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Abstract

Wirelesssensornetworksgeneite a vastamountof data.
This data, howerer, mustbe sparingly extractedto conserve
enepy, usuallythe mostpreciousresouce in battery-poweed
sensos. Whenappoximationis acceptable a model-driven
appoad to query processings effectivein savingenegy by
avoiding contactingnodeswhosevaluescan be predictedor
are unlikely to be in the resultset. To optimizequeriessuc
astopk, howerer, reasoningdirectlywith modelsof joint prob-
ability distributions can be prohibitively expensive Insteadof
usingmodelsexplicitly, we proposeto usesampleof pastsen-
sorreadings.Notonly are sudh samplesimpleto maintain,but
they are alsocomputationallyef cient to usein queryoptimiza-
tion. With thesesampleswe can formulatethe problemof op-
timizing approximatetopk queriesunderan enegy constaint
asa linear program. WWe demonstate the powerand e xibility
of our sampling-basedppmoad by developinga seriesof top-
k query planningalgorithmswith linear programming which
are capableof efciently producingplans with better perfor
manceand novel featues. We showthat our approad is both
theotically soundand practically effectiveon simulatedand
real-worlddatasets.

1 Intr oduction

Technologyadwancesn wirelesssensometworks have opened
up new opportunitiesfor collectingdatafrom all sortsof ervi-
ronments Thetaskof effectively andef ciently queryingthese
networks is an importantand challengingproblem. Because
sensorsre often battery-paovered,the lifetime of the network
is tied to the rate at which it consumesnegy. In particular
radio communicationis a primary sourceof enegy consump-
tion in sensometworks. Hence,minimizing communicatiorin
gueryexecutioncansave signi cantamountf enegy andhelp
prolongthelifetime of thenetwork. Thisgoalis complicatedy
thetopologyof the network, which dictateshow nodesarecon-
tactedduringquerying.

The seminalwork by Deshpandet al. [4] proposesnodel-
driven data acquisition which suggestsisingmodelssuchas
multivariateGaussianto predictsensoreadingsModelslet us
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avoid visiting nodeswhosereadingsanbeaccuratelypredicted
or areunlikely to contritute to the nal result. This approach
candramaticallyreducethe enegy consumedy the network,
but of coursemakesresultsapproximate.Suchapproximation
is acceptablen mary scenarioswhereusersare often not in-
terestedn exact answersand small errorsusually have little
bearingon how the resultsare interpretedand used. At ary
rate,sensorglreadyneedto copewith errorsthatareinevitable
dueto the stochastimatureof measurements.

Much work is still neededo fully realizethe potential of
model-driven dataacquisition. As we will demonstraterea-
soning directly with models—e&en those as simple as inde-
pendenGaussians—calpe prohibitively expensve whenplan-
ning complex queries.Eneigy costmodelsandnetwork topol-
ogy further complicatethis effort. Our goal is to develop a
powerful, e xible,andcomputationallytractableframework for
optimizing queriesthat considersenegy constraintsand net-
work topology and realizesthe bene ts of the model-driven
approachwhile avoiding the compleity involvedin reasoning
with models.

Top-k SensorQuery

In this paperwe focus on optimizing topk queriesin sensor
networks. A topk queryreturnsthe k nodeswith the highest
sensomreadingsin the network. Topk queriesare both useful
in practiceandtheoreticallyinteresting. They sene asa case
study to illustrate the challengesand dif culties in reasoning
with modelsof joint distributions,anddemonstratehe advan-
tagesof our proposedptimizationframework.
Considerthesimpleexampleof ornithologistsstudyingvar
ious bird speciesn a forestwho do not know wherebirds are
mostlikely to befoundatary giventime. They placebird feed-
ersin variouslocationsin the forest,eachof which includesa
sensothatdetectsveightchangego countthenumberof times
birdslandatthefeeder Beforeenteringtheforest,theornithol-
ogistswantto know the bestlocationsto nd birds. They runa
topk queryoverthenetwork to determinghefeederghathave
attractedthe mostbirds recently andthereforearelikely to be
good points of obsenation. Unpopularfeedersattractingfew
birds shouldbe omitted from the queryresult. A topk query
meetsexactly this goal. Of course,in practice,the basictopk
guerymay needto be moretailoredto this setting,e.g.,there-
searchersnight wantto group nearbyfeedersnto clustersfor
purposef obsenation, andobtainthe top k clustersordered
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Figure 1. Local ltering.

by averagebird count.Neverthelessthebasicform of thequery
remainsop-k.

Optimization of topk sensorqueriesis signi cantly more
comple thanselectionqueries(e.g.,returnall readinggreater
thanx). Supposeve have ajoint probability distribution over
all sensorreadings. A cursoryapproachfor selectingsensors
mostlikely in thetop k is to choosehek sensorsvhosemeans
arehighest. Unfortunatelythis approactdoesnot work. Con-
sider an example whereall readingshover near (with low
variance),excepta group of, say 3k sensorsvhosereadings
aredrawn from a distribution with mean °®< , but with high
enoughvariancesuchthat eachhasa 1=3 probability of being
greatethan . In this casewe expectmostof thetopk to come
from thegroupof 3k. However, thenaive approachwill choose
othersensorsimply becaus¢heirmeansarehigher

It is possibleto calculatethe probability thata readingis in
thetop k directly from a modelof thejoint distribution. How-
ever, this taskis computationallyvery expensve even for ex-
tremelysimplecasessuchaswheneachreadingis dravn from
an independeniGaussian(see Section3 for details). Direct
calculationinvolves summingover an exponentialnumberof
casesandtheredoesnot appearto be a close-formsolution.
The key point hereis that unlike in simple selectionqueries,
whethera readingis in the resultof a topk querydependon
thereadingdrom othersensors.

Supposene canefciently estimatethe likelihood of each
readingbeingin the top k. The problemof building an ef -
cientqueryplanstill remainstricky andchallenging.A seem-
ingly reasonablapproacthis to acquirereadingsfrom the most
promisingsensorsandsendall of theirreadingupto thequery
station.This strateyy is still farfrom optimal. Considerthe sce-
nario depictedin Figure 1. Supposell readingsin the dotted
region have an equallikelihoodof rankingin thetop k, yet no
morethana fth canactuallydoso. It is suboptimato sendarny
morethan 2 out of the 10 readingsto the query station. This
form of negative correlationis notuncommornin real-world sit-
uations. Considerour ornithology example. Certainbirds are
known to be increasinglyterritorial as the quality of food re-
sourcesin an areaincreasesand it becomesamore worth the
effort to defendthatarea. Sucha trendin our examplewould
resultin certainpartsof the foresthaving lessbird trafc. In
theseareas,althoughsomefeeders,chosenarbitrarily, might
still beheavily frequentedy thefew birdsthere theotherfeed-
erswould be largely unused.In this situation,the beststrateyy
is to obtainreadingsfrom all sensorspassthemall to the root
of the subtreespanningthis area,and selectand passon only
thehighestreadings We call thistechniqudocal Itering . The
approactof acquiringreadingsandpassingeachof themall the

Figure 2. Constructing a proof.

way to therootfaltershere:It would have a hardtime choosing
which readingsto acquire,andendup passingup mary read-
ings (mostlyunneededin orderto increaseghe chancehatone
of themis in the actualsolution. The challengehereis to build

queryplansthatuselocal Itering effectively.

Finally, we facethe issueof assessinghe resultof an ap-
proximateanswerusing a model-basedpproach. How does
theuserknow if theresultis acceptableThetypical approach
is to provide a con dencemeasurebut thatassumeshe model
(built on pastobsenations)accuratelyre ects currentcondi-
tions. We proposeapproximatetopk querieswith “proofs;
which area strongerguaranteehat doesnot assumehe accu-
racy of the model. Theideais to acquireand passup some
additionalreadingsfor the purposeof proving that othersare
in thetop k. As anexample,considerthe sensofin Figure 2,
which haslocalreadingof valuel andrecevesthreelists of top
valuesfrom child subtrees Supposéhatthis sensoiis chaged
with thetaskof returning ve top valuesto its parent. Among
these vevaluesthe rst four canbeprovenbecausetherchild
subtreehave returnedcsmallervalues.However, the fth value,
4, cannotbe proven becausehe middle subtreecould possibly
containa value betweerd and6. Note that certainvaluesre-
turnedby the subtreessuchas3, will not make it into the top
k, but areusefulin constructingproofs. We expectthe costof
proof-carryingplansto be higherthanthosewithout proofs,be-
causeevery readingmustbe acquired—amg sensomot visited
could potentially producethe highestvalue. How ef cient can
we make proof-carryingplans? And how canwe do ary bet-
ter thana simple plan that alwaysreturnsthe exactanswerby
having eachsensorreturnthetopk valuesin its subtree?

Contrib utions

We have brie y motivateda hostof challengesn optimizing
topk queryplansin sensonetworks: compleity in usingmod-
elsdirectly, complex plansintegratinglocal Itering andproofs,
enepgy-constraineéndtopology-avareoptimization.The goal
of ourwork is to developanoptimizationframework thatis ef-

cient in exploiting pastbehaior, powverful enoughto produce
planswith local ltering andproofs,and e xible enoughto in-

corporateenegy andtopologyconsiderations.

We proposekeepingsamplef pastsensoreadingsrather
than maintainingmodelsexplicitly. Suchsamplesare not
only simpleto maintain,sinceno modelis explicitly con-
structed, but are also computationallyefcient to usein
queryoptimization.We explain how to exploit the predictive
power of sampleswhile avoiding the compleity of main-
tainingandreasoningvith modelsexplicitly. We shav that
thesampling-basedpproachs theoreticallysound.

We develop a query optimization framework for our



sampling-base@pproachusing linear programming. Lin-
earprogrammingcomplementsamplingwell andis ableto
encodeesnegy constraintstopology andcomple planfea-
turessuchaslocal Itering and proofs. Encodingenegy
constraintgyivesusa powerful ability. We canapplyanen-
ergy budgetto the queryplan building process.The result-
ing planis designedo achieve thehighestpossibleaccurag
while exhaustingno moreenegy thanallocatedt.

We apply the above conceptsand techniquedo the topk
problemin our PROSPECTOR classof query planningal-
gorithms, so namedbecauseajuery plans, like prospectors
(e.g., for gold), must carefully choosewhereto dig given
limited resourcesWe evaluatethesealgorithmsusingsimu-
latedandreal-world data. We shov thatapproximatequery
plansobtainedusing PROSPECTORS achiese good approx-
imation resultsgiven enegy constraints. We con rm the
savingsin usingapproximatequery plansover exactquery
plans. Interestingly by extendingthe PROSPECTOR algo-
rithm for generatingoroof-carryingapproximateplans,we
obtaina two-phaseexacttopk algorithmthat outperforms
traditional,non-model-drnenexactalgorithms.

2 Preliminaries

suringa numericvalue. We assumehe network is organized
asaspanningreeT rootedat aroot node. T is initially con-
structedandmodi ed overtime asneededo copewith topology
changeaisingtechniquesuchasthosein [5]. Let parentu;)
denotethe parentof nodeu; in T, andchildrer{u;) denotethe
setof u;'s children. Let ¢ denotethe edge(communication
link) betweenu; andparenfu;). A topk query(1 k n)
returnsthe k largestvaluesmeasuredy the nodes. Follow-
ing the corventionin TAG [10], we assumethat the queryis
pusheddown into the network from theroot nodein a distribu-
tion phase andtheresultvaluesareroutedup from childrento
parentaandeventuallyto therootin a collectionphase
The primary sourceof enegy consumptiorin a sensomet-

work is radio communication. Therefore,we use the total
amountof enegy spenton communicatiorasthe primaryyard-
stick for measuringhe costof a query In a collectionphase,
messageare unicastfrom childrento their parents. The total
amountof enegy spentin sendingandreceving a unicastmes-
sagewith x bytesof contentis givenby + x, where and

representhe permessagandperbyte costs respectiely. In
thetablebelow, we shav how to calculatea typical valuefor
from the speci cationof MICA2 motes[2]:

sendingcost(s) 36 mJ/sec
receving cost(r) 14:4 mJ/sec
byterate(b) 2500bytes/sec
perbytecost( = (s+ r)=bh | 0:02016mJI/byte

The permessageost stemsfrom the “handshak” between
the senderandthe recever requiredby a reliablecommunica-
tion protocol,andthe additionalmessagéeadeiprecedinghe
actualmessageontent. Our useof a reliable protocolcomes
into play whenwe dealwith failurein Section4.4. For MICA2

motes,a typical valuefor in our queryscenarios :645 mJ,

which is high comparedwith . In otherwords, merelycom-

municatingbetweennodes,regardlessof how few valuesare
transmitted,incurs a signi cant cost. This obsenation moti-

vatesapproximationalgorithmsthat reduceenegy consump-
tion by visiting only a subsewf the nodes;on the otherhand,
suchalgorithmsnecessarilygive up the exactnes®f resultsbe-

causeary nodenot visited could producea valuein the actual
topk.

We differentiatebetweenan initial distribution phaseand
subsequentistribution phasesin theinitial distribution phase,
a new query planis installedinto the network. In this case,
eachnodesendsa subplanto eachof its childrenusinga uni-
castmessagewhoseenepgy costcanbe estimatedasdiscussed
previously. Eachnodestoresits partof theplan(i.e.,how mary
valuesit expectsfrom eachof its childrenandhow mary val-
uesnheedto bereturnedto its parent). Oncethe plan hasbeen
stored,subsequendistribution phasesan usebroadcasines-
sagedo triggergueryexecution. A “re-execute”’messagevith
anemptybodyis recursvely broadcasto subtreesvheresome
valuesare expected. Thus, the total enegy spentin a subse-
quentdistribution phaseis much lessthan a collection phase
andthe initial distribution phase. To simplify discussionwe
focusonly on the collectionphaseandomit the detailsof han-
dling the enegy costsof the distribution phases.Nonetheless,
our experimentakesultsdo accountfor the costsof distribution
phases.

Naive Exact Top-k Algorithms We begin with two naive al-
gorithmsthatguaranteexactanswerdo topk querieswithout
usingary predictve models.Thesealgorithmsprovide atrade-
off betweenthe numberof messagesisedand the numberof
valuestransmitted.

The rst algorithm,NAIvE-k, computegheanswetbottom-
up in one passover the network. Eachnodesimply collects
thetop k valuesfrom eachof its children,computeghe top k
amongall suchvaluesandits own, and passegshemon to its
parent.If the subtreerootedat a nodehasfewer thank nodes,
then all valuesfrom the subtreeare passedup to the parent.
Thisalgorithmusegheminimumpossiblenumberof messages,
sinceevery nodemustbe visitedin orderto guarantee@n exact
answer The sizesof the messageasedby NAIVE-k, however,
arequitelarge. A nodewith fan-outf receves(f k) valuesfrom
its children,but atleast(f 1)k of themwill notbein the nal
result,representin@ signi cant wasteof bandwidth.

The secondalgorithm,NAIVE-1, computeghe answerin a
pipelinedfashion,whereeachnoderequestonly onevalueat
atime from its children.More precisely eachnodemaintainsa
heapcontainingits own valueandthelastvaluerequestedrom
eachof its children.Whenthenoderecevesfromits parentare-
questfor avalue,thenode rst ensureshattheheaphasavalue
from eachof its children(unlesghechild hasno morevaluesto
return);if not, a new valueis requestedrom thatchild. Then,
thelargestvaluein theheapis remosedandreturnedo the par
ent. Intuitively, NAIVE-1 attemptsto minimize the numberof
valuegransmitted A nodewith fan-outf recevesnomorethan
f + kO 1 valuesfrom its children,wherek® k is the num-



berof valuesrequestedrom the nodeby its parent.Sinceeach
valueis transmittedn a separatanessagehowever, NAIVE-1
requiresalargenumberof messagesndtheoverheadncurred
is prohibitive.

Approximate Top-k Query Plans An approximatetopk

gueryplan allows for a continuoustradeof betweenthe accu-
ragy of the resultandthe costof querying. Formally, a single-
passapproximateplan is an assignmenbf “bandwidth” b(e;)

to eachedgee; in the network. This bandwidthrepresentshe
numberof valuesthat shouldbe transmittedon e; from u; to
parentu;) in a collection phase. Upon receving the lists of

valuesfrom its children,nodeu; sortsthesevaluesalongwith

its own, and sendsthe top b(e;j) valuesl._,;p to its parent. Nat-
urally, werequirethat0  blei) 1+ 5 chigrern;) X&)

Theanswetto thequeryconsistof thosevaluesreturnedby the
rootnode.

Givena limit on the total amountof enegy the planis al-
lowed to spendon communication,it is concevable that the
answerproducedby the plan doesnot exactly containthe top
k valuesin the network. The goalis to nd a plan that mini-
mizesthe expectednumberof top k valuesnot returned. The
expectationis taken over the joint distribution of all valuesin
the network.

3 Sampling-BasedQuery Planning
As mentionedin Sectionl, reasoningdirectly with modelsof
sensorvaluescan be computationallyintractable. Recall that
we cannotordernodes'lik elihoodof rankingin thetopk sim-
ply by sortingthemby expectedvalue. We mustcalculatethe
probability that eachnoderanksanywherein thetopk. To il-
lustratethecompleity of thistask,considetheproblemof cal-
culatingthe probability thatnodeun hasthek-th rankedvalue
in the network. This occursin ',2 % disjoint casesgachwith
adifferentsubsebf k 1 nodeswhosevaluesrankhigherthan
thatof un . For simplicity, assumehatthevalueatu; is dravn
independentlyrom adistribution with probabilitydensityfunc-
tion P; (x) andcumulativedistributionfunctionD; (x). Thefol-
lowing integral computeghe probability thatun 's valueranks
lowerthanthosefrom nodedn asetU but higherthanall others:
z Y
Pn (x) (1
uj 2U

Di(x))

uj 6I[f ung

Dj (x) dx:

Even for the simple,commoncasewhereall distributionsare
normal, the above integral hasno closed-formsolutionandis
expensve to evaluatenumerically Moreover, thereare E %
suchintegralsfor eachof k ranks. The calculationsmustbe
repeatedor eachnode. If we wereto drop the independence
assumptiongr try to reasoraboutmorecomplex scenariosuch
aslocal Itering, the compleity would get even more out of
hand.

Our solution is to baseoptimizationon a set of samples
from the joint distribution of all values,whereeachsampleis
an assignmenbf value for eachnodein the network. These
samplescan be easily generatedat runtime using the “explo-
ration/exploitation” frameavork from machinelearning litera-
ture[9]. At randomlychosertimestepswe spendmoreenegy

to collectall valuesin the network andusethemasa sample.
The mostrecentsamplesaremaintainedandusedin optimiza-
tion. This approachaturallyadaptgo changesn thejoint dis-
tribution over time. Maintaininga modelencodedn samples,
then, is extremely simple to maintain, sinceno modelis ex-
plicitly built. Alternatively, if a modelof thejoint distribution
is alreadyavailable,we canuseit to generateandomsamples
directly.

We translateeachsamplefrom a setof sensorvaluesinto
a Booleanvector whosei-th componentis 1 if the valuefrom
nodeu; isamongthetopk in this sample and0 otherwise.The
vectorsfrom a setof sampledorm a Booleanmatrix S, where
S[s;i] = 1if andonly if u;j producesoneof the top k values
in the s-th sample. The optimizationgoal can be restatedas
follows for sampling-baseduery planning: Given a network-
wide limit for enegy consumption,nd anapproximatetopk
gueryplanthatminimizes,overall samplesthetotal numberof
topk values(i.e.,1'sin S) thatfail to bereturnedoy the plan.

Note thatthis approacttanbe easilygeneralizedo queries
thatreturnsubset®f all sensowvaluese.g.,selectiorandquan-
tile queries.In the generalcase we would setS[s;i] = 1if u;
contritutesto the answerin s-th sample and0 otherwise.The
optimizationgoal would still be to minimize the total number
of 1'sin S missedby theplan.

The intuition behindsampling-basedueryplanningis that
givenalargeenoughsetof samplespatternof nodescontribut-
ing to answerswill emege. Suchpatterngncludeobviousones
wherecertainnodesappeamostoften in answersaswell as
moresubtleoneswherea subtreemay consistentlycontainthe
samenumberof answewalues gventhoughin eachsamplethey
may comefrom differentnodesin the subtree.Looking at the
sampleswe canoptimizean approximateplanby encouraging
acquisitionof valuesfrom nodesand subtreeghat contribute
mostto theanswers.

We call our sampling-basedjuery planning algorithms
PROSPECTORS. To warm up, we rst presenta simple
PROSPECTOR thatusesa greedystrateyy. Then,in theremain-
der of this section,we provide the theoreticalfoundationfor
our sampling-base@pproach. More sophisticatedPROSPEC-
TORsthatconsidemetwork topology local ltering, andproofs
arepresentedn Sectionst.

PROSPECTORGREEDY This simple algorithm constructsa
query plan incrementallyby greedily addingvaluesto be ob-

tained,oneat atime. Theintuition is to give priority to nodes
who arecontrituting the mostto thetop k valuesover all sam-
ples. As long asthe enegy costof the plan constructedso far
doesnot exceedthe prescribedoudget,the algorithm greedily
picks the nodeuy;, (amongall nodesnot visited by the current
plan)for which ¢ S[s; ] is the largest,and expandsthe cur

rentplanto obtainthevaluefrom u;.

3.1 Theoretical Foundation of Sampling

As discussedthe objective function of our optimizationis to
minimize the expected‘error” over the entirejoint distribution
of all sensowalues.The sizeof this distribution is exponential
in thenumberof values.Theessencef thesampling-basedp-



proachis to avoid enumeratindhe entirejoint distribution, and
insteado approximatehejoint distribution by draving anum-
berof samplesover which optimizationis carriedout. Shmaqs
and Swamy [13] show that this approachworks for solving a
large classof two-staye stodastic optimizationproblemswith
recousse by solving a linear relaxationof the integer program
on the sampleandcorvertingthe resultingsolutioninto anin-
teger one. For suchproblems,only a polynomial numberof
samplesareneededo achieve an arbitrarydegreeof accuray
in the solutionof thelinearrelaxation.
STOCHASTIC-STEINER-TREE is anexampleof suchatwo-
stageproblemthat arisesin demandforecastingapplications.
The goal is to purchasea setof links to connecta setof de-
mandsto a centralhub with aslittle costaspossible.The rst
stageonly knows of possibledemandscenarioswhile actual
demands givenin the second.We canshawv thata simpli ed
topk problemis a specialcaseof this problem.Detailson how
to reducethe generaltopk problemto a two-stagestochastic
optimizationproblemareomittedheredueto lack of spaceput
areavailablein thefull versionof this paper15].

4 Linear Programming Formulations

In this sectionwe describehow to optimizeapproximateopk
queriesover sampleausinglinear programming.We presenta
seriesof PROSPECTOR algorithms,which uselinear programs
of increasingcompleity to obtain plans with better perfor
manceor additionalfeatures. PROSPECTORLP LF exploits
the topology of the sensometwork in optimization, but does
not considerplanswith local Itering. PROSPECTORLP+LF
is not only topology-avare, but also considerslocal Iter -
ing. PROSPECTORPROOF furtheraddsproofsto plans,andwe
shav how to extendit to a two-phaseexact topk algorithm,
PROSPECTOREXACT, which canoutperformnaive exactalgo-
rithmsdescribedn Section2.

The PROSPECTORS alsodemonstrateur ability to uselin-
earprogrammingo constrainqueryprocessingo a setenegy
limit. Thealgorithmsconstructplansto returnthe highestac-
curag giventhatlimit.

For thediscussiorbelow, we introducesomeadditionalno-
tations. Let andu;) denotethe setof ancestor®f nodeu; and
itself, and des€u;) denotesetof descendantsf u; anditself.
Let the costof sendinga messagevith x valuesalongedgee;
be ; + jx. Recallthattypical valuesfor ; and ; aregiven
in Section2 ( ; needso be scaledby the numberof bytesper
value). Thealgorithmsaregivena costlimit of C.

4.1 PROSPECTORLP LF

PROSPECTORLP LF, our rst formulation of PROSPECTOR
usinglinear programming,considersthe network topologyin
optimization.Unlike PROSPECTORGREEDY, thisalgorithmen-
couragelansto obtain promisingvaluesclusteredunderthe
samesubtree becausehesevaluescanbetransmittedogether
in onemessagédrom the subtreeto the root, without incurring
separatpermessageosts.On the otherhand,like PROSPEC-
TORGREEDY, this algorithm doesnot supportlocal ltering;
ary valuethatit choosego obtainwill travel all theway to the
root.

We useoneintegervariablex(u;) for eachnodeu;; avalue
of 1 meanghatthevalueatu; is choserby theplanandwill be
transmittedto the root, while a value of 0 meanshe plan will
ignorethisvalue.We alsouseanintegervariablea(e; ) for each
edgeg; to indicatewhethere; is ever usedfor communication
by the plan. Thelinear programis shavn below, followed by
explanation:

X X
(1) Minimize @ x(up)) S[s;i] ; subjectto:
2) b x(uj) a(g) 8ij s.t.FL)Jj 2 andu;);
3) pae) i o+ x(ui) uj 2 andu;) | C;
4) 0 x(uj);a(e) 1 8i

Line (1) capturesheoptimizationgoalof minimizingtheto-

tal numbeyof topk valuesmissedoy the planover all samples.
Theterm ¢ S[s;i] countsthe numberof timesthatu; 's value
isin thetopk.

Line (2) captureghe constraintthatif the planchooseghe
valueatu;, thenall edgesabore u; areusedfor communication
(to transmitthis value).

Line (3) upperboundsthe total costby the prescribecdbud-
get. The rst summatiorcalculateghetotal permessageosts
incurredon all edgesusedby the plan. The secondsumma-
tion calculateghetotal costof sendinghe choservaluesto the
root, ignoringary permessag®verhead.If u; is chosenthen
F_he planpaysthe pervaluecoston all edgesabore u;, totaling

uj2anduj) -

Line (4) capturesthe integrality constraintson variables
x(uj) anda(ej). Strictly speakingtheseconstraintsshouldbe
expressedasx(uj);a(e) 2 f0;1g. Sincemostsolverswork
on linear constraintswe replacetheseconstraintswith linear
oneson Line (4). Theresultingprogramcanthenbe ef ciently
solved by a linear solver suchasthe simplex method. The so-
lution producedby the solver may have someof the x(u;) and
a(e) variablessetto fractionalvalues,thoughit is unlikely in
practice.In theeventthata fractionalsolutionhappenswe can
constructfeasibleintegersolutionfromit by settingx(u;) = 1
if x(uj)  0:5in thefractionalsolution,andsettingx(u;j) = 0
otherwise;variablesa(e;) arehandledin the sameway. It can
be easilyshavn thattheresultingintegersolutionincreaseshe
objectie function value by at mosta factorof 2, and costsat
most2C. We omit the detailedproof here.In practicewe nd
that the linear relaxationperformsmuch betterthan what the
theoreticaboundguarantees.

Finally, notethatthe only placewherewe usethe Boolean
samplematrix S isin calculatingthetotal numberof 1'sin acol-
umn. Therefore jnsteadof storingthe entire S, we cansimply
maintaina vectorof columnsums(exceptin situationswhere

1We also note that PROSPECTORLP  LF with integrality constraints
might be solvableto anarbitrarily goodapproximatiorfactorby dynamic
programming.In particulay our NP-hardnesgproof for this problemre-
ducesrom the KNAPSACK problemfor which sucha guaranteés achiev-
able.However, theotheralgorithmsin this sectionmaynotbeamenabléo
dynamicprogrammingtherefore we usethe linear programmingframe-
work, whichis generallyapplicableto all our algorithms.



we wantto maintaina “window” of recentsamplesand expire
old onesfrom thewindow). Thesameoptimizationalsoapplies
to PROSPECTORGREEDY.

4.2 PROSPECTORLP+LF

In thisversionof PROSPECTOR, we considerapproximatelans
with local Itering. We usetwo integer variablesfor every

edgein the network: b(ej) denoteshe “bandwidth” assigned
by the planto edgeg;, representinghe maximumnumberof

valuesthat canbe transmittedalongthatedge;a(e;) indicates
whetherg; is everusedfor communicatiorby theplan,justasin

PROSPECTORLP LF. The assignmenof bandwidthto edges
completelyspeci es an approximatetopk query plan, asde-

scribedin Section2.

P Local ltering will take place when b(g) <

u; 2 chidrer(u; ) (€ ), becausein this case u; receves
more valuesthan it sendsup. For example, in Figure 1,
PrRosPECTORL P+ LF may allocatea bandwidthof 3 to the
edgeout of nodeu, eventhoughthis nodeis going to receve
9 valuesfrom its children. As motivatedin Sectionl, local
Itering can greatly improve the performanceof a plan by
allowing it to examinemore valuesand make more informed
decisionsatruntimeon whichvaluesto passon. The challenge
to query optimization is how to determinethe appropriate
amountof Itering, i.e., whatamountof bandwidthto assign
to each edge. We will now addressthis challengewith
PROSPECTORL P+ LF.

To capturelocal ltering in alinearprogramwe needsome
moreintegervariables.For the s-th sampleJet onegs) denote
the setof nodesthat provide the top k valuesfor this sample.
In otherwords,u; 2 onegs) if andonly if S[s;i] = 1. Weuse
anintegervariablexs(u;) for eachsuchentry. Settingxs(u;)
to 1 meansthe plan returnsthe valueat u; whenexecutedon
the s-th sample;otherwise settingxs(uj) to 0 meanshe plan
misseghevalueatu; (whichshouldhave beerreturnedyor the
s-th sample. The linear programis shavn below, followed by
explanation:

(5) Minimize @

S u; 2 onegs)

xs(Uj)); subjectto:

(6) i a(e) i+be)i C;
(7) xs(ui) a(g)
. 8s;i; ] s.t.uj 2 onegs)\ des¢u;);
® ui 2 onegs)\ des¢u; )Xs(Ui)  (g)  8s;j;
9) 0 a(g);xs(uj) 1 8s;i:

Line (5) speci es the optimizationobjective: to minimize
thetotal numberof missesver all samples.

Line (6) constraintghetotal costof the plan.

Line (7) encodesthe constrainton when an edge needs
to be used for communication, analogousto Line (2) of
PROSPECTORLP LF. Here, the constraintis slightly more
complicated.Intuitively, if the planreturnsthe value of u; for
thes-th sample(i.e., xs(u;) = 1), thenthe planmustuseeach
edgeg; aboveu; for communicatior(i.e.,a(gj) = 1).

Line (8) encodedhe bandwidthconstraint,which captures
the factthat the bandwidthallocatedto an edgee; necessarily
limits the numberof top k valuesthatcanbereturnedfrom the
subtreerootedat u; , sinceall suchvaluesmustgo throughe; .

Line (9) capturesthe integrality constraintson variables
a(e) andxs(uj) with linear relaxation,analogoudo Line (4)
in PROSPECTORLP LF.

The biggestdifferencebetweenPRosPECTORL P+ LF and
PROSPECTORLP LF is that the former usesone variable
xs(u;) for each®@®entry in the Booleansamplematrix S,
while the latter usesonevariablex(u;) for eachcolumnof S.
Theadditionalvariablesallow PROSPECTORL P+ L Fto capture
plansthatmake ner-graineddecisionsusinglocal Itering. In
contrasthaving only onevariablex(u;) for eachnodeu; im-
pliesthatthe plan mustreturnu;'s valueeitherfor all samples
or not at all; in otherwords, the plan cannotmale a run-time
decisionon whetherto passon u;'s valuebasedn local Iter -
ing.

4.3 PROSPECTORPROOF

The previous approximatealgorithmsare unableto guarantee
the accurag of their resultsunlesswe assumethat the model
or pastsamplesindeedre ect the currentbehaior of sensor
values.As motivatedin Sectionl, if astrongemguaranteés de-
sired,we canaugmentn approximateop-k queryplanwith a
“proof” constructedn a bottom-upfashionby passingup addi-
tional non-topk valuesnecessarjor proving thecorrectnessf
topk valuesreturned. We now presentPROSPECTORPROOF,
an algorithm capableof generatingsuchplans. We begin by
describinga proof-carryingtopk queryplanin moredetail.

As in aregulartopk queryplan, eachedgein the network
is allocatedabandwidthb(e;) specifyingthe maximumnumber
of valuesthat nodeu; canpassup. Additionally, in a proof-
carryingplan,u; will ensurghatamongtheb(e;) valuesthatit
returns,a subsebf sizel indeedconsistsof thetop| valuesin
the subtreerootedat u;. We saythatthesel valuesare proven
by u; . Duringtheexecutionof a proof-carryingplan,eachnode
uj proceedsn thefollowing sequencef steps:

1. Receivevaluesfrom child subtees. From eachchild y;
of uj, uj recevesh(g; ) values,amongwhich the top k;
valuesareprovenby u; .

2. Sort.Nodeu; sortsall valuesrecevedfromits childrenas
well asits own value,anddetermineghetop b(ej) values
to bepassedip.

3. Provevalues.Considereachvaluey amongthetop b(ej)
valuesto bepassedip fromu;. Thisvalueis provenby u;
if andonly if for everychild u; of u;, oneof thefollowing
threeconditionsholds:

(c.1) y comesfromu; andis provenby u; .

(c.2) Thereis avaluey® provenby uj, andy®< y.

(c.3) b(ej) = jdesgu;)j, i.e.,u; passesip all valuesat or

below it in thenetwork.
Fromtheabove, it is notdif cult to seethatif y is proven,

thenall valuesgreateithany in thetopb(e;) areprovenas
well.



4. Returnto parent. Thetop b(ej) valuesare passedip to
parenfu;). The numberof valuesproven by u; is also
passedip if this numberis lessthanb(g;); otherwiseall
b(e) valuesareassumedo be proven. This optimization
savesthe costof transmittingthis numberfrom smallsub-
treesthat will likely prove all valuesthey passup, and
completelyeliminatesthe needfor leaf nodesto transmit
suchnumbers.

At the endof the execution,the root nodereturnsa setof val-
uesastheanswerandadditionallyprovesthatthetop k®among
themareindeedthetop k®valuesin theentirenetwork. Therest
of thevaluesreturnedby the root may or maynotbein theac-
tualtopk, but they maystill beusefulto theuser Furthermore,
they canhelpusconstruciamoreef cient “mop-up” planto re-
trieve the missingactualtop k values,aswe shaw laterin this
section.

Thefollowing lemmais immediatefrom the descriptiorof a
proof-carryingplan:

Lemmal The setof | valuesproven by a nodein a proof-
carrying topk query plan are indeedthe top | valuesin the
subteerootedat this node

We now describenow to formulatea linearprogramto opti-
mize the bandwidthallocationfor a proof-carryingqueryplan,
sothatin expectationthelargestnumberof topk valuescanbe
provenby theroot. As before,we have the Booleansamplema-
trix S. In addition,however, we needto keepthe actualvalues
in samplesAgain, onegs) denoteshesetof nodeswith thetop
k valuesin thes-th sample We alsodenoteby smalleg(u; ; u; )
the setof nodesin the subtreerootedat u; whosevaluesare
smallerthanthevalueatu; in thes-th sample.

As in PROSPECTORL P+ LF, we usea variableb(e;) for ev-
ery edgee; in the network. However, we do not needa vari-
ablea(g) indicatingwhetheran edgeis usedby the plan. The
reasonis that a proof-carryingplan mustuseall edgesin the
network, or elsewe cannotevenprove thetop 1 valuesinceary
nodenotvisitedby theplanmayactuallyhave thelargestvalue.
We usean integer variablexs(u;; u; ), whereu; 2 desé¢u;),
which indicateswhetherthe valueof u; is provenby u; when
the planrunson the s-th sample. Let r denotethe root node,
and sibling(u; ; uj ), whereu; 2 desé€u; ), denotethe set of
u; 's childrenwho arenot u;'s ancestors.The linear program
is shavn below:

X
(10) Maximize
S uj2onegs)
(11) b i ithe)i G
(12) ui2des¢uj)x5(ui;uj) b(ej)
(13) Xs(uj; parentuj))  xs(ui;uj)
8s;i;j s.t.uj 2 des€u;) ™ uj 6 r;

xs(uj;r); subjectto:

8s;j;

(14) Xs(Ui; uj) v25malleg(ui;uk)XS(V;Uk)
8s;i; J; k s.t.uj 2 des€u;j) " uy 2 sibling(u;; uj)
" smalleg(uj;uy) 6 ?;

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

Line (10) speci estheoptimizationobjective of maximizing
theexpectechumberof topk valuesprovenby theroot, overall
samples.

Line (11) constrainsthe total amountof enegy spentby
the plan. The costof sendingthe numberof proven valuesis
small and can be incorporatedby conseratively reservinga

x ed amountof enegy for eachnon-leafedge. We omit the
detailshere.

Line (12) encodeghe bandwidthconstraint,analogousto
Line (8) of PROSPECTORL P+ LF.

Line (13) encodeghe constraintthat for ary value to be
proven by a node,that value mustbe proven by all nodesbe-
tweenthis nodeandthe nodewho ownsthevalue.

Line (14) encodeshe proof constraint.Namely for a value
y (fromu;) to beprovenby anodeu; , every child uy of u; (ex-
ceptthe child from which y comes)mustprove somesmaller
value.Theonly exceptionto this constrainis whenthechild uy
actuallyreturnsall valuesin the subtreerootedat u, (in which
caseall thesevaluesareprovenby uy ), andnoneof thesevalues
is smallerthany. This exceptionis capturedby the condition
smalleg(u;; ux) 6 ?,which preventsthe constrainto begen-
eratedn thiscase.

Line (15) capturesgthe integrality constraintson xs(u;; u; )
variableswith linear relaxation (as previously discussedor
Line (4) of PROSPECTORLP LF).

Comparedwith PROSPECTORL P+ LF, where the number
of xs(uj) variablesusedis on the order of the productof the
numberof samplesand the size of the network, PROSPEC-
TORPROOF usesone variablexs(u;;u;j) for eachsampleand
descendant-ancestoodepair, therebyincreasingthe number
of variablesin the linear programby anotherfactor equalto
the height of the network. Neverthelessthe overall size of
thelinearprogramremaingpolynomially boundedby the prob-
lemsize. In our experimentswe have never run into situations
whereourlinearsolvertakestoomuchtime onrealisticproblem
sizes.

From PROSPECTORPROOF to PROSPECTOREXACT
PROSPECTORPROOF alsosenesasthe rst phasein the two-
phasealgorithm, PROSPECTOREXACT, which always returns
the exacttopk solution. The detailsof PROSPECTOREXACT
are availablein the full versionof this paper[15]. The basic
strat@y notes that PROSPECTORPROOF provides a lower
boundon the k-th value and proofsthat canbe usedto gauge
the potential additional contritutions from subtreesin the
network. This feedbackguidesa second'mop-up” phasethat
retrievesmissing(or unproven) topk values. The hopeis that
the rst phasewill produceareasonabl@nsweysothe second
phasewill be cheapor even unnecessary In Section5, we
shav that PROSPECTOREXACT performsconsiderablybetter
thanNAIVE-k in experiments.

4.4 Other Features

Coping with Failures For simplicity, we have describedhe
PROSPECTORS assuminga static network topology whereall
nodesand edgesare always available. We now presenttech-
niguesfor 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 an extendedperiodof time, T ad-
juststo excludethe node. The planis thenre-optimizedbased
onthenew topology

Ontheotherhandwe expecttransienfailuresto happerfre-
quently Recomputinga new topologyevery time is expensve
andineffective, sincethelatesttopologywill alwayslagbehind
thelatestfailures.Insteadwe canincorporatefailuresinto opti-
mization.Recallthatwe useareliablecommunicatiorprotocol;
in theeventthata messagés notdelivered,we attemptto route
it aroundthefailureto theintendeddestinatioror its parent(re-
quiring someadditionalstatebe maintainedat the nodes).We
collectstatisticoonthefrequeng with which eachedgefails, as
well asthecostof re-routingaroundsuchedges.To incorporate
this information into our optimizationframework, we simply
increasehe costof eachedgeby the productof its failureprob-
ability andthe extra costincurredby re-routing.

An alternatve is to develop query plansthat directly cope
with transienffailuresduring executionwithout usingareliable
communicationprotocol. This approachhasthe potential of
deliveringbetterperformanceandis aninterestingproblemfor
futureresearch.

Modeling Other Costs We have focusedonradiotransmission
costsbecauseghesedominateenegy consumption. We have

ignorednon-radiocosts suchassensoreadingacquisitionand

computation. It is straightforvard to integratethem into our

optimizationframework. For example,we canaddacquisition
to the PROSPECTORS by addingits costto the overall enegy

constraintand enforcingthatin orderfor the root to acquirea

node the nodemustacquirea measurement.

Plan Dissemination To simplify presentationye haveignored
the costsof installing a query plan in the initial distribution
phaseand triggering its executionin subsequentistribution
phases.Suchcostscanbe incorporatedn the linear program-
ming framework. Furthermorepur experimentakesultsdo ac-
countfor thesecosts.

Plan Re-calculation It is prohibitively expensve to dissemi-
nateanew planeverytime conditionschange We can,however,
oftenre-calculatethe optimal plan at the basestation. Only if
this plan performsconsiderablybetterthanthe currentone,do
we disseminatét.

Re-sampling We needto samplethe entire network peri-
odically to gatherinput neededfor optimization. When to
re-sampledependson how con dent we are in the accuray
of the currentmodel for predictingtop k. This con dence
canbe measuredy periodicallyrunning PROSPECTORPROOF
or PROSPECTOREXACT (instead of PROSPECTORS without
proofs),which cantell ustheaccurag of ourapproximatesolu-
tions. If theaccurag is notacceptablethe rateof re-sampling
isincreased.

5 Experimental Evaluation

We evaluateour algorithmsusing our own simulatorof a net-
work of Crossbav MICA2 motes[2]. Our simulatorusesa

genericMAC-layer protocol. We modelonly communication
costs,asdiscussedn Section2. Thecostof querieshatwe re-
portincludeboththe costof triggeringqueryexecution(assum-
ing thatthe plan hasalreadybeenstoredin the network in the
initial distribution phase)ndthe costof the collectionphase.

To createa sensometwork, we startwith a givenrectangu-
lar spaceanda root node,placea numberof nodesrandomly
within the space,andthen, while adheringto mote radio dis-
tancelimits, build a spanningree over themwhereeachnode
is asfew hopsfrom therootaspossible.

Approximate PROSPECTORS We performa comparisorof a
numberof algorithms plotting enegy costin mJagainstaccu-
racgy of thequeryplan. Accurag is measuredsthe percentage
of actualtopk valuesreturnedby the query Sensowaluesin
this syntheticdataexperimentaredravn from independentor-
mal distributions whosemeansand variancesare chosenran-
domly from small ranges. The resultsare shavn in Figure 3.
ORACLE is a hon-plausiblealgorithmthat knows the exactlo-
cationof thetop k valuesbeforehandits costsenesabaseline
for comparisonof the approximatealgorithms. For approxi-
matetopk algorithmswe setk = 40 andvary the enegy bud-
get. For exactalgorithms(ORACLE, NAIVE-k, andNAIVE-1),
we vary accuray by changingk (e.g.,k = 36 correspondso
90% accurag), andthenmeasuringhe costof the plan. The
relative orderof algorithmsis aspredicted.NAIVE-k performs
muchworsethanthe others,supportingthe casefor approxi-
mateover exactsolutions.We do not plot NAIVE-1 in this g-
ure; its costatk = 4 alreadymatcheghe costof NAIVE-k at
k = 40, andgrows linearly moreexpensve with increasingk.
Thethreeapproximatelgorithmsin increasingorderof perfor
manceare PROSPECTORGREEDY, PROSPECTORLP LF, and
PrROSPECTORL P+ LF. This ranking incrementallyshavs the
bene ts of topology-avarenesandlocal Itering. We explore
thesefeaturedurtherin laterexperiments.

Variance We next explore the effect of varianceon the
distribution of sensorvalues for PROSPECTORLP LF and
PROSPECTORL P+ LF. The meansare again chosenwithin a
smallrange,while variancemovesfrom low to high. Variance
controlsthe predictability of the topk. Whenvarianceis low,
nodescanalmostbe ranked by their means.Whenvarianceis
high, nodeshave almostequalprobability of rankingin thetop
k. Theenegy limit is x edatasufciently high level over all
trialsto allow PROSPECTORL P+ L F to achieve nearperfectac-
curay whenvarianceis negligible. The resultsare shavn in
Figure4. Whenvarianceis low, the algorithmsperform sim-
ilarly sincethey essentiallyknow wherethe top k valuesare,
and canvisit just thosenodes. As varianceincreasesperfor
mancedegradedor bothalgorithms but PROSPECTORLP LF
degradedaster Thereasons thatit muststill choosea limited
numberof valuesto acquire.In contrastPROSPECTORL P+ LF
reactsto theincreasinguncertaintyby visiting morenodesand
usinglocal Itering to passonthe mostpromisingones.While
it paysfor visiting more nodesby not being able to sendas
mary valuesall the way to root, the valuesit doessendup
are much more likely to be in the top k than thosesentby
PROSPECTORLP LF. Finally, both algorithmslevel out once
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variancerisesto the point thatthe meanvaluesarediluted and
all nodeshave roughly equalprobability of makingthetopk.

Local Filtering To betterunderstandhe impactof negative
correlationon queryplanning,asintroducedn our ornithology
examplefrom Sectionl, we presenta scenariowherethe net-
work containssix “contentionzones”spacedvenly aroundits
perimetemwith the queryrootin the center asdepictedin Fig-
ure 6. Eachcontentionzonecontainsk nodes. Nodesoutside
the zoneshave x ed means, , andlow variances.Nodesin-
sidethe zoneshave lower meansthan , but highervariances
suchthateachof thesehasanidentical1=6 chanceof exceed-
ing . This meansthe total expectednumberof zonenodes
abore is k. Eachzoneis expectedto provide k=6 of the
top k values. We againmeasuresnegy costagainstaccurag,
asshawvn in Figure5. PROSPECTORL P+ LF greatly outper
forms PROSPECTORLP LF. PROSPECTORLP LF makesthe
mistake of acquiringall valuesfrom a single zonebeforevis-
iting another Remembethatall zonenodeshave equalprob-
ability of makingthe top k, andappearto be of equalbene t
in sampling. If PROSPECTORLP LF paysthe initial costof
traversingthe network to reacha particularzone, it is cheaper
to continueaccessingts nodesthanthosein anotherzone. For
thesameamounif enegy, PROSPECTORL P+ L F canvisit sev-
eralzonesandall nodeswithin them,but locally Iter outonly
the highestk=6 valuesfrom each.PROSPECTORL P+ LF gains
adwantageasallocatedenegy increasesThis intuitively makes
senseeachadditionalvaluePROSPECTORLP L Facquirehas
only a 1=6 chanceof makingthetop k. PROSPECTORLP+ LF
allocatesadditionalenegy moreintelligently usinglocal Iter -
ing for greatetbene t.

We continuethis experimentby startingwith theabove sce-
nario andvarying the numberof zones,andadjustthe fraction
of nodeswithin eachthataregreaterthan accordingly For
example whenthereare4 zonesgeachstill hask nodesbut the
probabilityof a nodebeinggreatetthan risesto k=4. Theen-
ergy limit is setto a level shawvn to createa large performance
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gapbetweenPROSPECTORLP LFandPROSPECTORL P+ LF,
asdeterminedn the previous experiment. The resultis shavn
in Figure7. As the numberof zonesincreasesthe penaltythat
PrROSPECTORLP LF sufers for acquiringan entire zonein-
creasessincea lower percentagef thetop k valuesarein ary
zone. Both algorithmsdegradein performanceébecauseasthe
numberof zonesincreaseseachonemustvisit morezonesand
payahighercostto acquirethe samenumberof top k values.

Intel Lab Data We evaluateour algorithmson a datasebuilt
from the Intel Berkeley Research ab [7], consistingof envi-
ronmentareadingsoveraseriesof time epoch<ollectedby 54
motesspreadaroundtheir lab, from which we have extracted
temperatureeadings.In addition,becauseve areinterestedn
network topology andthelab areais notlarge enoughto force
much hierarchyon the spanningtree, we shortenradio range
to 6 metersthe minimumthatstill allowsfor a fully connected
tree.Lastly, thedatasetis missingvaluesin variousepochs We
have lled in a missingvalueat a given nodeand epochwith
the averageof the nodevaluesreadat the prior andsubsequent
epochs.

We testapproximatioralgorithmsusingthe rst 100epochs
as samplesand run querieson the following datawith k =
15. We plot enegy cost versusaccuray for the approxi-
mate PROSPECTORs. The resultsfor PROSPECTORLP LF
and PROSPECTORL P+ LF are nearly identical. Therefore,
in Figure 9, we only shaw resultsfor PROSPECTORGREEDY
and PROSPECTORLP LF. This result shavs topology con-
siderationshave animpacton performancebut local Itering
doesnot. PROSPECTORGREEDY doesnot performaswell as
PrRosPeCTORL P L Funtil they reachenegy 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,
PrRosPECTORLP LFis clearly sufcient to build anef cient
queryplan. As would beexpectedwith thisdataset,approxima-
tion methodsgreatlyoutperformNAIvE-k. Althoughnot plot-
ted here,to acquirethe top 9 values(60%), NAIVE-k requires
over 800 mJ,morethanthreetimeswhattheapproximatesieed
for nearl00% accurag.

PrRosPECTORPROOF We next evaluatethe effectivenessof
PROSPECTOREXACT by comparingit to the exact algorithms,
NAIVE-k and ORACLEPROOF. ORACLEPROOF, similarto Or-
acle,knows the locationsof thetop k values,but still accesses



all nodesto provide a proof for the solution. It senesasa

baselinefor exact algorithms. A new baselineis needechere
becauseexact algorithmsmust visit all nodes,and therefore
cannotcompetewith the enegy savings of the approximate
ones. Sowhile we proposePROSPECTOREXACT asa very ef-

cient algorithmfor gettinganexactsolution,we acknavledge
thatdueto unavoidablehigh overheadcost,the savings versus
NAIVE-k areof amuchsmallermagnitudehanthoseachieved

by the approximatdPROSPECTORS.

Results for this experiment are shavn in Figure 8.
PROSPECTOREXACT is a two-phasealgorithm, and we plot
the breakdevn of costsin two phases. NAIVE-k and ORA-
CLEPROOF aresingle-phasalgorithms sotheir costsare x ed
in this settingand plotted as horizontallines. Recallthe goal
of PROSPECTOREXACT is to plan the rst phaseso that the
secondoneis unneededr requiresvery little enegy. When
the rst phases allocatedsmalleramountsof enegy, the sec-
ondphaseis necessanandexpensve, resultingin poorperfor
mance Whenenengy is higherin the rst phasethe costof the
secondphaseis low, but the rst phaseacquiresmore values
thanneeded.The optimal point falls in the middle. Accepting
thelimited potentialsavingswe canachieve,we do nd thatthe
optimalpointrealizegoughly70% of thepossibldmprovement
betweenNAIVE-k andORACLEPROOF.

Other Results We have omittedthefull detailsof our investi-
gationon the performancempactof samplingsize.Undercon-
ditions similar to thosefor Figure3, we nd that,asexpected,
usingjust a single sampleresultsin very poor accurag. With
only a smallincreaseto 4-5 samplesaccurag increasesira-
matically andthenessentiallylevels out, only increasingvery
slightly up to 25-30 samples. Experimentson the Intel Lab
datashav a similar trend, with bene t of additionalsampling
leveling outarounds samples.

We alsomentionherethatcostof installingthequeryplanin
theinitial distribution phasewhich requiresunicastingnstruc-
tionsto eachnodeinvolvedin theplan,is ontheorderof thecost
of onecollectionphase.Following our assumptioron install-
once run-mary-timesusagethis costis reducedn signi cance
whenamortizedover mary subsequentunsof the samequery

While time spentsolving linear programshad no impact
on our cost measurementst is worth mentioningthesere-
sults. We ran our experimentsusing ILOG CPLEX 8.1 0n a
650MHz desktopcomputer Runningtime was very depen-
denton the enegy constraint,andwas signi cantly slower at
levels where there were mary plansof similar value. In the
worst casesgiven a programwith 200 nodesand50 samples,
PROSPECTORL P+ LF nished in 30 secondsand PROSPEC-
TOREXACT nished in 120 secondslIn bettercasestheseoften
took justafew seconds.

6 RelatedWork

A substantiahmountof work hasbeendoneon queryingsensor
networks. The generalquestionof whattype of queriesshould
be done on networks, suchas event-basedr periodic, is ex-
ploredin [11] and[16]. Many papersfocuson saszing enegy
andextendingthelife of the network. Onemain strateyy is to

do at leastsomequerywork in-network, assuggestedby [12]
and[16]. In-network aggreyationreducesoverall enegy con-
sumptionby performingcomputationwithin the network and
reducingthe sizeof transmissionpropagatedipward.

A secondmain strateyy for conservingenegy is usingap-
proximation. The ideaof usingmodelsto encodethe relation-
shipsbetweensensonaluesat differentmotes,aswell asbe-
tweendifferenttypesof sensorsjs introducedin [4]. Tech-
niquesfor usingsuchmodelsarefurtherexploredin [3]. These
models,however, aremainly directedat selection-typejueries.
Severalapproachefor extendingthe usefullifetime of the net-
work are basedon deploying a redundantamountof motes,
where a subsetof them can representthe whole collection.
The“connected-coverage”problem presentedh [18], nds a
minimal setof nodesthatarefully connectedndcanstandfor
the entiresetof nodes given approximationimitations. Snap-
shot queriestake a similar approachby choosinga subsetof
nodesto standif for their neighborg8]. The resolutionof the
query can be adjustedby involving more nodes. The set of
nodesthat is usedin queryingcan be adjusteddependingon
which nodeshave the highestremainingenegy resources.

Otherpapersalsoinvestigatespeci ¢ stratgiesfor solving
more complicatedqueriesthanselection.[14] proposesneth-
odsfor computingapproximation®f quantileaggreyatessuch
asmedianandmode. They presenta structure g-digestwhich
nodesuseto summarizethe datathey receive into a x edsize
messagewith approximationbounds. [6] suggestdinear re-
gressiorasameango developamodelcoveringmeasurements
atall nodes.Whena queryis performed the network doesnot
transmitlargenumbersof valuesto corvey measurementsom
all nodes pbut insteadtransmitssmall numbersvaluesthatcon-
strainthe parametersf the model,therebyproviding informa-
tion thatcanbe usedto derive the measurements.

Thereis considerablevork on othertopk variations. Bab-
cock and Olston discussthe problemof monitoring the top-k
dataobjectswithin a distributed system[1]. In their setting,
an object's scoreis the sumof its local scoregonefrom each
node). Our problemranksthe valuesfrom eachnode. Addi-
tionally, theirsis a continuousquery while oursis periodic. A
closerparallelto their work for sensomnetworksis [17]. Scores
for the sameobject can accumulateat different sources,and
they leveragethat an object might easily rankin the top k in
one part of the network to prop up its rankingin other parts.
This techniguecan be usedto maintainan overall topk with
somecon dence,and avoid recomputingit as often aswould
otherwisebe necessary

7 Conclusions

We have presentedsampling-basedueryplanningasa means
to leveragetheadvantage®f modelingnetwork behavior, while
avoiding the sometimegrohibitive costsof dealingexplicitly
with models.Samplingmaintenancés alsoquite simple.Sam-
pling andlinear programmingcomplementachotherwell to
form an optimizationframework. This framework lets us con-
strainqueryplansto auserde ned enegy budget.We applythe
framework to thetop+k queryproblemandcreateheProspector
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Figure 7. Varying # of zones.

seriesof algorithms,which integratetopology-avarenessand
local Itering into planning,and provide approximationsolu-
tions, aswell asa “proof” versionthat canbe extendedto an
exactsolution.Ourevaluationshavs theimpactof variouscon-
ditions on our algorithms. Among the pointswe make arethat
we canrealizelarge enegy savings with approximateover ex-
actsolutionswhile achieving high accurag levels,andthatlo-
cal Itering is amoreadwantageougeaturethe morea network
containsareaf contentiorin which subset®f nodeshavetop-
k values. Thesecon rm that the sampling-basedramework
doesachiere the enegy-sasing bene ts of the modeling-based
approachwhile affording advantagesn easeof calculation.

The basictechniquesand framework in this paperprovide
aninnovative way of interactingwith sensonetworks. We have
alsopresente numberof extensiongor copingwith someof
therealisticissueghatarisewith sensorssuchasfrequentfail-
ure. We foresedwo interestinginesof researchor makingour
techniquesnore adaptableo real-world conditions. The rst
is to modelfailure andothercomplicationsandintegratethem
into optimization. The secondis to build more e xible plans
thatleverageactualnetwork conditionsoncethey areobsened
duringqueryexecution.
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