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Abstract— We present an algorithm for evaluating sensor
allocations using simulation of equivalence classesof possible
futur es.Our method is meant to be usedfor pre-planning sensor
allocations, e.g., for choosingbetweenseveral alternative �ight-
paths for UAV' s, or deciding where to deploy ground sensor
networks. The method can be used to choosethe best sensor
allocation with respectto any fusion method.

In addition to the list of sensor allocations to evaluate, the
algorithm requiresknowledgeof the terrain/r oad network of the
regionof interest.Additional doctrinal knowledgeon the enemy's
possiblegoalsand rules of engagementcan increasethe speedof
the method, but is not required.

Given a curr ent situation pictur e, the method generatespossi-
ble futur e paths for the objects of interest. For each considered
sensorallocation, these futur es are partitioned into equivalence
classes.Two futur es are considered equivalent with respect to
a given sensor allocation if they would give rise to the same
set of observations. For each such equivalence class, we run
a fusion algorithm; in this paper, an emulated multi-tar get
tracker. We use the output of this emulated �lter to determine
a �tness for each sensorallocation under evaluation. For small
scenarios,we compare some differ ent ways of calculating this
�tness, concluding that an approximation intr oducedby us gives
nearly the sameresult as an exact method.

We also intr oduce a formulation of the studied problem and
the method used to solve it using random sets,and give several
dir ections for futur e work.

I . INTRODUCTION

Sensorresourcemanagement(level 4 fusion in the JDL
model [1]) is an importantpart of future information fusion
systems[2], [3]. The need for good sensor management
systemsis particularly evident in situationswhere we have
an inadequatenumberof sensorresourcesand lack detailed
backgroundand doctrinal information on adversary forces
(e.g., in internationaloperationsother thanwar).

In this paper, we introduce a new approachto sensor
resourceallocationby simulatingequivalenceclassesof future
multi-target paths.(The approachcan also be usedfor threat
prediction.)In this paper, we concentrateon the problemof
evaluating a set of proposedsensorallocation schemesto
determinewhich is thebestto usein orderto provide asgood
aspossibleinput to a given fusion system.Here,we emulate
a multi-target tracker asthe fusionsystem;our formalismand

methodis however generaland allows any fusion systemto
be used.

An equivalence class of future multi-target positions is
de�ned with respectto a given sensorallocationscheme;the
class consistsof all those predictedpaths that give rise to
the sameset of observations.We use this when simulating
possible multi-target futures in order to cut down on the
numberof futurepathsthatwe needto consider. For eachsuch
equivalenceclass,we determinethe �tness of eachconsidered
sensorscheme.Thetotal �tness of aschemeis thentheaverage
over all equivalenceclassesof this �tness.

The methodis basedon a simpler versionthat was imple-
mentedin theFOI IFD03 informationfusiondemonstrator[4],
[5]; that implementationdid not make useof the equivalence
classesof futures.

This paperis outlinedas follows. SectionII introducesthe
problemwe wantto solve,andformulatesthemethodin terms
of random sets and equivalenceclassesof future paths. In
section III, we note the input requirementsof the method,
while sectionIV givesmoredetailson thespeci�c implemen-
tation presentedhere.SectionV presentsresultsfrom several
different scenarios,while a discussionand suggestionsfor
future work arecontainedin sectionVI.

I I . SIMULATING FUTURES USING EQUIVALENCE CLASSES

In order to determinethe best of the sensorallocation
schemes,we simulatea possiblefuture path of the units of
interestandapplyall thesensorschemesto it. For eachsensor
scheme,this givesus a list of simulatedobservationsthat we
can input to a fusion module. For each fusion output, we
calculatea �tness by comparingit to the “true” simulated
future.By averagingover many possiblefuture paths,we can
determinea total �tness for eachsensorallocationscheme.In
order to speedup this process,we introducethe conceptof
equivalenceclassesof futuresbelow, but �rst we describethe
algorithmwithout using these.

In �gure 1, we show a conceptualview of that we are
doing. At the bottom, we seea simulatedfuture path. This
is convertedinto a set of observationsshown in the middle,
that are usedto form the track shown at the top. To evaluate
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Fig. 1. Conceptualoverview of how we usea simulatedfuturex andasensor
schemes to generateobservationsz which areinput into a ®lter giving a track
y which canbe comparedto x in order to evaluates.

the sensorallocation schemeused to generatethe �ctitious
observations,we comparethe track with the simulatedfuture.

Mathematically, the algorithmworks as follows. A density
vectorx0 is given, which describesthe positionsof the units
of interestat time t = 0. A set S is de�ned, consistingof
sensorallocationschemesand informationaboutthe terrain.

Threedifferent randomsets[6], [7] areused:

1) X (t) denotesthe positions of the units of interest at
time t, conditioned on them being at x 0 at time 0.
It can be seenas representinga simulation of ground
truth: the instancex̂(t) of X (t) occurswith probability
P[X (t) = x̂(t)jX (0) = x0]. For simplicity of notation,
the conditioning on x0 is not explicitly shown in the
following.

2) For eachsensorallocationschemes(t) 2 S andinstance
x̂(t) of the future groundtruth, a setof possibleobser-
vationsZ(x(t); s(t); t) is calculatedat time t. Z is alsoa
randomset;notethatit dependson thesimulatedground
truth aswell asallocationscheme.

3) Finally, we determinewhat our view of ground truth
would be, given the set of observationsZ. This gives
rise to the �nal randomset, Y (t). Y (t) is our fusion
system's approximationof the (simulated)groundtruth
x̂(t) using the observations Z obtainedby deploying
sensorsaccordingto sensorallocationschemes(t).

Note that all of the randomsets introducedare explicitly
time-dependent.Here,an expressionlike P[X (t)] denotesthe
probability of the entire time-evolution of X (t), not just the
probability at a speci�ed time. P[] can thus be seenas a
“probability density functional” in the spaceof all explicitly
time-dependentrandomsets.

Determiningwhich sensorallocationschemeto useis now
donesimply by comparingthe assumedgroundtruth x̂(t) to
thefusionsystem'ssimulatedview ŷ(t). For eachinstancêx(t)
of X (t), the bests(t) caneasilybe determinedby averaging
over the ensemblesof observations Z and simulatedfusion
processoutputY entailedby that simulatedgroundtruth. An

allocationschemeis good if the simulated�lter givesa good
approximationof the simulatedgroundtruth.

The �t of a speci�c allocation schemes for a certain
simulatedgroundtruth x̂(t) canbe written as

H (x̂(t); s) =R
P[Z(t) = ẑ(t)jX (t) = x̂(t); s]�

P [Y (t) = ŷ(t)jZ(t) = ẑ(t)] � h(x̂(t); ŷ(t))dẑ(t)dŷ(t)
(1)

where h is a functional that comparesx̂(t) and ŷ(t) and
the integrals are functional integrals over all random sets
ŷ(t) and ẑ(t). We usetwo differenth-functionals:onewhich
computesthe entropy of ŷ and one which calculatesthe
L 1 distancebetweenx̂ and ŷ. The differencebetweenthe
entropy-like measureand the distancemeasureis that the
entropy measurerewardsallocationschemesthat give rise to
peakeddistributions,but might misssomeof thetrackedunits.
We also usedthe L 2 distancefor somescenariosand found
no signi�cant differencein the resultscomparedto the L 1

distance.
Theoverallbestsensorallocationschemeis thendetermined

by averagingalsoover the randomsetX (t), as

sbest = arg min
s( t )2 S

Z
P[X (t) = x̂(t)]H (x̂(t); s(t))dx(t) (2)

ImplementingEquations(1) and (2) would thus entail av-
eraging over three different random sets, which is clearly
computationallyinfeasiblein mostcases.

(We could also usealternateh-functionals,wherewe cal-
culated h at a speci�c time. This would be useful if it is
importantto know wherethe objectswe are trackingareat a
certaintime.)

There are several possible ways of approximatingthese
equations.One way is to use approximationsof the proba-
bilities P appearingin them,perhapsemploying somekind of
Monte Carlo samplinginsteadof the ensembleaverages.

A. Equivalentfutures

Herewe usea differentideain order to reducethe number
of possiblefutures that needto be simulated.Considertwo
alternative futurepathsx̂1(t) andx̂2(t). If x̂1(t) andx̂2(t) are
very similar, it might not be necessaryto simulatethemboth.
Consider, for example,thetwo setsof pathsshown in �gure 2.
If the sensoris locatedasshown, it will not be possiblefor it
to distinguishbetweenthe two paths.(We arehereassuming
that the sensorsdetectionprobablitypD = 1; seebelow.)

Generalizingthis idea leadsus to the conceptof equiva-
lenceclassesof future paths. We de�ne two possiblefuture
ground truths x̂1(t) and x̂2(t) to be equivalent with respect
to the sensorallocation schemes(t) if z(x̂1(t); s(t); t) =
z(x̂2(t); s(t); t) for all t, andwrite that x̂1(t) � s x̂2(t)

What this meansis just that if there is no way for our
sensorandfusionsystemto differentiatebetweentwo different
predictedpaths, there is no sensein simulating them both.
Insteadof averagingover all possiblefutures in equation2,
we averageover all equivalenceclassesof futures:
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Fig. 2. This ®gure illustratesthe conceptof equivalent paths.Given the
sensorlocationshown, it is impossibleto distinguishbetweenthe two paths;
hencethey belongto the sameequivalenceclass.

sbest = arg min
s( t )2 S

Z

x̂ ( t )2 X s

P[x̂(t)]H (x̂(t); s(t))dx̂(t) (3)

whereX s denotesthe partition of X inducedby the equiva-
lencerelation � s de�ned above.

This idea can be extendedfurther. We could for instance
relax therestrictionthat theobservationsmustbeequalfor all
t, andgenerateequivalenceclassesfor speci�c time-windows.
Anotheroptionwould be to considerthe threatposedby thea
future x̂ andde�ne two futuresto be equivalentif they entail
the samethreatfor us. This andotherextensionsof the ideas
presentedherewill be describedin detail elsewhere.

Note that the de�nition of equivalenceclassesas given
aboveis only correctfor sensorswith pD = 1. In thealgorithm
and experimentsdescribedbelow, wherewe usepD < 1, we
alsoconditionon a speci�c sequenceof randomnumbersused
in determiningthe �ctitious observations;this will guarantee
that our equivalenceclassesareproper. Formally, we express
this by including the seedof the randomnumbergenerator
used in the sensorallocation schemes(t). Another way of
exploiting the ideaspresentedherewould be to group x̂1(t)
andx̂2(t) togetherif theircorresponding�ctitious observations
Z(x̂1(t); s(t); t) and Z(x̂1(t); s(t); t) are “suf�ciently simi-
lar”. This would, however, not give equivalenceclasses,since
transitivity would not hold in that case.

Kadaretal [8] haverecentlydescribedasystemthatpredicts
a future enemypath and usesthis to determine�gures-of-
merit for dynamic sensorplanning. In addition to our use
of equivalenceclassesof multi-target paths, anothermajor
differencebetweenthat work and the methodpresentedhere
is that we averageover many predictedpathsaswell asover
many realizationsof the observations and of the emulated
fusion module.

I I I . INPUTS

Our sensorallocationschemeevaluationmethodrequiresa
numberof inputs.Thefollowing is a list of thedifferentkinds
of parametersrequiredby our method:

� Sensorallocationpolicies to evaluate.This is of course
the most crucial input. Sensorplanscould be generated
automaticallyor by a user.

� Objectpositionsat starttime. In a real system,this input
could be a probability hypothesisdensity(PHD) [7] X 0

from a particle�lter or forceaggregationsystem[4], [5].
� Terrain representation.In this paper, we have used a

roadnetwork for this. Suchnetworks could be generated
automatically using GIS software. They can also be
generatedusingmethodssuchas thoseproposedin [9]

� Transition probabilitiesin road network. In our current
implementation,this is basedmostly on geographical
information. The road network is representedbelow in
termsof a transitionmatrix T , whoseentriesTab gives
the probability to move from node b to node a in unit
time. A real system could augment this with knowl-
edgeof possibleenemyobjectives,probablyusing input
from a user/analyst.It is straightforward to include also
more detailed information on enemy objectives in the
transition matrix T ; it could for instancebe changed
so that movement towards known goals are enhanced
and movementsaway from thesegoals reduced.Doing
this, however, necessitateshaving a detailedknowledge
of enemydoctrine.

IV. ALGORITHMS

Below we describein detail the two methodsfor evaluat-
ing sensorallocations,the Exhaustive and the Monte Carlo
method.The basicstepsare the same:

1) Propagatethe simulatedenemypositions.
2) Generateone/all possible set(s) of �ctitious observa-

tions, given the new enemypositions.
3) Generateequivalenceclassesof enemypositionswith

respectto the setof observations.
4) Propagateand update the emulatedmulti-target �lter

accordingto the setof observations.
5) Calculatethe �tness of the updated�lter .
6) Repeatfrom 1, unlessthe maximumnumberof propa-

gationstepshasbeenreached.
The Exhaustive algorithm will perform steps3 to 6 for

eachobservation set generatedin step 2. In other words, it
considersevery single equivalenceclass, a set that grows
exponentially with the numberof observation opportunities.
TheMonteCarloalgorithm,in contrast,considersonly asingle
setof observationsfor eachpropagationstep.To compensate
for this, the entire processof generatinga future is repeated
a numberof times.

The steps (1-5) are further describedin the paragraphs
below. Pseudo-codefor the algorithms are shown in Algo-
rithm IV.1 andAlgorithm IV.2.

A. Propagation of simulatedgroundtruth

As describedin sectionII, the enemypositionsarede�ned
by a random set X (t). In our current implementation,we
chooseto simplify this andinsteadwork with a �x ed number
of targets.X (t) is implementedasa matrix, wherecolumn i
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Algorithm IV.1: EXHAUSTIVE(t; tmax ; x; T; s)

for i  1 to N targets

do x
�

xai (t + 1)  
P

b Tab � xbi (t) 8a ** Propagateequiv. class
zai  sa(t + 1) � xai (t + 1) 8a ** Determineobservationprobabilities

Z  Setof all combinationswith onenon-zerozai for eachi
for each ẑ 2 Z ** Split equiv. classinto manyand evolveeach separately

do

8
>>>>>>>>>>>><

>>>>>>>>>>>>:

for i  1 to N targets

do

8
<

:

if target i is observed
then xai (t + 1)  ẑai 8a
elsexai (t + 1)  xai (t + 1) � (1 � sa(t + 1)) 8a

ya(t + 1)  
P

b Tab � yb(t) 8a ** Updateemulated�lter
ya(t + 1)  ya(t + 1) � (1 � sa(t + 1)) + ẑa 8a
Calculateandstore�tness
if t < tmax

then EXHAUSTIVE(t + 1; tmax ; x; T; s)

Algorithm IV.2: MONTECARLO(tmax ; x; T; s;Nsamples )

for sample  1 to Nsamples

do

8
>>>>>>>>>>>>>>>>>><

>>>>>>>>>>>>>>>>>>:

for t  1 to tmax

do

8
>>>>>>>>>>>>>>>><

>>>>>>>>>>>>>>>>:

for i  1 to N targets

do
�

xai (t + 1)  
P

b Tab � xbi (t) 8a ** Propagateequiv. class
zai  sa(t + 1) � xai (t + 1) 8a ** Determineobservationprobabilities

ẑ(t)  Randomcombinationof onenon-zerozi for eachi
for i  1 to N targets

do

8
<

:

if target i is observed
then xai (t + 1)  ẑai 8a:
elsexai (t + 1)  xai (t + 1) � (1 � sa(t + 1)) 8a:

ya(t + 1)  
P

b Tab � yb(t) 8a ** Updateemulated�lter
ya(t + 1)  ya(t + 1) � (1 � sa(t + 1)) + ẑa 8a
Calculateandstore�tness

containsthe probability densityfunction over all nodesa for
thepositionof target i . Thetargetsof anequivalenceclassare
propagatedthroughthe roadnetwork accordingto

xai (t + 1) =
X

b

Tab � xbi (t) 8a; i: (4)

Note that xai (t + 1) will be updatedagainin equations6 and
7.

B. Generation of sensorobservations

The sensorcoveragefor the entire network at time t is
describedby the sensorallocation schemes(t), which is a
probability distribution over the network nodes.The value
sa(t) givestheprobabilityof detectinga targetlocatedat node
a. The probability of detectingtarget i at nodea and time t
is thusgiven by

zai (t) = xai (t) � sa(t) 8a; i: (5)

This equationtogetherwith the probability of not detecting
target i at any node,which we denotez0i (t) = 1�

P
a zai (t),

can be used to generatethe random set Z(t). An instance
of Z(t) is representedby a binary matrix, ẑ, whereẑai = 1
meansthat target i is observed at nodea, and ẑai = 0 that
it is not. The correspondingprobability is P(ẑ) = P(Z(t) =
ẑjX (t); s(t)) .

In theExhaustiveAlgorithm we needto �nd all instancesof
Z(t) with non-zeroprobability, i.e., all possiblecombinations
of observations and non-observations at a speci�c time t.
Thesecan be generatedby choosingone non-zeroelement
from eachcolumn(target)in z. (Recallthatrow 0 in thematrix
correspondsto a target not being observed.) Each chosen
elementthat correspondsto an actual observation (i.e., not
in row 0) yields a 1 in ẑ; P(ẑ) is determinedby multiplying
the elements'probabilities.

The Monte Carlo methodusesonly onesetof observations
in eachtime step.This caneitherbe drawn from thesetof all
combinationswith probability P(ẑ), or generateddirectly by
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drawing oneelementfrom eachcolumnin z with probability
zai .

C. Generating equivalenceclasses

The propagationof the target density describedin sec-
tion IV-A resultsin a descriptionof all possiblenew enemy
positions at t + 1. Thesepositions we now want to group
into equivalenceclassesdependingon which observationswe
are considering.Given one set of observations ẑ we update
x so that it only includes positions consistentwith these
observations.

For a target i that is observedthe probabilitydistribution is
peaked,

xai (t + 1)  ẑai 8a: (6)

The probability distribution of a target i that is not observed
is updatedaccordingto the chancefor this to happenat the
nodeconsidered,

xai (t + 1)  xai (t + 1) � (1 � sa(t + 1)) 8a: (7)

Thecolumnsof theupdatedx arethennormalizedto preserve
identity.

D. Filter update

Thestepsdescribedabove dealwith thesimulationof alter-
native future physicalrealities.Now we turn to the updating
of the fusion systemactingon these,in this casean emulated
multi-target tracker.

The stateof the tracker, y, is propagatedandupdatedin a
similar way asx. Themaindifferenceis thatthefusionsystem
cannotdistinguishwhich targetsgeneratewhich observations,
which is why y is describedby a PHD. In this case, to
representan instanceof Z(t) it is enoughto considerẑa :=P

i ẑai .
Given a set of observationsẑ we updatethe �lter in three

steps.First we propagatey throughthe roadnetwork with the
propagationmatrix T ,

ya(t + 1) =
X

b

Tab � yb(t) 8a: (8)

Secondly, in order to take negative information into account,
we decreasethe PHD wherethereis a positive probability of
detection,

ya(t + 1)  ya(t + 1) � (1 � sa(t + 1)) 8a: (9)

Finally, we addthe new observationsto the PHD,

ya(t + 1)  ya(t + 1) + ẑa 8a: (10)

Thesestepsroughlycorrespondto thepropagationandresam-
pling of a PHD particle �lter [5]. If the numberof targets,
N targets , is known , we requirethat

P
y(t + 1) = N targets .

This canbeaccomplishedby normalizingy beforeperforming
equation10, suchthat

P
a ya(t + 1) = (N targets �

P
a ẑa).

E. Fitnesscalculations

For comparingthe sensorallocation schemeswe use two
different measures,introducedin sectionII as alternative h-
functionalsfor calculatingthe �tness. Here the measurescan
rather be viewed as a distanceor inverse�tness, which we
would like to minimize.

Both measuresare applicablein the Monte Carlo as well
as in the Exhaustive algorithm. In the Monte Carlo method
the �tness is calculatedby averaging the measureover all
time stepsand all runs. In the Exhaustive method we sum
the measurefor each equivalenceclass at each time step,
weighting it with the probability for the equivalenceclassto
occur.

� XY-difference. The XY-difference, D xy , measuresthe
meanL 1 distancebetweeny(t) and all instancesx̂(t)
of X (t),

D xy =
X

x̂ ( t )2 X ( t )

P(x̂) � kx̂ � yk1: (11)

� Entropy. The entropy measure,H y , determineshow
peaked y(t) is. Since y(t) is a PHD it does not have
to sumto 1, andthereforehasto be normalizedbeforeit
canbeinsertedinto thefollowing formulafor theentropy:

H y = �
X

a

ya � logya : (12)

V. EXPERIMENTS

Here we present results of the algorithms presentedin
sectionsII and IV for some different scenarios.All sensor
allocationschemesconsideredhere are assumedto be time-
independent.For eachscenario,we presenta map giving an
overview of the areawhere it takes place. The objective is
to allocatea numberof sensorsin a way that minimizesthe
uncertaintyof the estimatedenemypositionsover time.

To generatethe enemybehavior a numberof startandgoal
nodesare assumedto be known. The initial state,which is
meant to be derived from the output of a PHD tracker, is
determinedby distributing the probability density functions
of the targets randomlyover the start nodes.All targets are
assignedidenticalstartdistributions.

The motion modelusedto simulatethe enemybehavior is
describedby the propagationmatrix T . In all scenarios,T is
constructedso that it is four times more likely to move to a
node that is closer to a goal comparedto the current node,
than to a nodethat is more distant from the goals.A move
to a nodewith equaldistanceto a goal nodeasthe currentis
twice as likely asa move to a moredistantnode.

A. Härnösandscenario

Figure3 shows themapfor the �rst scenario.Threesensors
areto beallocatedto minimizetheuncertaintyof thepositions
over seven time stepswhentracking threetargets.

Results from the evaluation of 100 randomly generated
sensorallocations,using100MonteCarlosamples,areshown
in �gure 4. The allocationsareorderedafter the resultsof the
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Fig. 3. The Härn̈osandscenarioroad network. Initial enemypositionsare
distributed on nodes4, 5 and 9 (at the top of the map),and goal nodesare
12, 13 and19 (at the bottom).The sensorpositionsof the bestallocationare
shown in red.
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Fig. 4. Results from the evaluation of 100 sensorallocations for the
Härn̈osand scenario,ordered after the Exhaustive method with the XY-
differencemeasure.The ranking inducedby the entropy measureis similar
to that inducedby the XY-difference.

Exhaustive methodrun with the D xy measure,which can be
regardedasanexact result.TheExhaustive methodis alsothe
most computeintense,as can be seenin �gure 5. In a worst
casescenario,the numberof equivalenceclassesto consider
grows exponentiallybothwith thenumberof sensorsandwith
the numberof targets.

Two observationsarethereforeof crucialinterest.The�rst is
that the entropy measureH y approximatesthe relative values
of D xy ratherwell. The secondis that the Monte Carlo tech-
niquereducestheoverall computationtime without signi�cant
loss in precision. In other words, the Monte Carlo method
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Fig. 5. Thecomputationtime for the four approacheson the100allocations
for the Härn̈osandscenario.The allocationsare orderedas in ®gure 4. Note
the logarithmicscaleon the time-axis.
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Fig. 6. The Betalandscenarioroad network. Initial enemypositionsare
distributed on nodes4, 7, 9 and 11 (to the left), and goal nodesare 30, 34
and 56 (to the right). The sensorpositionsof the bestallocationare shown
in red.

usingtheH y measuregivesusanacceptableapproximationin
the HÈarnÈosandscenario,with a large decreasein computation
time. The time complexity for this combinationis linear in all
input parameters.

B. Betalandscenario

Figure6 shows a mapof the �ctitious Betaland(in reality,
the westernpart of Sweden)used by the SwedishArmed
Forces to train and constructmethodologyfor international
operations.Thescenariosetupis thesameasin theHÈarnÈosand
scenario.Three sensorsare to be allocated to track three
targetsduring7 timesteps,and100randomlygeneratedsensor
allocation schemesare evaluated.The results are shown in

Proc.FUSION 2005



0 10 20 30 40 50 60 70 80 90 100
2

2.5

3

3.5

4

4.5

5

sensor allocation index

Exhaustive: XY�diff
Exhaustive: entropy
MC: XY�diff
MC: entropy

Fig. 7. Comparisonof the®tnessfor theextensive andMonteCarloapproach
for the Betalandscenario.For both methods,the xy-diff measureas well as
the entropy areshown.

�gure 7. As can be seen,the behavior is almost identical
to that of the HÈarnÈosandscenario,which gives us increased
con�dencein exploiting the proposedapproximations.

C. Pri�stina scenario

Figure 8 shows the map of our last scenario,which takes
placein Pri�stina in Kosovo. Here we chooseto only explore
the capability of the fast Monte Carlo entropy approach,so
that a larger problem can be solved. 10 targets are tracked
during 15 time steps,usingsetupswith 5, 10 and15 sensors
respectively. For eachsetupwe evaluate1000randomlygener-
atedallocations.The larger problemsizecalls for an increase
of the numberof Monte Carlo samples,which herewas set
to 1000.This choiceis basedon visual investigationsof the
convergenceof the meanentropy.

The sensorpositionsof the bestevaluatedsensorallocation
with 10 sensorsaremarked in �gure 8. In �gure 9 we plot the
evolution over time of theentropy measureH y . The top curve
is a 'worst case'evolution, whereno sensordatais registered
at all. The othercurvesdisplaythe entropy of thebestalloca-
tions from the setupswith 5, 10 and15 sensorsrespectively.
Obviously, theentropy decreaseswhenweincreasethenumber
of sensors.Our methodfoundgoodsensorallocationschemes
whentried on this scenario;however, sincewe test randomly
generatedschemes,we are not guaranteedto �nd the best.
We are currently investigatingusing geneticalgorithmswith
the methodpresentedhereusedas �tness for evolving good
sensorallocationschemes.

VI . DISCUSSION AND FUTURE WORK

We have presenteda methodfor evaluatingdifferentsensor
allocationschemes.Themethodworkswith respectto a given
fusion module,andranksthe givensensorschemesaccording
to their ability to improve the outputof this module.
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Fig. 8. The Pri�stina scenarioroad network. Initial enemy positions are
distributed on nodes1, 2, 4, 63 and 64 (at the top of the map), and goal
nodesare 30, 33 and 47 (at the bottom). The sensorpositionsof the best
allocationwith 10 sensorsareshown in red.
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Fig. 9. The entropy evolution over time in the Pri�stina scenario.The best
sensorallocationsfrom the setupswith 5, 10 and15 sensorsarecomparedto
the casewith no sensorinformationat all.

The method is based on a random set formulation of
possiblefuturemulti-targetpathsandtheconceptof equivalent
futures. Theuseof theseequivalenceclassesenableus to sim-
ulatemoretime-stepsinto the future usinglesscomputational
resources,ascanbe seenin the �gures of sectionV.

The bene�t of usingequivalent futuresincreaseswhen

� network size increases
� numberof sensorsdecreases.

Themostobviousexampleof this is whennosensorsareused:
in this case,all thefuturescollapseinto oneequivalenceclass.
At the other extreme: if we have one sensoron eachroad,
equivalent futuresareuseless.

Oneway of thinking aboutthemethodfor generatingobser-
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vationsthatwe useto gettheequivalenceclassesis to compare
it with thecontinuous-timeMonteCarloalgorithm[10], where
thesystemis alwaysupdatedandthe time-stepvaries:system
time is updatedwith the time-stepneededto do the selected
move. Continuous-timeMonte Carlo could also be used to
speedup the computationof future pathssigni�cantly.

There are several directionsof future work relatedto the
methoddescribedhere.

More work needsto be done on automatically generat-
ing sensorallocationschemes.As mentionedbefore,we are
currently consideringa genetic algorithm approachto this.
Anotherpossibility would be to usea swarmingor collective
intelligencealgorithmfor this [11]

Themethodcouldalsobe usedinteractively by a user, who
suggestspartial or completesensorschemesto the system.
Here work needsto be done both on how to generatea
completeplan from a partial oneandon how to bestinteract
with the user. It would be interestingto combinethe method
presentedhere with planning systems.Userscan then input
alternative plans and have them automaticallyevaluatedby
the computersystem.This could be extendedto be usedfor
otherthingsthansensorallocation,suchasthreator possibility
analysis,logistical planning,etc.

There are also many possibleextensionsof the algorithm
that could make it even moreef�cient. Using moreadvanced
Monte Carlo samplingof equivalenceclassesshould enable
us to speedup the algorithmconsiderably.

It would also be interestingto try to determinea stopping
criterium for the simple Monte Carlo samplingperformedin
algorithmIV.2.

Since the approximate�tness seemsto be very good for
almostall sensorallocations,it shouldbe possibleto usethe
approximate�tness to determinethe best 10 or 20 sensor
allocation schemesand then run the exact methodonly on
these.

It would be interestingto combinethe methodologypre-
sentedhere with the movement prediction from [12]. The
methodgiven for determiningreachableintervals therecould
possibly be usedas input to our system.This would enable
us to cut down on the numberof x paths that we needto
consider.

It would also be interesting to implement the idea of
equivalenceclassesof futures in the rigorous FISST-based
approachto dynamicsensormanagementrecentlyintroduced
by Mahler andco-authors(e.g., [13] andreferencestherein).

We are currently exploring how to extend the conceptof
equivalenceclassesto take threator impact into account.In
other work, we will investigatea uni�cation of the method
herewith that presentedin [14], [15]
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