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Abstract

Wirelesssensornetworksgenerate a vast amountof data.
This data, however, mustbe sparingly extracted to conserve
energy, usuallythe mostpreciousresource in battery-powered
sensors. Whenapproximation is acceptable, a model-driven
approach to queryprocessingis effectivein savingenergy by
avoiding contactingnodeswhosevaluescan be predictedor
are unlikely to be in the result set. To optimizequeriessuch
astop-k, however, reasoningdirectlywith modelsof joint prob-
ability distributionscan be prohibitively expensive. Insteadof
usingmodelsexplicitly, weproposeto usesamplesof pastsen-
sorreadings.Notonlyaresuch samplessimpleto maintain,but
they arealsocomputationallyef�cient to usein queryoptimiza-
tion. With thesesamples,wecanformulatetheproblemof op-
timizingapproximatetop-k queriesunderan energy constraint
asa linear program. We demonstrate thepowerand �exibility
of our sampling-basedapproach by developinga seriesof top-
k queryplanningalgorithmswith linear programming, which
are capableof ef�ciently producingplans with better perfor-
manceand novel features. We showthat our approach is both
theoretically soundand practically effectiveon simulatedand
real-worlddatasets.

1 Intr oduction
Technologyadvancesin wirelesssensornetworkshave opened
up new opportunitiesfor collectingdatafrom all sortsof envi-
ronments.Thetaskof effectively andef�ciently queryingthese
networks is an importantand challengingproblem. Because
sensorsareoften battery-powered,the lifetime of the network
is tied to the rateat which it consumesenergy. In particular,
radio communicationis a primary sourceof energy consump-
tion in sensornetworks. Hence,minimizing communicationin
queryexecutioncansavesigni�cant amountsof energyandhelp
prolongthelifetime of thenetwork. Thisgoalis complicatedby
thetopologyof thenetwork, whichdictateshow nodesarecon-
tactedduringquerying.

Theseminalwork by Deshpandeet al. [4] proposesmodel-
driven data acquisition, which suggestsusingmodelssuchas
multivariateGaussiansto predictsensorreadings.Modelslet us
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avoid visiting nodeswhosereadingscanbeaccuratelypredicted
or areunlikely to contribute to the �nal result. This approach
candramaticallyreducethe energy consumedby the network,
but of coursemakesresultsapproximate.Suchapproximation
is acceptablein many scenarios,whereusersareoften not in-
terestedin exact answers,and small errorsusuallyhave little
bearingon how the resultsare interpretedand used. At any
rate,sensorsalreadyneedto copewith errorsthatareinevitable
dueto thestochasticnatureof measurements.

Much work is still neededto fully realizethe potentialof
model-driven dataacquisition. As we will demonstrate,rea-
soning directly with models—even thoseas simple as inde-
pendentGaussians—canbeprohibitively expensivewhenplan-
ning complex queries.Energy costmodelsandnetwork topol-
ogy further complicatethis effort. Our goal is to develop a
powerful, �e xible,andcomputationallytractableframework for
optimizing queriesthat considersenergy constraintsand net-
work topology, and realizesthe bene�ts of the model-driven
approachwhile avoiding thecomplexity involved in reasoning
with models.

Top­k SensorQuery
In this paperwe focus on optimizing top-k queriesin sensor
networks. A top-k queryreturnsthe k nodeswith the highest
sensorreadingsin the network. Top-k queriesareboth useful
in practiceandtheoreticallyinteresting. They serve asa case
study to illustrate the challengesand dif�culties in reasoning
with modelsof joint distributions,anddemonstratetheadvan-
tagesof ourproposedoptimizationframework.

Considerthesimpleexampleof ornithologistsstudyingvar-
ious bird speciesin a forestwho do not know wherebirds are
mostlikely to befoundatany giventime. They placebird feed-
ersin variouslocationsin the forest,eachof which includesa
sensorthatdetectsweightchangesto countthenumberof times
birdslandat thefeeder. Beforeenteringtheforest,theornithol-
ogistswantto know thebestlocationsto �nd birds. They run a
top-k queryover thenetwork to determinethefeedersthathave
attractedthemostbirds recently, andthereforearelikely to be
goodpointsof observation. Unpopularfeedersattractingfew
birds shouldbe omittedfrom the queryresult. A top-k query
meetsexactly this goal. Of course,in practice,thebasictop-k
querymayneedto bemoretailoredto this setting,e.g.,there-
searchersmight want to groupnearbyfeedersinto clustersfor
purposesof observation,andobtainthe top k clustersordered
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Figure 1. Local �ltering.

by averagebird count.Nevertheless,thebasicform of thequery
remainstop-k.

Optimizationof top-k sensorqueriesis signi�cantly more
complex thanselectionqueries(e.g.,returnall readingsgreater
thanx). Supposewe have a joint probabilitydistribution over
all sensorreadings.A cursoryapproachfor selectingsensors
mostlikely in thetopk is to choosethek sensorswhosemeans
arehighest.Unfortunatelythis approachdoesnot work. Con-
sider an examplewhereall readingshover near � (with low
variance),excepta groupof, say, 3k sensorswhosereadings
aredrawn from a distribution with mean� 0 < � , but with high
enoughvariancesuchthat eachhasa 1=3 probabilityof being
greaterthan� . In thiscase,weexpectmostof thetopk to come
from thegroupof 3k. However, thenaiveapproachwill choose
othersensorssimply becausetheirmeansarehigher.

It is possibleto calculatetheprobability thata readingis in
thetop k directly from a modelof the joint distribution. How-
ever, this task is computationallyvery expensive even for ex-
tremelysimplecases,suchaswheneachreadingis drawn from
an independentGaussian(seeSection3 for details). Direct
calculationinvolvessummingover an exponentialnumberof
cases,and theredoesnot appearto be a close-formsolution.
The key point hereis that unlike in simple selectionqueries,
whethera readingis in the resultof a top-k querydependson
thereadingsfrom othersensors.

Supposewe canef�ciently estimatethe likelihoodof each
readingbeing in the top k. The problemof building an ef�-
cientqueryplanstill remainstricky andchallenging.A seem-
ingly reasonableapproachis to acquirereadingsfrom themost
promisingsensors,andsendall of their readingsupto thequery
station.Thisstrategy is still far from optimal.Considerthesce-
nario depictedin Figure1. Supposeall readingsin the dotted
region have anequallikelihoodof rankingin the top k, yet no
morethana�fth canactuallydoso.It is suboptimalto sendany
morethan2 out of the 10 readingsto the querystation. This
form of negativecorrelationis notuncommonin real-world sit-
uations. Considerour ornithologyexample. Certainbirds are
known to be increasinglyterritorial as the quality of food re-
sourcesin an areaincreases,and it becomesmore worth the
effort to defendthat area. Sucha trendin our examplewould
result in certainpartsof the foresthaving lessbird traf�c. In
theseareas,althoughsomefeeders,chosenarbitrarily, might
still beheavily frequentedby thefew birdsthere,theotherfeed-
erswould belargely unused.In this situation,thebeststrategy
is to obtainreadingsfrom all sensors,passthemall to theroot
of the subtreespanningthis area,andselectandpasson only
thehighestreadings.Wecall this techniquelocal �ltering . The
approachof acquiringreadingsandpassingeachof themall the
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Figure 2. Constructing a proof .

way to theroot faltershere:It wouldhaveahardtimechoosing
which readingsto acquire,andendup passingup many read-
ings(mostlyunneeded)in orderto increasethechancethatone
of themis in theactualsolution.Thechallengehereis to build
queryplansthatuselocal �ltering effectively.

Finally, we facethe issueof assessingthe resultof an ap-
proximateanswerusing a model-basedapproach. How does
theuserknow if theresultis acceptable?Thetypical approach
is to provide a con�dencemeasure,but thatassumesthemodel
(built on pastobservations)accuratelyre�ects currentcondi-
tions. We proposeapproximatetop-k querieswith “proofs,”
which area strongerguaranteethat doesnot assumetheaccu-
racy of the model. The idea is to acquireand passup some
additionalreadingsfor the purposeof proving that othersare
in the top k. As an example,considerthe sensorin Figure2,
whichhaslocal readingof value1 andreceivesthreelistsof top
valuesfrom child subtrees.Supposethat this sensoris charged
with the taskof returning� ve top valuesto its parent.Among
these� vevalues,the�rst four canbeprovenbecauseotherchild
subtreeshavereturnedsmallervalues.However, the�fth value,
4, cannotbeprovenbecausethemiddlesubtreecouldpossibly
containa valuebetween4 and6. Note that certainvaluesre-
turnedby thesubtrees,suchas3, will not make it into the top
k, but areusefulin constructingproofs. We expectthecostof
proof-carryingplansto behigherthanthosewithoutproofs,be-
causeevery readingmustbe acquired—any sensornot visited
couldpotentiallyproducethehighestvalue. How ef�cient can
we make proof-carryingplans? And how canwe do any bet-
ter thana simpleplan that alwaysreturnsthe exactanswerby
having eachsensorreturnthetopk valuesin its subtree?

Contrib utions
We have brie�y motivateda host of challengesin optimizing
top-k queryplansin sensornetworks:complexity in usingmod-
elsdirectly, complex plansintegratinglocal �ltering andproofs,
energy-constrainedandtopology-awareoptimization.Thegoal
of our work is to developanoptimizationframework thatis ef-
�cient in exploiting pastbehavior, powerful enoughto produce
planswith local �ltering andproofs,and�e xible enoughto in-
corporateenergy andtopologyconsiderations.

� We proposekeepingsamplesof pastsensorreadingsrather
than maintainingmodelsexplicitly. Suchsamplesare not
only simple to maintain,sinceno model is explicitly con-
structed,but are also computationallyef�cient to use in
queryoptimization.Weexplainhow to exploit thepredictive
power of sampleswhile avoiding the complexity of main-
tainingandreasoningwith modelsexplicitly. We show that
thesampling-basedapproachis theoreticallysound.

� We develop a query optimization framework for our



sampling-basedapproachusing linear programming. Lin-
earprogrammingcomplementssamplingwell andis ableto
encodeenergy constraints,topology, andcomplex planfea-
turessuchas local �ltering and proofs. Encodingenergy
constraintsgivesusa powerful ability. We canapplyanen-
ergy budgetto thequeryplanbuilding process.Theresult-
ing planis designedto achievethehighestpossibleaccuracy
while exhaustingno moreenergy thanallocatedit.

� We apply the above conceptsand techniquesto the top-k
problemin our PROSPECTOR classof query planningal-
gorithms,so namedbecausequery plans,like prospectors
(e.g., for gold), must carefully choosewhereto dig given
limited resources.Weevaluatethesealgorithmsusingsimu-
latedandreal-world data.We show thatapproximatequery
plansobtainedusing PROSPECTORs achieve goodapprox-
imation resultsgiven energy constraints. We con�rm the
savings in usingapproximatequeryplansover exact query
plans. Interestingly, by extendingthe PROSPECTOR algo-
rithm for generatingproof-carryingapproximateplans,we
obtaina two-phaseexact top-k algorithmthat outperforms
traditional,non-model-drivenexactalgorithms.

2 Preliminaries
A sensornetwork consistsof n nodesu1; : : : ; un , eachmea-
suringa numericvalue. We assumethe network is organized
asa spanningtreeT rootedat a root node. T is initially con-
structedandmodi�ed overtimeasneededto copewith topology
changesusingtechniquessuchasthosein [5]. Let parent(u i )
denotetheparentof nodeui in T , andchildren(ui ) denotethe
set of ui 's children. Let ei denotethe edge(communication
link) betweenui andparent(ui ). A top-k query(1 � k � n)
returnsthe k largestvaluesmeasuredby the nodes. Follow-
ing the convention in TAG [10], we assumethat the query is
pusheddown into thenetwork from theroot nodein adistribu-
tion phase, andtheresultvaluesareroutedup from childrento
parentsandeventuallyto theroot in acollectionphase.

Theprimarysourceof energy consumptionin a sensornet-
work is radio communication. Therefore,we use the total
amountof energy spentoncommunicationastheprimaryyard-
stick for measuringthe costof a query. In a collectionphase,
messagesareunicastfrom childrento their parents.The total
amountof energy spentin sendingandreceiving aunicastmes-
sagewith x bytesof contentis givenby � + � x , where� and
� representtheper-messageandper-bytecosts,respectively. In
thetablebelow, we show how to calculatea typical valuefor �
from thespeci�cationof MICA2 motes[2]:

sendingcost(s) 36 mJ/sec
receiving cost(r ) 14:4 mJ/sec

byterate(b) 2500bytes/sec
per-bytecost(� = (s + r )=b) 0:02016mJ/byte

The per-messagecost � stemsfrom the “handshake” between
thesenderandthe receiver requiredby a reliablecommunica-
tion protocol,andtheadditionalmessageheaderprecedingthe
actualmessagecontent. Our useof a reliableprotocolcomes
into playwhenwe dealwith failurein Section4.4. For MICA2

motes,a typical valuefor � in our queryscenariois :645 mJ,
which is high comparedwith � . In otherwords,merelycom-
municatingbetweennodes,regardlessof how few valuesare
transmitted,incurs a signi�cant cost. This observation moti-
vatesapproximationalgorithmsthat reduceenergy consump-
tion by visiting only a subsetof the nodes;on the otherhand,
suchalgorithmsnecessarilygiveup theexactnessof resultsbe-
causeany nodenot visitedcouldproducea valuein theactual
topk.

We differentiatebetweenan initial distribution phaseand
subsequentdistributionphases.In theinitial distribution phase,
a new query plan is installed into the network. In this case,
eachnodesendsa subplanto eachof its childrenusinga uni-
castmessage,whoseenergy costcanbeestimatedasdiscussed
previously. Eachnodestoresits partof theplan(i.e.,how many
valuesit expectsfrom eachof its childrenandhow many val-
uesneedto be returnedto its parent).Oncetheplanhasbeen
stored,subsequentdistribution phasescanusebroadcastmes-
sagesto triggerqueryexecution.A “re-execute”messagewith
anemptybodyis recursively broadcastto subtreeswheresome
valuesareexpected. Thus, the total energy spentin a subse-
quentdistribution phaseis much lessthan a collection phase
and the initial distribution phase. To simplify discussion,we
focusonly on thecollectionphase,andomit thedetailsof han-
dling theenergy costsof thedistribution phases.Nonetheless,
ourexperimentalresultsdoaccountfor thecostsof distribution
phases.

Naive Exact Top-k Algorithms We begin with two naive al-
gorithmsthatguaranteeexactanswersto top-k querieswithout
usingany predictivemodels.Thesealgorithmsprovide a trade-
off betweenthe numberof messagesusedand the numberof
valuestransmitted.

The�rst algorithm,NAIVE-k, computestheanswerbottom-
up in one passover the network. Eachnodesimply collects
the top k valuesfrom eachof its children,computesthe top k
amongall suchvaluesandits own, andpassesthemon to its
parent.If thesubtreerootedat a nodehasfewer thank nodes,
then all valuesfrom the subtreeare passedup to the parent.
Thisalgorithmusestheminimumpossiblenumberof messages,
sinceevery nodemustbevisitedin orderto guaranteeanexact
answer. Thesizesof themessagesusedby NAIVE-k, however,
arequitelarge.A nodewith fan-outf receives(f k) valuesfrom
its children,but at least(f � 1)k of themwill notbein the�nal
result,representingasigni�cant wasteof bandwidth.

The secondalgorithm,NAIVE-1, computestheanswerin a
pipelinedfashion,whereeachnoderequestsonly onevalueat
a time from its children.Moreprecisely, eachnodemaintainsa
heapcontainingits own valueandthelastvaluerequestedfrom
eachof its children.Whenthenodereceivesfromits parentare-
questfor avalue,thenode�rst ensuresthattheheaphasavalue
from eachof its children(unlessthechild hasnomorevaluesto
return);if not, a new valueis requestedfrom thatchild. Then,
thelargestvaluein theheapis removedandreturnedto thepar-
ent. Intuitively, NAIVE-1 attemptsto minimize the numberof
valuestransmitted.A nodewith fan-outf receivesnomorethan
f + k0 � 1 valuesfrom its children,wherek0 � k is thenum-



berof valuesrequestedfrom thenodeby its parent.Sinceeach
valueis transmittedin a separatemessage,however, NAIVE-1
requiresa largenumberof messages,andtheoverheadincurred
is prohibitive.
Approximate Top-k Query Plans An approximatetop-k
queryplan allows for a continuoustradeoff betweenthe accu-
racy of theresultandthecostof querying.Formally, a single-
passapproximateplan is an assignmentof “bandwidth” b(ei )
to eachedgeei in thenetwork. This bandwidthrepresentsthe
numberof valuesthat shouldbe transmittedon ei from ui to
parent(ui ) in a collection phase. Upon receiving the lists of
valuesfrom its children,nodeui sortsthesevaluesalongwith
its own, andsendsthe top b(ei ) valuesup to its parent. Nat-
urally, we requirethat0 � b(ei ) � 1 +

P
n j 2 children(n i ) b(ej ).

Theanswerto thequeryconsistsof thosevaluesreturnedby the
rootnode.

Given a limit on the total amountof energy the plan is al-
lowed to spendon communication,it is conceivable that the
answerproducedby the plan doesnot exactly containthe top
k valuesin the network. The goal is to �nd a plan that mini-
mizesthe expectednumberof top k valuesnot returned.The
expectationis taken over the joint distribution of all valuesin
thenetwork.

3 Sampling-BasedQuery Planning
As mentionedin Section1, reasoningdirectly with modelsof
sensorvaluescan be computationallyintractable. Recall that
we cannotordernodes'likelihoodof rankingin thetop-k sim-
ply by sortingthemby expectedvalue. We mustcalculatethe
probability that eachnoderanksanywherein the top-k. To il-
lustratethecomplexity of this task,considertheproblemof cal-
culatingtheprobability thatnodeun hasthek-th rankedvalue
in thenetwork. This occursin

� n � 1
k � 1

�
disjoint cases,eachwith

adifferentsubsetof k � 1 nodeswhosevaluesrankhigherthan
thatof un . For simplicity, assumethatthevalueat ui is drawn
independentlyfrom adistributionwith probabilitydensityfunc-
tion Pi (x) andcumulativedistributionfunctionD i (x). Thefol-
lowing integral computestheprobability thatun 's valueranks
lowerthanthosefrom nodesin asetU but higherthanall others:

Z
Pn (x)

Y

u i 2 U

(1 � D i (x))
Y

u j 62U [f un g

D j (x) dx:

Even for the simple,commoncasewhereall distributionsare
normal, the above integral hasno closed-formsolutionandis
expensive to evaluatenumerically. Moreover, thereare

� n � 1
k � 1

�

suchintegrals for eachof k ranks. The calculationsmust be
repeatedfor eachnode. If we wereto drop the independence
assumption,or try to reasonaboutmorecomplex scenariossuch
as local �ltering, the complexity would get even more out of
hand.

Our solution is to baseoptimization on a set of samples
from the joint distribution of all values,whereeachsampleis
an assignmentof value for eachnodein the network. These
samplescan be easilygeneratedat runtime using the “explo-
ration/exploitation” framework from machinelearning litera-
ture[9]. At randomlychosentimesteps,we spendmoreenergy

to collect all valuesin the network andusethemasa sample.
Themostrecentsamplesaremaintainedandusedin optimiza-
tion. Thisapproachnaturallyadaptsto changesin thejoint dis-
tribution over time. Maintaininga modelencodedin samples,
then, is extremely simple to maintain,sinceno model is ex-
plicitly built. Alternatively, if a modelof the joint distribution
is alreadyavailable,we canuseit to generaterandomsamples
directly.

We translateeachsamplefrom a set of sensorvaluesinto
a Booleanvector, whosei -th componentis 1 if thevaluefrom
nodeui is amongthetopk in thissample,and0 otherwise.The
vectorsfrom a setof samplesform a Booleanmatrix S, where
S[s; i ] = 1 if andonly if ui producesoneof the top k values
in the s-th sample. The optimizationgoal can be restatedas
follows for sampling-basedqueryplanning: Given a network-
wide limit for energy consumption,�nd anapproximatetop-k
queryplanthatminimizes,overall samples,thetotalnumberof
top-k values(i.e.,1's in S) thatfail to bereturnedby theplan.

Note that this approachcanbeeasilygeneralizedto queries
thatreturnsubsetsof all sensorvalues,e.g.,selectionandquan-
tile queries.In thegeneralcase,we would setS[s; i ] = 1 if u i
contributesto theanswerin s-th sample,and0 otherwise.The
optimizationgoal would still be to minimize the total number
of 1's in S missedby theplan.

The intuition behindsampling-basedqueryplanningis that
givenalargeenoughsetof samples,patternsof nodescontribut-
ing to answerswill emerge.Suchpatternsincludeobviousones
wherecertainnodesappearmostoften in answers,aswell as
moresubtleoneswherea subtreemayconsistentlycontainthe
samenumberof answervalues,eventhoughin eachsamplethey
maycomefrom differentnodesin thesubtree.Looking at the
samples,we canoptimizeanapproximateplanby encouraging
acquisitionof valuesfrom nodesand subtreesthat contribute
mostto theanswers.

We call our sampling-basedquery planning algorithms
PROSPECTORs. To warm up, we �rst present a simple
PROSPECTOR thatusesa greedystrategy. Then,in theremain-
der of this section,we provide the theoreticalfoundationfor
our sampling-basedapproach.More sophisticatedPROSPEC-
TORsthatconsidernetwork topology, local �ltering, andproofs
arepresentedin Sections4.

PROSPECTORGREEDY This simple algorithm constructsa
queryplan incrementallyby greedilyaddingvaluesto be ob-
tained,oneat a time. The intuition is to give priority to nodes
who arecontributing themostto thetop k valuesover all sam-
ples. As long astheenergy costof theplanconstructedso far
doesnot exceedthe prescribedbudget,the algorithmgreedily
picks the nodeui (amongall nodesnot visited by the current
plan) for which

P
s S[s; i ] is the largest,andexpandsthe cur-

rentplanto obtainthevaluefrom ui .

3.1 Theoretical Foundation of Sampling
As discussed,the objective function of our optimizationis to
minimizetheexpected“error” over theentirejoint distribution
of all sensorvalues.Thesizeof this distribution is exponential
in thenumberof values.Theessenceof thesampling-basedap-



proachis to avoid enumeratingtheentirejoint distribution,and
insteadto approximatethejoint distributionby drawing anum-
berof samplesover which optimizationis carriedout. Shmoys
andSwamy [13] show that this approachworks for solving a
largeclassof two-stage stochasticoptimizationproblemswith
recourseby solving a linear relaxationof the integerprogram
on thesampleandconvertingthe resultingsolutioninto an in-
teger one. For suchproblems,only a polynomial numberof
samplesareneededto achieve an arbitrarydegreeof accuracy
in thesolutionof thelinearrelaxation.

STOCHASTIC-STEINER-TREE is anexampleof sucha two-
stageproblemthat arisesin demandforecastingapplications.
The goal is to purchasea setof links to connecta set of de-
mandsto a centralhubwith aslittle costaspossible.The �rst
stageonly knows of possibledemandscenarios,while actual
demandis given in thesecond.We canshow thata simpli�ed
top-k problemis aspecialcaseof thisproblem.Detailsonhow
to reducethe generaltop-k problemto a two-stagestochastic
optimizationproblemareomittedheredueto lackof space,but
areavailablein thefull versionof thispaper[15].

4 Linear Programming Formulations
In this sectionwe describehow to optimizeapproximatetop-k
queriesover samplesusinglinear programming.We presenta
seriesof PROSPECTOR algorithms,which uselinearprograms
of increasingcomplexity to obtain plans with better perfor-
manceor additional features. PROSPECTORLP� LF exploits
the topology of the sensornetwork in optimization,but does
not considerplanswith local �ltering. PROSPECTORLP+ LF
is not only topology-aware, but also considerslocal �lter -
ing. PROSPECTORPROOF furtheraddsproofsto plans,andwe
show how to extend it to a two-phaseexact top-k algorithm,
PROSPECTOREXACT, which canoutperformnaive exactalgo-
rithmsdescribedin Section2.

The PROSPECTORs alsodemonstrateour ability to uselin-
earprogrammingto constrainqueryprocessingto a setenergy
limit. Thealgorithmsconstructplansto returnthe highestac-
curacy giventhatlimit.

For thediscussionbelow, we introducesomeadditionalno-
tations.Let anc(ui ) denotethesetof ancestorsof nodeui and
itself, anddesc(ui ) denotesetof descendantsof ui anditself.
Let thecostof sendinga messagewith x valuesalongedgeei
be � i + � i x . Recallthat typical valuesfor � i and � i aregiven
in Section2 (� i needsto bescaledby thenumberof bytesper
value).Thealgorithmsaregivenacostlimit of C.

4.1 PROSPECTORLP� LF

PROSPECTORLP� LF, our �rst formulation of PROSPECTOR

using linear programming,considersthe network topology in
optimization.UnlikePROSPECTORGREEDY, thisalgorithmen-
couragesplansto obtainpromisingvaluesclusteredunderthe
samesubtree,becausethesevaluescanbetransmittedtogether
in onemessagefrom thesubtreeto the root, without incurring
separateper-messagecosts.On theotherhand,like PROSPEC-
TORGREEDY, this algorithm doesnot supportlocal �ltering;
any valuethat it choosesto obtainwill travel all theway to the
root.

We useoneintegervariablex(ui ) for eachnodeui ; a value
of 1 meansthatthevalueatui is chosenby theplanandwill be
transmittedto the root, while a valueof 0 meanstheplanwill
ignorethisvalue.Wealsouseanintegervariablea(ei ) for each
edgeei to indicatewhetherei is ever usedfor communication
by the plan. The linear programis shown below, followed by
explanation:

Minimize
X

i

�
(1 � x(ui ))

X

s

S[s; i ]
�

; subjectto:(1)

x(ui ) � a(ej ) 8i; j s.t.uj 2 anc(ui );(2)
P

i
�
a(ei ) � � i

�
+

P
i
�
x(ui ) �

P
u j 2 anc(u i ) � j

�
� C;(3)

0 � x(ui ); a(ei ) � 1 8i:(4)

Line (1) capturestheoptimizationgoalof minimizingtheto-
tal numberof top-k valuesmissedby theplanoverall samples.
Theterm

P
s S[s; i ] countsthenumberof timesthatui 's value

is in thetopk.
Line (2) capturestheconstraintthat if theplanchoosesthe

valueatui , thenall edgesaboveui areusedfor communication
(to transmitthisvalue).

Line (3) upper-boundsthe total costby theprescribedbud-
get. The�rst summationcalculatesthetotal per-messagecosts
incurredon all edgesusedby the plan. The secondsumma-
tion calculatesthetotalcostof sendingthechosenvaluesto the
root, ignoringany per-messageoverhead.If u i is chosen,then
theplanpaystheper-valuecoston all edgesabove ui , totalingP

u j 2 anc(u i ) � j .
Line (4) capturesthe integrality constraintson variables

x(ui ) anda(ei ). Strictly speaking,theseconstraintsshouldbe
expressedas x(ui ); a(ei ) 2 f 0; 1g. Sincemost solverswork
on linear constraints,we replacetheseconstraintswith linear
oneson Line (4). Theresultingprogramcanthenbeef�ciently
solvedby a linearsolver suchasthesimplex method.Theso-
lution producedby thesolver mayhave someof thex(u i ) and
a(ei ) variablessetto fractionalvalues,thoughit is unlikely in
practice.In theeventthata fractionalsolutionhappens,wecan
constructafeasibleintegersolutionfrom it by settingx(u i ) = 1
if x(ui ) � 0:5 in thefractionalsolution,andsettingx(ui ) = 0
otherwise;variablesa(ei ) arehandledin thesameway. It can
beeasilyshown thattheresultingintegersolutionincreasesthe
objective function valueby at mosta factorof 2, andcostsat
most2C. We omit thedetailedproof here.In practice,we �nd
that the linear relaxationperformsmuchbetterthan what the
theoreticalboundguarantees.1

Finally, notethat the only placewherewe usethe Boolean
samplematrixS is in calculatingthetotalnumberof 1's in acol-
umn. Therefore,insteadof storingtheentireS, we cansimply
maintaina vectorof columnsums(except in situationswhere

1We alsonote that PROSPECTORLP� LF with integrality constraints
might besolvableto anarbitrarily goodapproximationfactorby dynamic
programming.In particular, our NP-hardnessproof for this problemre-
ducesfrom theKNAPSACK problemfor whichsuchaguaranteeis achiev-
able.However, theotheralgorithmsin thissectionmaynotbeamenableto
dynamicprogramming;therefore,we usethe linear programmingframe-
work, which is generallyapplicableto all ouralgorithms.



we want to maintaina “window” of recentsamplesandexpire
old onesfrom thewindow). Thesameoptimizationalsoapplies
to PROSPECTORGREEDY.

4.2 PROSPECTORLP+ LF

In thisversionof PROSPECTOR,weconsiderapproximateplans
with local �ltering. We use two integer variablesfor every
edgein the network: b(ei ) denotesthe “bandwidth” assigned
by the plan to edgeei , representingthe maximumnumberof
valuesthat canbe transmittedalongthat edge;a(ei ) indicates
whetherei is everusedfor communicationby theplan,justasin
PROSPECTORLP� LF. The assignmentof bandwidthto edges
completelyspeci�es an approximatetop-k query plan, asde-
scribedin Section2.

Local �ltering will take place when b(ei ) <P
u j 2 children(u i ) b(ej ), because in this case ui receives

more values than it sendsup. For example, in Figure 1,
PROSPECTORLP+ LF may allocatea bandwidthof 3 to the
edgeout of nodeu, even thoughthis nodeis going to receive
9 valuesfrom its children. As motivatedin Section1, local
�ltering can greatly improve the performanceof a plan by
allowing it to examinemorevaluesandmake more informed
decisionsat runtimeon whichvaluesto passon. Thechallenge
to query optimization is how to determinethe appropriate
amountof �ltering, i.e., what amountof bandwidthto assign
to each edge. We will now addressthis challengewith
PROSPECTORLP+ LF.

To capturelocal �ltering in a linearprogram,we needsome
moreintegervariables.For thes-th sample,let ones(s) denote
the setof nodesthat provide the top k valuesfor this sample.
In otherwords,ui 2 ones(s) if andonly if S[s; i ] = 1. Weuse
an integervariablexs(ui ) for eachsuchentry. Settingxs(ui )
to 1 meansthe plan returnsthe valueat ui whenexecutedon
the s-th sample;otherwise,settingxs(ui ) to 0 meanstheplan
missesthevalueatui (whichshouldhavebeenreturned)for the
s-th sample.The linearprogramis shown below, followedby
explanation:

Minimize
X

s

X

u i 2 ones(s)

(1 � xs(ui )) ; subjectto:(5)

P
i

�
a(ei )� i + b(ei )� i

�
� C;(6)

xs(ui ) � a(ej )(7)

8s; i; j s.t.ui 2 ones(s) \ desc(uj );
P

u i 2 ones(s) \ desc(u j ) xs(ui ) � b(ej ) 8s; j ;(8)

0 � a(ei ); xs(ui ) � 1 8s; i:(9)

Line (5) speci�es the optimizationobjective: to minimize
thetotal numberof missesoverall samples.

Line (6) constraintsthetotal costof theplan.
Line (7) encodesthe constrainton when an edge needs

to be used for communication, analogousto Line (2) of
PROSPECTORLP� LF. Here, the constraint is slightly more
complicated.Intuitively, if theplan returnsthevalueof u i for
thes-th sample(i.e., xs(ui ) = 1), thentheplanmustuseeach
edgeej above ui for communication(i.e.,a(ej ) = 1).

Line (8) encodesthe bandwidthconstraint,which captures
the fact that thebandwidthallocatedto anedgeej necessarily
limits thenumberof top k valuesthatcanbereturnedfrom the
subtreerootedat uj , sinceall suchvaluesmustgo throughej .

Line (9) capturesthe integrality constraintson variables
a(ei ) andxs(ui ) with linear relaxation,analogousto Line (4)
in PROSPECTORLP� LF.

The biggestdifferencebetweenPROSPECTORLP+ LF and
PROSPECTORLP� LF is that the former uses one variable
xs(ui ) for each00100 entry in the Booleansamplematrix S,
while the latter usesonevariablex(ui ) for eachcolumnof S.
Theadditionalvariablesallow PROSPECTORLP+ LFto capture
plansthatmake �ner-graineddecisionsusinglocal �ltering. In
contrast,having only onevariablex(ui ) for eachnodeui im-
plies that theplanmustreturnui 's valueeitherfor all samples
or not at all; in otherwords,the plan cannotmake a run-time
decisionon whetherto passon ui 's valuebasedon local �lter -
ing.

4.3 PROSPECTORPROOF

The previous approximatealgorithmsareunableto guarantee
the accuracy of their resultsunlesswe assumethat the model
or pastsamplesindeedre�ect the currentbehavior of sensor
values.As motivatedin Section1, if astrongerguaranteeis de-
sired,we canaugmentanapproximatetop-k queryplanwith a
“proof” constructedin abottom-upfashionby passingupaddi-
tionalnon-top-k valuesnecessaryfor proving thecorrectnessof
top-k valuesreturned. We now presentPROSPECTORPROOF,
an algorithm capableof generatingsuchplans. We begin by
describingaproof-carryingtop-k queryplanin moredetail.

As in a regular top-k queryplan,eachedgein thenetwork
is allocatedabandwidthb(ei ) specifyingthemaximumnumber
of valuesthat nodeui canpassup. Additionally, in a proof-
carryingplan,ui will ensurethatamongtheb(ei ) valuesthatit
returns,a subsetof size l indeedconsistsof the top l valuesin
thesubtreerootedat ui . We saythat thesel valuesareproven
by ui . Duringtheexecutionof aproof-carryingplan,eachnode
ui proceedsin thefollowing sequenceof steps:

1. Receivevaluesfrom child subtrees. From eachchild uj
of ui , ui receivesb(ej ) values,amongwhich the top kj
valuesareprovenby uj .

2. Sort.Nodeui sortsall valuesreceivedfrom its childrenas
well asits own value,anddeterminesthetop b(ei ) values
to bepassedup.

3. Provevalues.Considereachvaluey amongthetop b(ei )
valuesto bepassedupfrom ui . Thisvalueis provenby ui
if andonly if for everychild uj of ui , oneof thefollowing
threeconditionsholds:

(c.1) y comesfrom uj andis provenby uj .

(c.2) Thereis a valuey0 provenby uj , andy0 < y.

(c.3) b(ej ) = jdesc(uj )j, i.e., uj passesup all valuesat or
below it in thenetwork.

Fromtheabove,it is notdif�cult to seethatif y is proven,
thenall valuesgreaterthany in thetopb(ei ) areprovenas
well.



4. Returnto parent. The top b(ei ) valuesarepassedup to
parent(ui ). The numberof valuesproven by ui is also
passedup if this numberis lessthanb(ei ); otherwise,all
b(ei ) valuesareassumedto beproven. This optimization
savesthecostof transmittingthisnumberfrom smallsub-
treesthat will likely prove all valuesthey passup, and
completelyeliminatestheneedfor leaf nodesto transmit
suchnumbers.

At theendof theexecution,the root nodereturnsa setof val-
uesastheanswer, andadditionallyprovesthatthetopk0among
themareindeedthetopk0valuesin theentirenetwork. Therest
of thevaluesreturnedby theroot mayor maynot bein theac-
tual topk, but they maystill beusefulto theuser. Furthermore,
they canhelpusconstructamoreef�cient “mop-up” planto re-
trieve themissingactualtop k values,aswe show later in this
section.

Thefollowing lemmais immediatefrom thedescriptionof a
proof-carryingplan:

Lemma 1 The set of l valuesproven by a node in a proof-
carrying top-k query plan are indeedthe top l valuesin the
subtreerootedat thisnode.

Wenow describehow to formulatea linearprogramto opti-
mizethebandwidthallocationfor a proof-carryingqueryplan,
sothatin expectation,thelargestnumberof topk valuescanbe
provenby theroot. As before,wehavetheBooleansamplema-
trix S. In addition,however, we needto keeptheactualvalues
in samples.Again,ones(s) denotesthesetof nodeswith thetop
k valuesin thes-th sample.Wealsodenoteby smallers(ui ; uj )
the setof nodesin the subtreerootedat uj whosevaluesare
smallerthanthevalueat ui in thes-th sample.

As in PROSPECTORLP+ LF, we usea variableb(ei ) for ev-
ery edgeei in the network. However, we do not needa vari-
ablea(ei ) indicatingwhetheranedgeis usedby theplan. The
reasonis that a proof-carryingplan must useall edgesin the
network, or elsewecannotevenprove thetop1 valuesinceany
nodenotvisitedby theplanmayactuallyhavethelargestvalue.
We usean integer variablexs(ui ; uj ), whereui 2 desc(uj ),
which indicateswhetherthevalueof ui is provenby uj when
the plan runson the s-th sample.Let r denotethe root node,
and sibling(ui ; uj ), whereui 2 desc(uj ), denotethe set of
uj 's childrenwho arenot ui 's ancestors.The linear program
is shown below:

Maximize
X

s

X

u i 2 ones(s)

xs(ui ; r ); subjectto:(10)

P
i
�
� i + b(ei )� i

�
� C;(11)

P
u i 2 desc(u j ) xs(ui ; uj ) � b(ej ) 8s; j ;(12)

xs(ui ; parent(uj )) � xs(ui ; uj )(13)

8s; i; j s.t.ui 2 desc(uj ) ^ uj 6= r ;

xs(ui ; uj ) �
P

v2 smallers (u i ;u k ) xs(v; uk )(14)

8s; i; j; k s.t.ui 2 desc(uj ) ^ uk 2 sibling(ui ; uj )

^ smallers(ui ; uk ) 6= ? ;

0 � xs(ui ; uj ) � 1 8s; i; j s.t.ui 2 desc(uj ):(15)

Line (10)speci�estheoptimizationobjectiveof maximizing
theexpectednumberof topk valuesprovenby theroot,overall
samples.

Line (11) constrainsthe total amountof energy spentby
the plan. The costof sendingthe numberof proven valuesis
small and can be incorporatedby conservatively reservinga
�x ed amountof energy for eachnon-leafedge. We omit the
detailshere.

Line (12) encodesthe bandwidthconstraint,analogousto
Line (8) of PROSPECTORLP+ LF.

Line (13) encodesthe constraintthat for any value to be
proven by a node,that valuemustbe proven by all nodesbe-
tweenthisnodeandthenodewho ownsthevalue.

Line (14) encodestheproof constraint.Namely, for a value
y (from ui ) to beprovenby anodeuj , everychild uk of uj (ex-
cept the child from which y comes)mustprove somesmaller
value.Theonly exceptionto thisconstraintis whenthechild uk
actuallyreturnsall valuesin thesubtreerootedat uk (in which
caseall thesevaluesareprovenby uk ), andnoneof thesevalues
is smallerthany. This exceptionis capturedby the condition
smallers(ui ; uk ) 6= ? , which preventstheconstraintto begen-
eratedin thiscase.

Line (15) capturesthe integrality constraintson xs(ui ; uj )
variableswith linear relaxation (as previously discussedfor
Line (4) of PROSPECTORLP� LF).

Comparedwith PROSPECTORLP+ LF, where the number
of xs(ui ) variablesusedis on the orderof the productof the
numberof samplesand the size of the network, PROSPEC-
TORPROOF usesonevariablexs(ui ; uj ) for eachsampleand
descendant-ancestornodepair, therebyincreasingthe number
of variablesin the linear programby anotherfactor equal to
the height of the network. Nevertheless,the overall size of
thelinearprogramremainspolynomiallyboundedby theprob-
lem size. In our experiments,we have never run into situations
whereourlinearsolvertakestoomuchtimeonrealisticproblem
sizes.

From PROSPECTORPROOF to PROSPECTOREXACT

PROSPECTORPROOF alsoservesasthe �rst phasein the two-
phasealgorithm, PROSPECTOREXACT, which always returns
the exact top-k solution. The detailsof PROSPECTOREXACT

areavailable in the full versionof this paper[15]. The basic
strategy notes that PROSPECTORPROOF provides a lower
boundon the k-th valueandproofsthat canbe usedto gauge
the potential additional contributions from subtreesin the
network. This feedbackguidesa second“mop-up” phasethat
retrievesmissing(or unproven) top-k values.Thehopeis that
the�rst phasewill producea reasonableanswer, sothesecond
phasewill be cheapor even unnecessary. In Section5, we
show that PROSPECTOREXACT performsconsiderablybetter
thanNAIVE-k in experiments.

4.4 Other Features

Coping with Failur es For simplicity, we have describedthe
PROSPECTORs assuminga static network topology whereall
nodesandedgesarealwaysavailable. We now presenttech-
niquesfor coping with failures. We assumethat permanent



nodefailure is possible,but rare. As mentionedin Section2,
the spanningtree T can changeover time as necessary. If a
nodeis non-functioningfor anextendedperiodof time, T ad-
juststo excludethenode. Theplan is thenre-optimizedbased
on thenew topology.

Ontheotherhand,weexpecttransientfailuresto happenfre-
quently. Recomputinga new topologyevery time is expensive
andineffective,sincethelatesttopologywill alwayslagbehind
thelatestfailures.Instead,wecanincorporatefailuresinto opti-
mization.Recallthatweuseareliablecommunicationprotocol;
in theeventthatamessageis notdelivered,weattemptto route
it aroundthefailureto theintendeddestinationor its parent(re-
quiring someadditionalstatebemaintainedat thenodes).We
collectstatisticsonthefrequency with whicheachedgefails,as
well asthecostof re-routingaroundsuchedges.To incorporate
this information into our optimizationframework, we simply
increasethecostof eachedgeby theproductof its failureprob-
ability andtheextracostincurredby re-routing.

An alternative is to develop queryplansthat directly cope
with transientfailuresduringexecutionwithoutusinga reliable
communicationprotocol. This approachhasthe potentialof
deliveringbetterperformance,andis aninterestingproblemfor
futureresearch.

Modeling Other Costs Wehavefocusedonradiotransmission
costsbecausethesedominateenergy consumption. We have
ignorednon-radiocosts,suchassensorreadingacquisitionand
computation. It is straightforward to integratethem into our
optimizationframework. For example,we canaddacquisition
to the PROSPECTORs by addingits cost to the overall energy
constraintandenforcingthat in orderfor the root to acquirea
node,thenodemustacquirea measurement.

Plan Dissemination To simplify presentation,wehaveignored
the costsof installing a query plan in the initial distribution
phaseand triggering its execution in subsequentdistribution
phases.Suchcostscanbe incorporatedin the linearprogram-
ming framework. Furthermore,our experimentalresultsdo ac-
countfor thesecosts.

Plan Re-calculation It is prohibitively expensive to dissemi-
nateanew planeverytimeconditionschange.Wecan,however,
often re-calculatetheoptimal planat thebasestation. Only if
this planperformsconsiderablybetterthanthecurrentone,do
wedisseminateit.

Re-sampling We need to samplethe entire network peri-
odically to gather input neededfor optimization. When to
re-sampledependson how con�dent we are in the accuracy
of the current model for predicting top k. This con�dence
canbemeasuredby periodicallyrunningPROSPECTORPROOF

or PROSPECTOREXACT (instead of PROSPECTORs without
proofs),whichcantell ustheaccuracy of ourapproximatesolu-
tions. If theaccuracy is not acceptable,therateof re-sampling
is increased.

5 Experimental Evaluation
We evaluateour algorithmsusingour own simulatorof a net-
work of Crossbow MICA2 motes[2]. Our simulatorusesa

genericMAC-layerprotocol. We modelonly communication
costs,asdiscussedin Section2. Thecostof queriesthatwe re-
port includeboththecostof triggeringqueryexecution(assum-
ing that theplanhasalreadybeenstoredin thenetwork in the
initial distributionphase)andthecostof thecollectionphase.

To createa sensornetwork, we startwith a givenrectangu-
lar spaceanda root node,placea numberof nodesrandomly
within the space,and then,while adheringto moteradio dis-
tancelimits, build a spanningtreeover themwhereeachnode
is asfew hopsfrom therootaspossible.

Approximate PROSPECTORs We performa comparisonof a
numberof algorithms,plotting energy costin mJagainstaccu-
racy of thequeryplan.Accuracy is measuredasthepercentage
of actualtop-k valuesreturnedby thequery. Sensorvaluesin
thissyntheticdataexperimentaredrawn from independentnor-
mal distributionswhosemeansandvariancesarechosenran-
domly from small ranges.The resultsareshown in Figure3.
ORACLE is a non-plausiblealgorithmthatknows theexact lo-
cationof thetopk valuesbeforehand;its costservesa baseline
for comparisonof the approximatealgorithms. For approxi-
matetop-k algorithms,we setk = 40 andvary theenergy bud-
get. For exactalgorithms(ORACLE, NAIVE-k, andNAIVE-1),
we vary accuracy by changingk (e.g.,k = 36 correspondsto
90% accuracy), andthenmeasuringthe costof the plan. The
relativeorderof algorithmsis aspredicted.NAIVE-k performs
muchworsethan the others,supportingthe casefor approxi-
mateover exactsolutions.We do not plot NAIVE-1 in this �g-
ure; its costat k = 4 alreadymatchesthe costof NAIVE-k at
k = 40, andgrows linearly moreexpensive with increasingk.
Thethreeapproximatealgorithmsin increasingorderof perfor-
mancearePROSPECTORGREEDY, PROSPECTORLP� LF, and
PROSPECTORLP+ LF. This ranking incrementallyshows the
bene�ts of topology-awarenessandlocal �ltering. We explore
thesefeaturesfurtherin laterexperiments.
Variance We next explore the effect of variance on the
distribution of sensorvalues for PROSPECTORLP� LF and
PROSPECTORLP+ LF. The meansare againchosenwithin a
small range,while variancemovesfrom low to high. Variance
controlsthepredictabilityof the top-k. Whenvarianceis low,
nodescanalmostbe rankedby their means.Whenvarianceis
high,nodeshave almostequalprobabilityof rankingin thetop
k. Theenergy limit is �x edat a suf�ciently high level over all
trials to allow PROSPECTORLP+ LF to achievenearperfectac-
curacy whenvarianceis negligible. The resultsareshown in
Figure4. Whenvarianceis low, the algorithmsperformsim-
ilarly sincethey essentiallyknow wherethe top k valuesare,
andcanvisit just thosenodes. As varianceincreases,perfor-
mancedegradesfor bothalgorithms,but PROSPECTORLP� LF
degradesfaster. Thereasonis thatit muststill choosea limited
numberof valuesto acquire.In contrast,PROSPECTORLP+ LF
reactsto the increasinguncertaintyby visiting morenodesand
usinglocal �ltering to passon themostpromisingones.While
it paysfor visiting more nodesby not being able to sendas
many valuesall the way to root, the valuesit doessendup
are much more likely to be in the top k than thosesent by
PROSPECTORLP� LF. Finally, both algorithmslevel out once
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Figure 6. Contention zones.

variancerisesto thepoint that themeanvaluesaredilutedand
all nodeshave roughlyequalprobabilityof makingthetopk.

Local Filtering To betterunderstandthe impact of negative
correlationonqueryplanning,asintroducedin our ornithology
examplefrom Section1, we presenta scenariowherethenet-
work containssix “contentionzones”spacedevenly aroundits
perimeterwith thequeryroot in thecenter, asdepictedin Fig-
ure 6. Eachcontentionzonecontainsk nodes.Nodesoutside
the zoneshave �x ed means,� , and low variances.Nodesin-
sidethe zoneshave lower meansthan � , but highervariances
suchthateachof thesehasan identical1=6 chanceof exceed-
ing � . This meansthe total expectednumberof zonenodes
above � is k. Eachzone is expectedto provide k=6 of the
top k values. We againmeasureenergy costagainstaccuracy,
as shown in Figure 5. PROSPECTORLP+ LF greatly outper-
formsPROSPECTORLP� LF. PROSPECTORLP� LF makesthe
mistake of acquiringall valuesfrom a singlezonebeforevis-
iting another. Rememberthat all zonenodeshave equalprob-
ability of makingthe top k, andappearto be of equalbene�t
in sampling. If PROSPECTORLP� LF paysthe initial costof
traversingthenetwork to reacha particularzone,it is cheaper
to continueaccessingits nodesthanthosein anotherzone.For
thesameamountof energy, PROSPECTORLP+ LFcanvisit sev-
eralzonesandall nodeswithin them,but locally �lter out only
thehighestk=6 valuesfrom each.PROSPECTORLP+ LF gains
advantageasallocatedenergy increases.This intuitively makes
sense;eachadditionalvaluePROSPECTORLP� LFacquireshas
only a 1=6 chanceof makingthe top k. PROSPECTORLP+ LF
allocatesadditionalenergy moreintelligently usinglocal �lter -
ing for greaterbene�t.

Wecontinuethis experimentby startingwith theabovesce-
narioandvarying thenumberof zones,andadjustthe fraction
of nodeswithin eachthat aregreaterthan � accordingly. For
example,whenthereare4 zones,eachstill hask nodes,but the
probabilityof a nodebeinggreaterthan� risesto k=4. Theen-
ergy limit is setto a level shown to createa largeperformance

gapbetweenPROSPECTORLP� LF andPROSPECTORLP+ LF,
asdeterminedin thepreviousexperiment.Theresultis shown
in Figure7. As thenumberof zonesincreases,thepenaltythat
PROSPECTORLP� LF suffers for acquiringan entirezonein-
creases,sincea lower percentageof thetop k valuesarein any
zone. Both algorithmsdegradein performancebecauseasthe
numberof zonesincreases,eachonemustvisit morezonesand
payahighercostto acquirethesamenumberof topk values.

Intel Lab Data We evaluateour algorithmson a datasetbuilt
from the Intel Berkeley ResearchLab [7], consistingof envi-
ronmentalreadingsoveraseriesof timeepochscollectedby 54
motesspreadaroundtheir lab, from which we have extracted
temperaturereadings.In addition,becausewe areinterestedin
network topology, andthelab areais not largeenoughto force
muchhierarchyon the spanningtree, we shortenradio range
to 6 meters,theminimumthatstill allows for a fully connected
tree.Lastly, thedatasetis missingvaluesin variousepochs.We
have �lled in a missingvalueat a given nodeandepochwith
theaverageof thenodevaluesreadat theprior andsubsequent
epochs.

We testapproximationalgorithmsusingthe�rst 100epochs
as samplesand run querieson the following datawith k =
15. We plot energy cost versusaccuracy for the approxi-
mate PROSPECTORs. The results for PROSPECTORLP� LF
and PROSPECTORLP+ LF are nearly identical. Therefore,
in Figure 9, we only show resultsfor PROSPECTORGREEDY

and PROSPECTORLP� LF. This result shows topology con-
siderationshave an impacton performance,but local �ltering
doesnot. PROSPECTORGREEDY doesnot performaswell as
PROSPECTORLP� LFuntil they reachenergy levelswhereboth
acquirenearly all of the top k values. The lack of impact
for local �ltering stemsfrom the fact that the locationsof the
top k valuesarefairly predictablein the dataset.In this case,
PROSPECTORLP� LF is clearly suf�cient to build an ef�cient
queryplan.As wouldbeexpectedwith thisdataset,approxima-
tion methodsgreatlyoutperformNAIVE-k. Althoughnot plot-
tedhere,to acquirethe top 9 values(60%), NAIVE-k requires
over800mJ,morethanthreetimeswhattheapproximatesneed
for near100% accuracy.

PROSPECTORPROOF We next evaluatethe effectivenessof
PROSPECTOREXACT by comparingit to theexact algorithms,
NAIVE-k andORACLEPROOF. ORACLEPROOF, similar to Or-
acle,knows the locationsof thetop k values,but still accesses



all nodesto provide a proof for the solution. It serves as a
baselinefor exact algorithms. A new baselineis neededhere
becauseexact algorithmsmust visit all nodes,and therefore
cannotcompetewith the energy savings of the approximate
ones.Sowhile we proposePROSPECTOREXACT asa very ef-
�cient algorithmfor gettinganexactsolution,weacknowledge
thatdueto unavoidablehigh overheadcost,thesavingsversus
NAIVE-k areof amuchsmallermagnitudethanthoseachieved
by theapproximatePROSPECTORs.

Results for this experiment are shown in Figure 8.
PROSPECTOREXACT is a two-phasealgorithm, and we plot
the breakdown of costsin two phases. NAIVE-k and ORA-
CLEPROOF aresingle-phasealgorithms,sotheir costsare�x ed
in this settingandplottedashorizontallines. Recall the goal
of PROSPECTOREXACT is to plan the �rst phaseso that the
secondone is unneededor requiresvery little energy. When
the �rst phaseis allocatedsmalleramountsof energy, thesec-
ondphaseis necessaryandexpensive, resultingin poorperfor-
mance.Whenenergy is higherin the�rst phase,thecostof the
secondphaseis low, but the �rst phaseacquiresmorevalues
thanneeded.Theoptimalpoint falls in themiddle. Accepting
thelimited potentialsavingswecanachieve,wedo�nd thatthe
optimalpointrealizesroughly70% of thepossibleimprovement
betweenNAIVE-k andORACLEPROOF.

Other Results We have omittedthefull detailsof our investi-
gationon theperformanceimpactof samplingsize.Undercon-
ditionssimilar to thosefor Figure3, we �nd that,asexpected,
usingjust a singlesampleresultsin very poor accuracy. With
only a small increaseto 4–5 samples,accuracy increasesdra-
matically andthenessentiallylevels out, only increasingvery
slightly up to 25–30 samples. Experimentson the Intel Lab
datashow a similar trend,with bene�t of additionalsampling
levelingoutaround5 samples.

Wealsomentionherethatcostof installingthequeryplanin
theinitial distributionphase,which requiresunicastinginstruc-
tionsto eachnodeinvolvedin theplan,isontheorderof thecost
of onecollectionphase.Following our assumptionon install-
once,run-many-timesusage,thiscostis reducedin signi�cance
whenamortizedovermany subsequentrunsof thesamequery.

While time spentsolving linear programshad no impact
on our cost measurements,it is worth mentioningthesere-
sults. We ran our experimentsusing ILOG CPLEX 8.1 on a
650MHz desktopcomputer. Running time was very depen-
denton the energy constraint,andwassigni�cantly slower at
levels wheretherewere many plansof similar value. In the
worst cases,givena programwith 200 nodesand50 samples,
PROSPECTORLP+ LF �nished in 30 secondsand PROSPEC-
TOREXACT �nished in 120seconds.In bettercases,theseoften
took justa few seconds.

6 RelatedWork
A substantialamountof work hasbeendoneonqueryingsensor
networks. Thegeneralquestionof what typeof queriesshould
be doneon networks, suchas event-basedor periodic, is ex-
ploredin [11] and[16]. Many papersfocuson saving energy
andextendingthe life of thenetwork. Onemain strategy is to

do at leastsomequerywork in-network, assuggestedby [12]
and[16]. In-network aggregationreducesoverall energy con-
sumptionby performingcomputationwithin the network and
reducingthesizeof transmissionspropagatedupward.

A secondmain strategy for conservingenergy is usingap-
proximation.The ideaof usingmodelsto encodethe relation-
shipsbetweensensorvaluesat differentmotes,aswell asbe-
tweendifferent typesof sensors,is introducedin [4]. Tech-
niquesfor usingsuchmodelsarefurtherexploredin [3]. These
models,however, aremainly directedat selection-typequeries.
Severalapproachesfor extendingtheusefullifetime of thenet-
work are basedon deploying a redundantamountof motes,
where a subsetof them can representthe whole collection.
The“connectedk-coverage”problem,presentedin [18], �nds a
minimal setof nodesthatarefully connectedandcanstandfor
theentiresetof nodes,givenapproximationlimitations. Snap-
shot queriestake a similar approachby choosinga subsetof
nodesto standif for their neighbors[8]. The resolutionof the
query can be adjustedby involving more nodes. The set of
nodesthat is usedin queryingcan be adjusteddependingon
whichnodeshave thehighestremainingenergy resources.

Otherpapersalsoinvestigatespeci�c strategiesfor solving
morecomplicatedqueriesthanselection.[14] proposesmeth-
odsfor computingapproximationsof quantileaggregatessuch
asmedianandmode.They presenta structure,q-digest,which
nodesuseto summarizethe datathey receive into a �x ed size
message,with approximationbounds. [6] suggestslinear re-
gressionasameansto developamodelcoveringmeasurements
at all nodes.Whena queryis performed,thenetwork doesnot
transmitlargenumbersof valuesto convey measurementsfrom
all nodes,but insteadtransmitssmallnumbersvaluesthatcon-
straintheparametersof themodel,therebyproviding informa-
tion thatcanbeusedto derive themeasurements.

Thereis considerablework on othertop-k variations.Bab-
cock andOlstondiscussthe problemof monitoring the top-k
dataobjectswithin a distributed system[1]. In their setting,
an object's scoreis the sumof its local scores(onefrom each
node). Our problemranksthe valuesfrom eachnode. Addi-
tionally, theirsis a continuousquery, while oursis periodic. A
closerparallelto their work for sensornetworksis [17]. Scores
for the sameobject can accumulateat different sources,and
they leveragethat an object might easily rank in the top k in
onepart of the network to prop up its ranking in otherparts.
This techniquecanbe usedto maintainan overall top-k with
somecon�dence,andavoid recomputingit asoften aswould
otherwisebenecessary.

7 Conclusions
We have presentedsampling-basedqueryplanningasa means
to leveragetheadvantagesof modelingnetwork behavior, while
avoiding the sometimesprohibitive costsof dealingexplicitly
with models.Samplingmaintenanceis alsoquitesimple.Sam-
pling andlinear programmingcomplementeachotherwell to
form anoptimizationframework. This framework letsuscon-
strainqueryplansto auser-de�nedenergybudget.Weapplythe
framework to thetop-k queryproblemandcreatetheProspector
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Figure 9. Intel Lab data.

seriesof algorithms,which integratetopology-awarenessand
local �ltering into planning,andprovide approximationsolu-
tions, aswell asa “proof” versionthat canbe extendedto an
exactsolution.Ourevaluationshowstheimpactof variouscon-
ditionson our algorithms.Amongthepointswe make arethat
we canrealizelargeenergy savingswith approximateover ex-
actsolutionswhile achieving high accuracy levels,andthat lo-
cal �ltering is amoreadvantageousfeaturethemorea network
containsareasof contentionin whichsubsetsof nodeshavetop-
k values. Thesecon�rm that the sampling-basedframework
doesachieve theenergy-saving bene�ts of themodeling-based
approach,while affordingadvantagesin easeof calculation.

The basictechniquesand framework in this paperprovide
aninnovativewayof interactingwith sensornetworks.Wehave
alsopresenteda numberof extensionsfor copingwith someof
therealisticissuesthatarisewith sensors,suchasfrequentfail-
ure.Weforeseetwo interestinglinesof researchfor makingour
techniquesmoreadaptableto real-world conditions. The �rst
is to modelfailureandothercomplicationsandintegratethem
into optimization. The secondis to build more �e xible plans
that leverageactualnetwork conditionsoncethey areobserved
duringqueryexecution.
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