensate for environmental changes
(Arkin, 1992a). An example of this low-level control is op&onal space control (Jamisodd al.,
2002; Khatib, 1987), which senses the internal joint anghetocities, and forces to regulate the
dynamic behavior of a robot manipulator during task executiThis module is not strictly required
for mobile robot navigation, but is crucial for mobile manlgtion tasks (Khatib, 1999) where the
robot is manipulating an object or the environment whild#se is in motion.

Thecommand fusiomodule coordinates this repertoire of reactive behavigrsifegrating their
control commands into a nal command that is sent to the dotaathese reactive modules are fused
indirectly at the action level All these modules, which will be extensively discussed hafter 4,
constitute the reactive model of the “command fusion” assfture in Fig. 1.4(a).

In the second integrated planning and control archited¢als® known as “dynamic neural elds”
architecture) (Fig. 1.4(b)), the high-level planning migda the same as that in the “command fusion”
architecture. The reactive model, which is examined intgragepth in Chapter 5, is renovated to fuse
the moduledirectly with their neural representationtsy using the concept of multiple cooperative
EKMs. This tighter integration permits the closely coupleddules to interact more intimately,
resulting in further augmented reactive capabilities afat@ting unforeseen, complex obstacles.

The target reachingmodule operates in a similar fashion as that in the “commasih” ar-
chitecture. Thebstacle avoidancenodule contains similar EKMs, which provide inhibitory inp

to the target-reaching EKMs at and around the locations evbbstacles are detected. The tight
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integration of the two modules enables the robot while remctargets to negotiate unforeseen con-
cave and extended obstacles during run-time, which canakags controlled by other local obstacle
avoidance methods (Arkin, 1989b; Braitenberg, 1984; Kh&td85, 1986).

All the modules in these two architectures operate asymchusly at different rates, as indicated
by the time scale in Fig. 1.4. The planning module typicalpe@tes at the time scale of several
seconds or minutes depending on task complexity. The te@gehing module operates on the order
of 100 ms to 1 second between servo ticks while the obstacidavce module operates at intervals
of 100 ms. The homeostatic control module regulates atvakerof 1 ms. The command fusion
module is activated as and when control commands are geder@ihe asynchronous execution of
modules is the key to preserving the reactive capabilities (obust and timely response to dynamic
environmental changes) as the deliberative componengéstér plan on the static, stable properties
of the environment without considering the dynamism in tame environment. In this manner,
the deliberative planner can be seamlessly integrated théhreactive components or vice versa.
In fact, the planner can fail or be removed and the resultiecpgditated architecture degrades to a
purely reactive system capable of less complex motion taBkis coincides with one of the aims of
Brooks (1986) subsumption architecture that the systemldhitegenerate gracefully with the failure

of higher-level components.



Chapter 2

Related Work

In this chapter, a comprehensive literature review is regabiior the areas of hybrid deliberative/reactive
architectures, high-level deliberative motion planniagd low-level reactive motion control. At the

same time, my own work in this thesis will be qualitativelymgomared with these related works.

2.1 Hybrid Deliberative/Reactive Architectures

Numerous hybrid architectures for robotic agents have loeeneived over these years due to dif-
ferent unifying perspectives (Section 1.2.2). Nevertbgldhese hybrid systems can be classi ed
into two general categories: the top-down approach telimtedrated cognitive architecturesd the
bottom-up approach coinadtegrated planning and control architectureSuch a classi cation does
not indicate that a hybrid architecture belongs exclugitel category. It simply suggests the hybrid

architecture maps more closely to one category than the. othe
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2.1.1 Top-Down Approach: Integrated Cognitive Architectures (Laird, 1991)

The top-down approach emphasizes high-level deliberatiske planning, which is sometimes ac-
knowledged as cognitive robotics (Baral and Mcllraith, 20@e Giacomo, 1998; Lakemeyer, 2000);
the major bulk of the robot system's workload is on delibesafunctionalities, which are primar-

ily characterized by activities of symbolic reasoning aasktscheduling. Advocates of this faction
believe that deliberative planning should guide the reaatiomponents in executing the plans ro-
bustly. The interface strategies of many hybrid partictpdringes on this notion. Arkin (1998) and
Lyons (1992) have classi ed the integrated cognitive amgtures according to the type of inter-

face/coordination strategies that they employ. Four jjpadaepresentatives are noteworthy:

Selection: Planning is viewed as behavioral con guration.

The planning component determines the behavioral coniposiind parameters used during
execution, which is consistent with the “plans-as-colistsa (Grosz and Sidner, 1988; Kono-
lige and Pollack, 1989; Pollack, 1992) or “plans-as-ratiniteria” (Hayes-Roth, 1985) view.
The planner may recon gure them, when necessary, to cogesygtem failures.

Integrated cognitive architectures that employ this fiat strategy are Autonomous Robot
Architecture (AuRA) (Arkin, 1989a, 1990; Arkin and Balch947), Animate Agent Archi-
tecture (Bonasset al, 1997; Firby, 1993, 1994, 1995; Firby and Slack, 1995; Fiebwl,
1995), MORIA (Surmann and Peters, 2000), Servo-Subsum@jonbolic (SSS) (Connell,
1992), Reactive and Preplanned Control (Soldo, 1990), eRebot Architecture (Chatila,
1995; Chatileet al,, 1992; Noreils and Chatila, 1989a,b, 1995; Noreils, 198@gnt Architec-
ture (Hayes-Rotlet al., 1993, 1995a,b; Michauet al., 1996), Purposive Map (PM) (Zelinsky
et al, 1994, 1995; Zelinsky and Kuniyoshi, 1996), SOMASS Hybriss@mbly System (Mal-

colm and Smithers, 1990), RL/IPOMDP (Decugis and Ferbe@1¥®namic Systems (Bicho
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and Schoners, 1997; Engels and Schoners, 1995; letrgle 1997a,b, 1999; Menznet al.,
2000; Schoners and Dose, 1992; Schomgral., 1995; Steinhage and Bergener, 1998), and

Teleoreactive Agent Architecture (Benson and Nilsson5).99

Advising: Planning is viewed as advice giving.

The deliberative planner suggests changes that the reaytstem may or may not use. This
is consistent with the “plans-as-advice” (Bresina and Dmond, 1990; Paytoet al., 1990;
Payton, 1990) or “plans-as-communications” (Agre and @team 1990) view in which plans
offer courses of actions but the reactive agent determitesther each is advisable.
Integrated cognitive architectures that employ this fater strategy are A Three-Layer Archi-
tecture for Navigating Through Intricate Situations (ATINAIS) (Bonasscet al,, 1997; Gat,
1991b, 1992, 19934, 1998), and Task Control Architectu@X)I(Simmons, 1991, 1994; Sim-

mons and Mitchell, 1989; Simmores al., 1997a,b, 2000).

Adaptation: Planning is viewed as reactor adaptation.

The planner continuously improves the performance of thgoimy sub-optimal reactor in the
light of changing environmental conditions and task regmients. It provides approximate an-
swers in a time-critical manner such that at any point, a @available for execution and the
quality of the available plan increases over time. This isststent with the “plans-as-resource-
bounds” (Pollack, 1992) view or anytime planning (Dean anddy/, 1988; Dean and Wellman,
1991; Boddy and Dean, 1993; Mouaddib and Zilberstein, 1989berstein, 1996).

Integrated cognitive architectures that employ this fater strategy are Planner-Reactor (Lyons
and Hendriks, 1992a,b, 1994, 1995), Goals As Parallel Bdpeci cations (GAPPS) with
Anytime Planner (Kaelbling, 1986; Kaelbling and Rosenstht990), and Entropy Reduction

Engine (ERE) (Bresina, 1993; Bresina and Drummond, 1990nnondet al,, 1991, 1993).
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Postponing: Planning is viewed as a least commitment procges

The planner defers making decisions on actions until asaatgossible. This enables recent
sensor data, by postponing reactive actions until abdglogressary, to provide a more effec-
tive course of action than would be developed if an initianpivas generated at the beginning.
Plans are elaborated only when necessary.

Integrated cognitive architectures that employ this fater strategy are Procedural Reason-
ing System (PRS) (Georgeff and Lansky, 1987; Georgeff agdahmd, 1989), Saphira (Con-
gdonet al, 1993; Konoligeet al, 1997; Saf otti, 1993; Saf ottiet al, 1993, 1994, 1995,
1997), Cypress (Wilkingt al,, 1995), Theo-Agent Architecture (Blythe and Mitchell, 898
Mitchell, 1990), Cooperative Intelligent Real-Time CantArchitecture (CIRCA) (Musliner

et al, 1993), and SOAR (Laird, 1990; Laird and Rosenbloom, 19%xdet al., 1987).

The abstract plan produced by the deliberative planner ipmagosed architectures can be considered
advice giving; it “advises” the target reaching module ia thactive model to move the robot through
the sequence of generated checkpoints to reach the goatedttdse model can, however, ignore the
planner's advice and function independently as a pure iveaatchitecture. This causes the mobile
robot to be less capable of complex motion tasks (Sectiod)l.1
My proposed architectures only possess motion planninglghiges, which is a minor subset of

task planning that handles other higher-level cognititeséies as well (e.g., symbolic reasoning and
task scheduling). Instead of accentuating on task planiregge architectures concentrate on real-
time motion control capabilities, which is the key notionimtegrated planning and control discussed

in the next section.
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2.1.2 Bottom-Up Approach: Integrated Planning and Control Architectures (Khatib

etal, 1997)

The bottom-up design methodology focuses on how very lmstieactive control can be integrated
with motion planning to provide real-time enhanced motiontool capabilities (Section 1.2). Ad-
vocates of this faction, on the other hand, deem reactivéraoas a vital counterpart to motion
planning as it helps to accommodate dynamism in the enviesirand most importantly, achieve
real-time performance.

The following representatives of integrated planning amatiol align closely to the classi cation

of the motion planning techniques (Section 2.2):

Roadmap: Motion planning constructs a graph of connected lov-dimensional curves rep-
resenting free space and generates a path via graph search.

An integrated planning and control architecture that ukés motion planning technique is
Fuzzy Modular Control (Zhang and Knoll, 2000), which cordsrtangent-graph with fuzzy

logic as reactive control.

Cell Decomposition: Motion planning constructs a graph of onnected cells representing
free space and generates a path via graph search.

Integrated planning and control architectures that usentiotion planning technigue are Elastic
Strips (Brock and Kavraki, 2000, 2001; Brock and Khatib, 2,99998, 1999b, 2000), Elastic
Bands (Quinlan and Khatib, 1993a,b), and GOFER navigatymtem (Choi and Latombe,
1991), which employ navigation functions (Barraquand amadombe, 1991) in a tunnel or
channel of cells (e.g., spherical and rectanguloid) to ntbeeobot towards the goal and po-

tential elds (Khatib, 1985, 1986) to avoid unexpected olotds.

Potential Field: Motion planning computes a local minima free potential function and
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generates a path via gradient descent.

Integrated planning and control architectures that usentiotion planning technigue are Global
Dynamic Window Approach (Brock and Khatib, 1999a), whicimtines a navigation func-
tions (Barraquand and Latombe, 1991) for moving the robtitéagyoal with a dynamic window
technique (Foet al,, 1996, 1997) for reactive obstacle avoidance; InterndlREns (Payton
et al, 1990; Payton, 1990; Stentz and Hebert, 1995), which coesigiath transform (Zelinsky,
1992, 1994) with subsumption based reactive behaviorsofral986); SPOTT architecture
(Zelek and Levine, 1996), which combines harmonic poté&n{i@onnolly and Grupen, 1993;
Kim and Khosla, 1992) with teleo-reactive trees methodgdtih, 1994); Integrated Path Plan-
ning and Dynamic Steering Control (Krogh and Thorpe, 1988)ch uses a grid-based poten-
tial function to produce and adapt a sequence of intermedlackpoints (Thorpe, 1984) and

potential elds (Khatib, 1985, 1986) to move from one cheaikyp to the next.

My proposed integrated planning and control architectaoedesce a variant of approximate cell
decomposition known asdippery cellg{Quinlan and Khatib, 1993a) (Chapter 3) with reactive aalntr
methods for target reaching (indirect-mapping EKM) andtatle avoidance (Braitenberg Type-3C
vehicle (Braitenberg, 1984) or direct-mapping EKMs). Heeare the emphasis on fully exploiting
the reactive competences to simplify the planning prociggs santly distinguishes my approaches
from the abovementioned fellow architectures in sevenaeis, which have already been discussed

in Section 1.2.

2.1.3 Continuous vs. Discrete Response Encoding

Hybrid architectures can also be differentiated by theaoelings of response€ontinuous response

encodingmaps from a stimulus domain to an in nite space of potentictions. It can therefore
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encode very low-level velocity/torque control of motoitjpbactuators, which makes ne, smooth
motion control possible. By tightly coupling high-levelliberative planning with reactive control at
the lowest level, sophisticated tasks (Section 1.1) thatire a high degree of smoothness, exibility
and precision in motion control can be accomplished.

Discrete response encodingn the other hand, transforms a sensory input to a nitepresmated
set of responses (e.dforward,backward,left,right,speedup,slowdown,. c.ggt(Arkin, 1998). The
encoding of these high-level motor control commands dekasiges precision and smoothness in
motion control, thus greatly reducing the robot's capéibiiin managing complex motion tasks.

My proposed architectures are among the few hybrid systémsn(and Balch, 1997; Brock
and Khatib, 1998; Choi and Latombe, 1991, Firby and Slack51%at, 1992; Khatilet al,, 1997,
Krogh and Thorpe, 1986; Michauet al, 1996; Saf otti et al., 1995; Schoners and Dose, 1992;
Simmonset al, 1997a; Surmann and Peters, 2000; Zhang and Knoll, 2000pénrm continuous
response encoding of very low-level control to produce smooth motion. This is in contrast
to behavior-based architectures (Agre and Chapman, 1987a$30, 1991; Brooks, 1986; Connell,
1990; Kaelbling and Rosenschein, 1990; Maes, 1990; Matd®92; Rosenblatt, 1997; Sahota, 1994)
and several hybrid architectures (Connell, 1992; Decugi erber, 1998; Donnart and Meyer,
1994; Drummoncdet al,, 1991; Firby, 1995; Gat, 1998; Georgeff and Lansky, 1987yddaRoth
et al, 1995a; Kaelbling and Rosenschein, 1990; Laird and Rosenil 1990; Lyons and Hendriks,
1995; Malcolm and Smithers, 1990; Mitchell, 1990; Muslieeal, 1993; Benson and Nilsson, 1995;
Noreils and Chatila, 1995; Payton, 1990; Soldo, 1990; \Wdlit al, 1995; Zelek and Levine, 1996;
Zelinsky and Kuniyoshi, 1996) that employ discrete resparscoding.

However, instead of using pre-wired reactive sensorimaamitrollers such as Arti cial Potential

Fields (Khatib, 1985, 1986), Navigation Templates (NaTzat( 1993b; Slack, 1990, 1993), Motor
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Schemas (Arkin, 1987, 1989b, 1992b), Deformation Zone filision avoidance (Zapatat al.,

1991), Curvature Velocity Method (CVM) (Ko and Simmons, 89%immons, 1996), and Fuzzy
Logic (Driankov and Saf otti, 2000) in the hybrid systemsgerform continuous response encoding,
a novel self-organizing neural network technique knownnalréct-mapping EKM is embedded in

both my architectures to learn the low-level reactive nrotiontrol.

2.2 High-Level Deliberative Motion Planning

Though there exists a large number of methods for solvindgp#is&c motion planning problem, these
methods can be generalized into a few general approaahedmap cell decompositiorandpoten-
tial eld. These methods will be brie y described with emphasis onrtbennectivity computation
and path generation. Interested readers are referred tefégrences of Hwang and Ahuja (1992);

Latombe (1991, 1999); Laumond (1998); Li and Canny (1993).

2.2.1 Roadmap

This class of algorithms captures the connectivity of thaots free space in a graph of partially
connected low-dimensional curves calledbadmap which is used as a set of standardized paths.
The construction of the roadmap is the most computatioredfyensive operation in this algorithm
class. A path is generated by connecting the initial and rolbt positions or con gurations to points

in the roadmap and subsequently connecting these pointgitaph search of the roadmap. Roadmap
algorithms includevisibility graph(Nilsson, 1969)Voronoi diagram(Aurenhammer, 1991jreeway
net (Brooks, 1983) silhouette(Canny, 1988)subgoal networkFaverjon and Tournassoud, 1987),
retraction(C)'DUnIaing and Yap, 1982@‘DUnIaing et al,, 1983) andprobabilistic roadmagKavraki

and Latombe, 1994; Kavraki al., 1996).
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2.2.2 Cell Decomposition

Cell decomposition techniques divide the robot's free spato simple regions calleckells such that

a motion path between any two positions or con gurations gek can be easily generated using a
local method. A connectivity graph is constructed to repnéshe adjacency relations (arcs) between
cells (nodes). A path can be generated by searching the gyaggrbduce a sequence of adjacent cells
called achannelor tunneland points at which the transition from one cell to anotheucs.

This family of algorithms can be further categorized ietactand approximatemethods. For
exact cell decomposition (Schwartz and Sharir, 1987), thieruof the cells corresponds exactly to
the entire free space. Approximate cell decomposition otshBrooks and Lozano-Pérez, 1985;
Faverjon, 1984, 1986; Kambhampati and Davis, 1986; Lo&&mez, 1981; Laugier and Germain,
1985; Zhu and Latombe, 1991), however, produce cells ofgoned shape (e.g., rectanguloids and
spheres) whose union is a subset of the free space. The apptmn becomes more accurate if the
free space is represented to a high resolution. A poor appation may result in the planner failing
to nd a path when one exists.

The deliberative motion planner in my proposed integratiashrpng and control architectures
uses a variant of the approximate cell decomposition mekinogvn asslippery cells(Quinlan and
Khatib, 1993a) (Chapter 3). In contrast to the other appnaté methods, the shape of a slippery cell
is general, yet it maintains the property of quick and easly ganeration within the cell. This allows
the free space to be decomposed into much fewer cells (lefsshahus decreasing the amount of

search time in the reduced connectivity graph.
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2.2.3 Potential Field

The simplest approach to motion planning is to discretizeahtire space into a ne regular grid
of states or con gurations and search this grid for a pathnecting the initial and nal positions
without crossing any obstacles. To explore this typicaltprenous grid, two sets of heuristics are
available: the local reactive method knownaas cial potential elds! and the global deliberative
method calledocal minima free potential functions

Arti cial potential elds (Arkin, 1989b; Khatib, 1985, 198) represents the robot as a point in
the state or con guration space moving under the in uencarofrti cial potential, which combines
the attractive force pulling the robot towards the goal agpltsive forces pushing the robot away
from the obstacles. This corresponds to applying gradiesteht to the potential function. The
path is not generated in advance; rather, it is implicitigresented by the potential function, which
continuously computes the next motion command at eachitastaous robot position. This results in
a low computational complexity but incurs the local minimralgem (Koren and Borenstein, 1991);
a resultant force of zero at a position other than the gopkttiae robot at that position.

To overcome this problem, local minima free potential fionts are introduced. They utilize
gradient descent to generate a guaranteed, complete npatibrirom the initial position to the goal
prior to execution. These potential functions include hamit potentials (Connolly, 1994; Connolly
and Grupen, 1993; Connollgt al., 1990; Feder and Slotine, 1997; Kim and Khosla, 1991, 1992),
circulatory elds (Singhet al, 1996), analytical navigation functions (Koditschek, T9&imon
and Koditschek, 1992), and numerical, grid-based nawgdtinctions such as wavefront expansion
(Barraguand and Latombe, 1991), distance transform §land Byrne, 1986), and path transform

(Zelinsky, 1991, 1992, 1994; Zelinsky and Yuta, 1993a,hindky et al., 1993).

1 Arti cial potential elds is described here rather than ire&ion 2.3 to facilitate its comparison with local minimaér
potential functions.
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2.3 Low-Level Reactive Motion Control

Low-level reactive motion control or execution, which isrstimes used interchangeably with sen-
sorimotor coordination or control, typically requires piivo basic behaviors, namely target or goal
reaching and obstacle avoidance. These two fundamentsbré@otor control tasks have evolved
many numerical solutions as well as posed as ne candidaiethé application of several learning
techniques. The following paradigms will be brie y discessin the context of sensorimotor co-
ordination: numerical techniques, fuzzy logic, multiede regression, reinforcement learning, and
feature maps. Readers interested in sensorimotor leaamageferred to the references of Bekey
and Goldberg (1993); Broolet al. (1998); Connell and Mahadevan (1993); Dorigo (1996); Hiank
et al.(1996); Gaussier and Zrehen (1995); Hexmoor and Mata@@g&)} Omidvar and van der Smagt

(1997); Sharkey (1997); Sharkey and Heemskerk (1997); kkeemmd Sharkey (1999).

2.3.1 Numerical Techniques

Math-based sensorimotor controllers are employed widetyafbroad span of tasks. Continuous
responses are usually encoded and unlike the learning dwthizey can be utilized immediately
without training. Nevertheless, they have to be speciyc#dlilored to different types of robots and
modelling of the robot dynamics can become intractable whercontrol problem approaches non-
linearity. Furthermore, numerical methods do not toleratise that exists in the environment, robot
sensors and actuators.
The mathematical models for goal reaching cariodogically inspired they transform the dif-

ference between the current and the desired location sigesato a direction of travel. These models
includeSnapshot ModdlCartwright and Collett, 1983Rroportional Vector Mode{Lambrinoset al.,

2000), Difference Vector ModelLambrinoset al., 2000), Partial Image Matching Mode(Moller
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et al,, 1998),Average Landmark Vector Mod@lambrinoset al., 1998),Distribution Model(Ander-
son, 1977)Feature Matching ModegHonget al., 1991), andVarping ModeFranzet al.,, 1998).

Numerous math-based motion execution algorithms fortiesd; local collision avoidance in an
unpredictable environment have also been developed. Tioeygorate the most recent sensor data
to determine the next motion command, which is executedmaneouslyArti cial potential elds
(Arkin, 1989b; Khatib, 1985, 1986), which has been expéidain Section 2.2.3, anBraitenberg
Vehicles(Braitenberg, 1984) are by far the most applauded reactvadigms due to their low com-
putational complexity. However, they cause a series otéititins (Koren and Borenstein, 1991) such
as trap situations due to local minima, no passage betweealglspaced obstacles, and oscillations
(unstable motion) in the presence of obstacles and narresagas.

Though high-level deliberative motion planning technig(8ection 2.2) can be used to remedy
these problems, they are often computationally expensigtecannot be used to overcome unforeseen
local minima. As a result, a range of reactive strategiedobas developed to “partially” circumvent
this problem.

While arti cial potential elds and Braitenberg vehiclesily consider the repulsive forces from
obstacles acting on the robot to determine a resultant mebenmand, a contrasting classsafarch
space approachemcorporates more sensor information from the environneronstruct a local
state or con guration space. This space is searched forsbleamotion command. The methods
that belong to this class includéctor Field Histogramg¢Borenstein and Koren, 1991a,b; Ulrich and
Borenstein, 1998, 2000), argteer Angle Fieldsuch adParameterized Path Familiggeitenet al.,
1994),Curvature-Velocity Methoddo and Simmons, 1998; Simmons, 1996), &hdamic Window
Approach(Fox et al.,, 1996, 1997).

Local path plannergGat, 1993b; Lagoudakis and Maida, 1999; Slack, 1990, 1988k and
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Levine, 1996) attempt to negotiate unforeseen local migitma using gradient ascent/descent to
construct a shortest motion path on a local sensor-baseg.sphis space has to be larger than that
used in search space approaches since a motion path igipisdtead of a motion command.

Lastly, heuristical methodsave also been employed. They include backtracking frontoited
minima regions and cordoning of these areas (Balch and AilA3; Choiet al., 1989; Choi and
Latombe, 1991; Gambardella and Haex, 1993; Gambardell§/enrsiho, 1994; Liwet al,, 2000), and
the use of noise as a form of ‘reactive grease' (Arkin, 198B9b). These heuristical techniques
usually require considerable amount of time and effort tecteand escape from the local minima,
and often result in long winding paths.

The reactive mechanisms in the “dynamic neural elds” aetture involved in negotiating
unforeseen concave and extended obstacles (Chapter fMtéathe category of search space ap-
proaches. However, my method differs from these approaichimt it is based on behavior-based
neural elds dynamically interacting on the local sensomace of the indirect-mapping EKM after
self-organized training. The motion command is determibngdearching the EKM for the neuron

with the highest activation.

2.3.2 Fuzzy Logic

Fuzzy sensorimotor controllers (Driankov and Saf otti,0BQ) Goodridge and Luo, 1994; Maeda
et al, 1991; Safotti et al, 1993, 1994, 1997; Song and Tai, 1992; Sugeno and Nishidgg; 19
Takeuchiet al, 1988; Tunstelet al., 1997; von Altroket al, 1992) have been designed to per-
form target reaching and obstacle avoidance robustly inptesence of uncertainty. They differ
from conventional discrete rule-based methods (Drumm889; Kaelbling, 1988; Nilsson, 1994;
Schoppers, 1987; Suchman, 1987) by operating on honcriapings of sensor readings and actuator

commands and a set of fuzzy rules; continuous responseseaidre be encoded.
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Like the numerical techniques, knowledge of the robot dyioans required to formulate the
fuzzy rules. To overcome this problem, efforts have beenertadautomatically generate these
rules using various methods of learning (Bonarini, 199%&t€&l&noet al,, 1996; Hagra®t al., 2000;
Homaifar and McCormick, 1995; Hset al., 1995; Jou and Wang, 1993; Reignier, 1995; Wang and

Mendel, 1992).

2.3.3 Multilayer Perceptrons

The sensorimotor control problem can be formulated as amear multivariate regression problem
such that a multilayer perceptron is trained to perform thiepping (Bernset al, 1991; Nagata
et al, 1990; Pomerleau, 1989, 1991, 1993; Sekigwthal., 1989; Nehmzow and McGonigle, 1994;
Nehmzowet al,, 1993; Nguyen and Widrow, 1989, 1990; Sharkey, 1998; TathiFarkumura, 1994).
It offers good generalization capabilities. However, guies the prior collection of training samples
for every time step so that quantitative error signals cadeoeed for network training, which can

be a very tedious task.

2.3.4 Reinforcement Learning

The reinforcement learning approach (Krose, 1995; Suit6A8) circumvents the dif culty in mul-
tilayer perceptrons by providing a qualitative succedisfia feedback only at the end of executing
the motor control sequence. Two main reinforcement legrairategies are commonly used to solve
sensorimotor control problems (Kaelblirg al, 1996): genetic/evolutionary algorithm@-loreano
and Mondada, 1996; Harveyt al., 1997) andemporal difference methodSutton, 1988). The for-
mer searches a population of weight combinations to nd dreg performs well according to a
pre-de ned tness rule. The latter estimates how well eapkvjpusly executed motor control vector

contribute to the overall success/failure of achievingdbsired goal state and modi es the weights
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accordingly through rewards or penalties. The trainingess tends to converge slowly due to sparse
reinforcements and the imprecise estimate of each motdraiaector's contribution.

Another dif culty faced by reinforcement learning is thdtgeneralization. Many reinforcement
learning algorithms encode discrete states and respomnbéd) cannot apply directly to the contin-
uous sensorimotor domains of the real-world control tagkpriori discretization of the continuous
spaces may introduce hidden states and weak generalizétidone poorly. By combining with
function approximators (e.g., multilayer perceptron atfee map) that are capable of generalizing
across continuous state and action spaces, this limitaginrbe overcome (Baird, 1995; Bertsal,,
1992; Chapman and Kaelbling, 1991; Gasketil., 1999; Gullapalli, 1990; Hougest al., 2000; Iske
et al, 2000; Lin, 1992; Mahadevan and Connell, 1991, 1992; MjlER96, 1997; Millan and Torras,

1992; Millanet al,, 2002; Smart and Kaelbling, 2000; Sutton, 1996; Touzet7/199

2.3.5 Feature Maps

Feature maps such as the Self-Organizing Map (SOM) (Kohd@@80) and Extended Kohonen Map
(EKM) (Ritter and Schulten, 1986) are often used to learrssemotor coordination (Berthouze and
Kuniyoshi, 1998; Heikkonent al.,, 1993; Heikkonen and Koikkalainen, 1997; Rao and Fueng5,1
1996, 1998; Sorouchyari, 1990; Touzet, 1997; Versino anohltgadella, 1995). They are trained
to partition the continuous input and/or output space iokalized regions. Their generalization
capabilities arise from its self-organization during tiag such that each neuron is trained to map
a localized sensory region to a desired motor control outpbe models of Kuperstein (1991) and
Zalamaet al.(1995) also employ feature maps but the partitioning ofrtimgiut spaces is pre-de ned
rather than self-organized. Unlike a multilayer perceptrinterpretation of the weights is possible
(Section 6.1).

In Chapter 4, a new method for the feature map approach ciieitidirect-mapping EKMs
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introduced. Its indirect sensorimotor mapping contrasth existing methods, which perform direct

mapping. This modi ed property evolves signi cant bene Section 6.1).



Chapter 3

High-Level Deliberative Motion Planning

In this chapter, the deliberative model of the two integtaiéanning and control architectures is
elaborated (Fig. 1.4). Two improvements are proposed tocedhe workload of the deliberative
motion planner (second thesis objective), thereby bogdtireal-time performance; they are motion
planning (1) inworkspaceather than in con guration space, and (2) with a varianbefapproximate

cell decomposition technique known slppery cells

3.1 Motion Planning: Workspace vs. Con guration Space

Workspace refers to the physical, real-world space thatahet moves in. Its dimensionality is con-
stant: 2D plane for mobile robots and a 3D volume for robot imalators. Con guration space, on
the other hand, is the motor control space (e.g., velocitgue or joint space) of the robot (e.g., mo-
bile robots, robot manipulators, etc...). Therefore, its&hsionality corresponds to the controllable
degrees of freedom of the robot (de Betgl, 1997; Hwang and Ahuja, 1992), which increases with
the versatility of the robot.

The rstimprovement suggests global motion planning to beducted in workspace rather than
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in con guration space. Operation in the workspace is monmmatationally ef cient than that in
the con guration space, which is particularly bene cialrflobot motion planning involving higher
degrees of freedom (implying higher dimensional con gimatspace) or kinematic constraints (im-
plying complicated model of robot sensorimotor dynamicg,, @onholonomicity). The exploration
of the con guration space is delayed until runtime wherefman be performed very ef ciently using
reactive control algorithms and local sensor informatianT the environment (Brock and Kavraki,

2000, 2001; Brock and Khatib, 1997, 1998, 1999b, 2000).

3.2 Approximate Cell Decomposition: Slippery Cells

Conventional motion planners are hardly ever designed fthesize real-time performance, needless
to say its suitability for integration with reactive motiaontrol. Most plot paths that often provide
highly redundant motion information to reactive controt &xecution, thus incurring a huge com-
putational burden. If instead, thrainimalisti¢ resources required for reactive control to navigate
successfully can be ascertained, | can exploit this knoydetd build a planner that provides just
enough resources for task completion. In this manner, thgpatational burden can be considerably
relieved.

The second improvement to the planner is based on the abdwsm.ndhe deliberative motion
planner operates on an approximate cell decompositiomigah, which decomposes the free space
into a new class of cells called slippery cells (Quinlan arthtb, 1993a). In contrast to existing
approximate methods that evolve cells of pre-de ned shapeg.,(rectanguloids and spheres), the
shape of a slippery cell is general, yet it maintains the @rypthat a path between any two points

in the cell can be easily generated with a local reactive otkthThis new approach can usually

1 Minimalism attempts to determine the minimal con guratiohresources required to solve a given robotics task
(Donald et al, 1997). For example, if task A can be accomplished withosbuece B, it proves that B is somehow
inessential to the information structure of the task.
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(@) (b)

Figure 3.1: Slippery vs. non-slippery cell. (a) Slipperyl.c) Non-slippery cell.

decompose the free space into fewer cells than the otheoxippate methods. Fewer cells entail

fewer nodes in the graph, thus reducing the search time.

3.2.1 Whatis a Slippery Cell?

“A cell is de ned to be slippery (Fig. 3.1) if the outward noaifrom any point on its

boundary does not intersect the same cell.”

To demonstrate that a path is feasible between any two paittte slippery cell with a local reactive
algorithm, consider the following example. To navigatarrpoint A to point B (Fig. 3.1(a)), move
straight towards B until either B or the cell boundary is tezt: If the boundary is reached rst,
slide along the boundary by projecting the desired motigratds B into a direction tangential to the
boundary. If the motion vector towards B points away fromlibandary, then stop sliding and move
directly towards B. Since the outward normal does not iegtrthe cell, the vector of desired motion
towards B will always contain a component tangential to therfdlary. Hence, it is impossible to be
stuck while sliding on the surface; the cell is slippery.dhde shown that the motion monotonically

decreases the distance to B and the robot will de nitely hagcgoal.
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Figure 3.2: Robot workspace. The environment consistsrekethooms that are connected by two
open doorways. (a) Original workspace. (b) “Padded” woaksp

3.2.2 Cell Representation of Free Space

The free space in tha priori world map has to be decomposed into a set of disjoint slippelig
such that its union closely represents the free space. Siecmbot is embodied rather than point-
based, the obstacles on the map or workspace (Fig. 3.2(&)tbde padded with a virtual layer of
cushior? to eliminate the risk of possible impact. The entire “paddedrkspace (Fig. 3.2(b)) is then

converted into a bitmap cell representation before decsimganto slippery cells.

2 The cushion width approximates the robot radius.
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Figure 3.3: Approximate cell decomposition methods. Thi&re@mvorkspace is divided into a grid
of 20 by 10 uniform square cells. (a) Bitmap cell represématA free cell is labeled 0" while an
occupied cell is labeled *-1'. (b) Slippery cell represéiot@ The labeling of the rst slippery cell
"1' starts at the robot's initial position marked by “X'. Win¢he algorithm has nished labeling all
the free cells, three slippery cells are formed.
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The bitmap cell representation (Fig. 3.3(a)) is formed bydilig the workspace into a grid of
uniform square cells. A cell that is free is labeled "0' whileell that is occupied is labeled *-1'. Free
cells are entirely within the free space while occupiedsciellersect obstacles or the cushion. Such a
representation is also an approximate cell decompositietihoal, which is accurate to the resolution
of the grid.

To transform the bitmap cell representation into a set qbutisslippery cells (Fig. 3.3(b)), each
free bitmap cell is labeled with an integer indicating thpggry cell to which it belongs. In principle,
the labeling algorithm works as follows: rst nd a free bitp cell that has not been labeled as
part of a slippery cell. This cell becomes the seed of a neppstiy cell. The seed is grown by
adding neighboring unlabeled bitmap cells that are in tee Bpace, while preserving the slippery
cell property (Section 3.2.1). When no more bitmap cells maradded, the process is repeated to
generate another slippery cell. If no unlabeled free bitaels are left, the algorithm to label slippery
cells is complete.

The intricate aspect of this algorithm lies in determiningether an unlabeled free bitmap cell
can be added to a slippery cell (Fig. 3.4). In essence, theedtoe is as follows: rst determine
the axes along which the free cell is connected to the shppelt. If it is connected only vertically
(horizontally) to the slippery cell and the row (column)asides in contains a labeled cell that belongs
to the same slippery cell, then this free cell cannot be adddle slippery cell. However, if it is
connected both horizontally and vertically to the samepglip cell, then this free cell can be added
to the slippery cell.

The pseudo code for the algorithm that labels slippery ¢elgovided in Fig. 3.5. The input to
the algorithm is a two dimensional arr&y describing the workspace as a set of free and occupied

bitmap cells (Fig. 3.3(a)), i.eW [q] = 0 or 1whereq = ( ox; o). The output is the same array with
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Figure 3.4: Procedure to add a free bitmap cell to a slippelly ¢a) The free bitmap cell at “X' is
connected vertically to the rst slippery cell. Since thewih resides in does not contain a cell that is
labeled under the rst slippery cell, it can be added to thet slippery cell. (b) The free bitmap cell at
“X'is connected both vertically and horizontally to the trslippery cell. Therefore, it can be added
to the rst slippery cell. (c) The free bitmap cell at “X' is ooected vertically to the rst slippery
cell. However the row it resides in already contains celd #e labelled under the rst slippery cell.
Thus, it cannot be added to the rst slippery cell.
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Algorithm SlipperyCellLabelingN )

1. cell O

2. for each elemeny in W

3. doifW[g]=0

4, thencell cell+1;

5. initialize L toq;

6. while L is not empty

7. dop rstelement ofL;

8. if AddBitmapCell (p;cell; W ;X;Y)

9. thenW [p] cell;

10. Xl[px] cell;

11. Y[py] cell

12. forr  q+(0;1);9+(1:;0);9+(©0; 1);9+( 1,0)
13. doif W[r] =0 thenappend toL;

Algorithm AddBitmapCellp;cell; W ; X;Y)

1. ifW[p+(@;0)]=-cellorW[p+( 1,0)]= cell
2 then return X [px] 6 cell;

3. fW[p+(@©;1]=cellorW[p+(0; 1)]= cell
4 then return Y [py] 6 cell;

5. return true;

Figure 3.5: Algorithm to label slippery cells. The symbate axplained in the text.

each free bitmap cell labeled by the slippery cell to whidhetongs (Fig. 3.3(b)), i.eW [q] = cell
wherecell is the slippery cell number. Two one dimensional arrdyandY record the projection
of the current slippery cell onto the x-axis and y-axis resgely, i.e., if W [q] = cell, X [gx] = cell
andY [gy] = cell. Lastly,L is a list that queues the free bitmap cells to be examined.

A thorough test experiment has been conducted by Quinlarkhatib (1993a), which reveals
the number of cells generated by the slippery cells apprsaatry much smaller than that generated
by the Octree approximate cell decomposition method (F@vet984). This quantitative evaluation

is omitted from this thesis to avoid duplication of work.
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Figure 3.6: Checkpoints generation. If the robot's inipakition is at X' and its goal is at "Y", two
checkpoints, marked by "O', will be generated at the bourdaof the adjacent slippery cells.

3.2.3 Checkpoints Generation

After generating a set of slippery cells that represent tee Bpace, a connectivity graph can be
constructed; the graph nodes represent the slippery aalighee graph arcs represent the adjacent
cells. Using this graph, a series of checkpoints betweesttreposition of the robot and the goal can
be generated (Fig. 3.6) and provided to the reactive taegathing module to perform goal-directed
motion (Fig. 1.4).

To do so, a sequence of adjacent cells must rst be found \@plgsearch such that the start and
goal positions are enclosed within the rst and last celllie sequence respectively. Subsequently,
for each pair of adjacent cells in the sequence, a checkfanties on the boundary of both cells is
located. These checkpoints are determined using greedghsderom the start position, the closest
point is found on the boundary between the current cell aadéxt cell in the sequence. This point
becomes the rst checkpoint. The second checkpoint is fdarihe same manner, except that the
rst checkpoint is now the position from which the distansecalculated. This is repeated until the

last cell is reached.
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3.3 Summary

The work in this chapter reveals two improvements that cambee to reduce the workload of
the deliberative motion planner. By planning the robot'stioi in the workspace instead of the
con guration space, computational ef ciency can be enlehcAn approximate cell decomposition
technique known as slippery cells is introduced to decombe free workspace into much fewer
cells or graph nodes than the other approximate methoddtingsin reduced search time. Yet any
two points in the cell can still be successfully traverseddsctive control mechanisms. Using this
graph, the planner generates a series of checkpoints fr@stalt point to the goal (Section 3.2.3) for
the reactive models in both architectures (Chapters 4 amal %@ rform goal-directed, collision-free

motion from one checkpoint to the next.



Chapter 4

Low-Level Reactive Motion Control |

This chapter discusses the reactive model of the “commasidrfui architecture (Fig. 1.4(a)). In
this model, thdarget reachingmodule contains aimdirect-mapping EKMwhich is trained to move
between checkpoints provided by the deliberative moti@mpér (Chapter 3). While reaching tar-
gets, theobstacle avoidancenodule uses thBraitenberg Type-3C vehiclmethod to avoid collision
with obstacles during goal-directed motion. The motor mwrbutputs of the reactive modules are

integrated vicommand fusiomto a nal command that is sent to the actuators.

Figure 4.1: Target reaching with direct-mapping EKM. EKMinens map the sensory input spate
directly to discretized points in the motor control sp&e
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4.1 Target Reaching: Direct-Mapping EKM

The direct-mapping EKM adopts an egocentric represemtatiothe sensory input vectar, =
(:d )T where andd are the direction and the distance of a checkpoint relatitied robot's current
location and heading. At the goal state at tifineu,(T) = ( ; 0)' forany .

If sensorimotor coordination is a linear problem, then timoncontrol vectoc, would be related

to the sensory input vectar, by the linear equation
Cp= Mup 4.1)

whereM is a matrix of motor control parameters. The control problgould be reduced to one of
determiningM from training samples.

In practice, however, sensorimotor coordination is a maa@r problem because a real motor
takes a nite but non-zero amount of time to accelerate oeigate in order to change speed. This
nonlinear problem is further complicated in nonholonomabats. The direct-mapping EKM has
been widely embraced as a viable solution to this nonlineablpm (Berthouze and Kuniyoshi,
1998; Heikkoneret al, 1993; Heikkonen and Koikkalainen, 1997; Rao and Fuent@85,11996,
1998; Touzet, 1997; Versino and Gambardella, 1995). Ircjpie, itis trained to partition the sensory
input spacel into localized regions, which is similar to that of SOM. Eawuroni in the EKM has
a sensory weight vectav; that encodes a localized regionlincentered awv;. It also has a set of
output weights; which encode the motor control vector (Fig. 4.1).

A careful scrutiny of the direct-mapping EKM would reveahttsince it maps all the sensory
inputsuy, in a region in the sensory input spade represented by a neurds to the same discrete
point ¢, in the motor output spac€ (Fig. 4.1) (i.e.,cp = ck), only a small number of points in
C are represented by the neurons' outputs, i.e., the motquowspace is very sparsely sampled.

Consequently, the sparse, discretized sampling of themaotarol space greatly compromises the
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Figure 4.2: Target reaching with indirect-mapping EKM. EKdurons map the sensory input space
U indirectly to the continuous motor control spac¢éhrough the control parameter spdde.

smoothness and precision in the sensorimotor control ofdhet's target-reaching motion. This
motivates the need to devise a new technique that can sahgpiadtor control space continuously,

S0 as to improve its motion control capabilities.

4.2 Target Reaching: Indirect-Mapping EKM

My proposed indirect-mapping EKM (Fig. 4.2) revises thenaénetwork architecture in the previous
section to accommodate to the continuous sampling of themeontrol space, thus providing ner
and smoother motion control. In essence, the indirect-ingppKM is trained to partition the sen-
sory input spacéJ into locally linear regions. Each neurdrnin the EKM has a sensory weight vector
w; that encodes a localized region lihcentered atvi, which is similar to that of direct-mapping
EKM. However, unlike the direct-mapping EKM, the output gleisM ; of neuroni represent con-
trol parameters in the parameter spsteinstead of the motor control vector. The control parameter
matrix M j is mapped to the actual motor control veatgrby the linear model of Eq. 4.1.

Analytically, the indirect-mapping approach maps eaghin a locally linear region inJ to a
different pointcy in Cthrough Eq. 4.5. Since this mapping is linear and continuthss indirect-

mapping approach maps a regiorumo a region inC, thus providing ner and smoother sensorimotor
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control of the robot's target-reaching motion than doesdimapping. A quantitative comparison
has been conducted (see Section 6.1) to substantiatedhis cl

With indirect-mapping EKM, motor control is performed adidavs:
Motor Control

Given a sensory input vectar,,

1. Determine the winning neurda
The winning neurork is the neuron whose sensory weight veatgr = ( i; di)" is nearest

to the inputup = ( ;d)T:
D ; = min D TWi) 4.2
(Up; W) irzr,l\lr(] ) (Up; wi) (4.2)
The differenceD (up; wj) is a weighted difference betweery andw;:
D(up;wi)=( ( )2+ q(d d)H)? (4.3)

where and 4 are constant parameters. The minimum in Eq. 4.2 is takentbeesetA( )

of neurons encoding very similar angles as
j i ] jj; foreachpaii 2A( );j 2A( ): (4.4)

In other words, direction has priority over distance in tbenpetition between EKM neurons.
This method allows the robot to quickly orientate itselfacd the target while moving towards

it (Versino and Gambardella, 1995).

2. Compute motor control vectay, for target reaching:

8

Cp = (4.5)

M wy otherwise.
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The constant vector denotes the upper limit of physically realizable motor consignal.
For instance, for the Khepera robots, consists of the motor speedsandyv;, of the robot's
left and right wheels. In this case, we deeg ¢ if v v, andv; Vv, . Note that if
Cp is beyondc , simply saturating the wheel speeds does not work. For eleanfiphe target
is far away and not aligned with the robot's heading, thenrsdéing both wheel speeds only
moves the robot forward. Without correcting the robot's diag, the robot will not be able
to reach the target. Hence, the winning neuron's input wsigh are used to generate the
physically realizable motor control output. This motor tohwould be the best substitution

for the sensory inputi, becausevy is closest tau, compared to other weightg;;i 6 k.

The motor control algorithm is applied at each time stép compute the motor control vector
cp(t) for the current sensory inpuiy(t). Itis repeated until the robot reaches the goal sig(d@) at

time stepT .

4.3 Self-Organized Training of Indirect-Mapping EKM

In contrast to most existing methods, online training ispaedd for the indirect-mapping EKM. Ini-
tially, the EKM has not been trained and the motor controltmecc, generated are inaccurate.
Nevertheless, the EKM self-organizes, using these com&dlorsc, and the corresponding robot
displacements produced byc,, to mapv to ¢, indirectly. As the robot moves around and learns
the correct mapping, its sensorimotor control becomes morarate. At this stage, the same online
training can still be performed, and it mainly ne tunes tmelirect mapping. The self-organized
training algorithm (in an obstacle-free environment) carsbmmarized as follows:

Self-Organized Training

Repeat
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1. Get sensory inputp.
2. Execute motor control algorithm and move robot.

3. Get new sensory inpmtg and compute actual displacements a vector difference between
0
Up andup.

Up (4.6)

4. Usev as the training input to determine the winning neukofsame as Step 1 of Motor Con-

trol).

5. Adjust the weightsv; of neurons in the neighborhoodNy of the winning neurork towards
V:

wi = G(k;i)(v wj) 4.7

whereG(k; i) is a Gaussian function of the distance between the positibnsuronsk andi

in the EKM, and is a constant learning rate.
6. Update the weightlsl ; of neurons in the neighborhood\ i to minimize the erroe:
1 . 5
e= EG(k; i)kcp Mivke: (4.8)

That is, apply gradient descent to obtain

@e

Mi: -_—
@

= G(kji)(cp Miv)vT: (4.9)

At each training cycle, the weights of the winning neutoand its neighboring neurorisare
modi ed. The amount of modi cation is proportional to thesttainceG(k;i) between the neurons
in the EKM. The input weightsv; are updated towards the actual displacemenand the control
parameterd/ ; are updated so that they map the displacemetat the corresponding motor control

Cp-
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front

‘motor motor
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Figure 4.3: Obstacle avoidance with Braitenberg Type-3ficke. The connections between the
forward-facing sensors on one side of the robot's body Withrhotor on the opposite side have large
negative values (dotted lines), while the other connesttmave small positive values (solid lines).

After self-organization has converged, the neurons valbiize in a state such that= w; and
Cp = Mjv = M;w;. For any winning neurok, given the sensory input, = wy, the neuron will
produce a motor control outpap = M w which yields a desired displacementwf wy. For a
sensory inputip, 6 wy but close tavy, the motor control output, = M u, produced by neurok
will still yield the correct displacement if linearity haddvithin the input region that activates neuron
k. Therefore, given enough neurons to produce an approxilimgarization of the sensory input
spaceU, the indirect-mapping EKM can produce ner and smootheriorotontrol than that of

direct-mapping EKM.

4.4 Obstacle Avoidance: Braitenberg Type-3C Vehicle

The reactive obstacle avoidance module adopts the arthrigeof Braitenberg's Type-3C vehicle

(Braitenberg, 1984). Given a se} of sensor inputs, the motor velocity for obstacle avoidance is
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computed as:

Co= ZU, (4.10)

whereZ = [z; ] is the control matrix. The matrix elemertg that link the forward-facing sensors
on one side of the robot's body with the motor on the opposite kave large negative values, while
the other matrix elements have small positive values (FR). 4Vhen the robot senses the presence
of an obstacle, say, in front and on the left, the right motdk netate backward faster than the left
motor's rotation forward, thus turning the robot away frdme bbstacle.

A similar approach is adopted in the architecture of Decagid Ferber (1998). The main dif-
ference is that Decugis and Ferber (1998) assigned diffets of weights to different behaviors
including obstacle avoidance, left wall following, rightilfollowing, corridor following, left static
turn, right static turn, and forward move. On the other hand,method uses only one set of weights.
It removes the need to recognize different situations aletsdifferent behaviors, and thus simpli es
the reactive modules. As will be seen in Section 6.2, diffeteehaviors can still emerge naturally

from the interaction between the robot and the environment.

4.5 Behavioral Coordination: Command Fusion

The motor control for obstacle avoidancgis added to the motor control for target reachimgto

produce the nal motor control signat

c= cpt+(1 ) Co (4.11)

where is a constant parameter. The homeostatic cootraf the motors is omitted. Equation 4.11
is analogous to the potential elds method for obstacle dance (Khatib, 1985, 1986) and is able to

overcome small unforeseen obstacles and non-adversariahgiobstacles.
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Recall that the target reaching and obstacle avoidance lemdun at different rates. Each time
one of the modules produces a new motor control signal, iatgsda global motor state, which then
causes the combined motor control signab be sent to the robot's wheels to drive the robot. In
the absence of obstacles, the motor control signal will Im¢ aeregular intervals. In the presence
of obstacles, additional control signal may be sent as arehwibstacles are detected. This method

allows the robot to run as smoothly as possible and to makestdgnts only when necessary.

4.6 Summary

This chapter illustrates how the target reaching and olestamidance modules are fusiediirectly
at the action levevia command fusion. In the next chapter, the reactive modkle “dynamic neural
elds” architecture will be examined. It differs from the el here by using multiple cooperative
EKMs to fuse the reactive modulesrectly with their neural representationsesulting in further

enhanced reactive motion control capabilities.
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Low-Level Reactive Motion Control Il

This chapter discusses the reactive model of the “dynamicaheslds” architecture (Fig. 1.4(b)). In
this model, the reactive modules are tightly integratedgisiultiple cooperative EKMsT hetarget
reachingmodule operates in a similar fashion as that in the “commarstbh” architecture. The
obstacle avoidancenodule, contains EKMs, which provide inhibitory inputs teettarget-reaching
EKMs at and around the locations where obstacles are ddte€tee intimate coupling of the two
modules enables the robot to negotiate unforeseen concal/@xended obstacles during goal-
directed motion, which can trap robots controlled by otloeal obstacle avoidance methods (Arkin,

1989b; Braitenberg, 1984; Khatib, 1986).

5.1 Cooperative Extended Kohonen Maps

Multiple EKMs can cooperate to enable a mobile robot to penfa more complex sensorimotor con-
trol task, that is to negotiate unforeseen concave or egténbistacles. These EKMs are categorized

into two main types based on their functionality: (1) tangegtching and (2) obstacle avoidance.
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(@) (b) () (d)

Figure 5.1: Cooperative EKMs with indirect mapping. (a) ésponse to the target, the nearest
neuron (black dot) in the target localization EKM (ellipgé)the robot (gray circle) is activated. (b)
The activated neuron produces a target eld (dotted eljips¢he motor control EKM. (¢) Three of
the robot's sensors detect obstacles and activate threemge(crosses) in the obstacle localization
EKM, which produce the obstacle elds (dashed ellipses).Sdbtraction of the obstacle elds from
the target eld results in the neuron 4t to become the winner in the motor control EKM, which
moves the robot away from the obstacle.

5.2 Target Reaching EKMs

Two EKMs are used to perform target reaching, one for tamglization (Step 1) and the other for
motor control (Steps 2—4).
Target Reaching

Given a sensory input vectar, of a target location,

1. Determine the winning neuranin the target localization EKM.
Neurons is the one whose sensory weight vectog = ( s;ds)' is nearest to the input
up=(;d)":

D (up;ws) = irznAir(1 )D(up;wi): (5.1)

The differenceD (up; wi) is computed in the same manner as Equation 4.3 in Step 1 ofrMoto
Control in Section 4.2. In the EKM, each neuron encodes ditwtav; in the sensory input

spaceU. The region ofU that encloses all the neurons is called kheal sensory spact®
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Even if the target falls outsidg® the nearest neuron can still be activated (Fig. 5.1a).

2. Compute the neuronal activities of the motor control EKM.
The activitya; of neuroni depends on the integration of target localization EKM anstatie
eld EKM:

ai = Ga(ws;wi) b (5.2)

wherely is the inhibitory input from the neuron in the obstacle el&kKE (Section 5.3). The

function G, is an elongated Gaussian:

Ga(ws;wi) = exp( Da(ws;wi)= 2)
(5.3)
Da(ws;wj) = (s i)2+ d(ds di)z:
Parametery is much larger than , making the Gaussian distance-sensitive and angle-itisens
Moreover, they elongate the Gaussian along the directigmepéicular to the target direction

s (Fig. 5.1b). This elongated Gaussian is theget eld, which plays an important role in

avoiding local minima during obstacle avoidance (Secti®).5

3. Determine the winning neurdnin motor control EKM.

Neuronk is the one with the largest activity:

ax =max q : (5.4)
|

4. Compute motor control vectarfor target reaching:
8

EMkup if ¢ Myup c andk=s
c= (5.5)

M (wi otherwise.

This step is similar to Step 2 of Motor Control in Section 4.2.
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The target reaching procedure is applied at each timetgtepompute the motor control vectoft)
for the current sensory inputy(t). It is repeated until the robot reaches the goal sta(d’) at time
stepT.

The self-organized training of the motor control EKM is exdpkd in Section 4.3. The target
localization EKM self-organizes in the same manner as thnuontrol EKM except that Step 6 is

omitted.

5.3 Obstacle Avoidance EKMs

The obstacle avoidance module contains multiple obstachdization EKMs (Step 1) and an obstacle
eld EKM (Step 2) that are self-organized in the same way a&stéinget reaching EKMs. As a result,
each neuromin the obstacle avoidance EKMs has the same input weightmegtas the neuronin

the target reaching EKMs. The robot Hadirected distance sensors around its body for detecting the
presence of obstacles. Therefore, each activated sensmdesha xed direction j and a variable
distanced; of the obstacle relative to the robot's heading and location

Obstacle Avoidance

1. Find the set of winning neurorsin the obstacle localization EKMs.
Each sensor input; activates a winning neuron in théh obstacle localization EKM, which

is activated in the same manner as Step 1 of Target Reaching.

2. Compute activityy of neuroni in the obstacle eld EKM:

X
b = Gp(Ws; Wj) (5.6)
s2S
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where
Gp(Ws;Wi) = exp( Dp(ws;wi)= 2)
Dp(ws;Wi) = (s )%+ a(ds;di)(ds )2
8
21 (d do)®  ifd d
d(ds; di) =
1+((ds d)=)* otherwise

where and are constant parametefGy(ws; W;) is a Gaussian stretched along the obstacle
direction ¢ so that motor control EKM neurons beyond the obstacle lonatare also inhib-
ited to indicate inaccessibility (Fig. 5.1c). If no obst@ detected, = 0. In the presence
of an obstacle, the neurons in the obstacle eld EKM at and tie= obstacle locations will
be activated to produagbstacle elds(Eqg. 5.6). The neurons nearest to the obstacle locations

have the strongest activities.

In activating the motor control EKM (Fig. 5.1d), the obstaald is subtracted from the target eld

(Eq. 5.2). If the target lies within the obstacle eld, theiaation of the motor control EKM neurons

close to the target location will be suppressed. Conselyemtother neuron at a location that is
not inhibited by the obstacle eld becomes most highly attdd (Fig. 5.1d). This neuron produces
a control parameter that moves the robot away from the destathile the robot moves around
the obstacle, the target and obstacle localization EKMscanginuously updated with the current
locations and directions of the target and obstacles. Tih&#ractions with the motor control and
obstacle eld EKMs produce ne, smooth, and accurate cdrafdhe robot to negotiate the obstacle

and move towards the target.



5.4 Summary 54

5.4 Summary

This chapter describes a reactive model that is built uponlétode of behavior-based (target reach-
ing and obstacle avoiding) neural elds dynamically intdiag on the local sensory space of the
self-organized, indirect-mapping EKM (Fig. 5.1). Each imotcommand that is sent to the actuators
is determined by searching for the neuron with the highastaion. It renovates the reactive model
of the “command fusion” architecture by fusing the reactivedulesdirectly at the level of neural
representationinstead ofindirectly at the action levelThis modi cation further augments the reac-
tive motion control capabilities by enabling the robot tgotate unforeseen concave and extended
obstacles. The next chapter compares the motion contrabdéjes of the two integrated planning

and control architectures qualitatively.



Chapter 6

Experiments and Discussion

In this chapter, the indirect-mapping EKM is quantitativelssessed with respect to the direct-
mapping EKM. The two integrated planning and control agattiires (Fig. 1.4), which are coined the
“command fusion” architecture (Chapter 4) and the “dynangaral elds” architecture (Chapter 5),

are also qualitatively compared.

6.1 Quantitative Evaluation

This section presents a quantitative evaluation of theréatiimapping EKM. The tests were per-
formed using Webots (http://www.cyberbotics.com), Khepemobile robot simulator, which incor-
porated 10% noise in its sensors and actuators. In the expets, EKMs withl5 15 neurons were
trained in an obstacle-free environment. Each trainistjftg trial took 100,000 time steps and each
time step for target reaching control lasted 1.024 sec.riguraining, the weights of the EKM were
initialized to correspond to regularly spaced locationghie sensory input spadé. The robot be-
gan the training at the center of the environment and a ralydsetected sequence of targets were

presented. The robot's task was to move to the targets, oadimte, and weight modi cation was
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performed at each time step after the robot had made a moveachttime interval of 10,000 steps
during training, a xed testing procedure was conducted.edch test, the robot began at the cen-
ter of the environment and was presented with 50 randomttirgations in sequence. The robot's
task was to move to each of the target locations (this timdraining was performed). The above
training/testing trial was repeated 5 times and testinfppmance was averaged over the 5 trials.
The testing performance index measured in the above tgalseimean positioning erroiE,
which is the average distantgbetween the center of the robot and ttietarget location after it has

come to a stop (i.e., motor control= 0):
E=— " (6.1)

whereR is the number of trials and is the number of testing target locations. Test results @=i(a))
show that, with indirect mapping, the self-organizatiorEéfM began to  stabilize at 40,000 time
steps. At the end of 100,000 time steps, the robot driven bytrdined EKM with indirect map-
ping had a mean positioning error of 3 mm. In comparison, & Ehat adopted direct mapping
stabilized at about 50,000 time steps and had a mean pasgierror of 8 mm.

The radius of the robot is 25 mm. So, it is reasonable to reti@daobot to have reached (and
touched) a target if the distance-to-targeas less than 25 mm. The next three performance indices
are based on this target reaching criterion after the roastieen trained.

Thetarget reaching probability? (") measures the probability of the robot reaching closer than
a distance of (with or without stopping) from the target locations. Tihermalized time-to-target
T("), measures how long it takes the robot to reach closer thastande of' (with or without

stopping) from the target locations:

X o
TO)= a6 6= 1

(6.2)
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Figure 6.1: Performance comparison. (a) Mean positioningr eluring training. (b) Target reaching
probability, (c) normalized time-to-target, and (d) meavidtion from straight line trajectory after
training.
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wheret;(") is the earliest time it takes the robot to reach closer thaistartte of' from theith

target,l; is the straight line distance between targets1 andi, andt;j is the normalized time taken
to reach target. That is, normalized time-to-target measures the averagmuat of time the robot
takes to travel a distance of 1 m towards a target. iflean deviation from straight-line trajectory

D (") measures how straight or wavy is the robot's trajectory:

X (m .
D()= IO 7=

(6.3)
whered; (") is the distance traveled to reach closer than a distantdrofm target locatiori, andJ
is the deviation from straight-line trajectory for target

Test results (Fig. 6.1) show that, with indirect mapping tbbot could get very close to the
targets with high probabilityX 0:9), reached the targets in about 9 time steps, and its trajesto
deviated by less than 9% from straight line trajectoriescdntrast, with direct mapping, the robot
had a lower probability€ 0:9) of reaching close to the targets, took about 17.5 time dtepsach
them, and its trajectories deviated by about 18% from ditdige. These test results show that,
with indirect mapping, the robot can stop closer to the targeach the targets faster and travel in
straighter paths than with direct mapping.

The advantages of indirect mapping can also be assessedHeorasults of self-organization.
Figure 6.2 illustrates the EKMs at the end of one of the vertirrg trials. The neurons in the
direct-mapping EKM were clustered into four clustetiss 0 and = 3;0;+3 radian. Although
the neurons in the indirect-mapping EKM also clustered iimdlar manner, its neurons were more
spread out. Moreover, they sampled distances up to 0.16 meadirect-mapping neurons sampled
distances only up to 0.11 m. Note that 0.16 m is the furthestt ahKhepera robot can move in a
single time step of 1 second. Thus, indirect-mapping EKMp@amthe sensory input space more

completely than does direct-mapping EKM, and produces aret smoother motor control.
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Figure 6.2: Self-organization results of EKM using (a) dirand (b) indirect mapping. Each dot
denotes the weights; = ( ;;d;)" of a neuron.

6.2 Qualitative Evaluation

This section details the qualitative comparison betweenwo integrated planning and control ar-
chitectures. Experimental results reveal that the “comdrfasion” architecture cannot be used to
overcome unforeseen concave or extended obstacles. ltdwledefore be meaningful to preempt
the comparison with an additional section to evaluate tlerfimand fusion” architecture under nor-
mal circumstances, which include negotiation of small vedeen obstacles, non-adversarial moving

obstacles and unexpected change in environment.

6.2.1 Command Fusion: Target Reaching with Short-Range Oltacle Avoidance

The performance of the “command fusion” architecture (Rig(a)) was qualitatively assessed in
an environment under three unforeseen conditions: (lif sihstacle, (2) moving obstacle, and (3)
unexpected change in environment. The environment cexdsist three rooms connected by two
doorways (Figs. 6.3—6.5). The robot began in the left-moshr and was tasked to move to the

right-most room via three checkpoints. The robot was regfatd have reached a checkpoint if it was
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Figure 6.3: Motion of robot (gray) in an environment with arfareseen static obstacle (black). The
checkpoints (small black dots) are located at the doorwagdtze goal position. The robot was able
to go around the obstacle to reach the goal. The robot, dbstatd rooms are drawn to the same
scale.

less than 5 mm from the checkpoint. The robot was requiretbfpat the goal. The target reaching
module ran at 1.024 sec interval while the obstacle avoilanodule ran at 0.128 sec interval. 8
short-range IR sensors (5 cm range) were modelled arounmltint's body (Fig. 4.3). 10% noise
was also added into the sensor readings by the Webots sanulat

In the rst test (Fig. 6.3), an unforeseen static obstacle placed in the middle room between
the rst and second checkpoint. Just before reaching thecheckpoint, the robot detected a wall
on its right and deviated slightly to the left to reach thet eheckpoint. While moving towards the
second checkpoint, the robot detected the unforeseen statiacle. It reacted to the presence of the
obstacle by going around the obstacle to reach the secowttpabiat. At the second checkpoint, the
robot made a sharp turn due to the direction of the goal andeaktmwards it.

In the second test (Fig. 6.4), a mobile robot, following ati-alockwise circular path, served as
the moving obstacle. When the target reaching robot rsttietbstacle on its left, it tried to avoid
by turning right. Subsequently, it encountered the obstadl its right and was diverted to the left

before it moved out of the obstacle's path, headed towarlse¢bond checkpoint, and nally towards
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Figure 6.4: Motion of robot (gray) in an environment with aostacle (black) moving in an anti-
clockwise circular path. The robot was able to negotiaté thesmoving obstacle and proceed to the
second checkpoint.

the goal.

In the last test (Fig. 6.5), the same checkpoints as the quswuiests were initially planned for
the robot. However, while the robot was en route to the sectedkpoint, the high-level planning
module realized that the environment had changed. A newkplogtt was planned and given to the
target reaching module. Consequently, the target reachoule changed the heading of the robot
en route, so that it could reach the goal through the new gloéigk This test clearly demonstrates
the advantage of our integrated planning and control ajgproRirst, a plan can be easily modi ed
by changing only the checkpoints. Second, the target regahiodule can react immediately to the
change of a checkpoint, and produce a course change at aagmtiast, existing architectures that
plan the entire path need to make detailed modi cations &gath such as how to turn the robot
around, taking into account the robot's current motion.

In all cases, the robot under the control of the trained EKN able to move to the checkpoints
successfully. The paths taken by the robot between chetispwiere not perfectly straight due to
several realistic constraints. The two-wheeled robot vaaghnlonomic; it was much harder to con-

trol and achieve smoothness in motion (Section 1.3). Theonuintrol injections by the obstacle
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Figure 6.5: Motion of robot (gray) in an environment that mipad. The initial checkpoints were
planned with the assumption that the lower doorway was apeniee planning module changed the
second checkpoint to a new checkpoint (triangle) while titet was en route to the old one. The
target reaching module was able to react immediately artthihged the robot's heading.

avoidance and target reaching modules were not strictlyiraoous, but at discrete servo intervals.
Furthermore, the Webots simulator automatically injecteide into the sensor inputs and motor out-
puts, which offered realistic simulation of low-level ratmmntrol. Nevertheless, the paths taken were

quite close to straight lines.

6.2.2 Behavioral Coordination.: Command Fusion vs. DynamidNeural Fields

Three tests were performed to compare the two integratethiplga and control architectures. For
both architectures, the target reaching and obstacle avogdmodules ran at 0.128 sec intervals. 12
directed long-range sensors were modelled around the'sdimmdy of radius 2.5 cm. Each sensor
had a range of 17.5 cm, enabling the detection of obstact28 etn or nearer from the robot center.
To simulate noise, the sensors have a resolution=0.5 cm. The robot's performance is assessed
in an environment under thrasmforeseerconditions: (1) stationary obstacle, (2) concave obstacle
and (3) extended obstacle.

The environment and conditions for the rst test with the anelseen static obstacle is the same
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Figure 6.6: Comparison of robot (gray) motions in an envinent with an unforeseen stationary ob-
stacle (black) between “command fusion” and “dynamic neetds” architectures. The checkpoints
(small black dots) were located at the doorways and the gustipn. (a) The robot endowed with
the “command fusion” architecture using short-range sensegotiated past the obstacle to reach the
goal. (b) The robot endowed with the “dynamic neural eldsékitecture using longer-range sensors
detected the unforeseen stationary obstacle earlier amddradong a shorter path to reach the goal.
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as the one used in the previous section (Fig. 6.3). The rabed with the “command fusion” archi-
tecture using long-range sensors (17.5 cm range) faile@dsts It could not pass through the rst
narrow doorway as the repulsive forces from neighboringsaaére too strong. Reducing effect of
these forces allowed the robot to pass through the doorwiangbulted in it getting stuck at the static
obstacle. However, the robot with the “command fusion” @edfure using short-range sensors (5cm
range) could complete its task as shown in Fig. 6.6(a). Theselts indicate that the “command
fusion” architecture could only work well with short-rangensors.

The above phenomenon can be explained by the following: synduthe reactive modules in-
directly at the action level, the target reaching modulel&amot communicate to the Braitenberg
obstacle avoidance module that the narrow opening amongalie offered a through passage. Re-
call from Section 4.5 that command fusion is analogous te@timebination of attractive and repulsive
forces. Therefore, to pass through the doorway, the requisices from the walls acting on the robot
must somehow be lower than the attractive force to the datégngoal. This could only be effectu-
ated by either manually reducing the repulsive effect orteiming the range of the distance sensors
so that the walls would rarely be detected unless being aphem.

Figure 6.6b demonstrated how the robot endowed with theddya neural elds” architecture
using long-range sensors completed its task. The robotteet@and avoided the unforeseen static
obstacle early due to its long-range sensors. Consequimtigved along a shorter path to reach the
goal. The doorways were also detected, thus allowing thetrabreach the checkpoints. By fusing
the reactive modules directly at the level of neural repreg@ns, the target reaching and obstacle
avoidance modules could negotiate dynamically via the comhacal sensory space about the free
space for the robot to move to and the forbidden space to natde to obstacles using neural elds,

which are produced by the EKMs.
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Figure 6.7: Negotiating unforeseen extended obstacleTHa)robot using the “command fusion”
architecture was trapped but (b) the one adopting the “dy;iaeural elds” architecture successfully
negotiated the obstacle.
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Figure 6.8: Negotiating unforeseen concave obstacle. li@)rdbot using the “command fusion”
architecture was trapped but (b) the one adopting the “dymiaeural elds” architecture successfully
negotiated the obstacle.
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The next two tests assessed the performance of the robotitiaing unforeseen extended
(Fig. 6.7) and concave obstacles (Fig. 6.8). The robot tHapted the “command fusion” archi-
tecture got trapped by the obstacles regardless of the rseanrsge (Figs. 6.7a, 6.8a). The lack of
direct interaction between the two reactive modules caasazh ict of interest: the target reaching
module provided an attractive force to move the robot fodaarreach the target while the obstacle
avoidance module created repulsive forces to move it backtweavoid the obstacle. The combined
output cancelled out each other's actions. On the other,hidwedrobot that adopted the “dynamic
neural elds” architecture successfully negotiated thstables to reach the goal (Figs. 6.7b, 6.8b).
The “dynamic neural elds” architecture facilitated theelit interaction between the target reaching
and obstacle avoidance modules to resolve their con ictthenrcommon local sensory space using
neural elds and produce more appropriate actions. All ¢hessults illustrate the advantage of the
“dynamic neural elds” architecture over the “command fusi architecture. In other words, the
direct coupling of the reactive modules at the level of nergpresentations offers better qualitative
performance than the indirect coupling of the reactive niexlat the action level.

It is noted that the robot with the “dynamic neural elds” hitecture can still get trapped if the
obstacle is so concave that the obstacle elds cannot caaipliehibit the neurons at or near the tar-
get location. However this limitation does not diminish #gigni cance of the method as it is simpler
than many existing reactive methods for overcoming uneegezoncave obstacles (Balch and Arkin,
1993; Choiet al, 1989; Choi and Latombe, 1991; Gambardella and Haex, 1988)ardella and
Versino, 1994; Gat, 1993b; Lagoudakis and Maida, 1999:¢tial., 2000; Slack, 1990, 1993; Zelek
and Levine, 1996). In particular, it maintains only localoinrmation about the checkpoint and the
obstacles. Moreover, it is possible to train the neural nete/to adapt to different kinds of obstacles

while optimizing its performance.
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Future Work

This chapter reveals the limitations of the current workhia thesis and presents possible improve-

ments, applications and extensions to the existing intednalanning and control architectures.

7.1 Improvements

7.1.1 Reactive Cognizant Failure Capabilities

A robot has to be robust to both failures and errors relateti¢gdask under execution; this can be
effectuated by providing the robot with fast error recovprgcedures that can be executed before
or instead of replanning (Noreils, 1990; Noreils and Chatll995). Nevertheless, the robot must be
able to detect (as opposed to avoid) and recognize on its owriadlures to complete its task via
monitor routines (e.g., time-out) in order to call the apgpiate recovery procedure. This is known as
cognizant failurg(Firby, 1989; Gat, 1991a; Gat and Dorais, 1994; Howe and €0h@91). Instead
of attempting to design algorithms in the robot controlleattnever fail (which is impossible on
real robots), one can instead design algorithms that neseiofdetect a failure. This allows other

components of the system to take corrective action to redom the failure. Therefore, endowing
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the integrated planning and control architectures witlttiea cognizant failure capabilities would

greatly enhance their real-time motion control capabditi

7.1.2 Graph Connectivity and Search Algorithms

To make the high-level deliberative motion planner congléte algorithms for graph connectivity
and search can be implemented to automatically generatetheence of checkpoints for low-level

reactive motion control to perform goal-directed, cotlisifree motion.

7.2 Extensions

The integrated planning and control architectures sholtilthately be built on real mobile robots to
investigate their aptness for real-world applicationsalRine issues are often the primary cause of

axing software robot architectures that are too complitate

7.3 Applications

The integrated planning and control architectures can péeapto static and mobile robot manip-
ulators (Brock and Kavraki, 2000, 2001; Brock and Khatib97,91998, 1999b, 2000) as well as

collective robotics (Hannebauet al., 2001).



Chapter 8

Conclusion

This thesis presents two novel integrated planning andaloatchitectures for a nonholonomic mo-
bile robot, which are termed “command fusion” architectame “dynamic neural elds” architecture.
The uni cation of high-level deliberative motion planniragd low-level reactive motion control into
one coherent integrated hybrid framework can solve thelpnolof goal-directed, collision-free mo-
tion in an unstructured environment. Furthermore, to be &blexecute a sophisticated task in our
complex and unpredictable world, real-time performana# ae, smooth control have to be accen-
tuated. The following objectives have been satis ed to endaoe integrated planning and control

architectures with real-time enhanced motion control bégpes.
1. Enhancing the capabilities of low-level reactive motiorcontrol

(a) Enriching the repertoire of reactive behaviors
Both architectures perform target reaching as well as olestvoidance. This is in con-
trast to many hybrid systems (Brock and Khatib, 1999a; Beowk Kavraki, 2000, 2001;
Fox et al, 1998; Hu and Brady, 1994; Pyeatt and Howe, 1999; Simnebrad., 1997a;

Thrunet al, 1998a) that employ the deliberative planner to plot thetxetion path with
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(b)

detailed sequence of actions for execution by the actuaitwsir reactive controllers per-
form only a single task, i.e., simple obstacle avoidancemiaking minor modi cations

to an otherwise good course of action.

Performing ne, smooth and ef cient motion control

A high degree of smoothness, exibility and precision in matcontrol is essential for

the ef cient execution of sophisticated tasks as well asspdaf interaction with humans.
This prerequisite can only be achieved with continuousaese encoding of very low-

level velocity/torque control of motor/joint actuators.eihte, by tightly coupling high-

level deliberative motion planning with reactive contrbttee lowest level, these complex

tasks can be accomplished.

Both architectures are among the few hybrid systems (AmkchBalch, 1997; Brock and
Khatib, 1998; Choi and Latombe, 1991; Firby and Slack, 192&t, 1992; Khatiket al,,
1997; Krogh and Thorpe, 1986; Saf ottt al., 1995; Schoners and Dose, 1992; Sim-
monset al., 1997a) that perform continuous response encoding of wenidvel control
to produce ne, smooth motion. This is in contrast to behediased architectures (Agre
and Chapman, 1987; Bonasso, 1991; Brooks, 1986; Connéld; X&elbling and Rosen-
schein, 1990; Maes, 1990; Matari¢, 1992; Rosenblatt, 19@hota, 1994) and several
hybrid architectures (Connell, 1992; Decugis and Ferl@81 Drummoncet al,, 1991;
Firby, 1995; Gat, 1998; Georgeff and Lansky, 1987; HayeiiRbal., 1995a; Kaelbling
and Rosenschein, 1990; Laird and Rosenbloom, 1990; Lyam$iendriks, 1995; Mal-
colm and Smithers, 1990; Mitchell, 1990; Muslinet al, 1993; Benson and Nilsson,
1995; Noreils and Chatila, 1995; Payton, 1990; Wilkatsal,, 1995; Zelek and Levine,

1996; Zelinsky and Kuniyoshi, 1996) that employ discrespmnse encoding.
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However, instead of using pre-wired reactive sensorimotmtrollers such as Arti cial
Potential Fields (Khatib, 1985, 1986), Navigation TemgdatGat, 1993b; Slack, 1990,
1993), Motor Schemas (Arkin, 1987, 1989b, 1992b), DefoiomaZone (Zapataet al.,
1991), Curvature Velocity Method (Ko and Simmons, 1998; 18oms, 1996), and Fuzzy
Logic (Driankov and Saf otti, 2000) in the hybrid systems perform continuous re-
sponse encoding, a novel self-organizing neural netwaskrnigue known as indirect-
mapping EKM is embedded in both architectures to learn theléwel reactive motion
control. Its indirect sensorimotor mapping contrasts wildiny existing methods, which
perform direct mapping. This modi ed property evolves sigant quantitative bene ts

(Section 6.1).

(c) Negotiating unforeseen, complex obstacles
The “dynamic neural elds” architecture (Chapter 5) usedtipie cooperative EKMs
to fuse the reactive modules directly at the level of neuepr@sentation, rather than
indirectly at the action level for the “command fusion” aitelsture. In essence, it is
a multitude of behavior-based (target reaching and olestaaiding) neural elds pro-
duced by EKMs dynamically interacting on the local sensggce of the self-organized,
indirect-mapping EKM (Fig. 5.1). This dynamic interactiohneural elds constantly
negotiates the free space for the robot to move to and thédfieb space cordoned by
the obstacles during runtime. This form of direct fusiontier augments the reactive
motion control capabilities by enabling the robot to negtatiunforeseen concave and

extended obstacles.

2. Reducing the workload of high-level deliberative motiorplanner

Two improvements have been made to reduce the workload afieiteerative motion planner.
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By planning the robot's motion in the workspace instead ef ¢bn guration space, compu-
tational ef ciency can be enhanced. An approximate cellotggosition technique known as
slippery cells is introduced to decompose the free workspaio much fewer cells or graph
nodes than the other approximate methods, resulting irceztisearch time. Yet any two points
in the cell can still be successfully traversed by reactargtiml mechanisms. Using this graph,
the planner generates a series of checkpoints from thepsiant to the goal (Section 3.2.3),
which is required by the reactive models in both integratediing and control architectures
(Chapters 4 and 5) to perform goal-directed, collisiorefreotion from one checkpoint to the

next.
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