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Abstract. We considera mobile sensornetwork monitoringa spatio-temporal
�eld. Given limited cachesat the sensornodes,the goal is to develop a dis-
tributedcachemanagementalgorithmto ef�ciently answerquerieswith aknown
probabilitydistributionover thespatialdimension.First,we proposeanovel dis-
tributedinformationtheoreticapproachassumingknowledgeof the distribution
of the monitoredphenomenon.Underthis scheme,nodesminimize an entropic
utility function thatcapturestheaverageamountof uncertaintyin queriesgiven
theprobabilitydistributionof querylocations.Second,weproposeacorrelation-
basedtechnique,which only requiresknowledgeof the second-orderstatistics,
relaxingthestringentconstraintof a priori knowledgeof thequerydistribution,
while signi�cantly reducingthecomputationaloverhead.We show that thepro-
posedapproachesconsiderablyimprove the average�eld estimationerror. Fur-
ther, weshow thatthecorrelation-basedtechniqueis robustto modelmismatchin
caseof imperfectknowledgeof theunderlyinggenerative correlationstructure.

1 Intr oduction

Early sensornetwork researchassumedthat sensorsarestaticwith very low compu-
tation and storagecapabilities,and oncedeployed, thesenodesare not likely to be
rechargedor moved.Hence,onceseparatedfrom the network (e.g., dueto failure of
nodeson the path to the rest of the network), nodeswill remaindisconnecteduntil
their batteriesdie. Sensornetwork technologieshave maturedto the degreethat they
areexpectedto beembeddedin many platforms.Someof theseplatformsaremobile,
e.g., automobiles,handhelddevicesandwearablecomputers,giving riseto arathernew
paradigmfor sensornetworks,whichallowsfor theconsiderationof mobility, including
thepossibilityof leveragingit for new classesof sensornetwork applications.

A paradigm,in which sensornetworks aremobile, not only changesmany tradi-
tional sensornetwork assumptions(e.g., nodeisolationmaybeonly temporarydueto
mobility), but alsoit givesrise to new applications,or to old applicationsundernew
settings.Onesuchapplicationis �eld monitoring.An extensivebodyof researchstud-
ied this problemin the context of static sensornetworks [8,21,17,13,23,7]. Dense
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nodedeployment is usually assumed.A uniqueparty in the network (i.e., the sink)
is assumedto be responsiblefor posingqueriesto the restof the network. Flooding
(whethernetwork-wide or limited) is leveragedto discover the bestforwardingpaths
to andfrom thesink.Lack of changein thenetwork topologyallows thesepathsto be
usefulfor handlingmultiplequeries,validatingthecostof �ooding.

Besidesmobility, the�eld monitoringsettingwe considerin this paperis different
from theabovescenario.Speci�cally, sensornodesarenot viewedasreactiveelements
whosesolerole is to sampleasinglelocationandrespondto queriesaboutthisspeci�c
location.Rather, weview sensorsasbeingembeddedor attachedto largerentities(e.g.,
carsandhandhelddevices),which constitutepointsof interactionbetweenthesystem
andits users.As such,usersmayposequeriesto thesystem,andget repliesfrom the
systemthroughthesepointsof interaction(nodes).As anexamplefor this setup,con-
sidera �re�ghter' s backpackthatcontainsa numberof sensors(e.g., temperaturesen-
sor, smoke sensor, carbon-monoxidesensor, etc.), alongwith a head-mounteddisplay
andakeyboardto allow interactionbetweeneach�re�ghter andthesystem[1]. In such
a system,sensorscouldsampletheenvironmentin which �re�ghters work. Collected
samplesshouldbemanagedandstoredin orderto satisfyqueriesissuedby �re�ghters
to the system.A querycan target any location in the scene,not only locationssam-
pledby theinquirer. For example,if one�re�ghter needsto go to somelocationin the
scene,thenmeasurementsof temperature,smoke levels,andconcentrationof carbon
monoxidewould prove valuableto this �re�ghter . Thus,the goal of the systemis to
provide anaccurateestimationof thephenomenonof interestat thegivenqueryloca-
tion. A de�ning characteristicof this systemis themobility patternof themobilehosts
(�re�ghters in this example).This patternis not governedby theneedto optimizethe
systemperformance,ratherit is governedby anoverarchingmission(e.g., theneedto
save someonetrappedin a room,or constraintsdueto how the �re progresses).This
samesettingappliesequallywell to a groupof soldiersin a battle�eld, or a groupof
researchersperforminga studyin someurban�eld.

Anotherimportantfactorin theparadigmweconsiderin thispaperis that,usersmay
have speci�c preferenceswhenposingqueriesto the system.Speci�cally, the spatial
distributionof interestover the�eld mightbeskewedasopposedto uniform(i.e., there
mightexist somezonesin the�eld thatusersarelikely to inquireaboutmorefrequently
– e.g., nearexits). Also, differentphenomenaof interest(e.g., temperature,andcarbon
monoxide)might have differentinterestdistributions.Knowledgeof suchdistributions
canbeleveragedto optimizethesystemperformance.

We assumethat in suchsystemsthestoragespaceof mobilenodesallottedto each
phenomenonof interestis limited. This is a realisticassumptionfor two reasons:1)
consideringthe fact thatdatafrom differentphenomenasharethesamestoragespace
(or cache).Addingmoresensortypesincreasesthenumberof phenomenathatthesys-
temis ableto handle,but alsoincreasescontentionover the limited memoryavailable
for storage.2) As we alludedabove the type of applicationswe target are parasitic
applications;in thesensethattheseapplicationsexploit mobility of thehostandits re-
sources(e.g., storageof a �re�ghter wearablesystem)to providesomeservice.Hence,
it is conceivablethat,althoughthehostmight have plentyof storage,our targetappli-
cationswill beallowedaccessto a limited fractionof this storage.Thesetwo reasons



motivatethe needfor a cachemanagementalgorithm.We assumethat samplesfrom
differentphenomenaareindependent,hence,solvingtheproblemfor onephenomenon
is enough.

To thisend,in thispaperweproposetwo cachemanagementalgorithmsfor tackling
this problem.Our techniquesaim to minimize someutility function that capturesthe
averageamountof uncertaintyin queriesgiventhedistributionalcharacteristicsof query
locations.Ourcontributionsareasfollows:

– Assumingknowledgeof the entirespatio-temporaldistribution of the target phe-
nomenon,we develop an information-theoreticframework to optimize the cache
content,andprovideaccurateanswersto queries(Section3).

– We proposea differentapproachbasedon optimizinga correlation-basedfunction
relaxingthestringentconstraintof full distributionknowledge.We developastrat-
egy thatonly requiresknowledgeof thesecondorderstatisticsof thephenomenon
of interest.Furthermore,this techniquelowers the requiredcomputationalcom-
plexity (Section4).

– We provide extensive performanceevaluation of our techniques,showing (and
quantifying the impact of) the variousfactorsand parametersthat affect perfor-
mance(Section6). We, also,study the robustnessof the techniquedevelopedin
Section4 to model mismatchin caseof imperfectknowledgeof the correlation
structure.

Therestof thepaperis organizedasfollows.In Section2 thesetupandproblemdef-
inition areprovided.Detailsof theproposedtechniquesarepresentedin Sections3 and
4 togetherwith ananalysisof their correspondingcomputationalcomplexity. Basedon
thesetwo cachemanagementalgorithms,weshow how to designacooperativescheme
in Section5,wherenodesbene�t from samplescachedattheirneighborsto obtainmore
accuratequeryestimates.We thenpresentin Section6 anevaluationof thecacheman-
agementstrategiesfor two phenomenageneratedusingdifferentprocesses.We provide
a summaryof relatedwork in Section7, discussfuturework andconcludethepaperin
Section8.

2 Problem De�nition

We startwith theproblemde�nition alongwith a descriptionof thesystemgoal.The
setup,systemparameters,andnotationwe useareasfollows:

– The systemconsistsof n autonomouslymobile nodes(i.e., nodemobility is not
controlledby thesystem).

– Eachnodehasa cacheof sizec.
– Thenodesmove in a �eld F with areaA = L � L .
– While roamingthe�eld, sensornodessampleatargetphenomenonandthisprocess

continuesfor T timeunits.
– Locationinformationis accessibleto thesensornodes,suchthatthey canassociate

eachsamplewith thelocationwhereit wascollected.

Weleave therelaxationof thisassumptionto futurework on this problem.



– We usecapitallettersto representrandomvariablesandsmall lettersto represent
realizationsof theserandomvariables.

– V`;t is a randomvariablethatrepresentsthevalueof the�eld phenomenonat loca-
tion ` andtime t. v`;t denotesa realizationof this randomvariable.

– We usetheboldfacedletter si
t = [s1; s2; ::; sc] 2 Rc to denotethec-dimensional

cachecontentvectorof nodei at time t. To simplify notationandsincewe would
begenerallyreferringto any arbitrarynodei , wewill dropthesuperscripti , unless
it is not clearfrom the context. Note that any cachedsamplesj correspondsto a
�eld valuev` j ;t j , where` j is thelocationfrom whichthissamplewascollectedand
t j its correspondingtimestamp.

– It is assumedthat a queryposedat any time instant� inquiring aboutlocation`
targetsthevalueof the�eld phenomenonv`;� .

– The�eld phenomenonis fully characterizedby aspace-timemultivariateprobabil-
ity distribution p(f v`;t g; ` 2 F ; 0 � t � T ) with a L 2 � T � L 2 � T correlation
matrix R, suchthatR(v` 1 ;t 1 ; v` 2 ;t 2 ) representsthecorrelationbetweentwo values
of thephenomenonwith space-timecoordinates(`1; t1) and(`2; t2), respectively.

– De�ne therandomvariableL (q) asthe locationwhich queryq targets(calledthe
query target). We assumethat L (q) follows somespatialdistribution Q, where
Q(`(q)) is theprobabilityof querying�eld location`(q). Q is assumedto besta-
tionary. Similarly, we uset(q) to denotethe time at which query q was posed.
Obviously, thebestanswerto q wouldbev` (q) ;t (q) .

SystemGoal: After somewarm-uptime, eachnodein the systemis expectedto an-
swerqueriesaboutthe targetphenomenonin the �eld. Thequeryspeci�essome�eld
location,thenodeis expectedto provide an estimateof the phenomenonat thequery
targetandthegoal is to minimize themeansquareestimationerror (MSE) of thesys-
tem's response.Hence,thenodesarerequiredto maintainanef�cient cachecontentto
beableto answerqueriesreliably. In thenext sections,we developdifferentstrategies
for cachemanagementat thesensornodes.

3 Inf ormation Theoretic CacheManagement

In thissectionwedevelopaninformationtheoreticstrategy via whichnodeslocally up-
datetheircachesbasedonknowledgeof thespace-timedistributionof thephenomenon
of interest.

3.1 DEBT CacheMaintenanceStrategy

At eachtime instant,local decisionsaremadeat the mobile nodesconcerningwhich
samplesto keep,andwhetheror not a new sampleshouldbe acquiredat the current
location.Thesedecisionsaremadeso asto minimizean entropicutility function that
capturestheaverageamountof uncertaintyin queriesgiventheprobabilisticquerytar-
get distribution — hencethe nameof the strategy: DistributedEntropy BasedTech-
nique(DEBT). Speci�cally, at eachtime instantt, a nodei greedilydecidesin favor of
thecachecontentthatminimizestheconditionaldifferentialentropy averagedover the
querydistributionQ, i.e.,



st = argmin h(VL (q) ;t =st ; L (q))

= arg min
st 2S t

Z

` (q) � Q
Q(`(q))h(V` (q) ;t =st ; `(q)) (1)

where,st 2 Rc is thecachecontentselectedby nodei attimet, andh(VL (q) ;t =st ; L (q))
is thedifferentialentropy of thevaluesof thephenomenon,conditionedonagivencache
content,at thepossiblequerylocations̀ (q) whichfollow aspatialdistributionQ. St is
thesetof all possibledecisionsleadingto all possiblecachecontentsatnodei at time t
which is givenby:

St = f st : st 2 Cc;c+1 (st � 1

[
f v` t ;t g)g (2)

whereCc;c+1 (A ) denotesall the(c+ 1 choosec) possiblecombinationsof theelements
of a setA andv` t ;t denotesthevalueof thephenomenonat thecurrentlocationof the
i -th node,̀ t .

Theexpressionabove simply enumeratesall thepossiblecachecontentsat time t;
the optionsbeingto drop any of the samplesfrom time t � 1 andacquiringthe new
sampleat thecurrentlocationof nodei , or just keeptheold setof samples.

The intuition behindDEBT is thata nodealwayskeepsa cachecontentthatmin-
imizesthe uncertaintyin the valuesof the phenomenon(capturedby the conditional
entropy) given the knowledgeof the spatialdistribution of the querytargetsover the
�eld of interest.It might well betrue thatanold sampletakenat a speci�c locationis
morevaluable,andhenceis worthcachingthananewersampletakenatadifferentloca-
tion giventheaggregateeffect of thespatialquerydistribution andthespatio-temporal
distributionof thephenomenon.

It is worth mentioningthat the computationof h(V` (q) ;t =st ) (Eq.3 [5]) requires
knowledgeof the posteriordensityp(v` (q) ;t =st ), which canbe generallyobtainedby
propermarginalizationof the full space-timedistribution. For the Gaussiancase,this
simpli�es toacomputationof theconditionalmeanandvariance� v` ( q ) ;t =st and� v` ( q ) ;t =st .

h(V` (q) ;t =s) = �
Z

v` ( q ) ;t

p(v` (q) ;t =s) ln p(v` (q) ;t =s)dv` (q) ;t (3)

3.2 LeastSquareErr or (LSE) Query ResponseStrategy

To answera posedqueryq, a nodecomputesan estimateof the phenomenonat the
querytargetgivenits cachecontent.Giventheknowledgeof thespace-timedistribution,
it would be naturalto resortto a BayesianLeastSquareEstimate(BLSE), which is

Notethatthedifferentialentropy h(VL ( q) ;t =s) thatwe usein theminimizationof Equation(1)
is conditionedon a given realizationof the cachecontent.That is to say, no averagingis
taken over the conditioningrandomvectorsincewe aredealingwith real-timeselectionof
thesamples.This is clearlydifferentfrom thestandardquantityh(VL ( q) ;t =S) with S beinga
randomvariable.



given by the conditionalexpectationof the posteriordensity, to minimize the mean
squareestimationerror. Henceeachnode's taskis to computetheexpectedvalueof the
phenomenonatq givenits cachecontents, thatis:

V̂` (q) ;t (q) = E[V` (q) ;t (q) =s] (4)

whereV̂` (q) ;t (q) is thenodeestimate.Againwepointout thatthisgenerallyrequiresthe
computationof theposteriordensityp(v` (q) ;t (q) =st ). UnderGaussianassumptions,the
BLSEestimatein Eq.(4)is alwayslinearin thecachecontent,thatis theBLSEis equal
to the Linear LeastSquareEstimate(LLSE). For generaldistributions,the computa-
tional complexity couldbereducedif we only restrictourselvesto linear functionsof
thecachecontent,i.e. LLSE, whichwouldonly requireknowledgeof thesecond-order
statisticsof thephenomenon.NotethattheLLSE, X̂ LLS E , of arandomvariableX with
mean� X , givena randomvectorY = y, with meanvector� Y is givenby [22]:

X̂ LLS E = � X + � X Y � � 1
Y (y � � Y ) (5)

where� X Y denotesthecross-covariancebetweenX andY , and,� Y is thecovariance
matrix of theobservationvectorY . While the DEBT/LSE techniquesoutlinedin this
sectionareexpectedto yield accurateperformance,they arenot practical.Speci�cally,
we notethefollowing two typesof limitationsonDEBT practicality:

– InformationalLimitations:DEBT assumesknowledgeof theentiredistribution of
thetargetphenomenon.Suchinformationmaynot bealwaysavailable,or if avail-
able(e.g., throughhistoricalmonitoringof thephenomenonof interest),it maynot
beaccurate.

– ComputationalLimitations:In orderto provideoptimizeddecisionsaboutwhether
or not to samplevisited �eld locations,andhow to managethecache,DEBT cal-
culatesthe conditionaldifferentialentropy of the querydistribution Q given any
cachesetting.This requiresperformingmultiple numericalintegrationoperations,
whichmightnotbealwayssuitabledueto thelimited computationalcapabilitiesat
thesensornodes.

Thismotivatestakingadifferentapproachthatis less-demandingin termsof knowl-
edgeaboutthespatio-temporal�eld. In thenext section,we proposea morepractical
(yet quite competitive) strategy thatonly requiresknowledgeof the correlationstruc-
ture,i.e., second-orderstatistics.

4 Corr elation-BasedCacheManagement

In this section,we proposea Correlation-BasedTechnique(CBT) asa practicalalter-
native to theDEBT approachpresentedbefore.

CBT avertsthelimitationsof DEBT by only assumingknowledgeof thespace-time
correlationstructureof the �eld phenomenonR. Namely, insteadof calculatingthe



conditionalentropy to make cachingdecisions,CBT decideswhich samplesto cache
usingonly thecorrelationstructureof the targetphenomenonR. Notice that de�ning
R impliesonly knowledgeof thesecond-orderstatisticsof the targetphenomenon,as
opposedto knowledgeof theentiredistribution in caseof DEBT. Like DEBT, thecrux
of theCBT techniqueis to beableto assigna measureof utility capturingknowledge
aboutthe�eld to any givensetof sampless = f s1; s2; ::; scg with respectto thequery
distribution Q. Then,it retainsthesetof samplesthatmaximizestheutility. First, we
needto assignameasureof utility u(q; s) to asetof sampless with respectto aspeci�c
queryq with location`(q), andtime t(q). Thenby averagingu(q; s) over the spatial
distribution Q, we get a weightedinformationmetric over the entire �eld, M (Q; s).
More speci�cally, for a queryq, we gaugetheutility of s with respectto q asfollows:

u(q; s) =
Q(`(q))

� qjs
(6)

Averagingu(q; s) overQ, weget

M (Q; s) =
Z

Q
u(q; s) =

Z

` � Q

Q(`)
� qjs

d` (7)

whereQ(`(q)) is theprobabilityof querying�eld location`(q), and� qjs is thecondi-
tional covarianceof qjs, givenby

� qjs = � q � � q;s� � 1
s � T

q;s (8)

where� q is thevarianceof thestationaryprocess,� q;s is thecross-covariancebetween
qands, and� s is thecovariancematrixof thecachecontents. Noticethatcalculationof
� qjs only requiresknowledgeof thecorrelationmatrixR. Then,CBT makesits caching
decisionsby maximizingthe total utility over the choiceof possiblecachecontents
(i.e., maxs M (Q; s)).

5 NodesCooperation

So far we have describedoperationof a singlenode.However, in a mobile network
of numerousnodes,cooperationbetweennodescould be engineeredto yield a better
performance.In this paper, we limit our attentionto cooperationconcerningqueryre-
sponse.This is doneasfollows. Whenever a nodei getsa queryq, i broadcastsq to
its direct neighbors.Upon receiving the query, eachneighborj of i estimatesits an-
swerbasedon its local cachecontent,then,submitstheestimatebackto i alongwith
a measureof con�dencein this answer. Nodei performsthe sametask,andreceives
queryrepliesfrom its neighbors.Theanswerwith thehighestcon�denceis usedasthe
queryresponse.In our settingwe usetheconditionalcovariance� qjs (Equation8) as
themeasureof con�dencein theestimatedanswer. Theintuition is thata lower condi-
tionalcovariancecorrespondsto lessuncertaintyaboutthequery. Noticethat,theradius
of �ooding thequerycouldbe increasedto valueslarger thanone(i.e., consultnodes
beyond direct neighbors),however, we choosenot to do this in order to avoid query
�ooding andits associatedcommunicationoverhead.



Also, noticethat,while we choseto limit nodescooperationto thequeryhandling
(i.e., estimation)plan,cooperationbetweennodescouldbedoneondifferentplans,for
example,thesamplecaching(i.e., decision-making)process.In this case,nodeswould
take decisionsas to which samplesto cacheandwhich onesto evict basednot only
on thecontentsof local cache,but on thecontentsof neighboringcachesaswell. This
wouldrequirebroadcastingthecachecontent(or asummaryof it thereof)to neighbors,
which is a costly processin termsof power. Also, performingcooperationon the de-
cision makingplan requiresmorecoordinationin presenceof mobility, sincethe set
of neighborschangeswith time. In this paperwe evaluatethe �rst option, and leave
investigationof thesecondto futurework.

6 PerformanceEvaluation

In this sectionwe evaluatethe performanceof the differentproposedcachemanage-
menttechniques.We start in Subsection6.1 with a descriptionof the datageneration
modelswe usedto generatethe input data.In Subsection6.2, we provide the details
of our evaluationmethodology. Next, in Subsection6.3,we introducetheperformance
metricswe usein our evaluation.Finally, we presentthe resultsof our experimentsin
Subsections6.4,and6.5.

6.1 Data Generationmodel

In this subsection,wedescribethetwo datagenerationmodelswe usedin this study.

Model 1: A GaussianPhenomenon:In the�rst model,theunderlyingspace-timedis-
tribution of the phenomenonis a multivariateGaussian.Thus,the �eld distribution is
fully capturedby themeanvectorandthe joint spatio-temporalcorrelation(STC)ma-
trix R, L 2 � T � L 2 � T . To generatethe �eld, we �rst generatethe datato satisfy
the spatialcorrelationusing the standardCholesky decompositiontransformationby
pre-multiplyinga matrix of independentGaussianrandomvariablesby thesquareroot
of thedesiredspatialcovariance[18]. Eachindividual temporalsignalassociatedwith
a given locationis then�ltered usinga temporal�lter to provide the correctspectral
shape.This approachresultsin an STC covariancestructurewherethe off-diagonal
blocksarescalingsof thediagonalblockswith ascalingfactorthatdependson thecor-
respondingtime lag.Herewenotethatothermethodsbasedon techniquesdescribedin
[6] couldalsobeusedfor generationof �elds with arbitraryjoint space-timecorrelation.

Model 2: A Random Phenomenon:In thesecondmodel,thegenerateddatadoesnot
follow a Gaussiandistribution. The purposeof this experimentis to studythe perfor-
manceof theCBT techniqueproposedin Section4, which only requiresknowledgeof
thesecond-orderstatistics,whentheunderlying�eld follows anarbitrarydistribution.
We generateddatathat satis�esa desiredSTC by �rst applyinga spatialtransforma-
tion to a vectorV of uniformly distributedrandomvariables,andthenby �ltering the
resultingvector throughan autoregressive (AR) digital �lter to introducethe desired
temporalcorrelation.The coef�cients of the autoregressive �lter wereobtainedusing



the standardLevinson-Durbinalgorithmwhich takesasinput the targetedcorrelation
for thedifferenttime lags,andoutputsthe�lter coef�cients for thespeci�edorder[9].
Sincethedriving noise(V ) weusedin the�rst placeis non-Gaussian,theresultingpro-
cessis alsonon-Gaussian,andonly matchesthesecond-orderstatisticsrequirements.

6.2 Simulation Model and Methodology

We assumethat n nodes,eachwith a cacheof sizec, performa randomwalk in a 2-
D �eld of dimensionsL � L . At every time unit, eachnodedecideswhetheror not
to sampleits currentlocation.This decisionis madebasedon theutility that this new
sampleprovidescomparedto utility of the original cachecontent.If the new sample
doesnot increasetheutility of thecache,it is not kept in thecache.Otherwise,oneof
theold samplesthatprovidesthe leastutility is evicted in favor of thenewly acquired
one.After allowing a warmupperiodof w time units,eachnodeis requiredto answer
a queryevery time unit. Thequeryspeci�esa locationin the�eld, referredto asquery
target. A query answeris an estimateof the value of the phenomenonat the query
targetgiven eachnode's locally cached�eld samples.Notice that eachnodeis asked
anindependentquerywhosetargetis drawn from thespatialquerydistributionQ. This
distribution is assumedto be a bivariatenormaldistribution whosemeanis thecenter
of the �eld, andvarianceis � 2

Q � I , whereI is the identity matrix of size2 � 2. The
answerto any query is calculatedusingEq. (5), whereY in Eq. (5) is the vectorof
samplescachedby thequeriednode.

In theexperimentwith theGaussianphenomenon,evaluationof theposteriorden-
sitiesby themobilenodesonly requiredevaluationof a meanvectoranda covariance
matrix which capturethe entiredistribution. However, in the non-Gaussianscenario,
thecomputationalcomplexity of DEBT becomesprohibitivelyexpensive,especiallyfor
largecachesizes.Thereasonis that theevaluationof theposteriorsrequiresmarginal-
izationof thespace-timedistribution over the rangeof thevariablesof interestfor the
entiredurationof theevaluation(i.e., lengthof thesimulationin time units).Hence,in
theexperimentwith theRandomphenomenon,we only evaluateCBT.

In orderto assesstherobustnessof CBT to modelmismatch,wealsoconductedan-
otherexperimentin whichnoiseis addedto thesecond-orderstatisticsknowledgeused
by thenodesfor managingtheircaches(to re�ect uncertaintyin correlationknowledge).
Wethenevaluatetheperformancefor differentsignal-to-noiseratios(SNR),whereSNR
is de�ned as:

SN R = 10 log10
� 2

� 2
noise

(9)

where� 2 is thevarianceof thephenomenon,andtheaddednoiseis Gaussianwith
mean� = 0, andvariance� 2

noise . We experimentedwith SNR's = 2db,and15db.
To quantify the gainsachieved by the proposedtechniques,we comparethemto

randomcaching,which providesuswith a lower boundon performance.With random
caching,at every time unit, eachnoderandomlydecideswhetheror not to sampleits
currentlocation.If a nodedecidesto sampleits currentlocation,andits cacheis full,
it randomlychoosesoneof its local samplesto beevicted to accommodatethenewly
acquiredsample.



In the following evaluation,we setthedefault valueof theparametersof our sim-
ulation anddatamodelsas follows. L = 8, c = 10, n = 5, simulationtime = 100
time units,warmuptime w = 50 time units,varianceof theGaussianphenomenon� 2

G
= 50, varianceof the randomphenomenon� 2

R = 50, andvarianceof thespatialquery
distribution � 2

Q = 4. The default mobility model is a randomwalk on a 2D discrete
�eld, underwhich,eachnodeis initially placedat randomlocationin the�eld. Thenat
everytimeunit, eachnodemovesto oneof its four neighboringlocationswith thesame
probability(i.e., 0.25for eachlocation).

6.3 PerformanceMetrics

The main performancemetric we usedin our evaluationis the MeanSquaredError
(MSE): Given a speci�c query, a nodereturnsan estimateof the value of the phe-
nomenonat the query location.We then measurethe meansquarederror associated
with this estimate.Thus,givena queryq at time t whosetargetis `(q), theMSE in the
estimationof q is:

M SE = E[(V` (q) ;t � V̂` (q) ;t= st )2] (10)

We calculatetheMSE for eachqueryreceivedby eachnodeafter thewarmupperiod,
thenwereporttheaverageof 20 independentsimulationruns.

We startby showing resultsof a singlenodeasa functionof thecachesizec, and
thevarianceof thequerydistribution� 2

Q . Thenweshow resultsof cooperationbetween
anumberof nodes.Moreresultscanbefoundin theextendedversionof thispaper[15].

6.4 Single-NodeResults

Effect of CacheSize:Figure1 (left) shows theeffect of cachesizeon theMSE of the
differentconsideredstrategiesfor aGaussianandnon-Gaussianphenomena.Intuitively,
asthecachesizeincreases,thebettertheMSE performanceof CBT andDEBT since
a larger cachesize implies a betterreconstructionof the phenomenonby the queried
nodes.DEBT hasalowerMSEcomparedto CBT, however, CBT'sperformanceis very
competitiveat a muchlowercomputationalcost.

Similareffectscouldalsobeobservedfor thenon-Gaussianphenomenon(Figure1
right), regardingtheef�ciency of CBT. CBT outperformsrandomcachingby a factor
of two ordersof magnitude.As expected,addingnoiseto the correlationstructureof
thephenomenon(i.e.,decreasingSNR),degradestheCBT performance.However, even
with SNR of aslow as2db,CBT still outperformsrandomcachingwith a signi�cant
gain.

Query Spatial Distrib ution Variance: Figure2 quanti�es theeffect of a largervari-
ance,� 2

Q , for thequerydistribution on theMSE for both Gaussianandnon-Gaussian
phenomena.Intuitively, a largervarianceimpliesmoreuncertaintyin the targetquery
locationsfor a �x ed cachesizeanda �x ed numberof nodes,which explainsthe de-
creasein estimationquality for thevariousschemes.
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Fig.1. Performanceasa functionof thecachesizefor a Gaussianphenomenon(left), anda non-
Gaussianphenomenon(right).
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Fig.2. Performanceasa function of the varianceof the querydistribution for a Gaussianphe-
nomenon(left), anda non-Gaussianphenomenon(right).

In caseof a Gaussianphenomenon(Figure2 left) bothDEBT andCBT have MSE
that is an orderof magnitudelower thanthat of randomcaching.While in caseof a
non-Gaussianphenomenon(Figure2 right), CBT achievesa hugeimprovementover
randomcaching,with respectto theMSE.Adding noiseto thecorrelationinformation
decreasestheperformanceof CBT, but is still muchbetterthanrandomcaching.

6.5 Multi-Node Results

In the following experiments,we gaugethe performanceimprovementdue to coop-
erationbetweenmultiple nodes,as we explainedit in Section5 for a non-Gaussian
phenomenon.Intuitively, we expectcooperationbetweennodesto improve theperfor-
manceof all techniques,wherethedegreeof improvementdependson the densityof
thenodes.We studythis effect by varying thecachesizeandthenumberof nodesin
the�eld. We alsoplot thecooperationgain,which is de�ned astheratiobetweenMSE
from experimentswith onenodeto MSEof thesamenodewhentherearen cooperating
nodesin thenetwork. In [15], weshow resultsof varyingthevarianceof thedistribution
of querytargets.In thefollowing experiments,n = 5, andcommunicationrange= 8.
Effect of CacheSize:Figure3 showstheeffectof cachesizeon theMSEof thediffer-
ent consideredstrategiesfor a non-Gaussianphenomenon.The improvementof MSE
dueto cooperationis evident.It is clearthat,afterincreasingthecachesizeto a certain
point, cooperationcausesthe gapbetweenrandomandCBT to shrink.The reasonis
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Fig.4. Performanceof multiple cooperative nodesasa functionof thenumberof nodesn.

that,at this point, thereis enoughstoragecapacityin thesystem,suchthat theperfor-
manceof a smartalgorithmandthatof a naive algorithmseemto be close.However,
the improvementof performancecomesat a costof addedcommunicationoverhead.
This is an importantfactor in systemdesign.It implies that, in densesystemswhere
nodesarenot power-limited, a smartcachingalgorithmis not theonly option to con-
sider. However, in sparsesystems,or in systemswherenodesarepower-constrained,
applyinga smartcachingalgorithmmakesanoticeabledifferencein performance.
Effect of Number of Nodes:Figure4 showstheeffectof varyingthenumberof nodes,
n, on theMSE of CBT andrandomcachingfor a non-Gaussianphenomenon.Increas-
ing thenumberof nodesincreasestheamountof cooperationbetweennodes,andthe
storagecapacityof theentiresystem.This improvestheestimationby all nodes.Ran-
dom cachinghasnoticeableimprovementaswe increasethe numberof nodes.This
trendmatchesthe expectationthat whenstorageis abundant,the cachingalgorithms
makea minordifference.However, for all theparameterrangeswe experimentedwith,
CBT, evenwith noisyversions,performsbetterthanrandomcaching.

7 RelatedWork

Themaingoalof dataplacementin sensornetworksis to minimizetheaccesscost[16,
20], wherecostis quanti�ed in termsof communicationenergy.

In order to save energy in the context of caching,Kotidis [10] tries to optimize
energyconsumptionby trying toputsomesensornodestosleepmode,withoutaffecting



the queryability of the network. This is doneby building a correlationmodelfor the
samplesof sleepingnodesin neighboringactive nodes.However, the built model is
only local and can not be usedto answergeneralqueriesabout the entire network.
It alsoinvolvespacket exchangeand�tting neighbors'datato a linear model.In this
paper, givenknowledgeof thespatio-temporalcorrelationmodel,we useit to locally
(with nopacketexchange)answerqueriesabouttheentirenetwork.

In all of theaboveefforts,theentirenetwork is assumedto bestatic,while ourwork
considersmobility, which is aharderproblem.

Spatio-temporalquerieshave beenstudiedin staticnetworks with both static [4]
andmobile [12] sinks.Our modelis differentin that,queriesarehandledonly locally.
Moreover, thetemporaldimensionto theproblemis manifestedin thecorrelationstruc-
tureof thephenomenon.

Cachingandreplicationhavebeenconsideredin adhocnetworks[24,11,19]. Nodes
areassumedto be interestedin a �x edsetof objectssuchthateachobjecthasa well-
de�ned source.In our case,queriesmay target �eld locationsthatmay not have been
sampledby any node.

Leveragingmobile sensornetworks to perform�eld monitoringhasbeenstudied
[2,3,25]. While theseefforts assumecontrolover themobility patternandoptimizeit
in order to maximizethe utility of the system,our work maximizesthe utility of the
cachegiventheuncontrolledmobility modelof thehosts.

Finally, we utilized informationtheoryto assigna measureof merit to any setof
samples.Informationtheoryhasbeenusedin similar problems[14].

8 Conclusion

In thispaperwefocusedontheproblemof �eld monitoringusingautonomouslymobile
sensornodes.Nodesmake local decisionsaboutwhetheror not to sampletheir current
locationandhow to managetheir limited storage.We proposeda distributedentropic
basedtechnique(DEBT) to solvethisproblem.DEBT assumesknowledgeof theentire
distributionof thetargetphenomenon,andleveragesthis knowledgeto makedecisions
aboutthecachemanagement.DEBT hastwo major limitations:1) high computational
complexity, and2) knowledgeof the entiredistribution of the target phenomenonis
notalwaysfeasible.We thenproposedCBT, amorepracticalapproach,whichassumes
knowledgeof only second-orderstatisticsof thetargetphenomenon.CBT hasa much
lowercomputationalcomplexity, andverycompetitiveperformance.Weevaluatedboth
techniquesandshowedthattheresultinggainsin MSEaresubstantialfor bothGaussian
andrandomphenomena.Furthermore,CBT still deliversvery goodestimationof the
�eld, evenwhenits knowledgeaboutthecorrelationstructureis notperfect.

Weintendto extendthemodelwepresentedhereto incorporatenodecooperationon
thecaching(e.g., decisionmaking)plan,suchthatnodescanbene�t from theknowl-
edgeattainedby their neighborsin samplemanagement.We also intendto studythe
effect of differentmobility modelson theperformanceof differentcachemanagement
techniques.
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