Optimal Search in Structured Environments

Haye Lau

A thesis submiedin fulfilment
of the requirementfor the degree of
Doctor of Philosophy

The University of Technology, Sydney
2007



CERTIFICATE OF AUTHORSHIP/ORIGINALITY

| certify that the work in this thesis has not previously been submitted fagraedeor
has it been submitted as part of requirements for a degree except as fully acknowledged
within the text.

| also certify that the thesis has been written by me. Any help that | have received in my
research work and the preparation of the thesslfithas been acknowledged. In
addition, | certify that all information sources and literature used are indicated in the
thesis.

Signature ofStudent




Acknowledgements

| would like to thank all of the people who encaged and supported me during
the undertaking of this research.

Firstly | would like to thank my supervisor, Professor Gamini Dissanayake, for
his invaluable guidance, support, and for always keepmeye on the long term view.

I would also like to thankfor his appreciated advice, my-sapervisorDr Shoudong
Huang, who came upon a diversion from SLAM one day and literally made me go
search.

Thanks goes to Dr Dikai Liu for his help earlymy candidature and to Mr Zenon
Chaczko fomputting me in touch w#h a certain professor in a new Centre of Excellence
for Autonomous System#n general, | wish to thanthe great minds in all three nodes
of CAS for providing a fantastic culture in which to research and learn, and | would like
to thank Professor Hugh urantWhyte, Dr Tomonari Furukawa and others in
particular for organising workshops to expressly share some of that collective
knowledge.

Back at UTSthanks goes to Dr Matthew Gaston for a high availability computing
cluster and the librarians for retviag articles from far and widé.wish to alsothank
those in the Red@ner Cindyii Mor ni n gDamithB Aagi o n,dlenfid rba tsto
Alempijeveg Matth e w  Addlarsuspensiod. R Ashodii Cr i mp t ool 6 D
and Asel a nAEI eph &ifub,driendship ant food gnathe yefars of my h
research candidature. Those who had nbeeen in the corner, such as Bgai Kwok,
Zhan Wang, Wei zhen Zhou and others in tt
members too. Imust also thank Lily Chufor her critique of the diagrams, her
companionship, and a timegupply of fruit juice.Angus the Labradosupervisd the
writing at nighs.

Finally, | owe my gratitude to my parents, John and Helen, mgdyrandmother,

Shuk Chunyeung for the years of edudah, encouragememind care



Table of contents

ACKNOWIEAGEIMENLS. ...ttt e e e e e e e e e aeeer s s e e e e e e e e e e e e e e eeeeseesannneeaees i
Table Of COMBNIS ... e e lv
LiSt Of FIQUIES....ueeiiii e eeeeeeeee e eeeeeeeeeeveeee e smmmeeeeeeeeee M
S 0 = ] X
Y 013 1 = Lo AP PPPPPPP Xi
A 01 (o To [1 [ 1o o HA PP RRRUPPPTRN 1
1.1 Elements of a Search Problem.............cooorri e 2
1.2  Search for Tagets in Structured Environments..............cccccvvvvvimmnnnnninnnns 3
1.3 Problems Addressed in the TheSIS........cccciiiiiiiiiieccee 5
1.4 Principal ContribULIONS ........ccovviiiiiiieiiiiimmmceie e eeeiin e e s eevmmmressnn e eaennn i
1.5  PUBNCALIONS..... oo 8
1.6 ThESIS SIUCIUIE......ceiiieieeeeieiii et e e e e e e eremsn e e e e e e e e e e e e e eeeeees 9

2 LIErature REVIEW ... ..cuiiiiiiiiee et 11
P22 R 1 011 o To [ T £ o o P RRSSUUPPP 11
2.2  Classical Search Problems..........coo oo 11
221 L@ V7T V1= 11
2.2.2  Stationary Target Search Problems...............oovvvieeeiiiiiiiiiiiiiinnns 13
2.2.3 Searching for a Moving Target..........cccoveeiiiiiiiiicceiee e 14
224 Extensions to the Detection Search Probhlem..............ccovvviee 22

2.3 Autonomous Searching and Related WatK...............coovvvieeeiiiiivieninnns 23
2.3.1 Single Searcher Problem................uuuiiiiiiicceeeere e 23
2.3.2 Multiple Searcher Problems................ooovviiiiieeee e 24
2.3.3 Searching in Structured EnvironmMents.............ccceeeeeiviieemeeeevinneennn, 27

2.4 SUIMIMAIY ....cii ittt emer e e e e e e e e e e e e ennna s 28

3 Search for a Stationary Target..........cccccuuuuiiiiimeeriiiii e 30
1 0 N 111 {0 Yo [ [ 1o ) OO 30
3.2 Problem DeSCription..........uueuiiiiiie e 30
3.2.1 ENVIroNMeNt SIrUCLUIE..........oeiviiiiiiieiiiicmme e 31
3.2.2  Searcher Capability........cccooeiiieeeeeiiiiieeeeccee e eeerrre e 31



3.2.3  Target INformation...........cccooiiiiiiiiiiiieee e 32

3.2.4  Search EffiCIENCY.........uuuuiiiiiiiie e reee e 33
3.25 Discrete Timd~ormulation of the Search Problem........................ 33
3.3 APPIOACK ...t 34
G0 70 RV - 1§ 1N U [ o 1o ) USSR 34
3.3.2 Dynamic Programming Equatian...............cceevvvviimeeeeeeeeieeeeeeiiinnnd 35
3.3.3 Dynamic Programming Algorithm..............ccooiiiiiiceeiii e, 36
3.4 Searching for MUltiple Targets...........cueviiiiiiiiiiieeeieeeeeeeee e 38
3.5 EXAMPIES. . 38
3.5.1  Optimal Search Plan..........ccccoeiiiiiiiii e 39
3.5.2 Evaluation otthe Proposed Algorithm...............ciiiiiicecinieennennnnn 41
3.6 Related Work and DiSCUSSIQN...........ciiiiiiiieeeeieeriiiieeeeeeeeeeeeeeeeeeieennnn . 45
3.7 SUMMAIY...c.ciiiiiiiiiiiiiiies s e e e e e e e s eemmesss e e e e eeeeeeeeeeennnnsnnnnneees D00
4 Search for a MoVING Target........ccceeeeeeiiieiieeccecciiiis e eeeerrvieenn e A8
A1 INTFOAUCTION....ciiiiiiiitiiie ettt eeeene e e e e e e e e e e e e e e eeesanenas 48
4.2 Problem OVEIVIEW..........uuuuiiieie e eeeenee e e e e e e e e eeeeeeeeee 49
G T |V o 1)Y= 1 [0 o SRS 49
4.4  Optimal Searcher Path Problem with aamform Travel Times (OSPT)..51
4.5 Branchand Bound FrameworK ...............uuuuuuiiiiccneeeiiiiiiiiiasee e 54
45.1 Bounds for the Probability of Detection..............oooeoeiienn s 56
45.2 The Generalised MEAN BOUNG.........ccooiiiiiiiiiiiiiieeeccieiee e 57
4.6  The Discounted MEAN (DMEAN) bound............cccceeeiiiiiiiceciiiiin, 60
46.1 IMIOTIVALION. ...t e e eeene s e e e e e e e e e e e eeeeennnes 60
4.6.2 METNO. ... . e 60
4.6.3  Proof of Guaranteed Upper Bound............ccccoooviiiiiccceeeee e, 62
4.6.4  Computational CompIeXity.......ccceeeeiiieiieieiiiieeeiiie e 62

4.7 Evaluation of the Use of DMEAN Bound for OSP and OSPT Problem6€3

4.7.1 Uniform OSP Search Gridl.........ccooooeeiiiiiiiiieeee e 63
4.7.2  Comparison witlPrevious OSP Bounds.............cccoevvvvvvvieenne e, 64
4.7.3  OSPT EXAMPIE...uuuiiiiii e eeeeeeeeee ettt eeme e 70
4.8 Search Problems with Minimum Transit Time Constraints................... 71
4.8.1 The Generalised Optimal Searcher Path Problem (GQSR)..........712

\'



4.8.2 Branch and Bound Algorithm for the GOSP Problem.................... 74

4.8.3 DMEAN Bound for the GOSP Problem..............oooooiiiiienn s 76
4.8.4  Example Search of an Office Environment.................ccoovieeeeen. 77
4.85 Computational ComPIEXILY........ccoerriiiiiiiiiiiceee e 78
4.9  DiSCUSSION AN SUMIMALY.......uuutiiiiiiiiiiiiiiieeeereeeeeeeeeeee e e e e e e e e s s s e e e e eeeeeas 79
49.1 Potential EXIENSIONS.......coiiiiiiiiiii i 79
4.9.2 Choice of Bounds for the OSP Problem..............ccciiiicciiiiiiinnnd 82
4.9.3  Alternative Branch and Bound Approaches...............cccccvimemninnns 82
4.9.4  Application Issues and Other Related WorK...........oooeeeeevviieeeennnn. 83
4.9.5 S [0 ] 1 4T VPP 85

5 Multi-Agent Search with Interim Positive Information................ccccvveennnn. 86
00 R [ 1 0T [ {1 o] o PP 86
5.2  Searching with the Aid Of SCOULS...........cuvuiuiiiiiieerrr e 86
B5.2. 1 OVEIVIEW. ..ottt eees ettt e e et e e e e s eeee et e e e e e e aaaaeeeeeeaannns 86
5.2.2 Problem Statement............oooiiiiiiiiiie e 38
5.3  Optimal Policies for the Searcher/Scout Problem..............ccccoviieaeennnne 91
5.3.1  Obtaining Optimal PlansS...........coooiiiiiiiiiice e 91
5.3.2  Solution Approach Details and lllustrative Example..................... 93
5.3.3 NOtesON COMPULALION.........iiiiiiiiiie e eeee e e s eeeeeaeeeees 98
5.4  Practical Heuristics for Searching with Scauts................oeevivieeniiinnnee. 99
5.4.1  Heuristic Solution to the OSP problem...............cccooiiiieen s 100
5.4.2  Complete Planning Heuristics (G1, G1d, G2, G2d).................... 103
5.4.3 Replanning Heuristics (R1, R1d, R2, R2d)...........ccovoiiiiiiieennenes 104
5.5 RESUIS .. 105
551  Optimal SOIULIONS. ......ciiiiiiiiiiieiieie e 105
5.5.2 Heuristic SOIULIONS........cooiiiiiiiiieieeee e 109
5.5.3 Heuristics Evaluation............oooooiiiiiiiieen e 114
5.6  DiSCUSSIONS aNd SUMIMALY........ccoiuuuiinniiinnimeeiiinerrreeeeeeeeeeeeeeeaeeereeeeees 121
5.6.1  Related WK ......ovviiiiieiiiiiiiee et 121
5.6.2 Incorporation of NorlUniform Searcher Travel Times................... 122
5.6.3 Computational ISSUES..........covviiiiiiiiiiiieee et eeeeeeees 123
5.6.4 POSSIDIE EXIENSIONS. ...uuiiiiiiiiie e reee e 125

Vi



5.6.5 SUMIMIIY. ettt ettt rrrer e e et e e e et e e e anmmr e e e et e e e eaa e eennas 125

6  Conclusions and Future WOrK..........cccccooiiiiiiicc e 127
6.1  Summary of ContribUtiONS.......cccooeeiiiiiiiiieee e 127
6.2  Directions for FULUIE WOrIK............uuuuiiiiiiiii e 128

Appendk AT Bounding Methods for the Optimal Searcher Path problem........ 131
A.1 Bounding Methods in LIterature...........cccoeeiiieeieececeiciiii e eeeeenn 131
A.2 Obtaining UppeBounds of Probability of Detection for the OSP Probleth82
A.3 The PROP BOUNG.......ccoiiiiiiiiiiiiieeee et 133
A4 The FABC BOUNG.......uuiiiiiiiiiiiiiiee s ettt e e e e e e e e e s e emmme e e e e e e e e e e e e e e 133

=11 o] [ToTe ] =1 o] o) /20 SPPRP 136

vii



List of Figures

Figure 1.1 ThesiS MOUIVALIONL..........coeeiiiiiieieeieeee e s 2
Figure 1.2 Discretisation of different environments...........ccccceeevivvieeeeeieeiiiiieeeeeenns 5
Figure 1.3 Problems considered in thesiS...........ccccuuiiiiimemniieeeeeee e 6

Figure 2.1 Classical detection search problems in discrete space and.time......12

Figure 2.2 Example OSP search grid and equivalent graph................cccoeeeeennn. 18
Figure 2.3 Enumeration of possible searcher paths for map in Figure.2.2......... 20
Figure 2.4 Implicit enumeration of searcher paths for map in Figure.2.2........... 21
Figure 3.1 An environment decomposed into a set of regions............cccccvvvveeuneees 30
Figure 3.2 Computation times versus regions with-nemo target probability.......... 37

Figure 3.3 Snapshots at two distinct times of the stationary target search sequa@ce (a).
Figure 3.4 Snapshots at two distinct times of theastaty target search sequence40).
Figure 3.5 Stationary target Search SEQUENCE...........ccceuviimmmne e 40
Figure 3.6 Search sequence guided by amthtiknowledge................ccceevvvvviieen.. 42
Figure 4.1 Goal: Find an optimal sequence to search the regions of interest.... 49
Figure 4.2 An OSPT search spaspicted as a graph.............ccccvvvviiiieemiiininnnnn, 52
Figure 4.3 All feasible search plans for the example in Figure 4.2 when T=7....54

Figure 4.4 Example imjait enumeration of searcher paths............ccccooeeiiiiieeennnnns 55
Figure 4.5 Generalised MEAN bound calculation for the OSPT problem.......... 58
Figure 4.6 DMEAN lound CalCulation...............eeveiiiiiiiiieeeiieiieiiieeeeeeee e 62
Figure 4.7 Example 5%5 OSP search grid...........ccccoiiiiieeeiiiiiiiiiieee 63
Figure 4.8 11x11 OSP search grid used in COMPariSons................evvvmmeereeeennnns 64
Figure 4.9 Optimal path for 11x11 OSP search grid example with T.=.15......... 66
Figure 4.10 Optimal path for 11x11 OSP search grid examplelwiti7................. 66
Figure 4.11 Computation times versus time horizon for 11x11 OSRygfids and

[0 1 TSP 68
Figure 4.12 Computation tirseversus time horizon for 11x11 OSP ggd(.6 and

(0 O PRSP 68
Figure 4.13 Computation times versus time horizon for 11x11 OSRygfids and

(0 0 1K P PRR PP 69
Figure 4.14 Computation times versus time horizon (C++ implementation) for a 15x15
L@ 1] o | o P PSP 69
Figure 4.15 Example OSPT search environment withuroform travel times........70

viii



Figure 4.16 Example search area with contiguous regions..........ccccooeveeeeevvvnnnns 72

Figure 4.17 Tree of searcher actions up to T=5 for the examplgure 4.16.......... 75
Figure 4.18 ED network for the GOSP problem.............cccceeiiiiiceceveiiiiiieeeee e 76
Figure 4.19 Example GOSP Search ar€a.............cccuuvmrmmmmnniiiiiiiiiiieieeeeeee e aeeeeees 77
Figure 4.20 Twestep discounting for a twoell problem..............cccooiiiiiiiiinn s 80
Figure 5.1 Searcher scouring an area with the aid of scouts...............ccovveeeennn. 38

Figure 5.2 Solving the Searcher/Scout problem as a series of smaller OSP prdi3ems

Figure 5.3 Example search area with 3 Cells..........cooooiiiiiiccc e 96
Figure 5.4 Example tree of options for the Searcher/Scout prablem.................. 97
Figure 5.5 Example DMEAN ED NetWOrK.......ccocooviieiiiiiiiieeeiee e 98
Figure 5.6 Operation of the G1d, G1, G2d and G2 heuristics............ccccvvuen. 103

Figure 5.7 PD for ell problem with different numbers of searchers and scouts05
Figure 5.8 Computation times forc&ll problem with different numbers of searchers

=T T0 IESTod 0 11 | £SO PP PP PP PUPPPPPPPP 106
Figure 5.9 Initial optimal search paths for 1 searemel1 scout................cc........ 107
Figure 5.10 Revised optimal search paths if the scout detects the target in cell 11 at time
5] (<] O PP 108
Figure5.11 Optimal search path for 1 searcher working alane......................... 108
Figure 5.12 Optimal search paths for 2 searchers...........cccccviiiieeeeiie e, 109
Figure 5.13 Irial paths obtained using G1d for example in Figure.5.9............. 110
Figure 5.14 Initial paths obtained using G1 for example in Figure.5.9.............. 110
Figure 5.15 Initial paths obtained using G2d for example in Figure. 5.9............ 111
Figure 5.16 Initial paths obtained using G2 for example in Figure.5.9.............. 111
Figure 5.17 Initial paths obtained using R1d for example in Figure.5.9............ 112
Figure 5.18 Initial paths obtained using R1 for example in Figure.5.9.............. 112
Figure 5.19 Initial paths obtained using R2d for example in Figure.5.9............ 113
Figure 5.20 Initial paths obtained using R2 for example in Figure.5.9.............. 113
Figure 5.21 Heuristic computation times for the small problem.set.................. 118
Figure 5.22 Heuristic computation times for the medproblem set.................... 119

Figure 5.23 Time to compute the initial plan using a replanning heuristic for the

MEdIUM ProDIEM SEE.....eiiiiiiiiee e nnn s 119
Figure 5.24 Distributed calculation of rewards..............ccccouviimmmriniiiiie 124
Figure 6.1 Integrated approach to SearCh..........cccoooveiiiicccccicciiii e, 130



List of Tables

Table 3.1 Stationary target search scenario properties............cccccvveeeeeeeeeeeen 43
Table 3.2 Expected target detection times for stationary target scenarios......... 44
Table 4.1 Branch and bound computation for 11x11 OSP search grid with.T=166
Table 4.2 Branch and bound computation for 11x11 OSP search grid with . T=166

Table 4.3 Branch and bound computation for GOSP example..................cceee.... 79
Table 5.1 Reward values for example with one searcher and.scout.................. 96
Table 5.2 Optimal agent plans for problem with 3 cells................ccooiiiennld 97

Table 5.3 PD using different numbers of searchers and scoutsdallgpBblem......98
Table 5.4 Small problem set for evaluating Searcher/Scout problem heuristicd.14
Table 5.5 Medium problem set forauating Searcher/Scout problem heuristics115
Table 5.6 Large problem set for evaluating Searcher/Scout problem heuristicd15

Table 5.7 PD of heuristic plans for the small problem set.(a)................cccerveeee. 116
Table 5.8 PD of heuristic plans for the small problem set.(D).............ccccceinneee. 116
Table 5.9 PD of heuristic plans for the small problem set.(C)..............ccevvviieeeen. 117
Table 5.10 PD of heuristic plans for the medium problem set................cccvveeee. 118

Table 5.11 Average PD of heuristic plans over 10000 runs for the large problé20set.
Table A.1 OSP bounds in lIterature............ooooeieiiiiiiccee e 132



Abstract

Optimal Search in Structured Environments

This thesis is concerned with the development of optimal search techniques to
find a target in a structured environmelttis necessary in many rescue and security
applications for the responders to efficiently find aedch the phenomena of interest.
Although the target location is by definition not precisely known, it is nevertheless
imperative to make the best use of amgilableinformation.

Given a known area described as a set of connected regions, a pricotéhef
target location and a model lkely target motion the underlying task addressed is to
determine the best paths ftre one or more searchexs follow to maximise their
effectivenessAs the most related problediscussedn literature, the Opthal Searcher
Path (OSP) problem, assumes that the searcher can instantly relocate between regions,
one of the main contributions in this thesis is an extensidthet@®SP problem tdeal
with the more realistic scenario where a searcher needgeatiimeto physically travel
from one region to another.

This work first considers the search of an indoor environment for a stationary
target with theaim of minimising the expected time to detectio® dynamic
programmingapproachis used to find an optimal oeding of regions tanspect. The
proposed techniqus also extended to the searchrfarltiple targets.

Secondly, for maximising the probability of detectingr@ving targetin a
structured environment, the more general Optimal Searcher Path Problemowith
uniform Travel times (OSPT) is formulated. A key contribution is a branch and bound
solution approach with a new bounding technique, the Discounted Mi&ANd,which
also provides much tighter bounfis the OSP problemompared teexisting methods
As this improvemenis gained with almost no increase in computatidime optimal
search paths can thus be feasibly derfeedonger time horizons

Finally, a multi-agent problem wherthe searchers are aided $goutsthat can
help find but not resce the targetis consideredEnvisaged applications include fire
fighters (searcherskentering a building with a number of scouting robatile the
process terminates as soon as a searcher finds the target, successful scout detections car
only improve onthe knowledge available to guide future searches. The solution
framework must therefore plan not only to maximise the probability of the searchers
directly finding the target, but also put them in the best position to exploit any new
information obtainedrbm detections by scout#. is shown that the problem can be
partitioned into a series of modified OSP problems, through which the complete set of
paths necessitated by each plaissscout detection (and nafetection) can be obtained.
Optimal and heurigt solutions to this problem are presented.

Xi



1 Introduction

This thesis is concerned with the development of optimal search techniques to
find a target located somewhere in a structured environment. It is necessary in many
rescue and security applicat®ifor mobile responders to efficiently find and reach a
subject of interest, be it a victim, possible intruder, or an otherwise unexplained
phenomenon. Under an Urban Search and Rescue (USAR) setting, the objective is to
render aid to the victim as quickds possible in a race agaiasiiminishing survival
window. In security scenarios, the target or phenomenon is to be found and investigated
to minimise the potential for harm. Regardless ofgpecifica p pl i cat i on, a
knowledge about the tagglocation can be categorised as:

1 Perfect knowledgé the responder knows where the target is at all times, or

1 Imprecise knowledgé the responder has some idea of where it could be, but
cannot be sure, or

1 No knowledgé the target could indeed be anywder

A responder can simply intercept the target via the most direct path if its location
is known at all times. Conversely, in the absence of any knowledge, the best that can be
done is to cover the entire area of interest as quickly as possible. In nseg; ca
however, imprecise information can arrive in the form of distress signals, withess
reports il | ast saw him in the back of
behaviour pa#rns, or data gathered through a network of sensors, asighotion
sersors,in the environment.

The objective of this thesis is to develop techniques that make the best use of this
partial information in planning the paths taken by one or more responders, such that the
search of a structured environment can be conductetficisrgly as possible. While
some heuristic solutions are also developed, the main focus is on taking advantage of
the increasing capability of modern computers to obtain optimal solutions within

realistic time frames.
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Figure 1.1 Thesis motivationi given the availabletarget information, determinethe best path to
search for the target.

1.1 Elements of aSearchProblem

Search theory studies the problem of himwbestallocate a limied amount of
resources to find a target (or targets) whose location is not precisely kkRovah &nd
Stone, 2001). Originating as a discipline from the work by Bernard Koopman and others
at the AntiSubmarine Warfare Operations Research Group (ASWOR@Gnglwworld
War 11, the number of decades since has seen a body of work developed both in theory
and towards application. Having relevance in the areas of search and rescue, military
and security operations, fault discovery, as well as in resource expiprdtie
overarching goal is to arrive at an allocation of the search resources such that the

probability of detecting the target, or alternatively a reward linked to this probability, is
maximised.

The elements of a basic optimal search problem can beededs (Koopman, 1980):

1 Target information: represented by a prior probability distribution of its location
and other relevant states,

1 Searcher capability: the amount of search effort available for use and the

restrictions on the manner in which it candeployed,

1 Detection function: a function relatirthe amount of search effort applied a

location to the probability of detecting a target that is actually there, and



1 Measure of search effectivenesn:@bjective that defines a reward in relation to
the probability of finding the targatthen a given search plan is executed.

Additional considerations include knowledge about the target motion (for moving
target scenarios)sensor characteristicand the representation chosen to model the
search environmeirfthesearch set). These calso be considered as part of the above.

An optimal search problem is therefore concerned with finding an allocation of
the limited search resources available, such that the reward as specified by the measure
of effectivenesss maximised. The solution of this probieanforms the search planner
or the searchers themselMesy much and where each component of the effort should
be placed at each timErpst andStone, 2001).

1.2 Search for Targesin Structured Environments

When searhing in structured environments, the likely sources of prior target
information can include witness statements, past activity logs, and information from
networks of motion, heat, smoke, door or other sensors already instrumented in the area
(Krishnamachar and lyengar, 2004)Data may also come from additional sensor
networks deployed for the express purpose of gathering more target information prior to
risking the deployment of searchéBatalin and Sukhatme, 2005)

One of the natural ways summarisehe available target informatipnegardless
of its sourceis to represent as the likelihood of the target being present in each part of
the search environmerin the case of finding a ship lost at sBaurgault et al. (2001)
employel a Bayesian appach where such a target probability distributfomction
(PDF), definé over a large uniform grid afells representing the environmeistused
as prior information. As the rescue air vehicles scour the ocean, the target PDF is
updated using a model dig sensor and the expected target motimpending on the
particular sensor wused, its Afootprinto |

The likelihood of target presence in structured environments can also be
discretisedinto a number of cells For the purpose of searching a structured
environment, however, it can be seen that a searcher is principally concerned about the
probability of the target being in each of the regions (rooms, floors or buildings)
comprising the area. Viewed more simply, arele@r must eventually inspect a region if
it has a chance of containinge target, but otherwise can ignore a whole region

altogether. As such, while a large number of uniform cells are often necessary to



characterise a target PDF in an outdoor area, leuge about a target in structured
environments can also be summarised by the probabilitiyeofargetoeing in a much
smaller number of nenniform regions.

This difference in scale impacts on the techniques that can be feasibly applied,
which in turn déermines how fasighted the search plan generated can be. When a
target PDF is defined over a large uniform grid of cells, as is the case in many robotic
applications (Bourgault et al., 2001; Moors and Schulz, 2006), it is usually only
practical to eithe(1) select the optimal actions with respect to what could happen in the
very short term future, or (2) try to plan over a longer horizon, but via suboptimal
means. Short term planning can provide adequate solutions when the target PDF
contains a cleagradient that leads a searcheéowards the areas with high target
probability. When the task is to search a structured environment replete with internal
walls and doorways, however, this is much less likely to be the case. A sdhather
uses short term plamg under such circumstances may then be compelled to repeatedly
cover a nearby area while remaining oblivious to the possibility of finding a target much
further away.

Given a structured environment dividadcording to its constituent regions rather
than uniformly small cellsthere exists the potential to generate plans that are optimal
over a much longer time period. Instead of determining which direction to move
towards in the very next instance, a searcher could instead determine a sequence of
regions to inspect that maximises the overall effectiveness in the time available.

Although there already exist techniques in Operations Research literature that
generate long term plans for searching grids of uniform cells, the predominant
assumption that theells are essentially identical preclude their direct application for the
search of the disparate regions héréey motivation behind this thestherefore ighe
development ofoptimal techniques that bridge the requirements of the search of
structuredenvironments with the optimal search problems that are in exis(Eimpee
1.2).
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Figure 1.2 Discretisation of different environments

1.3 Problems Addressedn the Thesis

The following lists the three problemexamined in this thesis and the

corresponding issues that they see&dosider

Searching for a stationary target in a structured environment (Chapter 3)

1 How to best generate longrte plans, based on a given target probability

distribution, to search for stationary targah structured areas?

Searching for a moving target in structured environments using an imperfect

searcher (Chapter 4)

1 How to model the search @ separatedgroup of regions (e.g. cluster of

buildings) or alternativly a set ofcontiguous regions (e.g. an office space with

rooms and corridors)?

1 How to efficiently generate plarisr the above environmentghen the target is

known to be moving anghenthe searchehas a possibility of overlooking the

target?



Searching for a moving target in structuredenvironments with searchers and
scouts (Chapterb)
1 How to make the most use of platforms that can only detect but not rescue the
target?
1 Since it is possible for pdsie target information to be received during plan
execution, how does one plan to best take advantage of the possibility of

replaming?

Figurel.3 summarises the relationships between the optimal search problems

addressed in this thesis.

Non-uniform travel times between cells

Minimise expected time to detection

Maximise probability of detection

Non-uniform travel times Minimum transit times
between cells through cells

Multiple agents with
positive target
information.
Need to adapt plans
during search.
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Figure 1.3 Problems considered in thesisChapters 3, 4 and 5 will formulate and develop optimal
solutions for different extensions of the Optimal Seatwer Path (OSP) problem in the literature.



1.4 Principal Contributions

The main contributions of this thesis are:

1 The Optimal Searcher Path (OSP) problertheOperations Research literature
is extendedo account for the time a searcher needs to move fromegien to
another. The ability to plan with the nomiform travel times between regions in
mind makes it possibléo realistically model the discrete search of structured
environments. Two complementary formulations are proposed: one is aimed at
modelling the search of physically separated regions whileother deals with
the search of environments consisting of contiguous regions, such as office
spaces.

1 A branch and bound approach is presented to generate optimal planssér the
new problems. A key canbution is a new bounding method that provides
tighter bounddor the new problems as well a@setoriginal OSP problem with
almost no additional computatiaincost

1 A problem of searching with multiple searchers and scouts is presented, in
which theseach teamobtainsnot only negative target informan from non
detection but additionallypositive information concerningthe target location
from the scouts. Unlike most problems which terminate as soon as the target is
found, successful detections by stownly serve to improve on the current
knowledge such that the team can react to better engage the target in the future.
The team must correspondingly plan not only to maximise the probability of the
searchers directly finding the target, but also givenththe best chance of
exploiting possible new information. It is shown that this need to plan for
replanning can be addressed by equivalently solving a series of modified simpler
detection search problems that always do terminate on detection.

1 Optimal andheuristic solution methods for tlebove Searcher/Scoubroblem
arederived such that the capabilities of all the sensing platforms in a search task
are harnessed even when only a subset are capable of actually

rescuing/engaging/servicing the target.



1.5 Publications

Some of the contributions of this thesis are documentdt following articles:
T Lau, H. , Huang, S. , Di ssanayake, G. ,
i n a built e Praceedings wofethet I&EE/R3J ninternational
Conference o Intelligent Robots and Systegntsdmonton, Canada, pp. 3740

3745.
T Lau, H. , Huang, S. , Di ssanayake, G. ,
target 1 n an i nkBraeedingeohthe IEEE/R3Idntetndtional | n

Conference on Intelligent Robaed Systemdeijing, China, pp. 3393398.

T Lau, H. , Huang, S . ,Discdbunteds MEAM lyoankl ®r, theG . ,
optimal searcher path problem with roniform travel timeé ,European
Journal of Operational Researcim press

1 Lau, H. Huang, S., Dissnay ak e, G .i-agen® €eérch ,withdantédnh t
posi ti ve IERE/RSI Imarnationah@nference on Intelligent Robots
and SystemsSan Diego, USA, to be presented.



1.6 Thesis Structure

The thesis is structured as follaws

Chapter 2 discusses a nmber of search problems addressed in robotics and Operations
Research literatureThe Optimal Searcher Path problem (OS®)discrete search
problem which forms the basis for the rest of this thesis, is discussed in detail. The
literature on search problenfrom the area of Operations Research mainly focus on
techniques that generate long term solutions. On the other hand, typicatyptsuhl

or shorter time horizon solutions are employed due to practical constraints in robotic
search applications. It iargued that due to the ability twaturally divide structured
environments into a small number of constituent regions rather than a large grid of
uniform cells thereis scope to optimally plan for the entire duration of the seamdhe

level of the contstuent regions inspected.

Chapter 3 considers the search for a single stationary target in a known structured
environment that can be described by a set of connected regions. In contrast to most
problems inthe existing literature, the scenario allowsetkearch times of individual
regions and the travel times betwedte regions tobe arbitrarily specified.The
objective is to minimise the expected time for detecting the target and a dynamic
progamming approach is proposethe technique is also extertleo theproblem of

searching fomultiple targets.

Chapter 4 formulates theOptimal Searcher Path problem wittorruniform Travel
times (OSPT), which extends the OSP problemntalel the search for a moving target

in a structured environmerikhe searcheis imperfect in the sense that there could be a
non-zero probability of missing the target even when the region in which the target is
present is searchet@he objective is thus to maximise the probabilitydetecting the
targetwithin alimited amountof time. A complementary formulation, the Generalised
Optimal Searcher Path problem (GOSP), is also providespéaifically model the
search obpen indoor environmenté key contribution is a brain and bound solution

for both problemswvith a new boundig technique, the Discounted MEA®MEAN)
bound DMEAN also provides much tighter bounds than existing methods for the OSP
problem itself As this improvement is made with almost no additional computation, the
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bounding technique extends the time horizarswhich plans for the OSPT and OSP

problems can be feasibly obtained.

Chapter 5 considers generalmulti-agent search problem wheyee or more searchers
areaided by scoutthat can helgletectbut not rescue or engagiee target. Envisaged
applicatiors include aeam offire-fighters entering a building with a number of scouts.
While the process terminates as soon as a searcher finds the saogessfuscout
detectionsonly serve to improven the knowledge available to guide future searches
The lution framework must therefopgan not only to maximise the probability of the
searchers directly finding the target, but also put them in the best positiesptmdo
andexploit any new informationbtained from detections by scautss shown tlat the
problem can be partitioned into a series of modified rsa@éircher OSP problems,
through which the complete set of paths necessitated by each possible eventuality of
scout detection (and nadetection) can be obtained. Leveraging the work developed

the earlierchapters, optimal and heuristic methods are presented to address this search

problem with both negative and positive target information.

Chapter 6 summarises the main contributions of this thesis and suggests a number of

future directiondor research.



2 Literature Review

2.1 Introduction

This chapter discusses a number of related search prohmnsssed in robosc
and Operations Researcliterature The Optimal Searcher Path problem (OS®),
discrete search problem which forms the basihefrést of this thesis, is discussed in
detail. The chapter is organised as followSection 2.2 discusseghe literature on
classical seah problemsstemmingprincipally from the area ofOperations Rsearch
which focus maint on techniques that generate lelegm optimal solutionsSection2.3
canvassesearch applicationis roboticsandrelatedfields, where typically aboptimal

or shorter time horizosolutions aremployeddue to practicatorstraints
2.2 Classical SearchProblems

2.2.1 Overview

Benkoski, et al. (1991) provides a survey of the different types of problems
exploredin search theory literaturgvhich can be viewed in the broad categories of one
sided search problems and tsided search gameBhe former assumes that the target
i's unwilling or unable to respond to th
pro@ess has started, i t i s theexpegted tatyet mati@ep r ¢ h
that affects the anticipated outcome. This assumption is used in most maritime search
and rescue (SAR) searched)erethe target remainsnaware of being the subjecttbie
search and cannot actively influence the chances of detection until actually coming into
close range with the searcheFsdst andStone, 2001). This same assumption is made
for the search problems in structured environments considered in Chaptensd35 4f
this thesisEnvisaged scenarios include situations with a compliant target, such as the
search for a distressed or lost victim in a burning building, and in general cases where
the searcheas difficult to detect.

The second categaryhe two-sided search gamesnvolves cases where the
searcher and target cooperate to find each other, or where the target actively seeks to
hide from the searchen the worst case scenario, a target may have perfect knowledge
about the sear clwaydnoveaocniinimisa the chamad of capture.

Faced with such an omnipotent (or even intermittently informed) adversary, the best
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that a searcher can then do is to maximise the probability of capturing the target under
the assumption that it will alwaydo its worst.This in spirit describes the operations of
the search allocation game (SAG) (Hohzaki, 2006) as well as the pewasibn game
(Gerkey et al., 2006), which in many cases also assume an arbitrarily fast target. Other
problem variationswhere the target can actively counteract the searcher, such as
choosing a stationary hiding position (Nakai, 1988), selecting a route to avoid ambush
by a stationary searcher (Hohzaki and lida, 2001)aamiding detectionby a searcher
on a preplanned routgHohzaki and lida, 2000), are also often addressed through
gametheoretic means. Conversely, a target in a rendezvous problem (Alpern, 1995;
Anderson and Weber, 1990) , possibly ar me
location, actually wishes to be fouras quickly as possibleHowever, two-sided
problems are outside the scope of this thesis

Due to thelarge body of work on onesided searctproblems the following
sections will only provide an overview of thditerature relevant to theproblems
addresse in this thesis Figure 2.1 outlines the main onsided detection search

problems addressed in search theory literature.

Stationary Target
Search Problems

Markov Changing from one cell to
target motion ~ another incurs a time penalty/cost

Solved with Langrangian multiplier
methods

Moving Target Search Problems with
Search Problems Switch Costs
Solution method: Forward and % (Pollock, 1970) (Onaga, 1971,

Backward (FAB) algorithm Lossner and Wegener 1982 )
(Brown, 1980) ~

Path constraints
on where
search effort can be placed

Solution methods: dynamic
programming, integer programming

Solution methods: dynamic
programming

Optimal Searcher Path

Problem(OSP)
(Stewart, 1979, Eagle/Yee, 1990)

Continuous Search Effort

(Infinitely divisible)

Search effort is spread over any

Search effort allocation at each time number of cells at each time step
stepAls restrlctec_i with respect to the Search plan is just a fpathoof the Eg. 20% in cell 1, 32% in 6, 48% in 7
previous allocation L - .

cells visited at t=1,2,6 .T

NP-Complete

Discrete Search Effort

Solution methods: dynamic All the search effort is placed in a

Sol CdlESE programming, branch and bound single cell at each time

Figure 2.1 Classical detection search problemis discrete space and timeThe problems gain
complexity with additional features andconstraints,indicated by the red plus sigrs.
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2.2.2 Stationary Target SearchProblems

Early search problemsoughtto find a stationarytargetlocated at a point on a
planeor alternativelyin one of a number of discrete cells. Most cases as$unfieitely
divisible search effort, such that multiple cells can be simultaneously seaitchadh
time step These continuous effort allocatiamight represent the amount of time that
an aer@lane spends over each patch of the ocean, or the proportion of radar, sonar or
other sensing resource that can flveely apportionedbetween the individual areas.
Sensor effectiveness is repented bya detection function that maps the amount of
effort invested in each cell to the probability that amgéaoccupying it will be found;
typically an exponential detection functiomas assumedThe task waghereforeto
arrive at an ptimal effort allocation amondné cells of the search environmentterms
of the amount of effort to be placed in each seith that the overall probability of
detecting the target is maximised. Other objectives including the minimisation of
expected detection timgerealso addresske

Stone (1989) discusdea number oftechniques used for solving this and other
related basic search problem#\s the best continuous effort allocation under the
assumption of exponential detection functions forms a convex optimisation problem,
Lagrange rultiplier methodsweretypically used Furtherwork extended t conditions
for the optimality of such techniques to supp@artwider class ofregular detection
functions. A regular detection function is defined to be one which has a continuous,
positive al decreasing first derivative (Stone, 1989), such that the investment of effort
to increase the probability of detection is subject to the law of diminishing returns.

Discrete effort stationary target search problems provide a complement to their
continuais counterparts by considering cases where all the available search effort is
restricted to be in a single cell at each tinvodelling situations where a search
resource (such as a ship or a manned patrol) cannot be simultaneously deployed in
multiple places, the optimisation task then became that of finding the best sequence of
cells for the searcher to vislternate solution methods are necessary in cases where
the search effort availablis not infinitely divisible. Wiile Lagrange multiplier
techniqees can be readily used to solve tpeblem in its continuous formt can be
shown that the same methods do not always result in an optimal solution when the
search effort to be allocated is discrete (Zahl, 1963). Fortunately, for a restectedd

probdems, one can sequentialtpnstructan optimal plan by always choositg search
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the next celthat maximises the ratio of the next increment in probability of detection to
the next increment in co¢Benkoski et al., 1991)This property for a locally ojfpmal
plan to be also globally opti mal at any
(Stone, 1989). Foibasic discrete search problems maximising the probability of
detection,such a locally optimalstrategy is also uniforml optimal whenever the
detection function is concave and continuous (Stone, 1988) example, a problem in
which the ratio of the gain in probability of detection versus the increase in total cost
(marginal rate of returnjoes not grow for each search of a cell can then be aedres
with the locally optimal approach. This includes the typical problem wéndireed cost
is incurred for the search of eac#ll and an exponential detection is uskedthe related
case wheré¢he objective is to minimise the expected cost, Stone (1889 showd a
locally optimal plan to be uformly optimal as long as thmarginal rate of return does
not increase.

On the other hand, search problems in
the searcher chooses a different cell (Gilbert, 1958i, KB65; Onaga, 1971; Lossner
and Wegener, 1982) do not enjoy the same uniform optimality property. As will be
further discussed in Chapter 3 and Chapteredpectively,enumerativeapproaches

such aglynamic pogramming and branch and bound are thenired.
2.2.3 Searching for a Moving Target

2.2.3.1 Target Motion Models

In addition to the prior probability distribution of the possible target locations, a
mo d e | of the targetds | ikely motion ovVve
determining the best coursé actionwhen searching for a moving targ&iven that a
targetis assumed not twary its actions during the search process, its motion may
simply be described by its likely locations at eadkcessivéime stepFor example, a
submar i ne 6s empntsstsoudh laeset ofocellsan be characterised by a
number of trackéisting the sequence cklls it will visit should that track hypothesis be

correct (Hohzakand lida 1997). Each trackr is typically defined asw= ..., ,

where v is the position of the target at timeand T is the total number of time steps

available for search. Somesearchersuch as Hohzaki and lida (200450 make use

of target tracksinaccompanied bgpecifictiming information.
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It is typically the responsibility of the search plannedédine the feasible tracks

and assign theorrespondindikelihood p,, of each track being thactual path taken.
Let #( w J denote the probability of nedetection when the target uses traekand

the searcher follows a play. A basicoptimisation task is then the choice pf to

minimise § p,/1( w ). Sincea discrete problem with 9 cells affd=10 time steps

may contain up to9™ possible target tracks, the number of tracks can become
unmanagable even with modestlgized problems (Washburn, 1995). Not only is it
difficult to just evaluate the objective function alone, assigning specific probabilities for
each and everiyackwould also be a cumbersome procédany works therefore apply
Markov assumptions to simplify the description of target motion.

Instead of defining entiréargettracks, Markov motion modelassumethat the
likelihood of a target moving to another at a given time is independent of any prior
action. In particular, such a on model may be captured as a matfix where

element(i, | t u) describes the probability that a target residing in aicell timet
will move to a cell j at a later timeu, typically u=t 4, irrespective of its history
before timet. Chaining together the transition probabilities ferl,..T -1then yields

a distribution of target location at each time steq. clarity of explanation, the rest of
this thesis assumes the use of a time invariant motion memtkithusG is restated as

an N3 N matrix where (i, j) holds the probability that the target in celivill move
to cell j at the next time stefhe solution techniques to be developed in Chapters 4

and 5 however can also beattly used with a target motion model that changes with
time.

The assumption of independence from prior actions allows Markov motion
models to avoid the need to define all feasible target paths, while preserving most of the
ability to describe target nion. Further realism can hatroducedby simply redefining
each fAcell o of the model to represent no
associated velocity and acceleration profile (Washburn, 2002). Moors and Schulz
(2006) followed a sinh@r approach in expanding the above simple Markov model to
include also an inteded direction of target motion learnt offline using random particle
models.At a small increase in computation cost, the resultant second order model led to
a noticeably more umanlike evolution of the target probability distributimver time

through the search space. leenpossible in théimit to use each cell teepresent an
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entire targettrack This would however justecast the scenaria@s a stationary target

searchproblemwith an inordinatelylarge number of cell@Vashburn, 2002).

2.2.3.2 Moving Target Problems Described inLiterature

It was not until the mid 1970s that a large numbg researcherdegan to
consider theonesided optimal search for moving targeféie addtion of an evolving
target distributiongreatly enlarges the state spaemd as can be expected, simply
maximisingthe detection probability for each individual time stkges not guarantee a
globally optimal allocation(Washburn, 1983 Consequently, dg a very limited
number(less than tendf cells were considerenh the early solutions to thmoving
target search problems in discrete space and time.

In an important advance, Brown (1980) showed that a search plaa for
continuous effort problemuging a regular detectionfunction) is optimal only if the
effort allocations ateach time steg also maximses the detection probability far
linked stationary target problem I n particul ar, each <cell 6
problem is set to bequivalent to thgoint probability of the target arriving at the cell at
time t and is not detected at any other tirReactically this observation allowed the
optimal search plan farontinuous effortnoving target search problems to be found by
solving a series of simpler stationatgirget subproblems. Tks approachgreatly
simplified the solution proces that techniques already developed for finding optimal
continuous effort allocations for si@nary target search problenesuld then be directly
applied. Thisoverall iterative approachs formalised in the FAB (forward and
backward) algorithrh(Brown, 1980) and has since become the basis of solutions to a
number of other relatedorks (Tierney and kdane, 1983; Washburn, 1999phzaki
and lida, 1997Kunigami, 1997, Dambreville and Le Cadre, 200Rodin et al., 200)/
Reflecting its more general use, Washburn (1983) extendedrAle algorithm to
consider other payoff functionsmcluding minimising lhe expected cost to find a target
and maximising the reward in a muitiate survivor search (&ienza and Stone, 1981).

An interesting aspect of the FAB approdigds with the fact that it caguantify
the maximum possible difference of any arbitrarynptas payof f from t h
reward (Washburn 1981)the iterativecomputation procedure may then be terminated
early once a solution guaranteed to be suffityeclose to optimal is found. The same
property also makes the technique amenableestimating the usefulness of partially

! A more detailed description of the FAB algorithm can be found in Appendix A.
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enumeratedplans in a branch and bound framework, as will be further outlined in
Section2.2.3.4

Reflecting the similar difficulties with applying continuous effort methods to the
discrete brms of the stationary target problem, the conditions under which the FAB
algorithm generates an optimal solution are not always sufficient when the effort to be
allocated is discrete. In particular, Washburn (1983) showed that unlike for the
continuous dbrt case, critical discrete search plans found by the dtgordre not
necessarily optimal.

Of particular relevance to the problems considered in this thesigjigbeete
Optimal Searcher Path problem (OSP) (Stewart, 1979; Eagle 1984, Eagle and Yee,
1990; Dell et al. 1996; Hohzaland lidg 1997; Washburn 1998) in literatuferther
restrictsthe cells which can be searched at each time. Aimed at modelling scenarios
where the search effort is constrained to follow a path, if one cell is searchedhat a ti
interval t, then the effort can only be redeployda neighbouring cell at timé+1.

Due to this search effort constraint, the problem is known to beCdifpleteif
maximising for the probability of detgon, andat leastNP-Hard when the objective is

to minimise the expected detection time (Trummel and Weisinger, 1986). The following
section describes the discrete effort form of the OSP problem in more detail.

2.2.3.3 The Optimal Searcher Path Problem(OSP)

The searcher and target move through an environment divided into a finite set of
cells C :{1,...,N} (seeFigure 2.2). The target occupies one call a time and moves
according to a specified Markov neldat each time step; a matri@ describes the

probability that a target will move from any of the cells to another at the next time step.

As an examplesetting G, 0.6, G, .3, and G, =0.1indicatesthat a targeknown

to bein cell 1 will move to cell 2 with a30% probability, move tocell 3 with a 10%
probability, and has a 60% probitity of remaining in its current cell.

An initial probability distribution p(Q1) F(11),p(21)...p(N1 ] of where the
target could bat timestepl is supplied, whereg(i,t) is the probability that the target
isin celli at timet without being detected by any searchefore t. In the absece of

searchersthedistributionevolves according to the formul(x ¥ pt ,t) O
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Figure 2.2 Example OSP sarch grid and equivalent graph.Edges show valid searcher transitions

Target detection is modelled as follows: if both the searcher and targetcaiée in

I during timet, detection occurs with a glimpse probapildf g(i,t). This probability

is assumed

to be

independent

of past

searches. As an example,

p(Qt) Bp@,t),..., p(N,t) and cell lis searched for one time stepe distribution at
the next time stegthenbecomesp(Qt ) [p(1,t) (L (1)), p(2,t),...,p(N,t)

This glimpse function may typically take the form g@f(i,t)=1 €™ (Dell et al.,

1996, Eagle and Yee, 1990), witl(i,t) 2 O being a measure of search effectiveness

for a given celli. Any function0¢ g(i,t) ¢, howevercan be used.

The

searcher 6s

pat h

i s

constrained

S(i),il C denoting the set of cells that a searcher can directly move to frorm &ell

particular, if the searcher is in céllat timet, it is only able to search cgll S(i)at

timet+1.

Given T time steps tdind the target, leyy bea valid search plan represented by

a series of cells sedred in one time unit increments, wherét) denotesthe cell

inspectedat time stept ={1,...,T }. A searcheffollowing plan y» first moves to and

searches cel)/ (1) for one time period, then travels to search gglR) for another

time step, and continues for the remaining cells unttime periods in total have been

expended. For convenienge(0) denot es

the first search.

t he

searcher 6s

Taking into accounthetarget motion and the effects of previous cell deescthe

undetected target probability mass in a cell at each time peandaccordingly be

determined by:
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Where M is an N3 N identity matrix with they (t)" diagonal element set to

y (e

1- 9(r (1).1).
The objective for the Optimal Searcheath problem (OSP) is to find the search

plan y that maximises the cumulative probability of detectl®D() ) within the T

time steps, which can then be stated as:

maxPDy =& A} q %) ) (2.2)
Subject to:
y(t+1) iS(y(t)),t D,..T 1 (2.3

The glimpse functiong(y (t),t) are given and the undetected target probability
p(y (t),t) can be obtaed using equatio(R.1).

Thereexist alternative formulations literature for theOSP problem (Thomas
and Eagle 1995; Washburn, 199%)cluding a variant in which thebjective is to
maximise an expected reward accounting for both the utility of finding the target and
the cost of sensing (Hohzaki and lida, 199%e formulation shown above, similar to
that used in Dell et al. (1996), is chosen here to make clearaatjeation of the
problem in Chapter 4. Trummel and Weisinger (1986) also defined a form of the
problem that seeks instead to minimise the expected time to detection given an infinite

time horizon. The work in Chapter 3 can be seen tela¢edto this form.

2.2.3.4 OSP Solution Methods

As discrete search problems are rendered-aomvex by the implied integral
search effort constraint, previous techniques that directly optimise the allocation of
infinitely divisible effort, such as the FAB algorithm, do not e&sarily converge to
optimal discrete effort solutions.h& need for theearcheto follow constrained paths
in the case of theOSP problemalso presents additionathallenges thus further
favouringtheuse ofenumerativenethods

Eagle (1984) formulatk the OSP problemas a partially observabl®arkov
decision process (POMDPInd employed dynamic programming tanaximise the
probability of detectionln order to manage the potential size of the solution space, the
proposed technique relied heavily on @minance checking method to first eliminate
states that clearly do not belong in an optimal solutiewen with the use of this

technique, only a small number of value iterations could be calculated for a problem
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with nine cells before computer memory wasghausted. The use of dynamic
programming for the OSP problem is therefore limited by computation speed and

memory requirements to very small problem instances.

Searcher Start Cell

Cells the searcher
can visit at time step 1

®

Cells the searcher " : ’
can visit at time step 2
A AN A

Cells the searcher °
can visit at time step 3
v v v oy

Figure 2.3 Enumeration of possible searcher paths for map ifrigure 2.2. Each sequence of nodes
describes a different feasible path.

Under an alternative approach, Stewart (1979) proposed a branch and bound
framework that findghe best search path by implicitly enumerating all the feasible
paths for the searcher. The key to the approach lies in explicitly examining only a small
subset of theossiblepaths, safe in the guarantee that the remainder cannot possibly be
optimal. Various forms of branch and bound have since featured prominen®sih
literature (Eagle and Yee, 1990; Martins, 1993; Dell et al. 1996; Hohzaki and lida,
1997; Washburn, 1998 Such branch and bound ppoachestypically enumerate
feasible paths in a depflist manner, beginning with the starting cell occupied by the
searche(Figure2.3). As the process branches outtmsidereach of the cells that the
searcher campossiblysearch at the subsequent time stepupper bound of the best
payoff (in terms of the probability of detection or an expectaard)that can be
achievedf the searcher does indeed choose to go to thisegtlis estimatedShould
the estimate not exceed the best known reward thus famimge¢éhat no further
expansion of that branch can possibly yield a better soldtian what is already
known then the entire subspagkrelated paths can IsafelydiscardedFigure2.4). As
a result,a branch ad boundapproachstands to find the optimal solution significantly
quicker than the worst case of exhaustive search if reasonably accurate bounds can be
quickly computed.
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Searcher Start Cell

Cells the searcher
can visit at time step 1

eees il

Cells the searcher
can visit at time step 2
vV v AV N
\ 2/ v v

Cells the searcher
can visit at time step 3
Figure 2.4 Implicit enumeration of searcher paths for map inFigure 2.2. If searching cell 2 at time
1 cannot possibly lead to an optimal solution, then all subsequent path extensions beyond that point
can be ignored.

The calculation oBuchboundscommonlyinvolves solving a simplified problem
in which one or more constraints of the original OSP problem is rel&tedart (1979)
simplified path constraints such thatiscretesearcher can visit any cell reachatotem
the starting locatioafterthe elapsechumber of time step®ven if that particularcell is
not directly connected to the last cell searched. Although a problem with this
distribution of effort(DOE) relaxationcan bepromptly solved with adiscrete vesion of
the FAB algorithm (Brown, 1980), the resultant solutians not guaranteed to find the
optimal answer for the relaxed problem and therefore only give rise to heuristic bounds.
In contrast, Washburn (1995) removed the discrete search effort assufnn
the problem such that the searcher is allowed to be in multiple cells at the same time.
The solution of thigs now a convexcontinuous effortproblem Therefore the FAB
algorithm is able to generate a true and tight bound. The FABC bound opertitiss
manner by only using the payoff from just the first iteration of the FAB algorithm
FABC is, nevertheless, thmost computationally intensive of the OSP bounds proposed
in the literature A similar approach is taken iiyagle and Yee (1990)vho also solved
a relaxed problem made convex blfowing continuous allocation of search effort
Eschewing bound sharpness for calcul ati
made linear relaxations to the OSP problem through maximising the expected number
of detections. In particular, the original search problem is transformed into a longest

path problem in which both the searcher indivisibility and path constraints are still
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preserved. When thepath constraints are relaxed to form a reward collection problem
the more easily evaluated bound PROP (Washburn, 1998) is obthastly, ERGO?2
(Washburn, 1998) estimates bounds with even less computation by directly using a
stationary target distributiorto calculate the corresponding rewardsstead of
computingthe actual distributions at each tim&ashburn (1995, 1998) revievesd
compares numbeiof bounding techniques literature forOSP problemincluding the
above, which will be further discussed in Sectiof.5.1 This thesisprovides an
improved version of the MEAN method, Discounted MEAN (DMEAN), which
produces much sharper bound values with almost no increase in computatioaadcost
outperforms other bounding methods proposed in the literafureoverview of the
OSPbourd methodsand a more detail description of the PROP and FABGndscan
befound in AppendixA.

2.2.4 Extensions to theDetectionSearch Problem

Generalized Search Optimization (GSO) was defined by Stone (1984) to denote
the technique (Stromquist and Stone, 1981), including FAB, that address a range of
continuous effortsearchproblems. Modelling the ideat h a t a Vviahy mos
deteriorate with time, the target in the survivor search problem of Discenza and Stone
(1981) undergoesot only changes in motion but additionallyréversible) changes in
state.The objective was then to maximize the probability of finding the target alive by a
given time. Similarly, anothemulti-state problem the defensive search, involved
finding an &tackerbefore its weapon is launchéstone, 1984).

Beyond maximising detection probability i time periods, Kadane (1983)
consideredh whereabouts seargroblemin which a searcharan additionallyguess the
t ar g e tiod afterlthe final time stefsurveillance and countamuggling scenarios
also present particular challenges, since the first target detection in such applications
might not necessitatehe end ofthe search process. The Generalised Surveillance
Search Prolem (Tierney and Kadane, 1983), whican assign payoff additional
detections after the first evenf was subsequently proposed to incorporate the
whereabouts, surveillance and also shendarddetection search problem in a common
formulation. Theframe w o rakildysto maximise rewards beyond the first target
detection raises interesting possibilities and will fogher discussed in Chapter 5.

Moving beyond just searching for the target itself, Stewart (1985) outlined heuristics for
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a problem in whih target trails can also be used as source of positive information
where the targehight be

More recently, Dambreville and Le Cadre (2002) explored the management of
mixed search resourgesuch as radar and sonahjch can be reused after a numbef
time stepssubject to renewal constraints the deployment of a resouraeone time
stands to affecits future availability at anothegffort allocationtakes placenot only
across space baisotime.To t hi s e RAB algoBtlinowas rhosliéd to first
divide the global amount of resources into optimal search effort quotas for each time
interval. Dodin et al. (2007) used the discrete moving target problem framework to
modela radar acquisition tasknd employed branch and bound to find ltlest pattern

to acquire a ballistic target with a narrdagam tracking radar.

2.3 Autonomous Searching and Related Work

This section discusses literatuom search problems more directly setthe
contextof robotics. In general, the problems considered tenthcorporate a wider
variety of applicatiorspecificconcernsreflecting the detailed needs of the individual
scenarios addressed. In contrast to sbkitions availablen classical search theory
literature, the emphasis is often given tquickly obtaning reasonablesub-optimal

solutions.

2.3.1 Single Searcher Problems

In a variation of the stionary target search problem discusse8&etion2.2.2
DasGupta et al. (2006) invesated the search o r a st-poi ¢ Ininodeyw
bounded region with internal walls. The searcher is only able to use locrgen
information such that itsircular sensing radius fiors aficookiecutteio footprint in the
target density distributioras it travels Although the problem was defined the
continuous domain, the soluti@pproach consisted p#rtitioning the area into smaller
connected regions, solving a discrete probmilar to the OSP problem (Section
2.2.3.3 and then fitting the discrete plan backoim viable continuousgph. The
complexity the discretproblem wasmanagedby first aggregating the regions into a
sufficiently manageable number. A polynomial time approximation to thendié
problem wasalso provided, along with bounds that gauge libgs in optimality due to

boththe use othis heuristicand the process of discretising aefining the pathtself.
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Similar to the problento be addressed in Chapter 3, Sarmiento et al. (2003)
minimisedthe expected time to find a target inside a pafyfftat may contain holes.
Since a uniform target distribution was assumed, the problem considered could also be
seen as an exploration taskstead of continuously searching through the area, it was
assumed that the searcher senses only Wdwated at sgecific points in the map
Although the choice of such locations waset addressedeaonable suggestiongere
provided, includinghe guard positions from the solution of a corresponding art gallery
problem (Chvétal, 1975)or similarly points on a watchnmapath (Chin and Ntafos,
1986) A branch and bound approach was sketched for findingpélsesequence of
locations to visit. Due tohe complexity of the NRhard problema greedy algorithm
was proposed such that each location to be next visited maxithsestio of the
increase in detection probability to the increase in cbse authors wsequeny
extended the problem to incorporate an arbitréayget probability distribution
(Sarmiento et al., 2004nd proposed an extended tlagered approactWhile the top
level determined an efficient ordering of regions as before, a new lower level joins them
together using locally optimal (in terms of visibility) trajectories.

Bourgault et al. (2088) presented a Bayesian approach to model the search for a
stationary or drifting target at sea, principally with the objective of maximising the
probability of detection within a given a time. The search environment is discretised
into a large grid of cells, over which a target probability density function is etkfin
This fundion is defineda priori with availableinformation, and updated with a process
model that accounts for wind, current and other factors. Similarly, a distasee
observation model maps the position of the airborne searcher, defined ontimeicus
space, to the likelihood of detecting the target in each of the cells. Updating the
probability distribution with this model then provides a posterior accounting for the
effects of search. Due to the large number of cells involved, the tragsctogre

calculatedusingonestep lookahead.

2.3.2 Multiple Searcher Problems

The search of an outdoor area witmmanned Aerial Vehicles (UAVshas
provided a popularmultiple searcher applicatiolBeyond the aforementioned issues
associatedwith directly findng the target, the efficient sharing and fusion of
information between platforms under communication constraints is also the subject of

significant interestMulti-agent information sharings, however beyond the scope of
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this thesis and will not be digssed in detailOther issues introduced by the use of
multiple searchers include the need to avoid collision, stay in communication range, or
for multiple vehicles to simultaneously respond to a target.

Polycarpou et al. (2001)outlined a frameworkdevelgping and evaluating
strategies for coordinating the search and engagement in a dynamic target environment.
A multi-objective cost functiomveighing the different copeting needs of the searchers
was solved using recursive-step planningCarrying the workforward, Flint et al.
(2003) maximisedthe expected number of targets detected within a given time horizon
in a risky environment with tieatsusing a dynamic programming approac¢he target
information waspresented using probabilistic maps and ekiertuality thatsearchers
could also be destroyatlas consideredviore recently Liao et al. (2005) considerad
search and respongdask usingplatforms with limited communication, focusing on
information sharing and information fusing policies. Jin et @06} also addressed a
search and response task with a heterogeneous team, whereby the trade off between
searching and target engagemanrt evaluated with respect to mission performance.
Beard and McLain (2003gxamineda multi-target scenario where the aechers
additionally have to avoid colliding with each other and yet not strayond
communication rangeAn optimal dynamic programming approach for the-id
problem was presented along with two heursstiane approach myopically planned for
one vehtle at a time while the other planned with some consideration to the other
vehicles.

A numberof works dealt with problems closer in form to the classical discrete
search problems discussed in Sec#idh3 Dell et al. (1996gxamined a muksearcher
version of the OSP problem and compared theotibeanch and boundplling horizon
branch and boundyenetic algorithms, simple hill climbing, as well as two heuristics
based on maximising the expectatber of detection. Du@ tthehigh complexity of
the problem, optimal paths maximising the probability of detection could only be found
for at most two searcher®gras et al. (2004) used the mud@archer OSP problem as a
basis for a hierarchical approach where thelegkl paths obtained from the problem
are then translated into robot steering directions. Althougltited example searches
for multiple stationary targets, the problem objectfeanaximising the probability of
detection (of at least one targes) cast identally as that for the singi@arget OSP
described in SectioB.2.3.3 Two heuristics maximising a rate of return (ROR) measure

instead of the probability of detection are given, one of which first aggregates the
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searchers intgroups to simplify planning. In operation, the searchers communicate to
maintain a common target probability distribution and replaer adach goal cell is
searched. Hollinger et al. (2007a, 2007b) examined the problem of locating- a non
adversarial targewith multiple searchers in indoor environments, with the aim of
minimising the expected time to capture. The probability of not detecting the target, the
inverse of the rate of return, as well as the resultant enfropysearchingeach region
were usedas onest e p heuristic cost functions t
decentralised planning algorithm in which each searcher plans as if the states of the
others are fixed was proposed.

Sujit and Ghose (2004) considered the case where the envirosnavrited into
a regular grid of regular cells and the UAVs with endurance constraints must return
regularly to a base station. Routes were planned heuristically a usimgrtiest path
algorithm, under a simplifying assumption of not updating the tanf@tnation for the
effects of searchinguring each particular sortidlission performance under differing
assumptions of information sharing between platforms was also compared. A
subsequent work (Sujit and Ghose, 2006) similarly explored the effectigpbfiray
marketbased techniqueBringing together a decentralised Bayesian data fusion (DDF)
technique and a decentralised coordinate control scheme originally proposed in
Grocholsky (2002), Bourgault et al. (2002004) extended an earlier singsearter
framework (2033) to coordinate the task of searching at sea with multiple vehicles. The
vehicles are viewed as nodes in a decentralised Bayesian sensor network, where a
channel filter (Bourgault and Durrakithyte, 2004) maintains a common picture lod t
target probability density function. Scalability is achieved through each vehicle
planningonly with respect tolte locally available PDF, although it is also possible to
improve onthe common utilitybetween vehiclethroughfurther negotiation (Bourgalt
et al., 2008). Further work in Wong et al. (2005) extended the approach to search for
multiple targets.Overcoming the possibility of earlier techniques where the target
probability around a vehicle might not have a sufficient gradient to guideetstion of
motion, a dualobjective switching function is introduced such that the vehicles would
then move towards the mode of the nearest target Rathews and DurraftVhyte
(2007) identified thalifferentinformation requirements of a muitehicle iformation
gathering system that would allow a commonate objective to be decentrally
optimised. A scalable cooperative control algorithm was proposed that could also

facilitate the negotiated solution of the muléhicle maritime search problem
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consideed in Bourgault et al. Z004b).Moving beyond optimising for searching alone,
Furukawa et al. (2006) used the Bayesian framework for scenarios where some of the

vehicles need to track the targets even after they have been initially found.

2.3.3 Searching in Strudured Environments

While much of the research described ab@are mainly aimed ataddressing
outdoor search scenarios, soaighe work(Sarmiento et al., ZIB, 2004; and Ogras et
al., 2004; DasGupta et al., 2Q0Q6e also amenable to teearch of indooor structured
areas.The Bayesian search framework of Bourgault et al. 3300or instancecan be
coupled with a process mod#tat accountsd o r a targetbds proba
environment divided by walls (Bourgault et al., 2004t)s unclear howesr whether
same short horizon planning methods would result in paths that areeetsveffas for
the outdoor case.

Recognising that the Brownian motion of traditional simple Markov models can
produce unrealistic target motion in a closed environmentappeoach bMoors and
Schulz (2006) used seconebrder model trained offline using random particles.
Models were developed using a training process in whiabh particle randomly
chooses a waypoint in the environment and moves along a planned paghchefmsing
another waypoint once more. All the particle tracks are then summarised in an expanded
secondorder motion model that accounts for not only the previous location of the target
but also its intended directiohis model therefore allows existingroblems that
assume Markov target motion to plan for a more realistic targeors

Beyondobtaining an effectivéarget motion model, the nature and representation
of the search spaadso play arimportant role in shaping the overall outcome. While
the search spaces of discrete search problems all essentially consist of graphs with
connected nodes, the choice of what the nodes physically represargrgaAs with
other path planning problems, a primary consideration invaugdoyinga graph that
adequately models the environment, for the purposes of the application, while ensuring
that the resultant complexity remains manageable. At onefehe scaleregular grids
or points can finely represent spaces in open environments (Bourgault et 3k),200
structured environments (Moors and Schulz, 2006), as wellursructured
environments clutteredy obstacles (Jung, 2005). However, as suggested in Chapter 1,
the introduction of the many nodes also imposes a high complexity penalty patthe

optimisationsthat can be applied. Regidmased approaches (Jung and Sukhatme, 2004,
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Hollinger et al., 2007a) seek to overcome this limitation by exploiting the structure
inherent in indoor environments and representing an environment asfaceehected
topdogical regionsjn a mannemnalogous to the use ohvigation meshem general

path planning literature. Representatiorthed minute elements in each region, which is
unnecessary in tracking and searching applicatwnasre agentshave a much larger
sensing footprint is relinquished in return for the ability to plan more sensibly over a
longer time horizon.This thesis also similarly exploits the structure of such
environmentsJung (205) examined the relationship betweegionbased search and
environmental complexitysing mapswith different levels of obstruction. Open areas
were found to be more conducive to eplg planning approaches thaegionbased
planning since the agents can in realignse beyond the boundary of aayificially
imposedregions. On the other hand, defining regions in more obstructed structured
environments enabled regirased methods to better relocate the agents to improve
target visibility. Of practical interest
regions should be chosen based ondabmplexity of the environment.

The work in this thesis and all the literature discussed thus far assume that a
sufficiently accurate map of the environment is available to the searchers. This is
however not always possibler Urban Search and Rescue applications that take place
in heavily damaged areaBhe RoboCuRescue competitio(fadokoro, 2002provides
one suchsimulatedexample, where the robots must search for victims through areas in
various stages of collapse. Thenciple tasks addressed in these cases can therefore

more often resemblmap building and exploration

2.4 Summary

This chapter introduced a number of search probldessribedn literature and
discussed the techniques used to address them. At one tedspectrum, search plans
for finding a stationary target under continuous effort assumptions céoubeé using
Lagrange multiplier techniques. Discretely searching for a moving target under
additional path constraints, on the other hand, constitutdd’drard problemExisting
robotic search problems are therefore typically solved using suboptimal chsehiadn
methods.

Due to the increasing availability of cheap computing power and the ability to
divide structured environments naturally irtesmaler number of constituent regions,

thereis scopeto optimally plan for the entire duration of the seanchthe level of the
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constituent regions inspectedls discussed in this chapter, there exist techniques in
classical search literature that computasgliterm search plans for uniform cells with

the assumption that effort can be instantly relocated at each time step. The focus of this
thesis is orextending theetechniques to findongerterm optimal plans for the search

of regions in a structured emonment that are not necessarily uniform.

Chapter 3 considers the search for a stationary target in an environment where the
searcher musadditionally spend some time to move from one region to another.
Chapter 4 extends the Optimal Searcher Path protdenodel the search for a moving
target, first in environments where the searcher must spend time moving between
widely separated regions but cannot detect the target during traveseaoddly for
open indoor areas where the searcmeist spend some temtransiting through an
intervening third region. Building on the OSP problem, Chapter 5 considers searching
by a heterogeneous team consisting of searchers and scouts. Detection of the target by a
scout does not terminate the search process but instgabvies on the target
information available to the team. The optimisation task addressed involves balancing
between maximising the probability of the searchers directly finding the target and
ensuring that they can respond effectivelptssibledetectiondy scouts.



3 Search fora Stationary Target

3.1 Introduction

This chapter considers the search #orsingle stationary target in a known
environment that can be described by a set of connected re§jisearch strategy that
minimises the expected time for detion based onavailable target informatioms
presentedln contrast to much of the existing literature, the proposed algorithm allows
the search times of individual regions and the travel times between them to be arbitrarily
specified.

Thestationary teget searclproblem is defined in detail in Secti@®. A solution
method based on Dynamic Programming is presented in S&80An extension to
cater for the search of multiple targets is ottl in Sectior8.4 and smulation results
are shown in Sectior8.5. Section 3.6 discusses the problem in the context of related

stationary target search problemisile Section3.7 summarises the work in this chapter.

3.2 Problem Description

Searching looks for objects ofterests targets. A genergdroblem when a single
searcher is looking for a target in a known environncantbe described as follows.
Given knowledge of:
1 Theenvironment structure
1 Searcher capability
1 A priori target information
Find a search strategyduthat thesearch efficiencys maximsed.
The following defines the environment structure, searcher capability, target

information and search efficienégr the problem addressed in this chapter.
=
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Figure 3.1 An environment decomposed into a set of region3 he regions are shown with different
undetected target probability (shading), search time (number) and travel times (arrow weight).
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3.2.1 Environment Structure

Typical indoor enviroments are composed of connected regions (floors, rooms,
halls or corridors)lt is assumed that the environment can be decomposed into a set of
simply conneced regionsas shown irFigure3.1, where two regions aronly linked if
a searcher caphysicallytravel directly from one to anothéfhe regions are defined as
nonoverlappingareasj n whi ch a searcher can guarant
been searched for aquisite amount of time; convex regiom#l be used in subsequent
examples for simplicityout are not strictly required he distances between each pair of
connected regions are assumed to be known, along with the size (and structure) of each
region. It is assumethata map of the environmerg available such that treearcher
can sellocalise and move between regions as required. Given the available
information, the time necessalgr a searcheto effectively search each regiand the
minimum time needed to move from a region to eachsoimmediate neighbours can
also be easily computed in advance.

A topological map can be used to describe the environffiegtire 3.1). The

complete search area is partitioned into a weighted undirected @@WhE), where
each of then =|N| nodes denotes a regionthat requiresT, time steps to search. An
edgefrom nodei to j exists if a searchr can travel fronregioni directly toregion j ;
the weightW, denotesthe corresponding travel time requiredhe set of all the
adjoining nodes to region is denotedoy S(i). Typical indoor environments are not

fully connected and thereforg§(i) would usuallybe a small subset dN. Figure 3.3

illustrates an exampldisaetisation of an office area into one suchp

3.2.2 Searcher Capability

On arrival in a region, a searcher can takae ofthe following two actions:

1. Search the region or

2. Move from regioni to an adjoining regiorji S(i) without searching

Searching theegion i requiresT, 2 1 time steps and will detect the target if it is
actually presentin the region.x(t) denotesthsa e ar cher 6 s [It,ovbichisi on

updatedor each actiomespectivelyas follows:

1. When searching region

x()=i - x(t q) E (3.1)
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2. When moving from regiom to ji S(i):

X(®)=i - x(t W) F (3.2)

3.2.3 Target Information

A discrete probabilitydistribution p describes the probability thah aindetected

target resides in each regfoif there is no prior knowledge, uniform distribution may
be usedo recognise that the targetjust as likely to be in one region as in any other.
Alternatively, the probability of the target being in each region mayassgned
proportioral to thesize of the region concerned.
At time t, the probability ofan undetectethrget being in region is given by:
p(i,t), i=1,..n. (3.3)
Note that:
él p(i,t)=1 (3.4)
except at the termination of the seardiew the target has been fouhathis case:
p(i,t)=0, i =1,...n (3.5
Consider the actions described(®yl) and(3.2). If the searcher at timechooses

to move from regionx(t)i {L...n} to a neighbouringregion j, then the known

probability distribution ofthe targestays unchanged until time+W,, .. On the other

hand, f the searcher chooses to search regi(f) and does not find the targétere

then the target probability mass can be redistributed amongst the other regions as

follows:

p(X(D, t+ Tg) 05 p(int Fyy) 1——% (1) (36)

Equation(3.6) updates p to reflect the fact that the targeannot thenbe in
region x(t) and normalises thprobability distribution such that the undetecteddat

probability still sums to onever all the regions. Alternatively, should the searcher
succeed in finding the targéhe distribution is then set 8.5) as previously noted and

the process terminates.

% This distribution is normalised to sum to one whilst the target remains undetected and is different from
the target distributiorp for the Optimal Searar Path (OSP) problem defined in Sect®n.3.3
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3.2.4 Search Efficiency

When looking for a single target, two typical measures can be used for search
efficiency, namely (i)the expectedtime needed tadetectthe target and (ii) the
probability of detection within a given time windovAlthough the precise target
location is not knownthe searcher in this problem will always find tistationarytarget
as long as it spends the time to inspakthe regions. Minimising the expected time to
target detection is therefore chosen as the objective for the problem considérid i

chapter.

3.2.5 Discrete TimeFormulation of the SearchProblem

Let u(®),u(2),u(ld),... be a sequence of actions chosen by the searcher at time
periodsz (1), £2), (3),...respectivelyln particular,an actionu(k)i {s jiI Xt ( B))}
representgither a decisiorf d e n o t e for the gearcheadbtime ¢ (k) to search its
current region x(¢ (k)), or specifies aneighbouring regionji S(x#(K) for the
searcher to movento.

The optimum searchrpblem can now be written as: Given a map of the
environment (such asigure3.1), the initial searcher locatior(1) and an initial target
probability distribution p(1,1),...,p (h,1) decide u, a sequence of actionthat
minimises the expectedime to find the targeBecause there can be an infinite number
of control sequences, it is inegeral not possible to compute tliEnimal value
directly.

This seart problem, however, is subject to a number of simplifying constraints
due to the fact that

1 The searcher shouldot visit regions in which the probability of finding the
target is zero.
Perfect detection implies that each region ordgds to be searchedae, and
An optimal searcher should always travel from one region to another via the

shortest possible route.

Computingthe optimal actionsu* is thereforeequivalentto finding the order in
which the regions are visitesuch that theexpected minimum time to detection is

minimised.
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Let y representa particular sequenctat describes the order in which the

regions are to be visitedvhich differs from the more detailed action sequence

defined above The expected target detection time for a given sequencean be
computed by:

T,MPLY F,(2) p@1) ..+T, @) p(.1 (3.7)
where T, (i) denotes the earliest possible time for regjo@i) to be fully searched
whenthe sequenceg/ is followed. Formally, finding the sequence of actions to find a

stationary target can be described as the following equivalent ordering problem:

mind T, ()P (). 38)

Subject to:
y()i Ny, "i 4.0, (3.9)
y@, A 10 Eemgh (310

Where N, ={ } p( j1) 8} is the subset of regiortkatcan possiblycontainthe target

and n, =|N,| is the number a$uchregions.

3.3 Approach

In this section, a method for obtaining the sequencegbnsy * that minimises
the expected time to detectidar a sirgle searcheusing dynamic programming is
presented While the dynamic programming algorithm pralés a provably optimal
solution, ittends to be compationally expensive in general. Howevignyill be shown
that the structure of the specific problemdsritself to an efficient implementation of

this algorithm.

3.3.1 Value Function

Following a similar argument as in Section 2 of Lossner and Wegener (1982), it
can be shown thdahe next optimal action for the searcher to take depends only on the

currentsearchelocation and theurrentprobability distributionof the target
For any searcher locationi {1, 2,...,n} and any feasible target probability
distribution p,...,p,, one maythen define a value functiorW(x, p,..., ) as he

minimum expected time to find the target, stagtfrom the current timelhe qtimal

search plan from this time onwanagnimises this value function
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Define A(k),k=1,...,ny, as the set ok-combinations ofN, andset A(0) = x(1).
Let ai A(K), k=0,...,n, hold a combination of the regions that a searcher could be in

when it is known thatk regions have just been searcheBor convenience, te

p(a), al AW map a combinationa to the corresponding target probability
distribution when thek regions specified have all been searched without suecekss

p,(a) refer tothe targetprobability in regiony in that case.p(a) is obtained by
applying the update equatid®.6) to the inital probability distributionp(1,1)...,p (",1
for each region ire. Note thatp(a) =[0,...,0] for ai A(n,).

3.3.2 Dynamic Programming Equation

In general, if the searcher has already searchedn®g andis now currently in

region x, the next regionyi N, \ a it should inspect is the one that leads to the lowest
value of R, +(1 -p,(d)) WOy [ &G{ })), where R, denotes the shortest time needed
for a searcher in regior to move to and search region
Using the principle of optimality, the following Dynamic Programming Equation
(DPE) is obtained for anxi a,al AR, k 4,...,p:
V(x p(a)=mingR, 1 R(3) MOy # &{ W) (3.11)

In other words, the minimal expected timedt&gect the target when the regions in
set a havealready been searched and the searcher is in reg®at least the sum of

the time R, needed to search the next regigm N,\ a and the minimal expected
detection timeV(y, p(aG{ ¥)) multiplied by the probabilityl- p,(a) of not finding

the target in regiory either.The value function®/(x,0,...,0)= 0X I'N, represent the

boundary condition when the target has been found.

% For example, consider the case whén=1{1,2,3. Then A1) ={{1},{2}.{3}}
and A searcher thatds just searched two tifethree
regions could have searched them in combinations of or and in each case the

searcher may now be waiting in either one of the two respective regions, depending on the actual search
order taken.



