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Abstract

Wirelesssensornetworksarebeingwidely deployedfor pro-
vidingphysicalmeasurementsto diverseapplications.Energy
is a preciousresourcein suchnetworksasnodesin wireless
sensorplatformsaretypically poweredby batterieswith lim-
ited power and high replacementcost. This paperpresents
dSENSE:a data-drivenapproach for energy managementin
sensorplatforms. dSENSEis a node-level power manage-
mentapproachthatutilizesknowledgeof theunderlyingdata
streamsas well as applicationdataquality requirementsto
conserve energy ona sensornode. dSENSEemploys sense-
on-change—a samplingstrategy that aggressively conserves
power by reducingsensingactivity on the sensornode. Un-
like mostexisting energy managementtechniques,this strat-
egy enablesexplicit controlof thesensoralongwith theCPU
andthe radio. Our approachusesanefficient statisticaldata
streammodelto predictfuturesensorreadings.Thesepredic-
tions are coupledwith a stochasticschedulingalgorithm to
dynamicallycontrol the operatingmodesof the sensornode
components.Usingexperimentalresultsobtainedon Power-
TOSSIM with a real-world datatrace,we demonstratethat
our approachreducesenergy consumptionby 29-36%while
providing strongstatisticalguaranteesondataquality.

1 Intr oduction

Wirelesssensornetworksarebeingwidely deployedfor pro-
viding physical measurementsto diverseapplications[11]
such as structuremonitoring [6], habitat monitoring [26],
vehicle tracking [22], and building monitoring and con-
trol [17, 10]. Most wirelesssensorplatformsare powered
by batteriesthathave limited life, andaresubjectto high re-
placementcost.Energy is thusa preciousresourceon sensor
nodes,andits conservation is oneof the main challengesin
thesewirelesssensornetwork applications.

1.1 Sensor Energy Management

Recentadvancesin sensorplatform hardware designhave
madesensornodesmore energy-aware. Many sensorplat-
formsnow allow theirmaincomponents,suchastheCPU,the

radioandthesensors,to have multiple operatingmodeswith
significantlydifferentpower levels. For example,the mica2
sensorplatform[29] allowstheCPUto beputinto sleepmode

whereit consumesonly about 1

80

th
of thepowerconsumedin

active mode; the radio componenton Telos consumesonly
0.1%of its full power transmissionenergy [33, 28] whenin
idle mode.Similarly, thetemperature/humiditysensoron the
Telosplatform [33, 34] draws only 1 µA of currentin sleep
mode,comparedto 550 µA in active samplingmode. With
thesupportof suchenergy-awarehardwaredesign,it is now
feasibleto efficiently manageenergy consumptionon a sen-
sor nodeby appropriatelyswitching the operatingmodeof
eachcomponent.

Most existing researchefforts in sensorenergy manage-
menthave focusedon optimizing thepower consumptionof
theradioandtheCPU[11, 3]. Theseeffortshavebeendriven
largely by the conventionalwisdom that thesecomponents
consumemost of the power on a sensornode[11]. At the
sametime,energy conservationon thesensorcomponenthas
receivedlittle attention.In reality, thepower consumptionof
sensorscritically dependson their modality [11]. For exam-
ple,ahigh-powermodalitysensor, suchastheheadingsensor
offered by xBow [37], can consumea power of about375
mW, which is muchhigherthanthe60mW consumedby the
mica2 radio transmittingat full power. Further, even low-
power modalitysensors,if not well-managed,couldaccount
for a significantpercentageof the total energy consumption
afteraggressive CPUandradioenergy management.Our ex-
periments,presentedin Section5, reveal that theSHT series
temperature/humiditysensorintegratedontheTelosplatform,
thatusesonly 1.65mW of power while sampling,couldcon-
sumeupto38%of thetotalenergy consumption.Thus,effec-
tive modulationof the sensoroperatingmodesis crucial for
betterenergy conservation.Moreover, reducedsensingactiv-
ity enablestheCPUandtheradioto spendmoretimein sleep
mode,thusresultingin evenhigherenergy savings for these
components.Therefore,webelievethatsensorpowercontrol
is notonlydesirable, but essentialfor sensorplatformenergy
management.
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1.2 Data Proper ties and Requirements

One major limitation of existing energy managementap-
proachesis thatmostof themdonotconsiderthepropertiesof
thesensordataor applicationrequirements.Sensorsmeasure
physicalphenomenaandproducedatastreams—sequencesof
datavaluesobserved over a period of time. Most physical
phenomenaaregovernedby physicallaws, thatresultin high
temporalcorrelationswithin thesedatastreams.For instance,
thetemperaturevariationin aroomis governedby heattrans-
fer laws, which limit the amountof variationthat canoccur
betweentwo successive sensorreadingsof theroomtemper-
ature.Suchtemporalcorrelationscanbeexploitedfor energy
managementby takingsensormeasurementsonly whenlarge
variationsareexpectedin theunderlyingdatavalues.

The desiredresolution of sensingis highly dependent
on application requirements. Different applicationshave
different data quality requirementsfrom the sensordata
streams[32]. For instance,a Heating,VentilationandAir-
conditioningControl(HVAC) applicationmight requirefine-
grainedtemperaturereadingsof abuilding within anaccuracy
of 1oC. On theotherhand,a fire monitoringapplicationmay
only be interestedin determiningwhetherthe temperatureis
greaterthanapre-definedthreshold,andcouldafford to have
coarse-grainedaccuracy in its temperaturereadings.

In addition, dataquality requirementsmay changeeven
for the sameapplicationover different time periodsandfor
differentvalueranges[32]. For example,theHVAC applica-
tion mayrequiremoreprecisereadingsduringdaytimewhen
officesareoccupied,while only coarsemeasurementsmight
be sufficient at night whenofficesareempty. Similarly, the
fire monitoring applicationmight requirehigher dataqual-
ity when readingsare close to the thresholdcomparedto
whenthey arefaraway. Supportfor multipledataresolutions
on sensornodesalsoprovidesapplicationswith an effective
meansto achievegracefulperformancedegradation[9] when
thenetwork is congestedor thesensornodesareconstrained.
In caseof suchconstraints,the applicationcan slow down
the datasensingandtransmissionratesby reducingits data
fidelity requirement. Thus, sensornode-level awarenessof
applicationrequirementsis essentialfor moreefficient usage
of thesensorresources.

The tradeoff betweenenergy usageanddatafidelity calls
for a novel approachto energy managementfor sensorplat-
forms. In this paper, we presentdSENSE:a data-drivenap-
proach for energy managementthat utilizes knowledge of
the underlyingdatastreamsto conserve energy on a sensor
node,while satisfying the applicationdataquality require-
ments.dSENSEis anode-level powermanagementapproach
thatemploys sense-on-change—a samplingstrategy thatag-
gressively conserves power by reducingsensingactivity on
the sensornode. Our approachusesan efficient statistical
modelof the underlyingphysical phenomenato predict fu-
ture sensorreadings. Thesepredictionsare coupledwith a
stochasticschedulingalgorithm to dynamically control the

operatingmodesof the sensornodecomponents.Using ex-
perimentalresultsobtainedon an enhancedversionof Pow-
erTOSSIM [29], we demonstratethat our approachreduces
energy consumptionby 29-36% while providing statistical
guaranteesondataquality.

1.3 Research Contrib utions

Thispapermakesthefollowing researchcontributions:

• Data-drivensensorcontrol: Most existing approaches
focuson minimizing datacommunicationto reducethe
energy consumptionof the radioandtheCPU.Our ap-
proachis novel in that it providesenergy-efficient con-
trol of thesensingoperationsby incorporatingbothob-
servationdatacharacteristicsaswell asapplicationdata
quality requirements.

• Efficient data streammodeling: We presenta compact
statisticalrepresentationfor theunderlyingdatastreams
thatcanbeusedto efficiently predictfuturesensorread-
ings. Comparedto many existing datamodels,our sta-
tistical modelsare ideal for sensorplatformsthat have
severestorageandcomputationalconstraints.

• Stochastic SensorScheduling: We proposea novel
stochasticschedulingalgorithm that combinesproba-
bilistic data streampredictionswith application data
quality requirementsto producea samplingschedule
for eachsensornode. Our schedulingalgorithm pro-
vides statisticalguaranteeson the application-specific
dataqualitywhile substantiallyreducingtheenergy con-
sumptionof thesensorplatform.

The restof this paperis organizedasfollows. Section2
describesthe sensorandapplicationdatamodels,andintro-
ducestheterminologyto beusedin subsequentsections.The
statisticaldatastreammodel is presentedin Section3, fol-
lowedby adescriptionof thestochasticschedulingalgorithm
in Section4. Section5 presentsexperimentalresultsobtained
onthePowerTOSSIMsimulatorusingareal-world datatrace.
Relatedwork is discussedin Section6, andSection7 con-
cludeswith asummaryandfuturework discussion.

2 System Model and Terminology

2.1 Sensor Platf orm Architecture

The generaloperationalcycle of a sensornodeconsistsof
sensing,processing,and transmittingdata to other sensor
nodes.Figure1 illustratesthe generalarchitectureof a sen-
sorplatform. Table1 shows theoperatingmodesandpower
levelsof thevariouscomponentson Telos[33, 28, 34], a re-
centlyintroducedlow-powersensorplatform.As canbeseen
from thetable,thereis a greatdealof variationin thepower
consumptionof thesemodes.Thetableshows that thecom-
ponentswith thehighestpowerconsumptionaretheradioand
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Figure 1: Generalarchitectureof a sensorplatform: the
maincomponentsarethesensor, theCPU,andtheradiothat
togethercontrol the measurementand transmissionof data.
An A/D converteris usedto convert sensormeasurementsto
digital format,andabatteryis usedto powerthevariouscom-
ponents.

Component Operating Current
Mode Drawn (µA)

CPU Active 1800
Idle 55

Powersave 5
Radio TX (0 dBm) 17,400

RX 19,700
Poweron 365

Idle (OscillatorOff) 20
Powerdown < 1

Temp/humidity Measuring 550
Sensor Sleep 0.3

Table 1: Theoperatingmodesandpower levelsof different
componentson theTelossensorplatform.

the processorin active modes. This implies that substantial
power saving canbeachievedby avoiding wirelesstransmis-
sionsand receptions,as well as long computations.While
the sensorpower consumptionis smaller in comparison,it
canstill addup to a large portion of the total energy usage
if it is kept on for long durationsof time. Moreover, sens-
ing requiresthe processorto be in wakeup (active or idle)
mode,andhence,sensingcanindirectly resultin higherCPU
powerusage.Thus,carefullycontrollingtheoperatingmodes
of eachcomponentis essentialfor efficient energy consump-
tion onasensornode.

2.2 Data-Sensing Model

A sensornode typically measuresthe underlying process
by samplingit periodicallywith a basesamplingfrequency.
The basesamplingfrequency could dependon the physical
limitations of the sensingdevice, the availablecommunica-
tion bandwidth,or the highesttemporalresolutionrequired
by the application. Thus the sampleddatasequenceat the
base sampling frequency representsthe closest approx-
imation to the underlying (possibly continuous) process
that could be achieved by a sensornode. We refer to this
datasequenceobtainedby sensingat the basesamplingfre-
quency asthebaselinedatasequence(illustratedin Figure2).

Time

Data
value

Baseline
Sampling Interval

Baseline
Data Sequence

Underlying
Data Sequence

Figure 2: Thebaselinedatasequenceapproximatestheun-
derlyingprocessby samplingat thebaselinefrequency.

Send-on-Change: A common power-saving technique
used in sensornetworks is the send-on-change approach
for datatransmission[11, 30]. In this approach,new data
or updatesare sentout by a sensornodeonly when there
is a “substantial” changedetectedin the underlying data
values.Underthis approach,if no new datais receivedby an
application,it implicitly assumesthecurrentdatavalueto be
thesameasthemostrecentlyreportedvalue.Thegoalof the
send-on-changeapproachis to avoid redundanttransmissions
whenthereis little variationin datavalues.

The amount of variation in the data that drives the
decisionto sendor not is application-dependent.We define
a datavalue to have changed from its previous value if the
differencebetweenthe two valuesexceedsan application-
specifiedresolutionthresholdδ. The resolutionthresholdis
the minimum changein the underlyingdatavaluesthat the
applicationis interestedin1. We thendefinea statechange
to be a changein the data value exceedingthe resolution
threshold. Intuitively, a state changecorrespondsto an
interestingsensormeasurementthat needsto be reportedto
theapplication.

Sense-on-change: Based on the above model, we pro-
posea new data-sensingapproachcalled sense-on-change.
Thegoalof thisapproachis to makedatameasurementsonly
whena statechangeis likely. This approachis anextension
of the send-on-changeapproachin that it avoids redundant
sensingoperationsin addition to avoiding redundantdata
transmissions. Thus, this approachcould potentially save
sensingandprocessorenergy in additionto the transmission
energy whentherearenodatachangesto report.

However, with this new approach,it is possibleto miss
certainstatechangesif datawasnot sampledat thosetime
instances.Wereferto suchmissedstatechangesasfalseneg-
ativesor misses, asthey correspondto a falseexpectationof
not having a statechangewhenactuallythereis one. Simi-

1This definition of resolutionthresholdcorrespondsto a relativethresh-
old, thatis usefulfor trackingdatavariations(e.g.,temperaturevariationsof
1oC).Ontheotherhand,wecouldalsodefineanabsolutethresholdif weare
interestedin comparisonto aspecificvalueof interest(e.g.,a temperatureof
100oC).
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Figure 3: Datasequencesproducedby usingdifferentstrategiesunderthesense-on-changesamplingapproach.(a) An ideal
strategy samplesdataonly when thereis a statechangebasedon the application’s resolutionthresholdδ. (b) A practical
sense-on-changesamplingstrategy would try to emulatetheidealstrategy, but wouldhavesomefalsenegativesandsomefalse
positives,whereit woulddeviatefrom theidealsequence.

larly, it is possiblefor this sensingapproachto make amea-
surementwhenthereis no actualstatechange.We refer to
suchredundantsensingeventsasfalsepositivesor falsehits,
asthey correspondto a falseexpectationof observinga state
changewhen thereis none. Figure 3 illustratesthe notion
of falsenegativesandfalsepositivesfor a datasequenceby
comparingit to an idealdatasequence(thatconsistsof sam-
plestakenonly at statechangepoints).

Notethatasensingschemeshouldstrive to minimizeboth
falsenegatives aswell asfalsepositives:while falsenegatives
resultin degradeddataquality, falsepositivesresultin energy
wastage.We definetwo quantities—themissratio µ andthe
falsehit ratio ρ—to quantify the degradationin dataquality
andwastefulsamplingrespectively:

µ =
nf

n
, andρ =

np

n
,

where,nf andnp denotethenumberof missesandfalsehits
respectively, andn denotesthe thetotal numberof sampling
points(correspondingto thebasesamplingfrequency).

Having definedthe sensorarchitectureand datasensing
models,we now presenta statisticalmodelingandprediction
techniquefor theunderlyingdatastreams.

3 Data Modeling and Prediction

The measurementsmadeby a sensornodearediscreteand
form ordereddatasequences,generallyreferredto asobser-
vationdatastreams. Most physicalphenomenaaregoverned
by physicallaws,resultingin temporalcorrelationswithin the
observation datastreams. Thesecorrelationsconstrainthe
amountof variation in the datavalue from oneobservation
instantto the next. Our energy managementtechniqueex-
ploitssuchtemporalcorrelationsto schedulesamplingpoints
aspartof thesense-on-changedata-sensingapproach.There-
fore,thefirst stepin oursense-on-changeapproachis to build
adatastreammodelthatcapturestheintrinsic temporalchar-
acteristicsof thephysicalphenomenonbeingobserved.

Data streammodelscan be generallyclassifiedinto two
categories: physics-basedmodels and statistical models.
Physics-basedmodels[1] arederived usingdetailedknowl-
edgeof thephenomenonbeingobserved,suchastheunder-
lying physical laws andthe configurationof the systemun-
der observation. Thesemodelscan be very accuratewhen
thesystemconfigurationis simpleor theoperationalenviron-
mentis well-controlled.However, it is difficult to getprecise
andaccuratedatamodelswhenthesystemunderobservation
is complex andhighly dynamicin nature,which is the case
for many sensornetwork applications[10]. Statisticalmod-
els aremoresuitablefor suchscenariosasthey typically do
not requireany domainknowledge,andcanbe constructed
easily using historical observations. While it is possibleto
build highly complex anddetailedstatisticalmodels[5, 36],
we presenta simpleandefficient modelthat is ideally suited
for resource-constrainedsensorplatforms.

3.1 Statistical Data Stream Model

Any statisticalmodel that we employ on a sensornodefor
predictingfuturedatavaluesmustsatisfythefollowing prop-
erties:

• The modelmustbe computationallyefficient and com-
pactto represent.Thesepropertiesareextremelyimpor-
tantbecauseof thelimited computingpowerandstorage
availableoncommonsensorplatforms.Further, efficient
predictionis alsoessentialto reducepredictionoverhead
andenergy consumption(which we aretrying to mini-
mizein thefirst place).

• Sinceany statisticalmodelis basedon historicalobser-
vations,someof its predictionsareboundto be inaccu-
rate and deviate from actualmeasurements.Suchun-
certaintyis inherentin any modelthat tries to predicta
dynamicsystem. The modelmust, therefore,have the
ability to capture and quantifythe uncertaintyinherent
in its predictions.
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• Underthe sense-on-changeapproachfor datameasure-
ment, it is possibleto keepthe sensorand the CPU in
sleepmodefor extendedperiodsof time. During these
off periods,the sensornodecanneitherupdateits data
readings,nor canit predictsubsequentdatavaluesuntil
thesensorandtheCPUareturnedon again. To handle
theseperiodsof inactivity, the datastreammodelmust
beableto predictdatavaluesuptok stepsaheadin the
datasequence.Thevalueof k woulddependon thesen-
sor nodecapabilityaswell asapplicationdatarequire-
ments. Of course,assoonasthe sensornodemakesa
new measurement,thenew valuecouldbeemployedby
thedatamodelto make freshpredictions.

Model Deriv ation

We now presenta statisticaldatastreammodelthat satisfies
theabove properties.Intuitively, in this model,we represent
any datavalue by a probability distribution on its possible
values2. We thenmodel the temporalvariationsin the data
valuesto makepredictionsin thedatastream.

Formally, wedefinethedatamodelas:

Xi+k = Xi + Dk, (1)

where,Xi denotesthe datavalue at time instancei, Xi+k

denotesthe predicteddatavalue at time i + k, i.e., k time
stepsforwardfrom stepi, andDk representsthedistribution
of the differencebetweenthesevalues. Then, the model is
completelydefinedoncethedistributionsDm, m = 1, . . . , k
areknown.

Onewayto derivethesedistributionsis by usingatraining
datastreamof lengthn: Xi, i = 1, . . . , n, and,for eachvalue
m = 1, . . . , k, computingthehistogramof them-stepvalue
differences

Dm(i) = Xi+m − Xi, i = 1, . . . , n − m.

Directuseof thesehistogramsto representthecorresponding
distributionswould requirelarge amountof storageon each
sensornode.However, thesedistributionscouldbecompactly
approximatedby normaldistributions3, eachof which needs
only two parameters:themeanvalueµ andthestandardde-
viation σ. Themeanvalueof eachnormaldistribution is es-
timatedusingthesamplemeanof thehistogramandthestan-
darddeviation is estimatedusing the correspondingsample
standarddeviation. Then,given a (deterministic)datavalue
Xi, Equation1 canberewrittenas

Xi+k = Xi + N(µk, σk)

= N(Xi + µk, σk),

2A deterministicvaluewould berepresentedin this modelby a distribu-
tion with aprobabilityof 1 at thegivenvalue.

3We assumethe valuesDk(i), i = 1, . . . , n − k, to be i.i.d., andthus
expectDk to benormallydistributedby theCentralLimit Theorem[2].

where,N(µ, σ) denotesa normaldistribution with meanµ

andstandarddeviation σ. Intuitively, the above modelcap-
turesthedatavariationwithin k time stepsasa randomwalk
process.

Model Proper ties

Thismodelsatisfiesthedesirablepropertieswespecifiedear-
lier. First of all, this modelhasa compactrepresentation:it
requiresonlyk pairsof (µ, σ) valuesto bestoredoneachsen-
sornode,alongwith asmalltablefor thenormalizedunit nor-
mal distribution N(0, 1). Themodelis alsocomputationally
efficient for prediction:any normaldistribution N(µ, σ) can
be transformedto theunit normaldistribution N(0, 1) using
the simplerelationz = x−µ

σ
. The predictionof subsequent

datastreamvaluesthenreducesto a tablelookup. Secondly,
themodelimplicitly capturestheuncertaintyof predictionby
employing probabilitydistributionsin theestimation.These
distributionsenableus to estimatethe likelihoodof the oc-
currenceof aspecificdatavalue.Finally, by usingk different
(µ, σ) pairs,themodelallowsusto predictvaluesuptok steps
aheadin thedatasequence.

State Chang e Probability Evaluation

Theabove statisticaldatastreammodelallows theprediction
of future datavalues.Thesepredictionscanthenbe usedto
determinethestatechangeprobabilities,basedon theappli-
cation’sdataquality requirement.Recallthatanapplication’s
dataquality requirementis specifiedin termsof a resolution
thresholdδ. Then,giventheabovepredictionmodel,comput-
ing thestatechangeprobabilityis assimpleaslookingup the
valueof δ in thelocally storednormaldistribution tableafter
appropriatetransformationsto theunit normaldistribution.

3.2 Model Construction and Update

Thestatisticalmodeldescribedabovemustbeconstructedbe-
fore it is storedon individual sensornodes.Moreover, in or-
der to capturechangesin thedynamicsof theobserveddata
stream,the model may also have to be updatedfrom time
to time. We arguethat suchmodelconstructionandupdate
shouldbecarriedout at basestationswith sufficient compu-
tationalandbandwidthresources.This is becausesensornet-
workspresentsseveralchallengesin carryingout thesefunc-
tionsonsensornodes:

• Eachsensornodehasonly limited andincompleteview
of the phenomenonbeing observed, especiallywhen
dataat certaintime instancesarenot sampleddueto en-
ergy conservationconcerns.Deriving andmodifyingthe
predictionmodel basedon this incompleteview at in-
dividual sensornodesis thusboth inaccurateaswell as
undesirable.
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• Estimating model updateson each sensornode may
causeredundantwork. For example,multiple sensors
that are placedin closeproximity would have similar
models.

• Puttingtheburdenof modelupdateoneachsensornode
addsenergy consumptionoverhead,which mayprevent
usageof complex models.This overheadis no problem
for basestationswith sufficientcomputingpowerandno
energy constraints.

• Several physical phenomenaexhibit long-rangecorre-
lations such as time-of-day effects. The phenomena
thusneedto bemodeledusinglong-termhistoricaldata,
which is difficult to storeon individual sensornodes.
However, this can be done much more effectively on
basestationswhichhavenostorageconstraints.

Updatingamodelis thesameasits initial constructionex-
ceptfor theuseof adifferenttrainingdataset.New modelpa-
rametersaresentfrom thebasestationto sensornodeswhen-
ever thebasestationdetectsasignificantdeviation in thedata
streams.Sincethe predictionmodelstake small numberof
parametersandareupdatedinfrequently, theamortizedcom-
municationcostof modelupdatesis expectedto be negligible.

4 Stoc hastic Scheduling Algorithm

4.1 Overview

Thedatastreammodelderivedfor anunderlyingprocesscan
beusedto predictsubsequentdatavaluesthatarelikely to oc-
curbasedonthepastobservedvalues.Thesepredictedvalues
canthenbe usedto determinethe samplingpointsat which
statechangesarelikely to occurandwherethe sensornode
shouldbescheduledto sensenew datavalues.For theremain-
ing timeperiods,thesensornodecanbeput into sleepmode:
the CPU in power-save mode, radio in power-down mode,
and the sensorsin sleepmode. In this section,we present
a stochasticschedulingalgorithmthat employs the underly-
ing datastreammodel to determinesubsequentsensingin-
stants.Thegoalof this schedulingalgorithmis to minimize
theenergy consumptionwhile meetingthedesireddataqual-
ity requirementsof the application.Note that our stochastic
schedulingalgorithmdoesnot dependon thespecificpredic-
tion modelbeingused,andcanbe usedin conjunctionwith
any kind of datastreammodel.

The sensorschedulingalgorithmmustsatisfyseveral im-
portantrequirementswhile determiningthesensingpoints:

• Sinceenergy is a preciousresourcein sensorplatforms,
the overall energy consumptionof the sensingprocess
shouldbe minimizedasmuchaspossible.The overall
energy consumptionof a sensingprocessis the sumof
energy spentin thesensors(for makingmeasurements),

theradio(for sendingrequiredvalueupdateswhennec-
essary),and keeping the CPU in power-on state, ei-
ther active or idle, (for sensing,radio transmissionand
schedulingoperations).Theschedulingalgorithmmust
try tominimizetheenergyconsumptionof all thesecom-
ponents.

• Sincedataat sometime pointswill not be sampled,it
is possibleto misssomeof the statechangeevents. In
this case,theschedulingalgorithmmustensurethat the
overall sampleddatameetsanapplication-specifieddata
quality requirement.Thedataquality requirementof an
applicationcanbeexpressedin termsof themissratioµ,
definedin Section2.2,asthis metriccapturestheaccu-
racy of themeasureddatacomparedto thebaselinedata
sequence.Thus,for instance,anapplicationmayrequire
thatthesensingschemehave amissratioof atmost5%,
thuscapturing95%of thesamplesaccurately.

• As sensingdecisionsmustbe madebeforea sampleis
taken,they arebasedon predictedinformationprovided
by the underlyingdatamodel. Sinceuncertaintyis in-
evitable in predictions,statechangescan only be pre-
dicted probabilistically. For suchprobabilisticevents,
deterministicschedulingwould resultin poordataqual-
ity or energy wastage.Therefore,schedulingdecisions
must also be stochasticand the probability of sensing
shoulddependon the likelihoodof statechangeaswell
asthedataquality requiredby theapplication.

Overall,theschedulingalgorithmmustmake atradeoff be-
tweenenergy consumptionandsamplingquality in astochas-
tic mannerthat dependson the predictionmodelof the un-
derlyingprocess.Next, we formalizetheschedulingproblem
andthevariousrequirementsdiscussedabove.

4.2 Problem form ulation

We formulatethe stochasticschedulingproblemasan opti-
mizationproblemthat minimizesthe total energy consump-
tion while providing statisticalguaranteeson datasampling
quality.

Let usassumethat thebaselinedatasequenceconsistsof
N datasamples,andtheprobabilityof statechangeatasam-
pling instanti (determinedusingthe underlyingdatastream
modelandtheapplication’s resolutionthresholdδ) is qi. Fur-
therassumethattheaverageenergy4 spentfor eachmeasure-
ment is eavg. Finally, let the application’s dataquality re-
quirementbe expressedasa tolerancelevel 5 FN ∈ [0, 1],

4Theactualenergyspentateachsamplinginstantconsistsof sensor, CPU,
and radio power consumptions.This energy may vary betweensampling
pointsdependingon which componentsareactive (e.g.,whetherthereis a
transmissionevent whendatais sensed).For simplicity of exposition,we
consideran averagevaluefor this energy here,even thoughwe accurately
accountfor theactualtotal energy spentin ourexperiments.

5Wedefineacorrespondingmetricconfidencelevelas(1-FN ).
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suchthatits missratioµ ≤ FN . Then,thegoalof thestochas-
tic schedulingalgorithmis to determineaprobabilityof sens-
ing pi ∈ [0, 1] for eachsamplinginstantsuchthat it mini-
mizesthetotal energy

E =

N
∑

i=1

pi · eavg (2)

undertheconstraint
∑N

i=1
(1 − pi) · qi

N
≤ Fn. (3)

Theconstraintgivenby Inequality3 satisfiesthestatistical
dataquality requirementof theapplicationaswe requirethe
expectedmissratio to be lessthanthe application-specified
tolerancelevel. Recall from Section2.2 that the expected
miss ratio, µ, is evaluatedas the expectednumberof false
negativesdividedby thetotal numberof datasamples.Thus,
given the falsenegative probabilitiesfni over all sampling
instances,wehave,

µ =

∑N
i=1

fni

N
. (4)

Now, sincethe probability of sensingpi is positively corre-
lated to the probability of statechangeqi at eachsampling
instant6, the falsenegative probability fni at eachschedul-
ing instantis lessthanwhatwould beobtainedby assuming
independencebetweenpi andqi. In otherwords,

fni ≤ (1 − pi) · qi.

Thus,themissratio (Equation4) reducesto

µ =

∑N
i=1

fni

N

≤

∑N
i=1

(1 − pi) · qi

N

Thus,theconstraint(Inequality3) satisfiesthedataquality
requirementµ ≤ Fn. In fact, theconstraintis a conservative
boundonthedataquality requirement,suchthatif aschedule
satisfiesthe constraint,it must also satisfy the dataquality
requirement.

4.3 Scheduling Algorithm

Having presentedthe formal problemformulation, we now
presentastochasticschedulingalgorithmthatcloselyapprox-
imatesthe optimizationproblem. The goal of the schedul-
ing algorithm is to determinethe sensingprobability pi for
eachsamplinginstancegiven thestatechangeprobabilityqi

for that schedulingpoint. Given qi, solving for the precise

6This canbe seenfrom the fact that the higherthe valueof qi, i.e., the
probabilityof statechangeis, thehigherthevalueof pi, i.e., thechanceof
takingasamplewouldbe.

valueof pi would requirethejoint distribution of therandom
processesof samplingandstatechanging.This distribution
is neitheravailablenor desirabledueto its high storageand
computationaloverhead.Instead,we simplify the computa-
tion of pi asfollows: we first determinetheupperandlower
boundsfor pi, andthe schedulingalgorithmthenchoosesa
valuefrom this rangebasedon a heuristicwe describelater.
Intuitively, theupperboundof pi specifiesalimit suchthatse-
lectingvalueshigherthanit would onlywasteenergy for pro-
viding unnecessarydataquality improvement. On the other
hand,the lower boundof pi correspondsto a limit, suchthat
goingbelow it would alwaysresultin violation of theappli-
cation’s tolerancelevel.

4.3.1 Determining the Upper Bound of Sensing
Probability

To determinetheupperboundonthevalueof pi for agivenqi

value,our schedulingalgorithmperformslocal optimization
insteadof globaloptimization7. In otherwords,theoptimiza-
tion problemis reducedto minimizing pi at eachscheduling
instantundertheconstraint

(1 − pi) · qi ≤ Fn,

whichyieldsthesolution

pub
i =

{

0, if 0 ≤ qi ≤ Fn

1 − Fn

qi

, if Fn < qi ≤ 1

Thisvalueof pi is anupperboundonthevalueof thesens-
ing probability, because,any sensingprobabilityvaluehigher
thanpub

i , while alwayssatisfyingthelocal optimizationcon-
straint,wouldbemorewastefulof energy. In otherwords,pub

i

is theminimumvalueof pi thatguaranteesthesatisfactionof
thedataquality requirementfor each sensinginstance.

4.3.2 Determining the Lower Bound of Sensing
Probability

To determinethelowerboundonthevalueof pi, weconsider
the most optimistic scenariowhereevery samplecatchesa
real statechange,i.e., thereare no falsepositives. In this
scenario,thedataquality requirementcanbesatisfiedonly if
qi − pi ≤ Fn, or

pi ≥ qi − Fn,

whichprovidesuswith thefollowing lowerbound:

plb
i =

{

0, if 0 ≤ qi ≤ Fn

qi − Fn, if Fn < qi ≤ 1

Thisvalueof pi is thelowerboundbecauseany sensingprob-
ability valuesmallerthanplb

i wouldalwaysresultin violating

7Notethatlocaloptimizationmeetsastricterrequirementsincesatisfying
theconstraintateachsamplinginstanceautomaticallysatisfiestheconstraint
overall samplinginstances.
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Figure 4: The relationbetweensensingprobability pi and
thestatechangeprobabilityqi. Fn is the tolerancelevel that
determinesthe boundon dataquality, while Fp is the false
hit ratio thresholdthat is usedasa tuningparameterto select
a value from the feasibleregion boundedby the upperand
lowerboundsof pi.

thedataquality requirement.Thus,thevalueplb
i corresponds

to thesmallestvalueof pi givenqi, suchthatthedataquality
constraintcouldbemet.

4.3.3 Selecting the Sensing Probability Value

Giventheupperandlowerboundsonthevalueof pi givenqi,
we presenta heuristicto selectthe actualvalueof pi. Note
that the applicationusesa miss ratio boundFn to limit the
dataquality degradation.Analogously, we canboundtheen-
ergy wastageby usinga falsehit ratio limit Fp. Our heuristic
usesthis limit Fp as the tuning parameterto determinethe
pi valuefrom theregion boundedby plb

i andpub
i . Lower val-

uesof Fp correspondto moreaggressiveenergy saving,while
highervaluesof Fp providebetterdataqualityat theexpense
of higher power consumption. Fp can be approximatedas
Fp = pi · (1 − qi), whichyields

pi =
Fp

(1 − qi)
,

subject to the two boundsderived above. The stochastic
schedulingalgorithmthenusesthis pi valueto probabilisti-
cally scheduleasensingeventatasamplingpoint.

Figure4 shows therelationbetweenthesensingprobabil-
ity pi andthestatechangeprobabilityqi for a givenvalueof
the dataquality thresholdFn. The figure alsoshows the in-
termediatevaluesthatpi would takebasedonthevalueof the
tuningparameterFp.

4.4 Dynamic Adaptation

Onelimitation with any down-samplingschemeis thatit pro-
vides no informationaboutthe unsampleddatavalues,and
it is possibleto potentially miss unforeseenstatechanges.
Sincetheestimationof thestatechangeprobabilityqi in our

schedulingalgorithmdependson the underlyingdatamodel
as well as the recentlyobserved datavalues,missingstate
changescouldresultin highly inaccurateqi values.Suchin-
accuracy could further leadto poor schedulingdecisionsaf-
fecting thedataquality of theapplication.Thus,it is impor-
tantto ensurethatourschedulingschemeadaptsto suddenor
unforeseendatavariations.

While it is not possibleto directly observe falsenegatives
(correspondingto missedstatechanges),we can measure
falsepositive ratesto estimatethedynamismin theunderly-
ing data.Intuitively, a low rateof falsepositivesimpliesthat
mostof the sensingeventsresult in statechanges,suggest-
ing thepossibilityof missingothersignificantchanges.Thus,
a low falsepositive rate could be taken as an indication of
moredynamicdatavalues,andthenumberof samplingevents
shouldbe increasedin this caseto catchpossiblysignificant
statechanges.On the otherhand,if we observe ahigh rate
of falsepositives,it meansthatwearetakinglargenumberof
redundantsamples,many of whicharenon-informative. Such
a high rateindicatesa relatively stabledataprocess,andthe
samplingprobabilityshouldbedecreasedin this caseto save
energy.

We usethe tuning parameterFp to achieve this dynamic
adaptationof thesamplingprobabilitypi. Recallthatahigher
valueof Fp correspondsto highertoleranceto observingfalse
positives,while lowervaluescorrespondto tighterboundson
the numberof redundantsamples.Thus,basedon the intu-
ition describedabove, whenever the observed falsepositive
rate (the falsehit ratio ρ) becomeslow, we incrementthe
value of Fp to allow more stochasticsamplingevents. On
the otherhand,whenρ increasesto high values,we decre-
mentthevalueof Fp to reducethesamplingprobabilityand
save energy. Theselectionof ρ is a tradeoff betweenenergy
efficiency andresponsivenessof dynamicadaptation.

4.5 Practical Considerations

While wehavedescribedourstochasticschedulingalgorithm
in termsof sensingprobabilitiespi, theseprobabilitieshave
to be translatedinto the actualsamplingschedule.We per-
form this translationasfollows. Givenpi, a pseudorandom
numbergeneratoris usedto generatesa numberx ∈ [0, 1],
anda sensingevent is scheduledat the schedulinginstance
i if x < pi. However, performingthis translationat each
schedulinginstanceis not efficient as the CPU would have
to beturnedon to performtherequiredcomputation,defeat-
ing the purposeof stochasticsamplingin the first place. To
amortizethe energy costof schedulegeneration,we gener-
atea batchsequence{xi} of pseudorandomnumbersa pri-
ori. Then,at eachscheduledsensinginstant(whentheCPU
is turnedon anyway for controlling thesensor),thestochas-
tic schedulerdeterminesthe next samplinginstantusingthe
pre-generatedrandom numbersequence.Theschedulercould
cycle throughthesequenceagainor generateanew sequence
shouldthe numbersbe exhausted.The CPU (andotherde-
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vices)are thenput into sleepmodeuntil the next sampling
instant.

5 Experimental Evaluation

5.1 Experimental Setup

We have implementeda dSENSEprototypeon TinyOS and
evaluated its performancefor the Telos platform [28] in
PowerTOSSIM [29], an extensionof the TinyOS simulator
TOSSIM[20] with energy estimationcapabilities.TheTelos
platform wasselectedfor its supportfor sensorpower man-
agement:the temperature/humiditysensoron Telosis auto-
matically put into sleepmodewhen no data is being mea-
sured.

We madeseveral enhancementsto PowerTOSSIM to en-
ableaccuratesensorcontrolandpower estimation.Thecur-
rentversionof PowerTOSSIMdoesnotsupportdetailedsen-
sorpower estimation.Sensorsareassumedto bealwayson,
asis thecasefor themica2platform[29]. We extendedPow-
erTOSSIMby addingnew debug messagesin theADC read-
ing interfaceusedfor sensorreadings.Thesedebugmessages
carry the channelnumberandthe currenttime-stampwhen-
everanADC readingrequestis issued.Theenergy modelfor
the Telosplatform is given in Table1. An ADCDataLoad-
ing plugin wasalsodevelopedfor the TinyViz visualization
tool to allow dynamicloadingof datatracesfor sensorread-
ings.ThisADCDataLoadingpluginalsoenabledcatchingall
sensor-relateddebugmessagesto computethecorresponding
sensorenergy consumption.

We use real-world temperaturereadingsto test the ef-
fectivenessof our prototype. Thesedatawere sampledin
an air-conditionedstorageroom using a SHT11 tempera-
ture/humidity sensor[]at samplingfrequency of 0.1Hz for
two days. In orderto capturegreatertemperaturevariations,
thesensorwasplacedcloseto aventilationexit. Thecollected
datatraceis shown in Figure5. Weusedthisdatatracein our
simulations,eachof whichwasrun for asimulationperiodof
10,000seconds(correspondingto 1000samplepoints). The
simulationtime periodstartsat thedatapoint corresponding
to about6amon the secondday in the trace,whenair con-
ditioning is configuredto turn on in the room. This choice
of datasetresultsin richer variationsin the testdata. Each
simulationwasrepeatedmultipletimeswith differentrandom
seedsandthearithmeticmeanis reported.

5.2 Model Construction

Building environmentaldata such as temperaturereadings
usuallyexhibits time-of-daypatternsascanbeseenfrom Fig-
ure5. Therefore,we usethesametime periodof 10,000sec-
ondson the first day asthe training set for constructingthe
datastreammodel(describedin Section3). Figure6 shows
thedatahistogramandthecorrespondingGaussiandistribu-
tion approximationfor single-stepprediction(k=1). Thisfig-
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Figure 5: Datatraceconsistingof two daysof temperature
variationin a room.
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Figure 6: Gaussianapproximationto the histogramof a
single-steppredictor(k=1)

ureillustratesthattheGaussiandistribution is acloseapprox-
imationof thehistogramdistribution. Table2 lists theGaus-
siandistribution parameterscorrespondingto k-steppredic-
tion models,with k rangingfrom 1 to 20.

5.3 Performance Results

We now presentthe resultsobtainedfrom our performance
evaluation.Webegin by measuringtheoverheadof dSENSE.
We thenpresentexperimentalresultsobtainedby varyingthe
different experimentalparameterssuchas the application’s
resolutionthresholdandthemissratio confidencelevel. We
presenttwo cases:onewith relativeresolutionthresholdsand
theotherwith absolutethresholdspecification.For eachex-
periment,weexaminetheenergy savingsandthelevel of data
qualityprovided. In ourexperiments,wecomparethefollow-
ing energy managementstrategies:

• Baselinesampling: Baselinesamplingcorrespondsto
taking sensorreadingsat the baselinefrequency of the
sensor(asdefinedin Section2.2). This samplingstrat-
egy usesa send-on-changeapproachfor energy man-
agement,whereit transmitsdataonly when thereis a
statechange.Restof the time, the CPU andthe sensor
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TimeStepk µ σ TimeStepk µ σ

1 0.14 0.76 11 1.54 5.79
2 0.28 1.29 12 1.68 6.25
3 0.42 1.80 13 1.82 6.70
4 0.56 2.23 14 1.97 7.14
5 0.7 2.86 15 2.11 7.58
6 0.84 3.37 16 2.25 8.00
7 0.98 3.87 17 2.39 8.42
8 1.12 4.37 18 2.53 8.83
9 1.26 4.85 19 2.68 9.23
10 1.40 5.32 20 2.82 9.62

Table 2: Parametersfor the20-steppredictionmodel.

are in sleepmodeand the radio is turnedoff. We use
baselinesamplingfor comparisonasit reflectsthe cur-
rent bestpracticein sensorenergy management.Note
that baselinesamplingrepresentsthe worst-casesam-
pling strategy in termsof thenumberof samplestaken,
while achieving zeromissratio for theapplication’sdata
requirement.

• Idealsampling:Idealsamplingis aclairvoyantsampling
strategy basedonanapplication’sdataresolutionthresh-
old thattakessamplesonly whenthereis astatechange.
It furthertransmitsdataonly atthesesamplinginstances,
andleavesthe CPU andthe sensorin sleepmode,and
theradioturnedoff restof thetime. Thusidealsampling
consumestheleastpossibleenergy while achieving zero
missratio.

• dSENSEwith upperboundsamplingprobability: This is
ourstochasticschedulingalgorithmthatemploystheup-
perboundof thesamplingprobability(describedin Sec-
tion 4.3) to determinethe samplingpoints. Recall that
this choiceof samplingprobability correspondsto the
most conservative choicefor meetingthe application’s
missratioguarantee.

• dSENSEwith lowerboundsamplingprobability: This is
similarto thepreviousstrategy exceptthatit employsthe
lower boundof the samplingprobability. This strategy
is themostenergy-efficient schemewhile providing the
mostrelaxedguaranteesondataquality.

• DynamicdSENSE:This strategy employs thestochastic
schedulingalgorithmwith dynamicadaptation.It adapts
to the currentdatastreamconditionsandthusprovides
a tradeoff betweenenergy consumptionanddataquality
guarantees.

dSENSE Overhead

Theenergy overheadin dSENSEconsistsof two maincom-
ponents. First, at eachsamplinginstant,dSENSEincurs a
fixedenergy overheaddueto theextra CPUtime spentcom-
putingthestatechangeprobability, samplingprobability, and
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Figure 7: Energy consumptionfor afixedconfidencelevel =
90%.

generatinga pseudo-randomnumberfor makinga sampling
decision. To computethis overhead,we usedthe CPU pro-
filing toolsin PowerTOSSIMto measurethenumberof CPU
cyclesusedfor thesecomputations.It turnedout to be neg-
ligible as,on average,only 660cyclesneededfor eachtime
point, correspondingto a total energy overheadof 0.89 mJ
for the simulationperiod(lessthan0.5%of the total energy
consumption).Thesecondenergy overheadcomponentis the
energy neededfor modelupdate.However, aswe discussed
in Section3.2,themodelupdatewouldbetypically doneona
basestation,andthemodelwould thenbeloadedon thesen-
sornode.Thustheonly overheadincurredonthesensornode
by this componentis the energy spentin downloading the
model,which is extremelysmallas,in practice,thesemodels
would eitherbe pre-loadedor infrequentlyupdated(weekly
or monthly). We alsomeasuredthe dSENSEmemoryover-
headto be2310bytesin ROM and242bytesin RAM. These
resultsshow thatdSENSEimplementationis extremelycom-
pactandefficient.

Relative state chang e threshold

This sectionshows the energy performanceof varioussam-
pling strategiesdescribedabove in responseto multiple data
resolutionrequirements,specifiedin form of relative state
changethreshold.In this requirement,it is considereda state
changewhenthedifferencebetweenthenew datavalueand
the most recentlysentvalue is greaterthan the pre-defined
threshold. Performanceis evaluatedin termsof the energy
consumptionand miss ratio. For eachexperiment,the ap-
plication specifiesa confidencelevel that correspondsto the
minimummissratio it is readyto suffer.

Figure 7 shows the energy consumptionof the various
schedulingstrategies. The horizontal line in the figure de-
notestheminimumenergy neededwhenthereis nosensingor
radio transmission.This energy correspondsto the absolute
minimumenergy requiredjust to keepthesensornodepow-
eredon(with theCPUin sleepmode,andtheradioandsensor
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poweredoff) without doingany usefulwork. This energy re-
flectsthehardwarelimit imposedon any power management
scheme.

We make several interestingobservationsfrom Figure7.
First, after employing the commonly usedsend-on-change
strategy, the radio componentis no longerthe mostenergy-
consumingcomponent(consumingonly about0.7-28%of the
total energy). Second,the CPU now consumesthe largest
amountof energy (about44-61%of thetotal),mostof which
is spentin sleepmode.This resultoccursdueto two reasons:
oneis thattheCPUspendsmostof its timein sleepmode,and
theotheris dueto thenew advancesin Telosplatformwhich
have significantly reducedthe idle CPU currentdrain to 55
µA8. Third,sensingnow consumesasignificantpercentageof
thetotalpower. For instance,with baselinesampling,sensing
accountsfor about28%and38%of thetotal energy for state
changethresholdsof 2 and50respectively. Theseresultsver-
ify our contentionthatevenlow-power modalitysensorscan
accountsfor a largepercentageof energy consumption.

We alsoseefrom Figure7 thattheenergy consumptionof
thedynamicschedulingalgorithm(166-254mJ)liesbetween
thoseof theupperbound(167-264mJ)andthe lower bound
(166-228mJ)strategies.Dynamicschedulingcanreducethe
baselineenergy consumptionby about29% to 36%. In ad-
dition, the dynamicschedulingalgorithm consumesalmost
thesameamountof energy astheidealsamplingstrategy. In
somecases(threshold= 2 and5), thedynamicstrategy even
consumeslessenergy thanideal sampling. Note that this is
possiblebecausedynamicsamplingis allowed a 10% miss
ratio,while idealsamplinghaszeromissratio.

Figure 8 shows the miss ratiosassociatedwith the three
dSENSEsamplingstrategies. As canbeseenfrom Figure8,
thedynamic(1-9.4%)andupperbound(0.7-6.8%)sampling
strategies always stay within the tolerancelevel (10%) for
all valuesof resolutionthresholdδ. The lower boundstrat-
egy yieldslower missratiosfor high δ values(corresponding
to coarseraccuracy requirement),but go above thetolerance
level to 17.4%and13% respectively for low δ values(fine-

8TheCPU,in idle mode,now draws lesspower thanlow-powermodality
sensorssuchasthetemperaturesensor.
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Figure 10: Miss ratio for afixedthreshold= 5.

grainedaccuracy) of δ = 2 and5.
Figures9 and 10 show the performanceof the various

strategiesfor a fixed resolutionthresholdof 5, with varying
missratio tolerancelevels.Figure9 showsuptoanadditional
18%energy saving whenvaryingthetolerancelevel from 1%
(confidence= 99%) to 30% (confidence= 70%). Figure10
againverifiesthatthedynamicandupperboundstrategiesal-
waysguaranteetherequiredtolerancelevel.

As describedin Section4.3.3, in the dynamicdSENSE
schedulingstrategy, thefalsepositive thresholdFp is usedas
a dynamictuning parameterto adjustsamplingprobabilities
pi following variationsin theunderlyingprocesses.Theval-
uesof thesamplingprobabilitypi obtainedin thismannerare
anindicatorof how energy consumptionis distributedtempo-
rally. Figure11 shows the variationof the tuning parameter
Fp andthesamplingprobabilitypi over thetimeperiodof the
testdatatrace.As canbeseenfrom thefigure,highervalues
of Fp, andthushighersamplingprobabilities(corresponding
to higherexpectedenergy consumption)occurattimeperiods
with larger datavariation. This result indicatesthat the dy-
namicalgorithmis ableto adaptto changesin theunderlying
phenomenonandspendsmoreenergy during stagesof flux.
This figurealsoshows theability of thedynamicscheduling
algorithm to achieve adaptive samplingwithout any model
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Figure 11: Thevariationof thetuningparameterFp andthe
samplingprobabilitypi, relativethreshold= 5 andconfidence
level = 90%.
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Figure 12: Samplingapproximationof theoriginal datase-
ries,relativeresolutionthreshold= 5,confidencelevel = 90%.

updates.
Figure12 shows how well the dynamicschedulingalgo-

rithm approximatestheoriginaldatatrace.Thisfigureis gen-
eratedfor a resolutionthresholdof 5 with confidencelevel of
90%. As canbeseenfrom thefigure,thealgorithmmatches
theactualdatavaluesclosely, thusproviding agoodapproxi-
mationof thedatastream.

Overall, these figures demonstratethat the dynamic
dSENSEschedulingalgorithm can achieve significant en-
ergy savingsin responseto multiple resolutionrequirements,
while providing statisticaldataquality guarantees.Dynamic
schedulingbalancesthepowerconsumptionandqualityguar-
anteesbetweentheupperandlower boundsasexpected.The
dynamicdSENSEschedulingalgorithmalsoshowed theca-
pability to adaptto datavariationswithoutany externalmodel
updates,thusmakingjudicial useof theavailableenergy.

Absolute state chang e threshold

We now show theperformanceof dSENSEfor absoluteres-
olution thresholdspecification.With an absolutethreshold,
a statechangeis definedto occuronly whenthe datavalue
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Figure 13: Energy consumptionfor absoluteresolution
threshold= 450andconfidencelevel = 99%.
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Figure 14: Thevariationin thesamplingprobabilitypi, ab-
solutethreshold= 450andconfidencelevel = 99%.

crossesthe threshold. The samedatasourceandprediction
modelsareusedfor theseexperiments.This kind of thresh-
old specificationis motivatedby alarm-typeapplications,that
typically generatealarmsat thresholdcrossings,andhave lit-
tle interestin trackingthe actualdata. This experimentalso
demonstrateshow dSENSEhandlesvalue-baseddataaccu-
racy requirementas higher accuracy is requiredfor values
aroundthethresholdline.

Figures13,14and15presentresultsgeneratedfrom anex-
perimentusingan absolutethresholdof 450 andconfidence
level of 99%. Figure13 shows that dSENSEcanachieve a
35% energy saving comparedto baselinesamplingscheme
andconsumesonly about4% more thanthe ideal sampling
strategy. Themissratio for thedSENSEschedulingis mea-
suredat 0.8%, satisfyingthe confidencelevel requirement.
Figure 14 shows the samplingprobability distribution over
the testtime period. This figureshows thathighersampling
probabilities(moreenergy) aregeneratedin theperiodwhen
datavaluesarecloseto the thresholdline. This is primarily
becausethe datamodelpredictshigherstatechangeproba-
bilities during thesetime periods. Figure15 shows that the
dynamicdSENSEstrategy closelytracksthethresholdcross-
ingsof theoriginaldatatrace.
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Figure 15: Samplingapproximationof theoriginal datase-
ries,absoluteresolutionthreshold= 450andconfidencelevel
= 99%.

6 Related Work

Dynamic Power Control: Dynamic voltage scaling and
operating-modeswitchingtechniqueshave beenwidely used
for energy managementin workstations[13], mobile sys-
tems [23, 12, 24, 27, 38], embeddedsystems[21, 8, 31],
and server disks [16]. While most of theseexisting ap-
proacheshave usedthe generalideaof prediction-baseddy-
namicpowercontrol,they donotconsiderapplicationseman-
tics anddataquality requirements.On theotherhand,oneof
themaincontributionsof our work is theexplicit incorpora-
tion of applicationrequirementsin dynamicenergy manage-
ment.
Sensor Energy Management: Recently, therehasbeena
greatdealof researchinterestin energy managementon sen-
sor platforms. However, mostresearchefforts have focused
at the network level, trying to minimize the datacommuni-
cationsbetweenmultiple sensornodes[4, 25]. Node-level
power managementfor sensorplatformshasreceived little
attention. DynamicPower Management(DPM) [30] is one
of the few efforts directly relatedto our work. DPM is sim-
ilar to our approachin that it also attemptsto control the
operatingmodesof sensornodecomponentsin responseto
different workloads. However, unlike our approach,DPM
is a purely OS-directedpower managementtechniquethat
is completelyunawareof applicationsemantics.It provides
energy-accuracy tradeoff only at a genericlevel without any
multi-level accuracy guarantees.On the otherhand,our ap-
proachprovidesstatisticaldataquality guaranteesto applica-
tions.Finally, our techniqueis ableto handleburstydatapat-
terns[32] and time-of-dayeffects [36] that arenot handled
by DPM. The multiple sensingunit scheduling(MSUS) [7]
takesa similar approachto DPM, andit alsofails to incorpo-
rateapplicationsemanticsand temporallocality inherentin
measurementdatastreams.Anotherapproachto node-level
energy managementemploys admissioncontrol for multiple
applications[4]. Ourwork is complementaryto thisapproach
asdSENSEis a lower-level building block suitablefor man-

agingindividualapplications.
Stochastic Scheduling: Stochasticsensorschedulinghasre-
ceived someattentionin the control community for target-
trackingapplications[15]. However, the focusof this work
is on maximizing estimationaccuracy throughthe schedul-
ing of a setof sensors,while our main goal is to minimize
energy consumptiongiven anaccuracy requirement.More-
over, the algorithmproposedin this work is essentiallyex-
haustivesearch,whichmakesit infeasiblefor implementation
ona low-power sensorplatform.
Multi-resolution data quality: Accessto data quality at
multiple resolutionshasbeenemployed in several contexts.
For instance,multimediaserversallow transmissionof video
contentat multiple resolutionsbasedon network conditions
andclientcapabilities[19, 18].Anotherapproach[14] allows
applicationsto degradetheir datafidelity to conserve energy
in server or workstationenvironments.Theseapproachesare
fundamentallydifferentfrom ourapproach:while they enable
application-driven degradationof dataquality, thegoalof our
approachis to minimize energy consumptionwhile meeting
the application’s dataquality guarantees.Application data
quality requirementhasalsobeenemployed for maintaining
consistency of Web caches[35]. However, this effort is fo-
cusedon conservingnetwork bandwidthover the Internet,
while our main goal is the conservation of energy in a sen-
sornetwork.

7 Conc luding Remarks

In this paper, we presenteddSENSE:a data-drivenapproach
for energy managementin sensorplatforms. dSENSEis a
node-level power managementapproachthatutilizesknowl-
edgeof theunderlyingdatastreamsaswell asapplicationdata
quality requirementsto conserve energy on a sensornode.
dSENSEemployssense-on-change—asamplingstrategy that
aggressively conservespowerby reducingsensingactivity on
the sensornode. A novel aspectof this strategy is that, un-
like mostexisting energy managementtechniques,this strat-
egy enablesexplicit controlof thesensoralongwith theCPU
andtheradio.Wepresentedanefficientstatisticaldatastream
modelthat is usedby dSENSEto predictfuturesensorread-
ings.Thesepredictionsarecoupledwith astochasticschedul-
ing algorithmto dynamicallycontrol theoperatingmodesof
thesensornodecomponents.Usingexperimentalresultsob-
tained on PowerTOSSIM with a real-world data trace, we
showed that our approachreducesenergy consumptionby
29-36%while providing strongstatisticalguaranteeson data
quality.

As part of future work, we intendto extendour work in
severaldirections.We would like to modeltheradiocompo-
nentasa pseudo-sensor, andextendour stochasticschedul-
ing algorithmto efficiently scheduledatatransmissionsonthe
network. We intendto explorecorrelationsbetweenmultiple
sensorson thesamenodeor neighboringnodesto strengthen
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our stochasticpredictionsandachieve higherenergy savings.
Wewouldalsolike to investigatehow our techniquecouldbe
coupledwith application-driven dataquality degradationfor
network-wideenergy conservation.
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