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Abstract— We consider the problem of distrib uted target
tracking in a sensornetwork under communication constraints
betweenthe sensornodes,a problem that has recently received
signi�cant attention. The problem requires the dynamic selec-
tion of which sensornodeswill communicatetheir information
and the selection of a corresponding fusion center which will
processthe collected information. Ideally, selection of which
sensors will communicate and where will fusion take place
will be a dynamic process,adapting to new information, to
trade off tracking accuracy versus communications usage.
The resulting coupled problem is generally intractable and
signi�cant effort has been devoted towards proposing simple
strategies under various performance criteria. In this paper,
we proposean adaptive dynamic strategy for sensorselection
and fusion location using a certainty equivalence approach
that seeks to optimize a tradeoff between tracking error
and communications cost. We de�ne a certainty equivalent
optimization problem for dynamic relocation of the fusion
center that usesmeasuresof averagemulti hop communications
costand averagetracking errors, and solve the resultingoptimal
control problem for classesof tracking problems.The optimal
strategy is a hybrid switching strategy, where the fusion center
location and reporting sensorsare held stationary unless the
target estimatesmove outside of a thr esholdradius around the
sensors.We illustrate the performance of our algorithms on
sample tracking experiments with sensornetworks.

I . INTRODUCTION

Considertheproblemof trackinga targetmoving in region
populatedby sensornodesthathave limited wirelesscommu-
nicationcapabilities.Thesensorshave limited sensingrange
andthequalityof measurementsdegradeswith distancefrom
thetarget.In suchnetworks,the ideal trackingsystemwould
processmeasurementsfrom every sensorat a singlelocation
to estimatethe target state.However, this centralizationis
not possibledueto communicationconstraintson individual
sensors.

In the presenceof communicationconstraints,one must
usea distributedmechanismfor selectingwhich information
shouldbe communicated,andwhereshouldthe information
be processed.In this paper, we explore a particular dis-
tributedprotocol for tracking in sensornetworks with com-
municationconstraints.We assumethat there is no central
authority governing network operation.Sincemeasurement
qualitydegradeswith distance,only sensorssuf�ciently close
to the target should share their data. Furthermore,since
there is no designatedcentral authority an arbitrary sensor
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is designatedas the fusion center (or leader node) for a
given time period and the data is processedat this sensor.
Therefore,the entire mechanismcan be broken down into
threetasks:

1) Fusion center estimatesthe current target position
basedon sensedinformation from sensorset.

2) Fusioncentercomputesthe new sensorsetaswell as
the new fusion centerfor the next time period based
on currentestimatedtarget state.

3) Fusion centercommunicatesstate information to the
new fusion center.

Communicationcosts arise while transmitting data from
sensorsto the fusion centerand while transmittingcurrent
stateinformation to a subsequentfusion center.

An early approachfor �nding the bestinformative sensor
along with communicationcosts was taken in [1],[2]. In
[3] non-myopicstrategiesfor sensorselectionwasproposed
with an information utility measure.However the cost of
communicationbetweenthe successive sensorsand cost of
aggregationwasnot takeninto account.In [4] theproblemof
trackingwith leaderselectionandcommunicationcostswas
formulatedasa dynamicprogramwith informationtheoretic
utility measuresas cost per stage,and constraintson the
total communications.Due to analytical intractability they
usedapproximatedynamic programmingmethodsto solve
�nite horizonDP.

In this paper, we propose and analyze an alternative
formulation that capturesthe inherent tradeoffs between
communicationcosts and estimation performance,based
on a continuum approximationto the number of sensors.
We develop and solve a fully observed Markov decision
problemfor sensorandfusioncenterselection.Weshow that,
for classesof target dynamic models,an optimal strategy
is a switching strategy characterizedby dead zones.The
reportingsensorlocationsarestationaryuntil the targetexits
thedeadzoneandthenlocationsareswitchedto bestsensor
locationsaroundthe target.

In order to apply our results to the control of sensor
networks with partial information about target states,we
adopt a certainty equivalent perspective, where target state
estimatesaretreatedascorrespondingto actualcurrentstates.
We implement our sensornetwork control algorithms in
several trackingscenarios,andshow the resultingreductions
in communicationthat arisefrom effective network control
in contrastto alternative algorithms.

The paperis organizedas follows. In sectionII we will
presentthe target tracking problemof interest,and discuss
the dif�culties with existing approaches.In sectionIII we



will formulateand solve an approximationfor the tracking
problemwith two different modelsfor target dynamics.In
sectionIV, we illustratetheperformanceof our approximate
approachcomparedto alternative approachesin two exam-
ples.SectionV summarizesthe results.

I I . GENERAL PROBLEM

Consider a collection, S of n sensors at positions,
s1; s2; : : : ; sn . At any time k the observation at the sensor
si is given by,

Z i
k = F (X k ; si ) + V i

k

whereX k is the stateat time k of the target, typically con-
sistingof positionandvelocity, andV i

k is additive additive,
white Gaussiannoiseof variance� v and is independentof
X k 0 for all k0. The target stateevolves as an autonomous
systemas follows:

X k+1 = f (X k ; k) + wk (1)

where wk is zero meanwhite Gaussiannoise of variance
� w which is assumedindependentof V i

k 0 for all i; k0 and
independentof the initial conditionX 0.

The problem of interest is to selectthe fusion centerat
time k + 1 and the set of active sensorsto report at time
k + 1, basedon the information available at time k, with
a goal of minimizing a tradeoff betweencommunications
cost and tracking error. A similar problem was studied
in [4], where they sought to maximize the information
collectedover time subjectto a communicationsconstraint.
The resultingformulationwasa Partially Observed Markov
Decisionproblemwith a combinatorialdecisionspacewhose
exact solutionwas intractable.

In this paper, we focus on the problem of locating the
fusioncenter, assumingthereportingsensorswill bein apre-
speci�edneighborhoodof thefusioncenter. This reducesthe
combinatorialcomplexity of the decisionproblemwhile fo-
cusingon thefundamentalissueof tradingtrackingaccuracy
with communicationscost.

Let `k denotethe location of the fusion centerat stage
k. Let I k denotethe information available for decisionat
time k, which includesall of the pastobservationscollected
and the past locations of the fusion center, including the
observationsat time k. The control problemat time k is to
selecta strategy � k : I k ! S that determineswhere the
fusion centerwill be locatedat time k � 1.

The performanceobjective for selectinga control strategy
is a tradeoff betweencommunicationscosts and tracking
error. We expressthis costover a �nite horizonN

Ef
N � 1X

k=0

[K c1(`k+1 � `k ) + c2(X k ; I k )] + c2(X N ; I N )g (2)

wherec1(�) is the communicationscostof switchingthe fu-
sioncenterbetweenlocations,c2(�; �) representsthe tracking
error. For our purposes,we choosethe squareestimation
error

c2(X k ; I k ) = (X k � E [X k jI k ])T Q(X k � E [X k jI k ])

whereQ is a weightingmatrix that canbeusedto selectthe
position entriesin X k , or any other desiredweighting.The
communicationscost is chosenask u k1, asdiscussedlater.

Notethat,whenN > 1, theresultingproblemis apartially
observed Markov decisionproblemwith an underlyingcon-
tinuousstatespace(X k ), renderingthe problemintractable
unlessthe sensorobservations have special structure(e.g.
�nite valued measurements).For the special casethat the
horizonN = 1, theproblemreducedto evaluatingthecostin
(2) for eachof thepossiblechoicesof fusioncenterlocations
at the next stage,`1 2 S. This can be doneapproximately
usinga Cramer-Raoboundapproachor anextendedKalman
�lter (EKF) to approximatethe error covariance of the
estimate,as in [5], as follows. Let � 0j0 denotethe error
covarianceE[(X 0 � E [X 0jI 0])(X 0 � E [X 0jI 0)T jI 0], andlet
X̂ 0 denotetheestimateof thestateat time 0 given I 0. Then,
the EKF can be usedto estimatethe tracking error at time
1 given the choiceof `1 = si , as

X̂ 1j 0 = f (X̂ 0 ; 0)

� 1j 0 =
@

@X
f (X ; 0)jX̂ 0

� 0
@

@X
f (X ; 0)jTX̂ 0

+ � w

C j =
@

@X
F (X ; sj )jX̂ 1 j 0

� � 1
1j 1(i ) = � � 1

1j 0 +
X

j 2 N i

(C j )T � � 1
v C j

E [c2(X 1 ; I 1)] � T r ace[� 1j 1(i )Q] (3)

The choiceof `1 is selectedas

i � = argmin i f Tr ace[� 1j1(i )Q] + K c1(si � si 0 )

` �
i = si � (4)

The above algorithm can be usedin a recedinghorizon
mannerto generatea decisionpolicy � k (I k ) for eachtime k,
basedon a one-steplookaheadhorizon.However, extending
the approachto a policy that is basedon looking aheadfor
morethanonetimeperiodis muchmorecomplex. In thenext
section,we presentan approximateapproachthat allows us
to develop decisionpoliciesbasedon multi-periodhorizons.

I I I . CONTINUOUS APPROXIMATION

We want to formulatea simplerproblem,which captures
the essentialfeaturesof the original problem.Assumethat
we have a nearly uniform placementof identical sensors
in a region, and that the quality of observations degrades
substantiallywith increasingsensordistanceto the target.
We assumethat the reporting sensorsare locatednear the
fusioncenter. Thus,we approximatethetrackingerrorby the
distancefrom the fusion centerto the target. We alsoadopt
a certainty equivalent perspective, decouplingthe problem
of estimationand control, by modeling the current target
positionasperfectlyobserved dueto the sensordensity. We
referto this approachasCertaintyEquivalentControl(CEC).

In terms of modeling communicationcosts, single-hop
communicationenergy is proportional to the square (or
fourth power) of the distanceof communication.However,
in low-power sensornetworks,theusualprotocolsaremulti-
hop,andthecommunicationcostis dominatedby thenumber



of hops. In our context, the main communicationscost is
dominatedby theswitchof fusioncenterlocation.For amesh
network with multihop communicationson a uniform grid,
this is proportionalto k `1 � `2 k1, where`1 is the location
of the currentfusion nodeand`2 is the new location.

Let `k denotethe location of the leadernodeat time k,
and let pk denotethe position of the target at time k. The
sensorsmeasuringthe target are locatedaroundthe leader;
since measurementsignal power decayswith distance,we
model tracking error as proportional to jjpk � `k jj2. The
decisionat time k is the location of the next active sensor,
denotedby `k+1 , basedon the current stateof the target.
Let u(t) = `(t + 1) � `(t). The cost of communication
is proportionalto jjuk jj1 = jux (t)j + juy (t)j for multi-hop
networks.

A. RandomWalk Model

We analyze �rst a simple dynamic system where the
target motion is one-dimensional.The resultsextendto two-
dimensionalmotion. as the minimization at each step is
decoupledin different dimensions.Let the target dynamics
be given by

xk+1 = xk + wk

where wk is a zero mean,white noise independentof xk .
The stateof the augmentedsystemincludesboth the target
andfusion centerpositions,as ~xk = [xk ; `k ]0 with dynamics

~xk =
�

1 0
0 1

�
~xk +

�
0
1

�
uk +

�
1
0

�
wk (5)

De�ning a new statezk = xk � `k with dynamics

zk+1 = zk � uk + wk

As discussedpreviously, the objective function is

minu1 ;::;u N � 1 E
� P N � 1

k=1

�
jjuk jj1 + jjzk jj2

�
+ jjzN jj2

�

For sake of exposition we considertwo cases,viz., (a)
no processnoise,i.e., a stationarytarget and (b) a uniform
processnoise.

1) NoiselessCase: Assumewk = 0, and perfect state
observation. This is a deterministiccontrol problem with
non-zeroinitial condition. The cost-to-goat time N � 1,
with onestepto go, is

JN � 1(zN � 1) = min
u

�
juj + z2

N � 1 + (zN � 1 � u)2	
(6)

This is a convex function of juN � 1j, which is not differ-
entiable at 0. The subgradientset [6] of the right hand
side of (6) at u = 0 is [� 1; 1] � 2zN � 1. Hence,0 is in
the subgradientset if jzN � 1j < 1=2, which is a suf�cient
condition for u = 0 to be optimal [6]. At u 6= 0, the right
handside of (6) is differentiable,so the optimal control is
u = zN � 1 � 0:5 sign(zN � 1). Then,

JN � 1(zN � 1) =

(
2z2

N � 1 if jzN � 1j � 1=2
jzN � 1j � 1=4 + z2

N � 1 if jzN � 1j > 1=2

The interpretationof the control at N-1 is that we do not
applyany controlif thestatezN � 1 is in a “dead-zone”region

[� 1=2; 1=2]. Otherwise,the control brings the stateto the
edgeof this region.

By induction, at time N � k the cost to go function is
given by

JN � k (zN � k )

=
�

(k + 1)z2
N � k jzN � k j � 1=2k

jzN � k j � 1
2k + z2

N � k + k
4k 2 jzN � k j > 1=2k

and the optimal “dead-zone” region at stage N � k is
[� 1=2k; 1=2k]. Note that the cost-to-go is a differentible
convex function of z, and the dead-zoneshrinks as the
numberof stagesk increases.

2) Uniform BoundedProcessNoise: Supposenow that
the noise processwk is not zero, so we have a stochastic
control problem. Assumethat the white noise processwk

is a uniform noiseboundedbetween[� � ; � ]. Underperfect
stateobservation, the cost-to-goat stageN � 1 is
JN � 1(zN � 1)

= min
u N � 1

(� juN � 1 j + z2
N � 1 + Ew (zN � 1 � uN � 1 + wN � 1)2)

Sincethe noiseis zero meanand uncorrelated,the cost to
go at stageN � 1 is given by
JN � 1(zN � 1)

=
�

2z2
N � 1 + � 2

w jzN � 1 j � �= 2
� jj zN � 1 j � �= 2j + � 2=4 + z2

N � 1 + � 2
w jzN � 1 j > �= 2

By induction,we establishthe following result.
Theorem 3.1: The optimal n-stagepolicy is a switching

policy, i.e.,

uN � n = 0; jzj � � n

uN � n = (jzj � � n )sign(z); jzj � � n

where, � n > 0. The correspondingn-stagecost-to-go is
describedby:

JN � n (z) =
�

z2 + E(JN � n +1 (z + w)) ; jzj � � n

� (jzj � � n ) + z2 + EJN � n +1 (� n + w) else

The switchingpoint � n is uniformly boundedfrom below,
i.e.,

� n � � 0 = min
�

�
2

;
� �

� + �

�

Consequently, the in�nite horizon policy is a switching
policy aswell.

Theproof is outlinedin theappendix.Thetheoremimplies
that the optimal stationarypolicy is describedby a deadbeat
zone around the current fusion center location that does
not switch the fusion centeruntil the track has moved far
enoughfrom the fusion center. Note that this strategy is a
consequenceof our choiceof `1 penaltyon communication
costs,representative of multihop networks.

A key assumptionin the above model is that the track
positionat eachstageis perfectlyobserved,so xk is known.
In general,we only have an estimateof the target position
with a non-zeroerror covariance.We can incorporatethis
estimationerror heuristicallyinto the solutionby increasing
the processnoiseateachstage.Although the densityof the
noise wk may no longer be uniformwith �nite support, it
will still be zero-meanandsymmetric.Thosepropertiesare



suf�cient to establishthat the optimal strategy andthe cost-
to-go will be of the form

Lemma 3.1: The n-stageoptimal policy is

u = 0; jzj � � n

u = (jzj � � n )sign(z); jzj � � n

The correspondingn-stagecost-to-gois given by:
JN � n (z)

=
�

z2 + E(JN � n +1 (z + w + w0)) jzj � � n

� (jzj � � n ) + z2 + EJN � n +1 (� n + w + w0) jzj > � n

The proof is sameas that outlined in the appendixfor
proof of theorem 3.1. However, since the noise is not
uniform, we cannotguaranteethat � n > 0.

In two dimensionsthe problemcan be treatedseparately
in eachdimension,as the N � 1 step cost-to-gofunction
decouplesas the sum of the errors in the two dimensions.
Note that, for the casewhen the error covariancesare dif-
ferentin differentdimensions,we get asymmetricregionsof
switching in the two dimensions,i.e., the switching regions
are rectangularratherthansquare.

B. Target motionwith velocitydynamics

Now considerthetargetmotiondescribedby thefollowing
dynamicalsystem

X k+1 =

2

6
6
4

xk+1

vx
k+1

yk+1

vy
k+1

3

7
7
5 = A

2

6
6
4

xk

vx
k

yk

vy
k

3

7
7
5 + Gw k

A =

2

6
4

1 dt 0 0
0 1 0 0
0 0 1 dt
0 0 0 1

3

7
5 ; G = I 4� 4

wheredt is the samplingtime. The processnoisew(k) has
variancegiven by

Q = q

2

6
6
4

dt3=3 dt2=2 0 0
dt2=2 dt 0 0
0 0 dt3=3 dt2=2
0 0 dt2=2 dt

3

7
7
5

where q is a scaling constant.The above is a standard
discrete time model derived from continuoustime target
dynamics.Assumethat the leadernodeposition is given by
`x ; `y . The joint leadernodeandthe target dynamicsare
2

4
X k +1

`x
k ++1

`y
k +1

3

5 =

2

4
A 0 0
0 1 0
0 0 1

3

5

2

4
X k

`x
k

`y
k

3

5 +

2

4
0
ux

k
uy

k

3

5 +

2

4
w k

0
0

3

5

As in the previous caseidentify z1
k = xk � `x

k and z2
k =

yk � `y
k . Then,

2

6
4

z1
k +1

vx
k +1

z2
k +1

vy
k +1

3

7
5 = A

2

6
4

z1
k

vx
k

z2
k

vy
k

3

7
5 �

2

6
4

ux
k

0
uy

k
0

3

7
5 + w k

Note that w k is independentof z1
k , z2

k and ux
k ; uy

k and is
zeromean.The objective is

(Q) : minu 1 ;::; u N � 1 E
� P N � 1

k=1 � jjuk jj1 + jjzk jj2 + jjzN jj2
�

whereuk = [ux
k ; uy

k ]0 and zk = [z1
k ; z2

k ]0. The cost-to-goat
stageN � 1 is

JN � 1(z; v ) = min
u

�
� jjujj1 + jjzjj2 + jjz + v � ujj2	

+ � 2
w

where� 2
w = E(w(1)2 + w(2)2 + w(3)2 + w(4)2); andw(i )

arethe componentsof the noisevectorw. The optimization
problem in the two dimensionsis decoupled,so we will
focus on describingthe one-dimensionalproblem instead.
For simplicity, we drop the useof superscriptsand refer to
variablesz; v and u for a given coordinate.For the motion
in x directionwe have

JN � 1(z; v) � � 2
w
2 = minu

�
� juj + (z)2 + (z + v � u)2 	

As in the zero velocity case,the optimal control satis�es
uN � 1 = 0 if jzN � 1 + vN � 1j � 0:5� . Outsidethis region the
optimal control is given by,

uN � 1 = zN � 1 + vN � 1 � 1
2 sign(zN � 1 + vN � 1)

A similar policy holds for the optimal control in the y
direction.Theresultingone-dimensionalcost-to-gofunction,
at stageN � 1 is

JN � 1(z; v) = z2 +
1
2

� 2
w +

�
jz + vj � 1=4 jz + vj > 0:5
(z + v)2 jz + vj � 0:5

At stageN � 2 the cost-to-gois

JN � 2(z; v) = min
u

[juj + jzj2+

Ew JN � 1(z + v + w(1) � u; v + w(2))]

From the above minimization it is clear that the cost-to-go
is jointly convex in z; v. Considerthe cost to go function at
stageN � n. By recursion,we get

JN � n (z; v) = min
u

[juj + z2+

Ew JN � n +1 (z + v � u + w(1); v + w(2))]

Lemma 3.2: If the joint densityfunction p(w(1); w(2))
is symmetric in (w(1); w(2)) and JN � n +1 (z; v) =
JN � n +1 (� z; � v), thenJN � n (z; v) = JN � n (� z; � v).

Proof: The minimization remains unaltered if we
substitutefor u = � u, w(1) = � w(1) and w(2) = � w(2)
andnoting that JN � n +1 (z; v) = JN � n +1 (� z; � v).
SinceJN � 1(z; v) = JN � 1(� z; � v), lemma3.2 implies that
JN � n (z; v) = Jn (� z; � v) for all n.

Let z + v � u = � . Then at stageN � n, we have the
subgradientset for zerocontrol

@JN � n

@u
ju=0

=
�

[� �; � ] �
@
@�

Ew JN � n +1 (� + w(1); v + w(2))
�

u=0

SinceJN � n +1 (:; :) is a convex function in both arguments,
Ew Jn � 1 is alsoconvex. For a convex function with left and
theright derivativesalmosteverywhere,[7]. Furthermore,the
derivative existsalmosteverywhere,sowe canexchangethe
expectationand the derivative operation.Thuswe have,

@J N � n

@u ju=0

= [� �; � ] � Ew

n
@

@� JN � n +1 (� + w(1); v + w(2))
o

u=0



The “deadzone”region, i.e. the region of zero control is
given by,

� n (v) =
�

� : jEw

�
@
@�

JN � n +1 (� + w(1); v + w(2))
�

u =0

j < �
�

Note that it is a function of the velocity v. Simplifying as
in the Appendix can show that there is a suf�ciently small
thresholdregion, � n suchthat theoptimalpolicy is to switch
the fusion centeronly when jz + vj � � n and not switch
otherwise.Furthermore,the optimal control is whenthereis
switching is u = z + v � � n sign(z + v).

IV. EXPERIMENTS

To illustrate the performanceof the CEC algorithmsde-
scribedabove, we must map the solution of the continuous
sensor �eld approximationto a discrete grid of sensors,
and evaluatethe relative performanceof the algorithmsas
comparedwith alternatives such as the greedy algorithm
describedin SectionII. We do sofor two classesof dynamic
target models:the randomwalk model and the model with
velocity dynamics.

A. RandomWalk

We considera network of 225 identicalsensorslaid out in
a uniform grid on integerscoordinatesin [� 7; 7] � [� 7; 7].
We assumethat the processnoise is uniformly distributed
on [-0.5,0.5].The target is initially at [0,0] with small initial
covariancein eachdirection.The observation modelat each
sensoris given by

z(xp; yp) =
20

1 +
p

2(((x � xp)2 + (y � yp)2))
+ v

wherev is Gaussiannoiseof variance1 andxp andyp are
the coordinatesof the sensor. We collect measurementsat
time intervals dt = 1. The informationprovided by selected
sensorsis processedby anExtendedKalmanFilter (EKF) to
generatestateestimatesfor 50 time steps.

To implementthe CEC algorithmin this example,we use
the EKF updatedstateestimateascorrespondingto the true
target position (certaintyequivalence).The fusion centeris
constrainedto be at one of the sensors.We usea threshold
alongboth thex andy directionsandcomputethe distances
along eachdirection betweenthe updatedestimateand the
currentfusioncenter. If thedifferenceexceedsthe threshold,
we computethe control u generatedby the CEC control,
androundthecontinuousfusioncenterlocationto thenearest
integerpoint to selectthenext fusion location.Thereporting
sensorswereselectedasthefour sensorsthatsurroundedthe
continuousfusioncenterlocation.Thethresholdis a function
of the weight � on communicationcostsandthe look-ahead
horizon; varying this weight yields a performancecurve in
termsof communicationscostversustrackingerror.

As referencealgorithms,we usetwo algorithms:the one-
steplookaheadcombinatorialalgorithmin (4) with a variable
weight � to obtaina similar tradeoff betweentrackingerror
andcommunications.Thesecondalgorithmwasanon-causal
algorithmcorrespondingto a hindsightpolicy wherethe set
of four reportingsensorsareselectedbasedon thetruefuture

targetposition(andhencehadoptimalobservability) andthe
fusion centerwas selectedas the sensorin this set of four
that had the smallestswitching communicationcost. This
providesa boundon thebestestimationaccuracy obtainable.

Figure 1 shows the tradeoff betweenthe communication
cost and the rms tracking error for the two causalalgo-
rithms varying the weight on the communicationcost in the
performanceobjective, as well as the performanceof the
hindsight optimization algorithm, averagedover 50 Monte
Carlo runs, tracking over 50 time stepsper Monte Carlo
run.Theresultsillustratetheadvantagesof CECcontrolover
a one-stepcombinatorialpolicy, achieving smaller tracking
error for comparablecommunicationcosts.

0.2 0.25 0.3 0.35 0.4 0.45 0.5 0.55 0.6
0

5

10

15

20

25

rms error in target position

co
m

m
un

ic
at

io
n 

co
st

 in
 b

it 
-m

et
er

s

CEC policy
One step heuristic
Hindsight Policy

Fig. 1. Communicationcostsvs tracking error performancefor different
algorithmsin randomwalk experiments

B. Target motionwith velocity

In this case,targetmotioncancover additionalarea,sowe
needa larger sensorgrid. For theseexperiments,we usea
uniformtwo dimensionalgrid in [� 45; 45]� [� 45; 45], where
the sensorsare placedat a distanceof � = 3 metersapart.
The measurementmodel is given by

y(xp; yp) =
20

1 + ((( X � xp)2 + (Y � yp)2))=10
+ v

wherev is a Gaussiannoiseof variance1 andxp andyp are
the x andy coordinatesof the sensor. Note that eachsensor
has an effective sensingrange that overlaps its adjacent
sensors.For the target dynamicsq = 0:01 and dt = 1. The
target startsat (0; 0) with a velocity of 0:25 in both x and
y directions.

In this experiment,6 sensorsaroundthe leadernodewere
selectedto report their observations in each of the cases.
Speci�cally, the 3 adjacentsensorsnorth of the leaderposi-
tion andthe3 sensorssouthof theleaderpositionreport.The
resultsaveragedover 20 MonteCarlo runsand50 time steps
areshown in �gure 2. As before,the CEC control achieves
smaller RMS error for comparalblecommunicationcost,
with trackingperformancecloseto theboundprovidedby the
hindsightpolicy with signi�canlty smallercommunications.



0.35 0.4 0.45 0.5 0.55 0.6 0.65
28

30

32

34

36

38

40

42

rms error 

C
om

m
un

ic
at

io
n 

co
st

 in
 b

it-
m

et
er

s
CEC Policy
One step heuristic
Hindsight Policy

Fig. 2. Communicationcostsvs tracking error performancefor different
algorithmsin velocity modelexperiments

V. CONCLUSIONS

In this paperwe studiedthe problemof locating dynam-
ically a fusion center in a sensornetwork for distributed
target tracking that trades off communicationcosts and
estimationerror. For thecaseof regularnetworkswith homo-
geneoussensors,we developeda continousapproximationas
a stochasticcontrol problem and characterizedthe optimal
policiesfor fusioncenterlocationin this approximation.The
optimal policies have a dead-zoneregion where the fusion
centerdoesnot changeuntil the track's predictedposition
is far enough. The feedback solution of the continuous
approximationcan be used with a certainty equivalence
approachto locate the fusion center in discrete �elds of
homogeneoussensors.In simulation, the resulting fusion
centercontrol providesimproved performanceversusa one-
step policy basedon discrete sensor locations, in terms
of reducedcommunicationcosts for comparableaccuracy.
Furthermore,the on-line computationrequirementsfor our
feedbackpolicy areminimal.

The main limitations of our resultsare that we assume
the sensorsare homogeneous,and that there is enoughin-
formationfor accuratetrackingso that certaintyequivalence
control is adequate.Futurework will explore to what extent
theseassumptionscanbe relaxed.

VI . APPENDIX

A. Outlilne of Proof of theorem3.1

Thecompleteproof andadditionalresultscanbe found in
the report[8]. We outline themajorstepshere:Let n denote
the numberof stagesleft. Then,

Jn (z) = min
u

�
� juj + z2 + E(Jn � 1(z + w � u))

	
(7)

The following propertieshold for the n-stagecost-to-go
function:

Lemma 6.1: The n-stagecost-to-go function, Jn (�) is
real valued,positive, convex, & symmetricaboutz = 0 and
monotonicfor z � 0.

Theproof follows by induction,andexploits thefact that the
noisew hasa symmetricdistribution.

Lemma 6.2: The n-stagecost-to-go,Jn (�) is differen-
tiable almosteverywhere(with respectto lebesguemeasure)
and
@
@�

EJn (� + w) = E
@
@�

Jn (� + w) =
1

2�
(J (� + � )� J (� � � ))

This follows from the convexity property, and by direct
computation.

Lemma 6.3: The n-stageoptimal policy is a switching
policy, i.e.,

u = 0; jzj � � n

u = (jzj � � n )sign(z); jzj � � n

where, � n > 0. The correspondingn-stagecost-to-go is
describedby:

Jn (z) =
�

z2 + E(Jn � 1(z + w)) jzj � � n

� (jzj � � n ) + z2 + EJn � 1(� n + w) jzj > � n
The necessaryand suf�cient condition for optimality is
that the sub-gradientset contain the elementzero [6]. The
optimality of switchingpolicy follows from thefactthatzero
is aninterior point of thesub-gradientof theargumentin the
minimizationproblemof Equation7.

To establishthat � n is boundedaway from zero indepen-
dentof n, let � � = inf n � n .

Lemma 6.4:

� � � � 0 = min
�

�
2

;
� �

� + �

�

Assumethereis an n suchthat, � n � � =2. If not then the
result is established.Consider, for 0 � z � � 0

1
2� (Jn (� + z) � Jn (� � z))
(a)
= 1

2�

�
� j� + zj + (� + z)2 � � j� � zj � (� � z)2

�

= z � + �
�� � �; 8 z � � 0

where,(a) follows from Lemma6.3 andnoting the fact that
� � � n � � n . Therefore,whenever z � � 0 the sub-gradient
setalwayscontainsthezeroelementfor thezeropolicy, i.e.,
u = 0. This implies that � n � � 0.
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