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Abstract. We considera mobile sensometwork monitoring a spatio-temporal
eld. Given limited cachesat the sensornodes,the goal is to develop a dis-
tributedcachemanagemerdlgorithmto ef ciently answemuerieswith aknown
probability distribution over the spatialdimension First, we proposea novel dis-
tributedinformationtheoreticapproachassumingknowledgeof the distribution
of the monitoredphenomenonUnderthis schemenodesminimize an entropic
utility functionthatcaptureshe averageamountof uncertaintyin queriesgiven
theprobabilitydistribution of querylocations.Secondye proposeacorrelation-
basedtechnique which only requiresknowledge of the second-ordestatistics,
relaxingthe stringentconstraintof a priori knowledgeof the querydistribution,
while signi cantly reducingthe computationabverhead We shav thatthe pro-
posedapproachesonsiderablyimprove the average eld estimationerror Fur
ther, we shaw thatthecorrelation-basetechniqués robustto modelmismatchn
caseof imperfectknowledgeof the underlyinggeneratre correlationstructure.

1 Intr oduction

Early sensometwork researchassumedhat sensorsare static with very low compu-
tation and storagecapabilities,and once deployed, thesenodesare not likely to be
rechagedor moved. Hence,onceseparatedrom the network (e.g., dueto failure of
nodeson the pathto the rest of the network), nodeswill remaindisconnectedintil
their batteriesdie. Sensometwork technologieshave maturedto the degreethat they
areexpectedto be embeddedn mary platforms.Someof theseplatformsaremobile,
e.g., automobileshandheldevicesandwearablecomputersgiving riseto arathemew
paradigmfor sensonetworks,whichallowsfor the consideratiomf mobility, including
thepossibility of leveragingit for new classe®f sensometwork applications.

A paradigm,in which sensometworks are mobile, not only changesmary tradi-
tional sensometwork assumptionge.g., nodeisolationmay be only temporarydueto
mobility), but alsoit givesrise to new applicationsor to old applicationsundernen
settings.Onesuchapplicationis eld monitoring.An extensive body of researctstud-
ied this problemin the contet of static sensometworks [8,21,17,13,23,7]. Dense
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node deploymentis usually assumedA unique party in the network (i.e., the sink)
is assumedo be responsiblefor posingqueriesto the restof the network. Flooding
(whethernetwork-wide or limited) is leveragedto discover the bestforwarding paths
to andfrom the sink. Lack of changen the network topologyallows thesepathsto be
usefulfor handlingmultiple queriesyalidatingthe costof ooding.

Besidesmobility, the eld monitoringsettingwe considerin this paperis different
from theabove scenarioSpeci cally, sensonodesarenotviewedasreactie elements
whosesolerole is to samplea singlelocationandrespondo queriesaboutthis speci ¢
location.Ratherwe view sensor@asbeingembeddedr attachedo largerentities(e.g.,
carsandhandhelddevices),which constitutepointsof interactionbetweerthe system
andits users. As such,usersmay posequeriesto the system,andgetrepliesfrom the
systemthroughthesepointsof interaction(nodes).As an examplefor this setup,con-
sidera re ghter' s backpackthatcontainsa numberof sensorge.g., temperaturesen-
sor, smole sensoycarbon-monoxidesensoretc), alongwith a head-mountedisplay
andakeyboardto allow interactionbetweereachre ghter andthesysterm1]. In such
a system sensorgould samplethe environmentin which re ghters work. Collected
sampleshouldbe managedndstoredin orderto satisfyqueriesssuedby re ghters
to the system.A querycantargetary locationin the scenenot only locationssam-
pledby theinquirer. For example,if one re ghter needgo goto somelocationin the
scenethenmeasurementsf temperaturesmole levels, and concentratiorof carbon
monoxidewould prove valuableto this re ghter . Thus,the goal of the systemis to
provide an accurateestimationof the phenomenomf interestat the givenqueryloca-
tion. A de ning characteristiof this systemis the mobility patternof the mobile hosts
(re ghters in this example).This patternis not governedby the needto optimizethe
systemperformanceratherit is governedby an overarchingmission(e.g., the needto
save someondrappedin a room, or constraintdueto how the re progresses)Trhis
samesettingappliesequallywell to a group of soldiersin a battle eld, or a group of
researcherperforminga studyin someurban eld.

Anotherimportantfactorin theparadigmwe consideiin thispapeiis that,useramay
have speci ¢ preferencesvhenposingqueriesto the system.Speci cally, the spatial
distribution of interestoverthe eld mightbeskewedasopposedo uniform (i.e., there
mightexist somezonedn the eld thatusersarelik ely to inquireaboutmorefrequently
—e.g., nearexits). Also, differentphenomenaf interest(e.g., temperatureandcarbon
monoxide)might have differentinterestdistributions.Knowledgeof suchdistributions
canbeleveragedo optimizethe systemperformance.

We assumehatin suchsystemghe storagespaceof mobile nodesallottedto each
phenomenorof interestis limited. This is a realisticassumptiorfor two reasonsi)
consideringhe factthat datafrom differentphenomenaharethe samestoragespace
(or cache) Adding moresensotypesincreaseshe numberof phenomenahatthe sys-
temis ableto handle,but alsoincreasegontentionover the limited memoryavailable
for storage.2) As we alludedabove the type of applicationswe target are parasitic
applicationsjn the sensehattheseapplicationsexploit mobility of the hostandits re-
sourcege.g., storageof a re ghter wearablesystem)to provide someservice.Hence,
it is concevablethat, althoughthe hostmight have plenty of storage pur targetappli-
cationswill be allowed accesgo a limited fraction of this storage Thesetwo reasons



motivate the needfor a cachemanagemenalgorithm. We assumehat samplesdrom
differentphenomenareindependenthence solvingthe problemfor onephenomenon
is enough.

Tothisend,in this papemwe proposewo cachananagemerdlgorithmsfor tackling
this problem.Our techniquesaim to minimize someutility function that captureshe
averageamounibf uncertaintyin queriegyiventhedistributionalcharacteristicsf query
locations.Our contritutionsareasfollows:

— Assumingknowledgeof the entire spatio-temporatlistribution of the target phe-
nomenonwe develop an information-theoretidramavork to optimize the cache
contentandprovide accurateanswergo queries(Section3).

— We proposea differentapproactbasedon optimizinga correlation-baseéunction
relaxingthe stringentconstrainiof full distribution knowledge.We developa strat-
egy thatonly requiresknowledgeof the secondrderstatisticsof the phenomenon
of interest.Furthermorethis techniquelowers the requiredcomputationakcom-
plexity (Section4).

— We provide extensive performanceevaluation of our techniquesshowing (and
qguantifying the impact of) the variousfactorsand parametershat affect perfor
mance(Section6). We, also, study the robustnesf the techniquedevelopedin
Section4 to model mismatchin caseof imperfectknowledgeof the correlation
structure.

Therestof thepaperis organizedasfollows.In Section2 thesetupandproblemdef-
inition areprovided.Detailsof the proposedechniquesrepresentedh Sections3 and
4 togethemwith ananalysisof their correspondingomputationatomplexity. Basedon
thesetwo cachemanagemenrdlgorithmswe shov how to designa cooperatie scheme
in Sections, wherenodeshene t from samplesachedattheirneighborgo obtainmore
accuratgyueryestimatesWe thenpresenin Section6 anevaluationof the cacheman-
agemenstratgiesfor two phenomengeneratedisingdifferentprocessediVe provide
asummaryof relatedwork in Section7, discusguturework andconcludethe papern
Section8.

2 Problem De nition

We startwith the problemde nition alongwith a descriptionof the systemgoal. The
setup systemparametersandnotationwe useareasfollows:

— The systemconsistsof n autonomouslymobile nodes(i.e., nodemobility is not
controlledby the system).

— Eachnodehasa cacheof sizec.

— Thenodesmoveina eld F withareaA = L L.

— While roamingthe eld, sensonodessampleatarmgetphenomenoandthisprocess
continuedor T time units.

— Locationinformationis accessibl¢o the sensomodes suchthatthey canassociate
eachsamplewith thelocationwhereit wascollected.

We leave therelaxationof this assumptiorio futurework onthis problem.



— We usecapitallettersto representandomvariablesand small lettersto represent
realizationof theserandomvariables.

— V. isarandomvariablethatrepresentthevalueof the eld phenomenoitloca-
tion " andtimet. v-; denotesrealizationof this randomvariable.

— We usethe boldfacedletters‘t = [s1;82;:5;Sc] 2 RC to denotethe c-dimensional
cachecontentvectorof nodei attimet. To simplify notationandsincewe would
be generallyreferringto any arbitrarynodei, we will dropthesuperscript, unless
it is not clearfrom the context. Note that any cachedsamples; correspondso a
eld valuev-, 1, , where’; isthelocationfrom whichthis samplewascollectedand
tj its correspondingime stamp.

— It is assumedhat a query posedat ary time instant inquiring aboutlocation”
targetsthevalueof the eld phenomenon-. .

— The eld phenomenois fully characterizethy a space-timenultivariateprobabil-
ity distrioutionp(fvyg;” 2 F;0 t  T)withalL? T L? T correlation
matrix R, suchthatR(v-,.t,;Vv,:t,) representshe correlationbetweerntwo values
of thephenomenomith space-timeoordinateg™ 1;t1) and( 2;t2), respectiely.

— De ne therandomvariablel () asthe locationwhich queryq targets(calledthe
guery target). We assumethat L (q) follows somespatial distribution Q, where
Q("(q)) is the probability of querying eld location™(g). Q is assumedo be sta-
tionary. Similarly, we uset(q) to denotethe time at which query q was posed.
Obviously, the bestanswerto g would bev: gyt (g) -

SystemGoal: After somewarm-uptime, eachnodein the systemis expectedto an-
swerqueriesaboutthe target phenomenoiin the eld. The queryspeci essome eld
location,the nodeis expectedto provide an estimateof the phenomenomt the query
targetandthe goalis to minimize the meansquareestimationerror (MSE) of the sys-
tem's responselHence the nodesarerequiredto maintainanef cient cachecontentto
be ableto answerqueriesreliably. In the next sectionswe developdifferentstrateies
for cachemanagemerdtthe sensomodes.

3 Information Theoretic CacheManagement

In this sectionwe developaninformationtheoreticstrateyy via which nodedocally up-
datetheir cachedasedn knowledgeof the space-timaistribution of thephenomenon
of interest.

3.1 DEBT CacheMaintenance Strategy

At eachtime instant,local decisionsare madeat the mobile nodesconcerningwhich
sampleso keep,andwhetheror not a new sampleshouldbe acquiredat the current
location. Thesedecisionsare madeso asto minimize an entropicutility functionthat
capturegsheaverageamountof uncertaintyin queriesgiventhe probabilisticquerytar-
getdistribution — hencethe nameof the strateyy: Distributed Entropy BasedTech-
nique(DEBT). Speci cally, ateachtimeinstantt, anodei greedilydecidesn favor of
the cachecontentthatminimizesthe conditionaldifferentialentropy averagedverthe
querydistribution Q, i.e.,
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where sy 2 R®isthecacheconteniselectedy nodei attimet, andh(V, (q).«=St; L ()

is thedifferentialentropy of thevaluesof thephenomenorgonditionecbnagivencache
content,atthe possiblequerylocations (g) whichfollow aspatialdistribution Q. S; is
thesetof all possibledecisiondeadingto all possiblecachecontentsatnodei attimet

whichis givenby:

[
St=fsiis 2 CGena(st 1 fVv,10)g @)

whereCG..c+1 (A) denotesll the(c+ 1 chooser) possiblecombinationof theelements
of asetA andv-, ; denoteghe valueof the phenomenomtthe currentlocationof the
i-th node, ;.

The expressiorabove simply enumeratesll the possiblecachecontentsat time t;
the optionsbeingto drop ary of the sampledrom timet 1 andacquiringthe new
sampleatthe currentlocationof nodei, or just keepthe old setof samples.

The intuition behindDEBT is thata nodealways keepsa cachecontentthat min-
imizesthe uncertaintyin the valuesof the phenomenorfcapturedby the conditional
entropy) giventhe knowledgeof the spatialdistribution of the querytargetsover the

eld of interest.It mightwell betruethatanold sampletaken at a speci ¢ locationis
morevaluable andhencds worth cachingthananewer samplegakenatadifferentloca-
tion giventhe aggreyateeffect of the spatialquerydistribution andthe spatio-temporal
distribution of the phenomenon.

It is worth mentioningthat the computationof h(V- (g =St) (EQ.3[5]) requires
knowledgeof the posteriordensityp(v- .t =St ), Which canbe generallyobtainedby
propermaiginalizationof the full space-timedistribution. For the Gaussiarcase this
simpli es toacomputatiorof theconditionaimeanandvariance . . =s, and . . =s, -

Z
h(V:(g)t=S) = PV (q);t =S) IN P(V: (q);t =S)dV: (gt 3)

Ve (a)it

3.2 LeastSquareErr or (LSE) Query ResponseStrategy

To answera posedquery g, a node computesan estimateof the phenomenorat the
querytargetgivenits cachecontentGiventheknowledgeof thespace-timealistribution,
it would be naturalto resortto a BayesianLeastSquareEstimate(BLSE), which is

Notethatthedifferentialentrogy h(Vy (q).: =s) thatwe usein the minimizationof Equation(1)
is conditionedon a given realizationof the cachecontent.Thatis to say no averagingis
taken over the conditioningrandomvector sincewe are dealingwith real-time selectionof
the samplesThisis clearly differentfrom the standardjuantityh(V, ().« =S) with S beinga
randomvariable.



given by the conditionalexpectationof the posteriordensity to minimize the mean
squareestimatiorerror. Henceeachnodestaskis to computethe expectedvalueof the
phenomenoiat q givenits cachecontents, thatis:

Y (@it@ = EM(@it(qS] (4)

wherevx(q);t(q) is thenodeestimate Again we point outthatthis generallyrequireshe
computatiorof the posteriordensityp(V- gt () =St ). UnderGaussiarassumptionshe
BLSE estimatdn Eq.(4)is alwayslinearin thecachecontent thatis the BLSE is equal
to the Linear LeastSquareEstimate(LLSE). For generaldistributions, the computa-
tional complexity could be reducedf we only restrictoursehesto linear functionsof
thecachecontent,.e. LLSE, which would only requireknowledgeof the second-order
statisticsof thephenomenorf\lotethattheLLSE,)@LLS g , of arandomvariableX with
mean x , givenarandomvectorY = y, with meanvector vy is givenby [22]:

Xise = x+ xv Yl(y Y) ©)

where x vy denoteshecross-coariancebetweenX andY, and, vy isthecovariance
matrix of the obsenation vectorY . While the DEBT/LSE techniquesutlinedin this
sectionareexpectedo yield accurategperformancethey arenot practical.Speci cally,
we notethefollowing two typesof limitationson DEBT practicality:

— InformationalLimitations: DEBT assume&nowledgeof the entiredistribution of
thetargetphenomenonSuchinformationmay not be alwaysavailable,or if avail-
able(e.g., throughhistoricalmonitoringof the phenomenorof interest) it maynot
beaccurate.

— Computationalimitations:In orderto provide optimizeddecisionsaboutwhether
or notto samplevisited eld locations,andhow to managehe cache DEBT cal-
culatesthe conditionaldifferentialentrogy of the querydistribution Q givenary
cachesetting.This requiresperformingmultiple numericalintegrationoperations,
which might notbealwayssuitabledueto thelimited computationatapabilitiesat
thesensomodes.

Thismotivatesakingadifferentapproactihatis less-demandinop termsof knowl-
edgeaboutthe spatio-temporaleld. In the next section,we proposea more practical
(yet quite competitive) strategy thatonly requiresknowledgeof the correlationstruc-
ture,i.e., second-ordestatistics.

4 Correlation-BasedCacheManagement

In this section,we proposea Correlation-Basedechnique(CBT) asa practicalalter
native to the DEBT approactpresentedbefore.

CBT avertsthelimitationsof DEBT by only assumingnowledgeof thespace-time
correlationstructureof the eld phenomenorR. Namely insteadof calculatingthe



conditionalentropy to make cachingdecisionsCBT decideswhich samplego cache
usingonly the correlationstructureof the targetphenomenorR. Notice thatde ning

R implies only knowledgeof the second-ordestatisticsof the targetphenomenonas
opposedo knowledgeof the entiredistributionin caseof DEBT. Like DEBT, thecrux
of the CBT techniqueis to be ableto assigna measureof utility capturingknowledge
aboutthe eld to ary givensetof samples = fs;;s;; ::; Scg with respecto thequery
distribution Q. Then,it retainsthe setof sampleghat maximizesthe utility. First, we
needto assignameasuref utility u(g; s) to asetof samples with respecto aspeci c

queryq with location™(q), andtime t(q). Thenby averagingu(q; s) over the spatial
distribution Q, we get a weightedinformation metric over the entire eld, M (Q;s).

More speci cally, for a queryq, we gaugethe utility of s with respecto g asfollows:

gy = LD ©
Averagingu(q; s) overQ, we get
z Z Q)
M(Q;s)= u(gs) = —d’ )
Q ais

whereQ(" () is the probability of querying eld location™(qg), and ;s is the condi-
tional covarianceof gjs, givenby

gs = ¢ qs s ! -th—;s (8)
where g is thevarianceof thestationaryprocess, s is thecross-ceariancebetween
gands,and s isthecovariancenatrixof thecachecontents. Noticethatcalculationof

qis only requiresknowledgeof thecorrelationmatrix R. 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 single node.However, in a mobile network

of numerousodes,cooperatiorbetweennodescould be engineeredo yield a better
performanceln this paperwe limit our attentionto cooperatiorconcerningqueryre-

sponseThis is doneasfollows. Whenerer a nodei getsa queryq, i broadcastg) to

its direct neighbors.Upon receving the query eachneighborj of i estimatests an-
swerbasedon its local cachecontent,then,submitsthe estimatebackto i alongwith

a measureof con dencein this answerNodei performsthe sametask,andreceves
queryrepliesfrom its neighborsTheanswemwith the highestcon denceis usedasthe
queryresponseln our settingwe usethe conditionalcovariance s (Equation8) as
the measuref con dencein the estimatedanswer Theintuition is thata lower condi-
tional covariancecorrespondto lessuncertaintyaboutthequery Noticethat,theradius
of ooding the querycould beincreasedo valueslargerthanone (i.e., consultnodes
beyond direct neighbors) however, we choosenot to do this in orderto avoid query
ooding andits associatedommunicatioroverhead.



Also, noticethat, while we choseto limit nodescooperatiorto the queryhandling
(i.e., estimation)plan,cooperatiorbetweemodescouldbe doneon differentplans,for
examplethe samplecaching(i.e., decision-makingprocessin this case nodeswould
take decisionsasto which samplesto cacheandwhich onesto evict basednot only
on the contentsof local cache put on the contentsof neighboringcachesaswell. This
would requirebroadcastinghe cachecontent(or asummaryof it thereof)to neighbors,
which is a costly procesdn termsof power. Also, performingcooperatioron the de-
cision making plan requiresmore coordinationin presenceof mobility, sincethe set
of neighborschangeswith time. In this paperwe evaluatethe rst option, andleave
investigatiorof the secondo futurework.

6 PerformanceEvaluation

In this sectionwe evaluatethe performanceof the differentproposedcachemanage-
menttechniquesWe startin Subsectiorb.1 with a descriptionof the datageneration
modelswe usedto generatehe input data.ln Subsectiorb.2, we provide the details
of our evaluationmethodologyNext, in Subsectior6.3, we introducethe performance
metricswe usein our evaluation.Finally, we presenthe resultsof our experimentsn
Subsection$.4,and6.5.

6.1 Data Generationmodel

In this subsectionywe describethe two datageneratiormodelswe usedin this study

Model 1: A GaussianPhenomenonin the rst model,the underlyingspace-timelis-
tribution of the phenomenoiis a multivariateGaussianThus,the eld distribution is
fully capturedby the meanvectorandthejoint spatio-temporatorrelation(STC) ma-
trix R,L2 T L? T.Togeneratedhe eld, we rst generatehe datato satisfy
the spatial correlationusing the standardCholeslk decompositiortransformationby
pre-multiplyinga matrix of independenGaussiamandomvariablesby the squareroot
of the desiredspatialcovariance[18]. Eachindividual temporalsignalassociatedvith
a givenlocationis then Itered usinga temporal Iter to provide the correctspectral
shape.This approachresultsin an STC covariancestructurewherethe off-diagonal
blocksarescalingsof thediagonalblockswith a scalingfactorthatdepend®nthe cor
respondingime lag. Herewe notethatothermethodsasecdntechniqueslescribedn
[6] couldalsobeusedfor generatiorof elds with arbitraryjoint space-timeorrelation.

Model 2: A Random Phenomenon:In the secondnodel,the generatedlatadoesnot
follow a Gaussiardistribution. The purposeof this experimentis to studythe perfor
manceof the CBT techniqueproposedn Section4, which only requiresknowledgeof
the second-ordestatisticswhenthe underlying eld follows anarbitrarydistribution.
We generatediatathat satis esa desiredSTC by rst applyinga spatialtransforma-
tion to avectorV of uniformly distributedrandomvariablesandthenby Itering the
resultingvectorthroughan autorgressve (AR) digital Iter to introducethe desired
temporalcorrelation.The coefcients of the autorgressie Iter were obtainedusing



the standard_evinson-Durbinalgorithmwhich takesasinput the targetedcorrelation
for thedifferenttime lags,andoutputsthe Iter coefcients for the speci ed order[9].
Sincethedriving noise(V) we usedin the rst placeis non-Gaussiartheresultingpro-
cesss alsonon-Gaussiarandonly matcheghe second-ordestatisticsrequirements.

6.2 Simulation Model and Methodology

We assumehat n nodes,eachwith a cacheof sizec, performa randomwalk in a 2-

D eld of dimensiond. L. At every time unit, eachnodedecideswhetheror not

to sampleits currentlocation. This decisionis madebasedon the utility thatthis new

sampleprovidescomparedo utility of the original cachecontent.If the new sample
doesnotincreasehe utility of the cache|t is not keptin the cache Otherwiseoneof

the old sampleghat providesthe leastutility is evictedin favor of the newly acquired
one.After allowing a warmupperiodof w time units, eachnodeis requiredto answer
aqueryeverytime unit. Thequeryspeci esalocationin the eld, referredto asquery
target A queryansweris an estimateof the value of the phenomenorat the query
target given eachnodes locally cachedeld samplesNotice thateachnodeis asled

anindependentuerywhosetargetis drawn from the spatialquerydistribution Q. This

distribution is assumedo be a bivariatenormaldistribution whosemeanis the center
of the eld, andvarianceis é I, wherel is theidentity matrix of size2 2. The
answerto ary queryis calculatedusing Eq. (5), whereY in Eq. (5) is the vector of

samplesachedy thequeriednode.

In the experimentwith the Gaussiarphenomenongvaluationof the posteriorden-
sitiesby the mobile nodesonly requiredevaluationof a meanvectoranda covariance
matrix which capturethe entire distribution. However, in the non-Gaussiarscenario,
thecomputationatompleity of DEBT becomegprohibitively expensie,especiallyfor
large cachesizes.Thereasonis thatthe evaluationof the posteriorgequiresmarinal-
ization of the space-timedistribution over the rangeof the variablesof interestfor the
entiredurationof the evaluation(i.e., lengthof the simulationin time units).Hence,n
the experimentwith the Randomphenomenonye only evaluateCBT.

In orderto assestherobustnes®f CBT to modelmismatchwe alsoconductedan-
otherexperimentin which noiseis addedo the second-ordestatisticsknowledgeused
by thenodedor managingheircachegto re ect uncertaintyin correlatiorknowledge).
Wethenevaluatetheperformancdor differentsignal-to-noiseatios(SNR),whereSNR
is de ned as:

2
SNR = 10logio — 9
noise
where 2 is thevarianceof the phenomenorandthe addednoiseis Gaussiarwith
mean = 0, andvariance 2., . We experimentedvith SNR's = 2db,and15dh
To quantify the gainsachiesed by the proposedechniquesywe comparethemto
randomcaching,which providesuswith alower boundon performanceWith random
caching,at every time unit, eachnoderandomlydecideswhetheror not to sampleits
currentlocation.If a nodedecidesto sampleits currentlocation,andits cacheis full,
it randomlychooseoneof its local samplego be evicted to accommodat¢he newly

acquiredsample.




In the following evaluation,we setthe default value of the parametersf our sim-
ulation and datamodelsasfollows.L = 8, ¢ = 10, n = 5, simulationtime = 100
time units,warmuptime w = 50 time units, varianceof the Gaussiarphenomenon
= 50, varianceof therandomphenomenon g = 50, andvarianceof the spatialquery
distribution 2 = 4. The default mobility modelis a randomwalk on a 2D discrete
eld, underwhich, eachnodeis initially placedatrandomlocationin the eld. Thenat
everytime unit, eachnodemovesto oneof its four neighboringocationswith thesame
probability (i.e., 0.25for eachlocation).

6.3 PerformanceMetrics

The main performanceametric we usedin our evaluationis the Mean SquaredError
(MSE): Given a speci c query a nodereturnsan estimateof the value of the phe-
nomenonat the query location. We then measurehe meansquarederror associated
with this estimateThus,givena queryq attimet whosetargetis " (q), the MSE in the
estimationof qis:

M SE = E[(V: (gt <>‘(q);t:st)z] (10)

We calculatethe MSE for eachqueryreceived by eachnodeafter the warmupperiod,
thenwe reportthe averageof 20 independensimulationruns.

We startby shawing resultsof a singlenodeasa function of the cachesizec, and
thevarianceof thequerydistribution 5. Thenwe shaw resultsof cooperatiorbetween
anumberof nodesMore resultscanbefoundin theextendedversionof this papef15].

6.4 Single-NodeResults

Effect of CacheSize: Figurel (left) shows the effect of cachesizeon the MSE of the
differentconsideredtratgiesfor aGaussiamndnon-Gaussiaphenomendntuitively,
asthe cachesizeincreasesthe betterthe MSE performanceof CBT and DEBT since
a larger cachesize implies a betterreconstructiorof the phenomenorby the queried
nodesDEBT hasalower MSE comparedo CBT, however, CBT's performancés very
competitve ata muchlower computationatost.

Similar effectscould alsobe obsenedfor the non-GaussiaphenomenoifFigure1l
right), regardingthe ef ciency of CBT. CBT outperformsandomcachingby a factor
of two ordersof magnitude As expected,addingnoiseto the correlationstructureof
thephenomenoli.e., decreasin@NR),degradeshe CBT performancelHowever, even
with SNR of aslow as2db, CBT still outperformsrandomcachingwith a signi cant
gain.

Query Spatial Distrib ution Variance: Figure2 quanti es the effect of a larger vari-
ance, 5 , for the querydistribution on the MSE for both Gaussiarandnon-Gaussian
phenomenalntuitively, a larger varianceimplies more uncertaintyin the targetquery
locationsfor a x ed cachesizeanda x ed numberof nodes,which explainsthe de-
creasan estimationquality for the variousschemes.
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In caseof a GaussiarphenomenorfFigure? left) bothDEBT andCBT have MSE
thatis an order of magnitudelower thanthat of randomcaching.While in caseof a
non-GaussiaphenomenorfFigure 2 right), CBT achiezesa hugeimprovementover
randomcaching,with respecto the MSE. Adding noiseto the correlationinformation
decreasetheperformancef CBT, but s still muchbetterthanrandomcaching.

6.5 Multi-Node Results

In the following experimentswe gaugethe performancemprovementdueto coop-
erationbetweenmultiple nodes,as we explainedit in Section5 for a non-Gaussian
phenomenonintuitively, we expectcooperatiorbetweemodesto improve the perfor
manceof all techniqueswherethe degreeof improvementdependsn the densityof
the nodes.We studythis effect by varying the cachesize andthe numberof nodesin
the eld. We alsoplot thecooperatiorgain,whichis de ned astheratio betweerMSE
from experimentswith onenodeto MSE of thesamenodewhentherearen cooperating
nodedn thenetwork. In [15], we shaw resultsof varyingthevarianceof thedistribution
of querytargets.In thefollowing experimentsn = 5, andcommunicatiomange= 8.
Effect of CacheSize:Figure3 shavstheeffect of cachesizeonthe MSE of the differ-
entconsideredstratgiesfor a non-GaussiaphenomenonThe improvementof MSE
dueto cooperatioris evident.lt is clearthat, afterincreasinghe cachesizeto acertain
point, cooperationcauseghe gap betweenrandomand CBT to shrink. The reasonis
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that, at this point, thereis enoughstoragecapacityin the system suchthatthe perfor
manceof a smartalgorithmandthat of a naive algorithmseemto be close.However,
the improvementof performancecomesat a costof addedcommunicatioroverhead.
This is animportantfactorin systemdesign.It impliesthat,in densesystemswvhere
nodesare not power-limited, a smartcachingalgorithmis not the only optionto con-
sider However, in sparsesystemspr in systemsvherenodesare power-constrained,
applyinga smartcachingalgorithmmakesa noticeabladifferencein performance.
Effect of Number of Nodes:Figure4 shovstheeffect of varyingthenumberof nodes,
n, onthe MSE of CBT andrandomcachingfor a non-Gaussiaphenomenonincreas-
ing the numberof nodesincreaseshe amountof cooperatiorbetweermodes,andthe
storagecapacityof the entire system.This improvesthe estimationby all nodes.Ran-
dom cachinghasnoticeableimprovementas we increasethe numberof nodes.This
trend matcheghe expectationthat when storageis abundant,the cachingalgorithms
make a minor difference However, for all the parameterangeswve experimentedwith,
CBT, evenwith noisyversions performsbetterthanrandomcaching.

7 RelatedWork

Themaingoalof dataplacementn sensomnetworksis to minimizetheaccessost[16,
20], wherecostis quanti ed in termsof communicatiorenegy.

In orderto save enegy in the context of caching,Kotidis [10] tries to optimize
enegy consumptiorby trying to putsomesensonodedo sleepmode withoutaffecting



the queryability of the network. This is doneby building a correlationmodelfor the
samplesof sleepingnodesin neighboringactive nodes.However, the built modelis
only local and can not be usedto answergeneralqueriesaboutthe entire network.
It alsoinvolvespacket exchangeand tting neighbors'datato alinear model.In this
paper given knowledgeof the spatio-temporatorrelationmodel,we useit to locally
(with no pacletexchangepnswemueriesaboutthe entirenetwork.

In all of theabove efforts, theentirenetwork is assumedo bestatic,while ourwork
considersmobility, which is aharderproblem.

Spatio-temporatjuerieshave beenstudiedin static networks with both static[4]
andmobile [12] sinks.Our modelis differentin that, queriesarehandledonly locally.
Moreover, thetemporaldimensiorto the problemis manifestedn thecorrelationstruc-
ture of the phenomenon.

Cachingandreplicationhavebeenconsideredn adhocnetworks[24,11,19]. Nodes
areassumedo beinterestedn a x edsetof objectssuchthateachobjecthasa well-
de ned source.n our case queriesmaytarget eld locationsthatmay not have been
samplecby ary node.

Leveragingmobile sensometworks to perform eld monitoringhasbeenstudied
[2,3,25]. While theseefforts assumecontrol over the mobility patternandoptimizeit
in orderto maximizethe utility of the system,our work maximizesthe utility of the
cachegiventhe uncontrolledmobility modelof the hosts.

Finally, we utilized informationtheoryto assigna measureof merit to ary setof
samplesinformationtheoryhasbeenusedin similar problemg14].

8 Conclusion

In this papemwe focusedontheproblemof eld monitoringusingautonomouslynobile
sensomnodes Nodesmale local decisionsaboutwhetheror notto sampletheir current
locationand how to managetheir limited storage We proposed distributed entropic
basedechniqug DEBT) to solve this problem . DEBT assume&nowledgeof theentire
distribution of thetargetphenomenorandleverageghis knowledgeto make decisions
aboutthe cachemanagemenDEBT hastwo majorlimitations: 1) high computational
compleity, and 2) knowledgeof the entire distribution of the target phenomenoris
not alwaysfeasible We thenproposedCBT, a morepracticalapproachwhich assumes
knowledgeof only second-ordestatisticsof the targetphenomenonCBT hasa much
lower computationatompleity, andvery competitve performanceWe evaluatecboth
techniquesindshavedthattheresultinggainsin MSE aresubstantiafor bothGaussian
andrandomphenomenak-urthermore CBT still deliversvery good estimationof the
eld, evenwhenits knowledgeaboutthe correlationstructureis not perfect.

Weintendto extendthemodelwe presentedhereto incorporatenodecooperatioron
the caching(e.g., decisionmaking) plan, suchthat nodescanbene t from the knowl-
edgeattainedby their neighborsin samplemanagementWe alsointendto studythe
effect of differentmobility modelson the performanceof differentcachemanagement
techniques.
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