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“* Modern Surveillance Systems — multiple sensors installed on mobile platforms

-- landmine detection and identification
-- monitoring of endangered species

-- monitoring of urban environments

s Traditional paradigm: sensor information is used as feedback to the vehicle in
order to support the vehicle navigation

*» New paradigm: the sensor motion is planned in view of the expected

measurement process, in order to support the sensing objectives
¢ LISC Research Emphasis: Geometric sensor path planning
-- Address couplings between sensor measurements and sensor dynamics

-- Optimize sensing objectives (e.g., detection, classification, tracking..)
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Communication link

“u System

§ manager

Sensors: acoustic, w./ GPS, limited micro-level processing, mobile

Targets: passive, mobile, unauthorized

Environment: heterogeneous bathymetry and ambient properties, currents

Sensing objectives: coverage, tracking, detection, classification
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Sensors: Cameras, IR, GPR, EMI, synthetic aperture radar (SAR)
Targets: static, hidden, hazardous

Environment: heterogeneous soils, weather, time of day, obstacles

Sensing objectives: detection, classification
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oo onnenens Applications: Urban Monitoring

SYSTEMS AND CONTROLS

= Sensors: Cameras, IR, synthetic aperture radar (SAR)

= Targets: static, hidden, mobile, evading
= Environment: time of day, obstacles
= Sensing objectives: detection, classification, tracking
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/ Performance measure to be optimized w.r.t. u(z),

J =¢[X(tf),tf]+ j L[x(¢),u(z),¢}gt, with LC. x(z))

subject to nonlinear time-varying dynamics,

X(r) =f[x(¢).p(¢)u(t).z]

and subject to equality and inequality constraints

c[x(z),u()]= 0

» Vehicles control vector: u[x(?), {]
* Vehicles positions: x(¢)

« Environmental and sensing parameters: p(¢)
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- The sensor 1s characterized by a discrete field-of-view (FOV) geometry, and
by a joint probability density or mass function (PDF or PMF).

- The platform is characterized by a discrete vehicle geometry and a dynamic
equation.

Examples:

T
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Targets and Workspace

- The workspace may contain obstacles and changing environmental conditions
- Stationary targets are characterized by discrete geometries,

and a prior probability density or mass function or prior: p(X"), p(kk )

- Moving targets are characterized by a Markov motion model: p(x;, v;, 0)), j=1, ...
Examples:
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Classical Sensor Model (Estimation Theory):
k k 1k
Z" =h(X",A") (Discrete time)

» Measurement vector: ZF = [z,(¢,) ... z,(t,)]" (Continuous variables)
» Target state: X* = [x,(¢,) ... x,(t)]"
» (p x 1)-Vector of sensor characteristics, e.g., noise and measurement errors: kk

> Deterministic, nonlinear vector function: h: R”"*? — R’

Probabilistic Sensor Model:
(25 XK 25y = pzK | XE 35 p(xF) p(n Ky (Discrete time)

> Set of random measurement or observations at #,: Z* (Discrete variables)
> Set of random target state variables at #,: X*

» Set of random sensor characteristics at #;: xk

» Joint probability density or mass function (PDF or PMF): p(Zk , xk , Kk)
11
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Underwater Sensor Networks for
Cooperative Track Detection

12
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Current Vector Field Over a 5-Day Period
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Underwater Vehicle Dynamics:
M; v; + Ci(v;) vi + Di(vy) vi +gi(&;) = Ez T:(vi,uv;), i=1,..,n

Vehicle's control bounds: || u || <V, Sensor's effective range: r,_ .. =r (X, u, a)

Simulation: sensor motion and effective range
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K. C. Baumgartner, S. Ferrari, and A. Rao, ”Optimal Control of a Mobile Sensor Network for Cooperative Tatget
Detection,” IEEE Journal of Oceanic Engineering, in press, now available on line.
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Track Coverage: Sensors’ ability to cooperatively detect target tracks

Interior track Track-before-detect Approach
CPA point

Exterior track

i%
|

CPA point CPA points k-Transversals or Stabbers of a
family of 5 circles (k= 2)

Geometric Transversal Theory

» “Divide and conquer” algorithm for constructing the space of line transversals to
n line segments in R [Edelsbrunner, 1982].

* (O(r) algorithm for finding the slope of a line transversal to a family of n disjoint
convex translates [Egyed and Wenger, 1989].

* Finding a line transversal for a family of # line segments or a family of z circles
in R takes Q(n log n) time on an algebraic decision tree [Avis et al., 1984].

S. Ferrari, “Track Coverage in Sensor Networks,” Proc. American Control Conference, Minneapolis, 15

MN, 2006, pp. 2053-2059.
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» Represent space of line transversals for k circles belonging to a family of
n (non-translates) circles as a function of their location in 4 R>

Approach: Coverage cone (k=2)

v
~
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Principle of union-exclusion — union of possible non-disjoint sets

I, = set of k fold intersections of members

_ f SN in {4, ...,A}

jZO SEI]

n

U4

i=1

y Vi2
/\ W3
A S3
Xl 77 Example: n =3, k=2
17

> X
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* Opening angles: Lebesgue measure on the sets of line transversals.

X2

A
0.L2)x %, O y11,

2-Coverage cones /

1, .0
(0.0)xx, L; x L, Rectangular by \ (L1012,

Aera of Interest r
A

K. C. Baumgartner and S. Ferrari, “A Geometric Approach to Analyzing Track Coverage in Sensor
Networks”, IEEE Transactions on Computer, Vol. 57, No. 8, pp. 1113-1128, August 2008. 18
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THEOREM 3.6. The probability of detection of unobserved tracks for a set P of
N pursuers with fields-of-view D1,...,Dn, in a square game area § of dimensions
L x L, s a multivariate probability density function of the sensors’ positions X =

{p1,...,oN} gwen by a Lebesque measure on this union,
L/8b m
P§(X) = ZZ( Y (D b)) 4 (D, b))
1?_1 =1 1<4 << Sm
5, (L[B-1) m
b 30N Y D) 4 (D, )
=0 j=1 1<% < <; <m
th m— —" D i ={D4u...uD}
YT TN — )R p it =ADE U U DG

where the summation ) 1¢; ..o <m 15 0 sum over all the [ml/ (m — D gl distinct
integer j-tuples (i1,...,%5) satisfying 1 < @1 < -+ < i; < m, D} denotes the ith
k-subset of D, and Dy*" is a p-subset of D, with k < p < n.

S. Ferrari, R. Fierro, B. Perteet, C. Cai, and K. C. Baumgartner, “A Geometric Optimization Approach
to Detecting and Intercepting Dynamic Targets using Mobile Sensor Network, ” SIAM Journal on

Control and Optimization, Vol. 48, No. 1, pp. 292-320, 2009.
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ﬁensing performance metric to be optimized w.r.t. ¢[-], x(*)
' k T
J= ¢[x(t f),t f]+ [ {WT - Pg [x(¢),x(t),u(®)]+ wg -u (t)Ru(t)} dt,
0y

subject to sensor network dynamics,

X(r) =f[x(¢).p(¢)u(t).z]

and subject to equality and inequality mission constraints

glx(r).u(t)]= 0

* n vehicles controls: u(?) = ¢[x(?), ]
* n vehicles positions: x(7)

« Environmental and sensing parameters: p(7)
20
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K. C. Baumgartner, S. Ferrari, and A. Rao, “Optimal Control of a Mobile Sensor Network for

Cooperative Target Detection,” IEEE Journal of Oceanic Engineering, in press, available online.
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Comparison of Optimal Sensor Deployments
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Sensing Performance Comparison

Track Coverage Time History

Legend:
300
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23
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Markov Target Model:

X(1)=X;+V ;(t—t;)[cos0; siné’J-]T, X; = X(¢),

C=X(t), E<t<ty,j=1,2,..

j j
Markov motion parameter values: {XJ-, \/: 6’]-} i=1.2, .

y """ <
X € B2
Both x and s; are
functions of time
X x(?)
Translate cone origin to x(#), and consider v, \
\\
\
X
Xo

v

S. Ferrari, R. Fierro, and D. Tolilc “A Geometric Optimization Approach to Tracking Maneuvering Targets Using a
Heterogeneous Mobile Sensor Network,” Proc. Conference on Decision and Control, Cancun, MX, 2009. 25
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Markov trajectory amounts to straight-line segments in the space R2 [t0.2 7]

80
«——— A track detected at %

70 «——— Sensor trajectory

60 -

(-
e - -
e

K[D(t), 0] : 3-D Coverage cone

50 |

t
1 L Can be represented by a
30 2-D heading cone K, and
a 2-D velocity cone K,
20 -]

Ko

y

45 90
Projections 5 40

e 30
15 20
10

o 5 Y

26
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The 3D coverage cone K[D,, x;] can be represented by its projection onto the
xy-plane, K, , and by K, which denotes its intersection with the

velocity plane: (sin@ 1)x+(cosf;)y=0

K, 1s finitely generated by the unit vectors,

cosO); sin[7z/2—n;(1)]] [ cos 0, sin7z/2 — p;(1)]]
&i(1)=| sin@;sin[z/2—n;(1)] and @;(t) = | sin@; sin[7/2 - 1;(1)]
i cos|z/2—n;(1)] | i cos|z /2 — u; (1)]
where:

-1
Nis i = tan_l{t[xi cost; + y;sind; $\/’”i2 —(xl- siné; + y; cost; J }

K, and K, are a function of the sensor coordinates x,(¢) and y«(¢) and of the

Markov motion parameter values: {x;, v, 0}, , .
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At every time ¢,< ¢ <t,,, the 3D spatio-temporal cone K[D,, x;] contains all
Markov pwl. tracks that originate at x; and are detected by the i sensor at x;.

t

: track detected\
: track missed

: sensor trajectory

: 2-D cones

: 3-D cone

N /
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wormonyrornrevcen - Bxample: Application of ST cone at =60 s
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YV A
I I I 1 I / \
t=0s O : sensor position
. il + : target detected
-+ : target missed
' ] N\ J
O
X

S. Ferrari, R. Fierro, and D. Tolic “A Geometric Optimization Approach to Tracking Maneuvering
Targets Using a Heterogeneous Mobile Sensor Network,” Conference on Decision and Control, 29
Shanghai, China, 2009, to appear.
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For a given layout W ERz with r targets and » obstacles and a given joint probability

mass function P(y, m,, ..., m,) of an hypothesis variable, y, and » measurements, find the

Treasure Hunt Problem

obstacle-free path that minimizes the distance traveled by a robot 4, between two

configurations ¢, and g,and maximizes the information value for a sensor with field of
view S, installed on 4.

Fa

S. Ferrari and C. Cai, “Information-Driven Search Strategies in the Board Game of CLUE®,” [EEE
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g oo Definitions
Information Value: Expected Entropy Reduction (EER): Advantage: additive,

symmetric, non-myopic,

N (0 VA VAN A S T (0 CA VAN AP )

R (0. G VAN ANV VAl VAN AR 4
7k
Definition 4.1 (Field of View): The field of view of a sensor mounted on .4 is a closed and
bounded subset S(g) C W such that the measurement set of a target located at any point
p € S8(g) can be obtained by the sensor when the robot occupies the configuration ¢ € C.
Definition 4.2 (C-Target): The target 7; in VYV maps in the robot’s configuration space, C, to
the C-target region C7; ={qg < C | S(q) N7; # @}.

Definition 4.3: A void cell 13 a convex polygon x in Cy,... With the property that none of the

targets are observable from any of the configurations in A.
Definition 4.4: An observation cell is a convex polygon & in Cy,.. with the property that every

configuration in X enables a non-empty set of measurements Z(k) = {M; | g € R, ¢ € CT;}.

S. Ferrari and C. Cai, “Information-Driven Search Strategies in the Board Game of CLUE®,” IEEE 31
Transactions on Systems, Man, and Cybernetics - Part B, Vol. 39, No 3, June 2009.
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» Develop a cell decomposition method that accounts for the geometries of the
targets and the sensor FOV

New cell decomposition: w

Connectivity graph G with observation cells labeled in grey and void
cells labeled in white

32
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» Configuration g of robot 4(q) : ¢ = (x, y, 6) with orientation &
» Configuration space, C : the space of all the possible configurations of 4

Examples of C-obstacle, CB, and C-target, CT, obtained for a sensor with FOV, S(g):
V4

f ‘ :If’!y
; obstacle ] // target
robot Al x4 w2 % 8
ol 1 B
sensor * .-
) @ -
A _: : :
7, Y -
- =1
o, X CB | (b)
— |

» Bounding rectangloid approximation RB of C'B
> Bounded rectangloid approximation R"T of CT 33
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1. Decompose the range of robot orientations [, ’] into non-overlapping intervals

L= s Yunls k¥=[xe X ] X e ¥’ X,
2. Compute CB; [k*] and CT;[k"], then RB;[k"] and R T;[k"]

3. Obtain void cells

.l

CT,
decomposition ¥ ., of void
. +09088 OB
configuration space C* 2 NN 3323339
n 4000000
L od
Cljg = K*\ RB;[K"
vt ' { U j‘[ ] W C*1'3
1=1
T (a)
u [ JrRTis)
i=1 1 14
. . NS = ey
4. Obtain observation cells s \§\ NE B NN
. o [\\ N 3 1\\\\\18\\&\
decomposition K , of C¥, N 3 K
]
, . R g
=] aaf L - s 10
cx = UrTie1\ U RS N ]
i=1 j=1
()

it 3
.l.'.y L.:: i Ln

(d)

Bounded
Approximation

(=5

Bounding
Approximation

(b)

Observation
Cell

[] Void Cell

B ®B

34
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Influence of Sensor Geometry

r & e N
D | : High EER
| l:‘_ -,~., vvvvv | . .
.J q .Med. EER
B . A7 1 : Low EER
' i 1\ J
o |\ 4 ..'A
[y s "eeansas L
\ it
= e
| —— T '
A | ;I (@ Lo LT = (®)
L I
Sensor geometry S; Sensor geometry S,
Path. Targets Dgog Bgog ”C[, Path Talgets Dgog Bg\gg 770_{,
r | G,%% | 21.3 | 14.4 | 0.0516 T | 4,55 | 226 | 14.6 | 0.0381
7 | h,%5 | 22.6 | 14.6 | 0.0381 (53 T, T5 15.1 | 4.67 | 0.0226
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Influence of Robot Geometry

10

Robot geometry ‘A,

Path

*

T

B

9 Targets

T, L,

La,

1 D 20.47 | 27.50 | 32.95
o By 993 | 9.71 | 9.91
(a)

=(b)

T Robot geometry A4,

Path r=n B

| Targets | 74,5, % | T, Ts: Tr
1, 30.94 33.59
Bio 9.71 9.91

C. Cai and S. Ferrari, “Information-Driven Sensor Path Planning by Approximate Cell

Decomposition,” IEEE Transactions on Systems, Man, and Cybernetics - Part B, Vol. 39, No 3, 2009.

36
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U{i: ._..l': l -:-:ln.;:...-‘
1, . "'_'i"'i

37
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Information Value and Milestones

iy
_ - _E

- High EER )
: Med. EER
: Low EER
- J

1 -_- 1

? : Milestone
configuration

-‘ : Robotic sensor

G. Zhang, S. Ferrari, and M. Qian, ”Information Roadmap Method for Robotic Sensor Path Planning,”
Journal of Intelligent and Robotic Systems, Vol. 56, pp. 69-98, 2009. 38
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Performance Comparison

Method
Hiiatency Complete Coverage i
Metric Optimal Strategy, o* §hortﬂst Path ! p g ijdom Search *Gnd Search
(" Improvement) | (o" Improvement) | (¢ Improvement) | (¢* Improvement)
0.3053 0.2683 0.1441 0.2321
m 0:4610 (51.0%) (71.8%) (219.9%) (98.6%)
7 0.0595 0.0407 0.0055 0.0114 0.0122
4 ' (46.2%) (981.8%) (421.9%) (387.7%)
0.0157 0.0153 0.0098 0.0133
HeL 0:0446 (184.1%) (191.5%) (355.1%) (235.3%)
0.0330 0.0410 0.0244 0.0343
H 00932 (81.5%) (46.1%) (145.5%) (74.6%)

C. Cai and S. Ferrari, “Information-Driven Sensor Path Planning by Approximate Cell Decomposition,”

IEEE Transactions on Systems, Man, and Cybernetics - Part B, Vol. 39, No. 3, June 2009.

39
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Given a set @ of N pursuers and a set T of M targets moving within an obstacle-
populated game area S, find a set of policies which maximize the total sensing reward,
and minimize the total time required to capture targets in 7 that have been positively

detected.

Assumptions
1. Targets travel in straight lines with constant velocity

2. Targets are observed intermittently by multiple sensors that measure only position
3. Pursuers have two modes: detection and pursuit

4. Tracks may be unobserved, partially-observed (< k), or fully-observed (> k)

5

Pursuers can always move faster than the targets

Objectives

» Maximize the probability of detecting unobserved tracks

* Maximize the probability of detecting partially-observed tracks

» Minimize the distance traveled to detect and capture targets 40
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1,7

Example of cell decomposition

(0, < Rectangular workspace (L;x L,)
* Four C-obstacles
* One target with 2 < k detections

* One sensor with range r

- / l ........................... : — X ‘ @
Partially-obser‘-’ed{;ackq e ) / | R ’9@ @a @‘
R, arge
Obstacle free cells

Connectivity Graph

K13 Kie6

Observation cells _—
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THEOREM 4.1. The pursuit-evasion game in Problem 2.1 is guaranteed to terma-
nate provided,

1[]2L 2L
2 M= | 2] ][] "
2 r r
and requires a time,
(BL-2)  [|(-2M| ] (BL-1)
< T e——— —— —— .
ty <1, T - 7 +1 7 (4.2)
M Ve /2V2  —V2)
‘I_ ) ! ¥ 70 _l_ T \2/ z Y 72\ 2 L (43)
(meax - V'r ) N (meax - V'r )
to capture all M targets in 1. If the network contains at least
Ny = % [E {%J — 40— 1)+ (k—2)M + |€ {%J — 400 —1) — (k — Q)Mu (4.4)
T T
sensors, with £ = 1,...,|L/4r|, then all targets in T can be captured in a time,
thTez Vl {gL—Q\/@r(E—l)-*— 2?‘[1-{—\/5(3—1)]—?[/}
(V2L —7) T
e - = (4.5)
I/p (I/pmax - VT)

42
and the game termanates in ty < Ty <1, where Ty =T, when £ =1 and k = 3.
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D. Tolic, R. Fierro, and S. Ferrari, ”Cooperative multi-target tracking via hybrid modeling and geometric
optimization,” Proc. Mediterranean Conference on Control and Automation (MED’09), Thessaloniki,

Greece, January 2009, pp. 440-445.
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» Conducted by Prof. Rafael Fierro and Brent Perteet, University of New Mexico

48
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* Geometric and probabilistic sensor models
* Track Coverage Functions

= Information Value Functions

* Underwater, ground, and air robots
Work in progress:

= Maneuvering targets

= Path Exposure

* Online Learning and Fusion

= Optimal Control of Distributions

= Optimal Control of Cooperative Sensor Networks

4
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Active Research Areas
Approximate dynamic programming

Adaptive control of aircraft

Learning
Artificial and spiking neural networks

Games (CLUE®, Marco Polo, Pacman®) L
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Energy Expenditure

15

Sensor
network

10 -

Cooperative
control

5 -
i sensor 4W

Re-planning

Non-cooperative control

Cooperative control

Legend: : Cooperative optimal control (x,)

: Non-cooperative path planning, given x, and x;
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Comparison with Other Deployments

Mission Performance Optimal Optimal Path Optimal
Parameters Metrics Control & x," | Control | Planning |  Buoys
(n, k) = (15, 3) Track Coverage 2.52 - 104 1.74 - 104 | 8.87 - 103 | 1.99 - 103

AT = 3 days Energy 165 1.31 - 102 604 0
Total Performance 2.50 - 104 1.73 - 10% | 827 - 103 | 1.99 - 103
OC™ Improvement n/a 44% 202.3% 1,156 %
Where:

Optimal Control & x," (OC¥*): Sensor network's initial positions, control and state histories
are optimized simultaneously.

Optimal Control: Sensor network's initial positions are given, and the control and state
histories are optimized simultaneously.

Path Planning: Sensor network's initial and final position are optimized with respect to SS,
and the control and state histories are optimized with respect to Energy.

Zero Control: Sensor network's initial positions are optimized with respect to the currents and
SS, but the sensors have no on-board controls (e.g., buoys).
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The decision tree DT obtained from 7, 1s a tuple {U,, U,, R , A} with K, as the root, and
the value of reward function R as the leaves. Where,
U: set of chance nodes (round); U),: set of test-decision nodes (squares); 4: directed arcs.

@—@—*@—@%@amﬁ.ﬁmiﬂ.ﬁmi’“@a@
%.%“m.ﬁm @—».a@»o

S [m@)
&) >[u@] @—@ﬁ@ﬁ—)@_)@ optimal

IS 5@ @S @) > h

@ 3@ @@ C-@ S-S @D >t S>>

The optimal path in the decision tree is found using a rolling-back procedure that
determines the optimal strategy by recursively estimating the utility of each branch.

S. Ferrari and C. Cai, “Information-Driven Search Strategies in the Board Game of CLUE®,” [EEE 55
Transactions on Systems, Man, and Cybernetics - Part B, Vol. 39, No 3, June 2009.
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The connectivity tree 7, associated with G and two cells ¥, = ¢, K, 3 ¢,, is atree

graph with x; as the root, x;as the leaves, a cost d attached to each arc, and with the
following properties:

» A branch 7 in T, represents a channel joining «; to x;in G.

» Two branches are said to be information equivalent if they join the same cells, x; and
k;, and contain the same set of observation cells, regardless of the order.

» A branch in T, connecting any two cells x; and x;has the smallest overall cost of any
other information-equivalent branch in G.

Label-correcting pruning algorithm: Connectivity tree, T,

Connectivity graph, G é®_>j(;9_) @
o (Ks) — k19—
@\ ©-0-0-@-©-©-0
&->® -G->@-@-C -0

S WG IRC NG SO W W W

fo N ] f3 fa 15 fe t7 Ig fo fo 11
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Performance of pruning algorithm:

Performance Analysis

Method Nodes | Arcs in G | Observation cells in G | Branches in 7} | Computation time
Pruning Algorithm 531 | 686 270 48 79 s
Exhaustive Search 51 | 106 43 51 87 s

Method dr | Branches in T | Time slices in T | Computation time
Pruning Algorithm || None 16 17 7s

10 8 15 3s
5 4 9 ls
Exhaustive Search || None 34835 19 1570 s
10 27452 19 1064 s
5 13693 17 378 s

Complexity of decomposition: O(ny(ng+ np) + O((ng+ nyp log (ng+nyp)
n 4, # of edges defining robot A, ny , # of total edges of n convex obstacles;
n, # of total edges of » convex targets

C. Cai and S. Ferrari, “Information-Driven Sensor Path Planning by Approximate Cell Decomposition,” 57
IEEFE Transactions on Systems, Man, and Cybernetics - Part B, Vol. 39, No. 3, June 2009.
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= (2l ) €S

pursuer

6s = arctan2(y}, — yh. at — 1)

Proportional Controller: u pC%

where (; = [/, q/)?:]T is the error vector and

— diag(kvj]{w) is the diagonal control constant
matrix 58
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4. 2+t cos 0,
! 5(t.) =
Y + t.vp sin b,
P ri 4 ||le — d(t.)|| cos o
c Up
X
>
o reos(t, 3 | |t rooslt ) | cr, it len - 8] < fler - 4]l
CR = Cr = C =
[ Poy + rsin(0, — ) J [ poy +rsin(f, + 3) J cr, if|lcp —4| > |lcr — 4.

Interception point is computed using Newton's method

S. Ferrari, R. Fierro, B. Perteet, C. Cai, and K. C. Baumgartner, ”A Geometric Optimization
Approach to Detecting and Intercepting Dynamic Targets Using a Mobile Sensor Network,” SIAM
Journal on Control and Optimization, Vol. 48, No. 1, pp. 292-320, 2009. 59
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Target Tracks

1. An unobserved track is the path of a target j for which there are no
detections at the present time, t

2. A partially-observed track is the path of a target that is estimated from
0 </ < k individual sensor detections obtained up to the present time, t

3. Afully-observed track is the path of a target that is estimated from at
least k individual sensor detections obtained up to the present time, t

Cells

1. Avoid cell is a convex polygon K C Cf-?‘t‘:f: with the property that for
every configuration q; € K the pursuer i has zero probability of
detecting a partially-observed target.

2. An observation cell is a convex polygon xK C Cfree with the property
that for every configuration ¢; € K~ the pursuer i has a non-zero
probability of detecting a partially-observed target. 60
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Reward function:

R(ki, k,) = wlPd(ﬁ:.[)+w2A73§(f{-l, R,)—wsd(kK, K,)

where APL(k;,k,) is the change in the network track-coverage,

d(ki, K,) is the Euclidean distance between cells,

Pd(m) is the probability of detecting a target inside a given cell
(assuming a binary sensor model), and

wi, we, and ws are weighting parameters.

Using a graph searching algorithm such as A*, the optimal sequence or
channel of cells which maximizes the reward is

W =A{ko, ... .k} = argmgx Z R(ki, k)

(Ki,he)EpR

THE UNIVERSITY of 61
m oy, .

<8 NEW MEXICO
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Detection points

Static sensors

\

Initial location of

mobile sensor
Target

Optimal path

Mobile sensor

_ becbemdb oo e echeb- T Opstacles
Hypothesized track—— 5.3/ & R St ol et P e s o
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Benchmark Example -- Board Game of CLUE®

CLUE® is a benchmark example of treasure-hunt problem, because the information (or

evidence) that can be obtained about the hidden variable, depends on the position of the

pawn on the gameboard: coupled motion planning and inference problems.

Game characteristics:

i B ametm SRR .
gjj‘llf ‘ | S & .

1k

CLUE® game board. CLUE® & ©2006 Hasbro, Inc.
Used with permission.

“who, how, and what room?”
6 suspects, 6 weapons, 9 rooms
Movement

Suggestion decision =2
evidence

Inference of hidden cards
CLUE® © surveillance systems

C. Cai and S. Ferrari, “A Q-Learning Approach to Developing an Automated Computer Player for the Board Game
of CLUE®,” Proc. International Joint Conference on Neural Networks, Hong Kong, 2008, pp. 2347-2353. 65
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Exact Cell Decomposition
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S. Ferrari and C. Cai, “Information-Driven Search Strategies in the Board Game of CLUE®,” [EEE
Transactions on Systems, Man, and Cybernetics - Part B, to appear in Vol. 39, No 3, June 2009.
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» Connectivity tree, 7, is folded into an influence diagram
(action decisions, a,;, observable state, x,)

» The observation cells in Q(x,) specify the admissible set of test decisions, u,, and
the domain of the non-observable state, Q(z;) = {m;, ..., m;}

» Zr={zy, 2y, --., Z .1} a sequence of measurements about y over {¢, t,, ..., t;}
» Profit of Observation: v(¢,) = R(t,) = wg.B(t,) —w,J(t,) — wp.D(t,)

where B(t,) 1s the expected entropy reduction (EER),
AH(t) = H(Y [z 15 Zg .25

x(@
a(;o)

e 2) HY 202 e 2) =32 |2 oo 7))

Influence Diagram Representation of Underlying POMDP 67
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Profit of Observation: Shortest nath 0 w0
R(t,) = wg.B(t,) —w,J(t,) — D(t,) ([)26623])61 5 ](QW:B?T ; w,=0):

.
® ICP _ - Aggressive path (w;= 12):

e condanvatory [66 63 62 d 62 63 64];
B LOUN.GE R=12x0.41-0- 7= -2.08;

s.p. to kitchen

q0=66
qf=64

STUDY

HERARY L Suggestion:
g0 {Miss. GeaeockR Bpeolvenuiiaing Room}
oo 1T N P3°s Response: {Rérodyesén)

ROOM

Posterior bftienevidielvex:e:

o [0.5003 DALHL 73]
| swoon ] o [0.33 0,33 0.153325]
s £l sy [0,13 0,13 0,13 0,13 0,24 0,13 0.13]

“s.p.: secret passage
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Game Results

Players: Games won / games played | Winning rate | Time to determine y” | Time to win the game

ID player 14 /25 56 % 8.21 turns 8.57 turns
Humans 10 /25 40 % n.a. 12.7 turns

CS player 1725 4 % 12 turns 12 turns

BN player 20 /37 54 % 10.2 turns 10.9 turns
Humans 16 /37 43 % n.a. 12.9 turns

CS player 1737 2.7 % 4 turns 4 turns
Players: Games won / games played | Winning rate | Time to determine " | Time to win the game
ID player 21743 48.8 % 10.5 turns 10.7 turns
Humans 19743 44 % n.a. 8.89 turns

CS player 3743 6.98 % 8.33 turns 8.33 turns

BN player 18755 32.7 % 11.7 turns 12.0 turns
Humans 32755 58 % n.a. 11.4 turns

CS player 51755 9 % 10.6 tums 10.6 tums

69
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