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Abstract

Wirelesssensometworks arebeingwidely deployedfor pro-
viding physicalmeasurements diverseapplications Enegy
is a preciousresourcdan suchnetworks asnodesin wireless
sensoiplatformsaretypically poweredby batterieswith lim-
ited power and high replacementost. This paperpresents
dSENSEa data-drivenapproach for enegy manaementin
sensorplatforms. dSENSEis a node-level power manage-
mentapproachhatutilizesknowledgeof theunderlyingdata
streamsas well as applicationdata quality requirementgo
consere enegy ona sensomode. dASENSEemploys sense-
on-change—a samplingstratgy that aggressiely conseres
power by reducingsensingactiity on the sensomode. Un-
like mostexisting enegy managemertiechniquesthis strat-
egy enablesxplicit controlof the sensomlongwith the CPU
andtheradio. Our approactusesan efficient statisticaldata
streammodelto predictfuturesensoreadings.Thesepredic-
tions are coupledwith a stochasticschedulingalgorithmto
dynamicallycontrol the operatingmodesof the sensomode
componentsUsing experimentalresultsobtainedon Paver
TOSSIM with a real-world datatrace, we demonstratehat
our approactreducesnegy consumptiorby 29-36%while
providing strongstatisticalguaranteesn dataquality.

1 Introduction

Wirelesssensometworks arebeingwidely deployedfor pro-
viding physical measurementso diverse applications[11]
such as structuremonitoring [6], habitat monitoring [26],
vehicle tracking [22], and building monitoring and con-
trol [17, 10]. Most wirelesssensorplatformsare powered
by batterieghathave limited life, andaresubjectto high re-
placementost. Enegy is thusa preciousresourceon sensor
nodes,andits conseration is one of the main challengesn
thesewirelesssensometwork applications.

1.1 Sensor Energy Management

Recentadwancesin sensorplatform hardware designhave
madesensormodesmore enegy-avare. Marny sensorplat-
formsnow allow theirmaincomponentssuchastheCPU,the

radioandthe sensorsto have multiple operatingmodeswith
significantly differentpower levels. For example,the mica2
sensoplatform[29] allowsthe CPUto beputinto sleepmode

whereit consumesnly aboutg—loth of thepower consumedn

active mode; the radio componenton Telos consumesonly
0.1%of its full power transmissiorenegy [33, 28] whenin

idle mode.Similarly, thetemperature/humiditgensoion the
Telosplatform [33, 34] draws only 1 pA of currentin sleep
mode,comparedo 550 pA in active samplingmode. With

the supportof suchenegy-avarehardware design,it is now

feasibleto efficiently manageenegy consumptioron a sen-
sor node by appropriatelyswitching the operatingmode of

eachcomponent.

Most existing researctefforts in sensorenegy manage-
menthave focusedon optimizing the power consumptiorof
theradioandthe CPU[11, 3]. Theseefforts have beendriven
largely by the corventionalwisdom that thesecomponents
consumemost of the pawer on a sensomode[11]. At the
sametime, enegy conserationonthesensoicomponenhas
recevedlittle attention.In reality, the power consumptiorof
sensorgritically dependson their modality [11]. For exam-
ple,ahigh-paver modalitysensorsuchastheheadingsensor
offered by xBow [37], can consumea power of about375
mW, which is muchhigherthanthe 60 mW consumedy the
micaz2 radio transmittingat full power. Further even low-
power modality sensorsif not well-managedg¢ould account
for a significantpercentagef the total enegy consumption
afteraggressie CPUandradioenegy managementOur ex-
perimentspresentedn Section5, revealthatthe SHT series
temperature/humiditgensointegratedonthe Telosplatform,
thatusesonly 1.65mW of power while sampling,couldcon-
sumeupto 38% of thetotal enegy consumptionThus,effec-
tive modulationof the sensoroperatingmodesis crucial for
betterenegy conseration. Moreover, reducedsensingactiv-
ity enableshe CPUandtheradioto spendmoretimein sleep
mode,thusresultingin even higherenegy savings for these
componentsThereforewe believe thatsensompowercontiol
is notonly desitable but essentiafor sensormplatformenegy
manaement



1.2 Data Properties and Requirements

One major limitation of existing enegy managemengp-
proachess thatmostof themdonotconsidethepropertieof
the sensodataor applicationrequirementsSensorsneasure
physicalphenomenandproducedatastreams—sequencef
datavaluesobsered over a period of time. Most physical
phenomenaregovernedby physicallaws, thatresultin high
temporalcorrelationswvithin thesedatastreamsFor instance,
thetemperatureariationin aroomis governedby heattrans-
fer laws, which limit the amountof variationthat canoccur
betweentwo successie sensorreadingsof theroomtemper
ature.Suchtemporalcorrelationscanbe exploitedfor enegy
managemertty takingsensomeasurementsnly whenlarge
variationsareexpectedn theunderlyingdatavalues.

The desiredresolution of sensingis highly dependent
on application requirements. Different applicationshave
different data quality requirementsfrom the sensordata
streamg32]. For instance,a Heating, Ventilation and Air-
conditioningControl (HVAC) applicationmight requirefine-
grainedtemperatureeadingf abuilding within anaccurag
of 1°C. Ontheotherhand,a fire monitoringapplicationmay
only be interestedn determiningwhetherthe temperaturés
greaterthana pre-definedhreshold andcouldafford to have
coarse-grainedccuray in its temperatureeadings.

In addition, data quality requirementanay changeeven
for the sameapplicationover differenttime periodsand for
differentvaluerangeq32]. For example,the HVAC applica-
tion mayrequiremoreprecisereadingsduringdaytimewhen
officesare occupied,while only coarsemeasurementsiight
be sufficient at night when officesareempty Similarly, the
fire monitoring applicationmight require higher data qual-
ity when readingsare close to the thresholdcomparedto
whenthey arefaraway. Supportfor multiple dataresolutions
on sensomodesalso provides applicationswith an effective
meango achieve gracefulperformancelegradation9] when
thenetwork is congestear the sensomnodesareconstrained.
In caseof suchconstraintsthe applicationcan slow down
the datasensingand transmissiorratesby reducingits data
fidelity requirement. Thus, sensomode-leel awarenesf
applicationrequirementss essentiafor moreefficient usage
of thesensoresources.

The tradeof betweenenegy usageanddatafidelity calls
for a novel approachto enegy managementor sensomlat-
forms. In this paper we presentdSENSEa data-drivenap-
proach for enegy manayementthat utilizes knowledge of
the underlyingdatastreamso consere enegy on a sensor
node, while satisfyingthe applicationdataquality require-
ments.dSENSHSs anode-lerel pover managemerdpproach
thatemplgys sense-onttange—a samplingstrateyy thatag-
gressiely conseres power by reducingsensingactivity on
the sensornode. Our approachusesan efficient statistical
model of the underlyingphysical phenomendo predictfu-
ture sensorreadings. Thesepredictionsare coupledwith a
stochasticschedulingalgorithm to dynamically control the

operatingmodesof the sensomodecomponents.Using ex-
perimentalresultsobtainedon an enhancedsersionof Pow-
erTOSSIM [29], we demonstratehat our approachreduces
enegy consumptionby 29-36% while providing statistical
guaranteesn dataquality.

1.3 Research Contrib utions
This papemalesthefollowing researctcontributions:

e Data-drivensensorcontol: Most existing approaches
focuson minimizing datacommunicatiorto reducethe
enegy consumptiorof the radio andthe CPU. Our ap-
proachis novel in thatit providesenegy-efficient con-
trol of the sensingoperationdy incorporatingboth ob-
senationdatacharacteristicaswell asapplicationdata
guality requirements.

o Efficient data streammodeling: We presenta compact
statisticalrepresentatiofor the underlyingdatastreams
thatcanbe usedto efficiently predictfuture sensoread-
ings. Comparedo mary existing datamodels,our sta-
tistical modelsare ideal for sensomlatformsthat have
se/erestorageandcomputationatonstraints.

e Stotastic SensorSteduling: We proposea novel
stochasticschedulingalgorithm that combinesproba-
bilistic data stream predictionswith application data
quality requirementsto producea sampling schedule
for eachsensornode. Our schedulingalgorithm pro-
vides statisticalguaranteeon the application-specific
dataquality while substantiallyreducingtheenegy con-
sumptionof the sensoiplatform.

The restof this paperis organizedasfollows. Section2
describeghe sensorand applicationdatamodels,andintro-
ducesheterminologyto be usedin subsequergections.The
statisticaldatastreammodel is presentedn Section3, fol-
lowedby a descriptionof the stochasticschedulingalgorithm
in Sectiond. Section5 present&xperimentaresultsobtained
onthePaverTOSSIMsimulatorusingareal-world datatrace.
Relatedwork is discussedn Section6, and Section7 con-
cludeswith a summaryandfuturework discussion.

2 System Model and Terminology

2.1 Sensor Platform Architecture

The generaloperationalcycle of a sensornode consistsof
sensing,processing,and transmitting datato other sensor
nodes.Figure 1 illustratesthe generalarchitectureof a sen-
sor platform. Table 1 shavs the operatingmodesand power
levels of the variouscomponent®n Telos[33, 28, 34], are-
centlyintroducedow-power sensoiplatform. As canbeseen
from thetable,thereis a greatdealof variationin the power
consumptiorof thesemodes.The table shows thatthe com-
ponentswith thehighestpowerconsumptioraretheradioand
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Figure 1: Generalarchitectureof a sensorplatform: the
main componentarethe sensorthe CPU,andtheradiothat
togethercontrol the measuremerdind transmissiorof data.
An A/D corverteris usedto corvert sensomeasurement®
digital format,andabatteryis usedto powerthevariouscom-
ponents.

Component Operating Current
Mode Drawn (uA)

CPU Active 1800
Idle 55

Powversave 5

Radio TX (0dBm) 17,400

RX 19,700

Paveron 365

Idle (OscillatorOff) 20

Powerdown <1

Temp/humidity Measuring 550
Sensor Sleep 0.3

Table 1: The operatingmodesandpower levels of different
component®n the Telossensomplatform.

the processoin active modes. This implies that substantial
power saving canbe achieved by avoiding wirelesstransmis-
sionsand receptionsas well aslong computations. While

the sensorpower consumptionis smallerin comparison,jt

canstill add up to a large portion of the total enegy usage
if it is kepton for long durationsof time. Moreover, sens-
ing requiresthe processolito be in wakeup (active or idle)

mode,andhence sensingcanindirectly resultin higherCPU

powerusage.Thus,carefullycontrollingtheoperatingnodes
of eachcomponents essentiafor efficientenegy consump-
tion onasensomode.

2.2 Data-Sensing Model

A sensornode typically measureghe underlying process
by samplingit periodicallywith a basesamplingfrequency
The basesamplingfrequeng could dependon the physical
limitations of the sensingdevice, the available communica-
tion bandwidth,or the highesttemporalresolutionrequired
by the application. Thusthe sampleddatasequencet the
base sampling frequeny representsthe closest approx-
imation to the underlying (possibly continuous) process
that could be achieved by a sensomode. We refer to this
datasequencebtainedby sensingat the basesamplingfre-
gueny asthebaselinedatasequencéllustratedin Figure?2).

Underlying
... Data Sequence

Baseline
Data Sequence

Data
value

Time )
Baseline
Sampling Interval

Figure 2: Thebaselinedatasequenceapproximateshe un-
derlyingprocessy samplingatthe baselindrequeng.

Send-on-Change: A common power-saving technique
usedin sensornetworks is the send-on-bange approach
for datatransmission11, 30]. In this approachnew data

or updatesare sentout by a sensornode only when there

is a “substantial’ changedetectedin the underlying data

values.Underthis approachif no new datais recevedby an

application,it implicitly assumeshe currentdatavalueto be

the sameasthe mostrecentlyreportedvalue. The goal of the

send-on-changapproachs to avoid redundantransmissions
whenthereis little variationin datavalues.

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

Sense-on-change: Based on the above model, we pro-
posea new data-sensingpproachcalled sense-on{tangg.
Thegoalof this approachs to make datameasurementsnly
whena statechangeis likely. This approachs anextension
of the send-on-changapproachin thatit avoids redundant
sensingoperationsin addition to avoiding redundantdata
transmissions. Thus, this approachcould potentially save
sensingandprocessoenegy in additionto the transmission
enegy whenthereareno datachangedo report.

However, with this new approachi,it is possibleto miss
certainstatechangesf datawas not sampledat thosetime
instancesWe referto suchmissedstatechangessfalseneg-
ativesor missesasthey correspondo a falseexpectationof
not having a statechangewhenactuallythereis one. Simi-

1This definition of resolutionthresholdcorrespondso a relativethresh-
old, thatis usefulfor trackingdatavariations(e.g.,temperatureariationsof
1°C). Ontheotherhand,we couldalsodefineanabsolutehresholdf we are
interestedn comparisono a specificvalueof interest(e.g.,atemperaturef
100°C).
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Figure 3: Datasequenceproducedby usingdifferentstratgjiesunderthe sense-on-changamplingapproach(a) An ideal
stratgy samplesdataonly whenthereis a statechangebasedon the applications resolutionthresholdsé. (b) A practical
sense-on-changamplingstratgyy would try to emulatetheideal strateyy, but would have somefalsenegativesandsomefalse

positives,whereit would deviatefrom theidealsequence.

larly, it is possiblefor this sensingapproachto make amea-
suremenwhenthereis no actualstatechange. We refer to

suchredundansensingaventsasfalse positivesor falsehits,

asthey correspondo afalseexpectationof observinga state
changewhenthereis none. Figure 3 illustratesthe notion
of falsenggativesandfalsepositvesfor a datasequencdy

comparingit to anideal datasequencéthat consistsof sam-
plestakenonly at statechangepoints).

Notethata sensingschemeshouldstrive to minimizeboth
falsenggatives aswvell asfalsepositives: while falsenegatives
resultin degradeddataquality, falsepositivesresultin enegy
wastage We definetwo quantities—themissratio ¢ andthe
falsehit ratio p—to quantify the degradationin dataquality
andwastefulsamplingrespectiely:

n n
n= iaandp: l7
n n

where,n s andn,, denotethe numberof missesandfalsehits
respectiely, andn denoteghe thetotal numberof sampling
points(correspondingo the basesamplingfrequeng).

Having definedthe sensorarchitectureand data sensing
modelswe now present statisticalmodelingandprediction
techniqueor theunderlyingdatastreams.

3 Data Modeling and Prediction

The measurementmadeby a sensomodeare discreteand
form ordereddatasequenceggenerallyreferredto asobser

vationdatastreams Most physicalphenomenaregoverned
by physicallaws, resultingin temporalcorrelationswithin the
obsenation data streams. Thesecorrelationsconstrainthe
amountof variationin the datavalue from one obsenration
instantto the next. Our enegy managementechniqueex-

ploits suchtemporalcorrelationgo schedulesamplingpoints
aspartof thesense-on-changtata-sensingpproachThere-
fore, thefirst stepin our sense-on-changproachs to build

a datastreammodelthatcapturegheintrinsic temporalchar

acteristicof the physicalphenomenoibeingobsened.

Data streammodelscan be generallyclassifiedinto two
categyories: physics-basednodels and statistical models.
Physics-basednodels[1] are derived using detailedknowl-
edgeof the phenomenomeingobsered, suchasthe under
lying physical laws andthe configurationof the systemun-
der obseration. Thesemodelscan be very accuratewhen
the systemconfigurationis simpleor theoperationakrviron-
mentis well-controlled.However, it is difficult to getprecise
andaccuratedatamodelswhenthe systemunderobsenration
is complex and highly dynamicin nature,which is the case
for mary sensometwork applicationg10]. Statisticalmod-
els aremore suitablefor suchscenariosasthey typically do
not requireary domainknowledge, and can be constructed
easily using historical obsenrations. While it is possibleto
build highly complex anddetailedstatisticalmodels[5, 36,
we presenta simpleandefficient modelthatis ideally suited
for resource-constrainesensomplatforms.

3.1 Statistical Data Stream Model

Any statisticalmodel that we employ on a sensomode for
predictingfuture datavaluesmustsatisfythefollowing prop-
erties:

e The modelmustbe computationallyefiicient and com-
pactto representThesepropertiesareextremelyimpor
tantbecausef thelimited computingpower andstorage
availableoncommonsensoplatforms.Further efficient
predictionis alsoessentiato reducepredictionoverhead
andenepgy consumption(which we aretrying to mini-
mizein thefirst place).

e Sinceary statisticalmodelis basedon historicalobser
vations,someof its predictionsareboundto be inaccu-
rate and deviate from actualmeasurementsSuchun-
certaintyis inherentin ary modelthattriesto predicta
dynamicsystem. The model must, therefore have the
ability to captue and quantifythe uncertaintyinherent
in its predictions.



e Underthe sense-on-changepproachor datameasure-
ment, it is possibleto keepthe sensorandthe CPU in
sleepmodefor extendedperiodsof time. During these
off periods,the sensomodecanneitherupdateits data
readingshor canit predictsubsequendatavaluesuntil
the sensorandthe CPU areturnedon again. To handle
theseperiodsof inactvity, the datastreammodel must
be ableto predictdatavaluesupto i stepsaheadin the
datasequenceThevalueof k£ would dependbnthe sen-
sor nodecapabilityaswell asapplicationdatarequire-
ments. Of course,as soonasthe sensomodemakesa
new measurementhe new valuecouldbe employed by
thedatamodelto make freshpredictions.

Model Deriv ation

We now presenta statisticaldatastreammodelthat satisfies
the above properties.Intuitively, in this model,we represent
ary datavalue by a probability distribution on its possible
valueg. We then model the temporalvariationsin the data
valuesto make predictionsin the datastream.

Formally, we definethedatamodelas:

Xivk = X + Dy, 1)
where, X; denotesthe datavalue at time instances, X,
denotesthe predicteddatavalue at time i + k, i.e., k time
stepsforward from stepi, and Dy, representshe distribution
of the differencebetweenthesevalues. Then, the modelis
completelydefinedoncethedistributionsD,,,, m = 1,... .,k
areknown.

Onewayto derive thesedistributionsis by usingatraining
datastreanof lengthn: X;,i =1, ...,n, and,for eachvalue
m = 1,..., k, computingthe histogramof the m-stepvalue
differences

Dm(l) = X’H—m —X“Z = 1, , N —m.
Directuseof thesehistogramgo representhe corresponding
distributionswould requirelarge amountof storageon each
sensonode.However, thesedistributionscouldbecompactly
approximatedy normaldistributions?, eachof which needs
only two parametersthe meanvalue i andthe standardie-
viation 0. The meanvalue of eachnormaldistribution is es-
timatedusingthe samplemeanof the histogramandthe stan-
dard deviation is estimatedusing the correspondingsample
standarddeviation. Then, given a (deterministic)datavalue
X, Equationl canberewritten as

Xitk Xi + N(pw, o)
= N(Xi+ pr,0r),

2A deterministicvaluewould be representeéh this modelby a distribu-
tion with aprobability of 1 atthegivenvalue.

3We assumehe valuesDy,(i),i = 1,...,n — k, to bei.i.d., andthus
expectDy. to benormallydistributedby the CentralLimit Theorem[2].

where, N(u, o) denotesa normaldistribution with meany
and standarddeviation o. Intuitively, the abose model cap-
turesthe datavariationwithin k time stepsasa randomwalk
process.

Model Properties

This modelsatisfieghe desirablepropertiesve specifiedear
lier. Firstof all, this modelhasa compactrepresentationit
requiresonly & pairsof (i, o) valuesto bestoredon eachsen-
sornode,alongwith asmalltablefor thenormalizedunit nor-
mal distribution N (0, 1). The modelis alsocomputationally
efficient for prediction: ary normaldistribution N (u, o) can
be transformedo the unit normaldistribution N (0, 1) using
the simplerelationz = *>£. The predictionof subsequent
datastreamvaluesthenreducedo a tablelookup. Secondly
themodelimplicitly capturegheuncertaintyof predictionby
emplgying probability distributionsin the estimation. These
distributions enableus to estimatethe likelihood of the oc-
currenceof a specificdatavalue. Finally, by usingk different
(u, o) pairs,themodelallows usto predictvaluesuptok steps
aheadn thedatasequence.

State Chang e Probability Evaluation

Theabove statisticaldatastreammodelallows the prediction
of future datavalues. Thesepredictionscanthenbe usedto
determinethe statechangeprobabilities,basedon the appli-
cations dataquality requirementRecallthatanapplications
dataquality requirements specifiedin termsof a resolution
threshold). Then,giventheabove predictionmodel,comput-
ing the statechangeprobabilityis assimpleaslooking up the
valueof § in thelocally storednormaldistribution tableafter
appropriat@ransformationso the unit normaldistribution.

3.2 Model Construction and Update

Thestatisticaimodeldescribedbore mustbeconstructedbe-
foreit is storedon individual sensomodes.Moreover, in or-

derto capturechangesn the dynamicsof the obsered data
stream,the model may also have to be updatedfrom time
to time. We amuethat suchmodel constructionand update
shouldbe carriedout at basestationswith sufficient compu-
tationalandbandwidthresourcesThis is becausesensomnet-
works presentseveral challengesn carryingout thesefunc-
tionson sensomnodes:

e Eachsensomodehasonly limited andincompleteview
of the phenomenorbeing obsered, especiallywhen
dataat certaintime instancesrenot sampleddueto en-
ergy conserationconcernsDeriving andmodifying the
predictionmodel basedon this incompleteview at in-
dividual sensomodesis thusboth inaccurateaswell as
undesirable.



e Estimating model updateson each sensornode may
causeredundantwork. For example, multiple sensors
that are placedin close proximity would have similar
models.

e Puttingthe burdenof modelupdateon eachsensonode
addsenegy consumptioroverheadwhich may prevent
usageof complex models. This overheads no problem
for basestationawith sufficientcomputingpowerandno
enegy constraints.

e Several physical phenomenaxhibit long-rangecorre-
lations such as time-of-day effects. The phenomena
thusneedto be modeledusinglong-termhistoricaldata,
which is difficult to store on individual sensornodes.
However, this can be done much more effectively on
basestationswhich have no storageconstraints.

Updatingamodelis thesameasits initial constructiorex-
ceptfor theuseof adifferenttrainingdataset. New modelpa-
rameteraresentfrom the basestationto sensonodeswhen-
everthebasestationdetectsa significantdeviationin thedata
streams. Sincethe predictionmodelstake small numberof
parameterandareupdatednfrequently the amortizedcom-
municationcostof modelupdatess expectedo be ngligible.

4 Stochastic Scheduling Algorithm

4.1 Overview

Thedatastreammodelderivedfor anunderlyingprocessan
beusedto predictsubsequerdatavaluesthatarelik ely to oc-
curbasednthepastobseredvalues.Thesepredictedvalues
canthenbe usedto determinethe samplingpointsat which
statechangesarelikely to occurandwherethe sensomode
shouldbescheduledo sensenew datavalues.For theremain-
ing time periods the sensomodecanbe putinto sleepmode:
the CPU in powversaze mode,radio in powerdown mode,
andthe sensordn sleepmode. In this section,we present
a stochasticschedulingalgorithmthat employs the underly-
ing datastreammodelto determinesubsequensensingin-
stants. The goal of this schedulingalgorithmis to minimize
theenegy consumptiorwhile meetingthe desireddataqual-
ity requirement®f the application. Note that our stochastic
schedulingalgorithmdoesnot dependon the specificpredic-
tion modelbeingused,andcanbe usedin conjunctionwith
ary kind of datastreanmodel.

The sensorschedulingalgorithm mustsatisfy several im-
portantrequirementsvhile determiningthe sensingpoints:

e Sinceenepy is a preciousresourcen sensoplatforms,
the overall enegy consumptionof the sensingprocess
shouldbe minimizedas muchaspossible. The overall
enegy consumptiorof a sensingprocesss the sumof
enegy spentin the sensorgfor makingmeasurements),

theradio (for sendingrequiredvalueupdatesvhennec-
essary),and keepingthe CPU in power-on state, ei-
ther active or idle, (for sensingradio transmissiorand
schedulingoperations).The schedulingalgorithmmust
try to minimizetheenegy consumptiorof all thesecom-
ponents.

e Sincedataat sometime pointswill not be sampled,it
is possibleto misssomeof the statechangeevents. In
this case the schedulingalgorithmmustensurethat the
overall sampleddatameetsanapplication-specifiedata
quality requirementThe dataquality requiremenbf an
applicationcanbeexpressedn termsof themissratio s,
definedin Section2.2, asthis metric captureshe accu-
ragy of themeasurediatacomparedo the baselinedata
sequenceThus,for instanceanapplicationmayrequire
thatthe sensingscheméhave amissratio of at most5%,
thuscapturing95% of the samplesaccurately

e As sensingdecisionsmustbe madebeforea sampleis
taken,they arebasedon predictedinformationprovided
by the underlyingdatamodel. Sinceuncertaintyis in-
evitable in predictions,statechangescan only be pre-
dicted probabilistically For such probabilistic events,
deterministicschedulingvould resultin poordataqual-
ity or enegy wastage.Therefore ,schedulingdecisions
must also be stochasticand the probability of sensing
shoulddependon thelikelihood of statechangeaswell
asthedataquality requiredby the application.

Overall,theschedulingalgorithmmustmake atradeof be-
tweenenegy consumptiorandsamplingquality in astochas-
tic mannerthat depend=on the predictionmodel of the un-
derlyingprocessNext, we formalizethe schedulingoroblem
andthevariousrequirementsliscusse@bove.

4.2 Problem formulation

We formulatethe stochasticschedulingproblemas an opti-
mization problemthat minimizesthe total enegy consump-
tion while providing statisticalguarantee®n datasampling
quality.

Let usassumehatthe baselinedatasequenceonsistsof
N datasamplesandthe probability of statechangeata sam-
pling instant: (determinedusingthe underlyingdatastream
modelandtheapplications resolutionthreshold) is ¢;. Fur-
therassumehatthe averageenegy” spentfor eachmeasure-
mentis eq,q. Finally, let the applications dataquality re-
quirementbe expressedas a tolerancelevel ® Fy € [0,1],

4Theactualenegy speniateachsamplinginstantconsistsf sensorCPU,
and radio power consumptions. This enegy may vary betweensampling
points dependingon which componentsre active (e.g., whetherthereis a
transmissiorevent when datais sensed).For simplicity of exposition, we
consideran averagevalue for this enegy here,even thoughwe accurately
accounffor theactualtotal enegy spentin our experiments.

SWe definea correspondingnetricconfidencdevel as(1-K;).



suchthatits missratiop. < Fy. Then,thegoalof thestochas-
tic schedulingalgorithmis to determinea probability of sens-
ing p; € [0,1] for eachsamplinginstantsuchthatit mini-
mizesthetotal enegy

N
E= Zpi * Eavg (2)
=1
underthe constraint
N
(=) a

Theconstraingivenby Inequality3 satisfieghe statistical
dataquality requiremenbf the applicationaswe requirethe
expectedmissratio to be lessthanthe application-specified
tolerancelevel. Recall from Section2.2 that the expected
missratio, u, is evaluatedas the expectednumberof false
negativesdivided by the total numberof datasamplesThus,
given the false negative probabilities f,,; over all sampling
instanceswe have,

EDYARY Y
=Lin:,

Now, sincethe probability of sensingp; is positively corre-
lated to the probability of statechangeg; at eachsampling
instang, the false negative probability f,,; at eachschedul-
ing instantis lessthanwhatwould be obtainedby assuming
independencbetweerp; andg;. In otherwords,

[ (4)

fri < (X =pi) - g
Thus,the missratio (Equation4) reduceso

N
Zi:l frm
N

N
Ei:l (1 _pi) © i
N

M =

<

Thus,theconstrain{Inequality3) satisfieghedataquality
requiremeni < F),. In fact,the constraintis a conserative
boundonthedataquality requirementsuchthatif aschedule
satisfiesthe constraint,it must also satisfy the dataquality
requirement.

4.3 Scheduling Algorithm

Having presentedhe formal problemformulation, we now
presentstochastischedulingalgorithmthatcloselyapprox-
imatesthe optimizationproblem. The goal of the schedul-
ing algorithmis to determinethe sensingprobability p; for
eachsamplinginstancegiven the statechangeprobability ¢;
for that schedulingpoint. Given ¢;, solving for the precise

6This canbe seenfrom the fact that the higherthe value of ¢;, i.e., the
probability of statechanges, the higherthe valueof p;, i.e., the chanceof
takinga samplewould be.

valueof p; would requirethejoint distribution of therandom
processe®f samplingand statechanging. This distribution

is neitheravailable nor desirabledueto its high storageand
computationabverhead. Instead,we simplify the computa-
tion of p; asfollows: we first determinethe upperandlower
boundsfor p;, andthe schedulingalgorithmthenchoosesa
valuefrom this rangebasedon a heuristicwe describeater.

Intuitively, theupperboundof p; specifiealimit suchthatse-
lectingvalueshigherthanit would onlywasteenepy for pro-
viding unnecessargataquality improvement. On the other
hand,the lower boundof p; correspond$o a limit, suchthat
going below it would alwaysresultin violation of the appli-
cationstolerancdevel.

4.3.1 Determining
Probability

the Upper Bound of Sensing

To determingheupperboundonthevalueof p; for agiveng;
value,our schedulingalgorithm performslocal optimization
insteadof globaloptimizatior!. In otherwords,the optimiza-
tion problemis reducedo minimizing p; ateachscheduling
instantunderthe constraint

(1—pi)-qi < Fa,
whichyieldsthe solution

ub _ O, if 0 S q; S Fn
Po= 1L ifF,<qg<1

Thisvalueof p; is anupperboundonthevalueof thesens-
ing probability becauseary sensingorobabilityvaluehigher
thanpi®, while alwayssatisfyingthe local optimizationcon-
straint,would bemorewastefulof enegy. In otherwords,p%®
is the minimumvalueof p,; thatguaranteethe satishctionof
thedataquality requiremenfor ead sensingnstance.

4.3.2 Determining
Probability

the Lower Bound of Sensing

To determingthelower boundonthevalueof p;, we consider
the most optimistic scenariowhere every samplecatchesa
real statechange,i.e., thereare no false positives. In this
scenariothe dataquality requirementanbe satisfiedonly if
qi — pi < Fy, 0r

pi = qi — Py,

which providesuswith thefollowing lower bound:

0
b __ )
pi{qi_an

Thisvalueof p; is thelowerboundbecausearny sensingrob-
ability valuesmallerthanp!® would alwaysresultin violating

ian<qi§1

"Notethatlocal optimizationmeetsa stricterrequiremensincesatisfying
theconstraintat eachsamplinginstanceautomaticallysatisfieshe constraint
over all samplinginstances.



Feasible
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Figure 4: The relation betweensensingprobability p; and
the statechangeprobability ¢;. F,, is thetolerancdevel that
determineghe boundon dataquality, while F), is the false
hit ratio thresholdthatis usedasa tuning parameteto select
a value from the feasibleregion boundedby the upperand
lower boundsof p;.

the dataquality requirementThus,thevaluep!® corresponds
to thesmallestvalueof p; giveng;, suchthatthe dataquality
constrainttouldbe met.

4.3.3 Selecting the Sensing Probability Value

Giventheupperandlowerboundsonthevalueof p; giveng;,
we presenta heuristicto selectthe actualvalue of p;. Note
that the applicationusesa missratio bound F;, to limit the
dataquality degradation.Analogously we canboundthe en-
ergy wastageby usingafalsehit ratio limit £,. Our heuristic
usesthis limit F}, asthe tuning parametetto determinethe
p; valuefrom theregion boundedby p!® andp¥®. Lower val-
uesof F,, correspondo moreaggressie enegy saving, while
highervaluesof F}, provide betterdataquality atthe expense
of higher power consumption. £}, can be approximatedas
F, = p; - (1 — ¢;), whichyields
FP

Di (1 — Qi) ,
subjectto the two boundsderived abore. The stochastic
schedulingalgorithmthen usesthis p; valueto probabilisti-
cally schedulea sensingeventat a samplingpoint.

Figure4 shavs therelationbetweerthe sensingprobabil-
ity p; andthe statechangeprobability ¢; for a givenvalueof
the dataquality thresholdF;,. The figure alsoshaws thein-
termediatevaluesthatp; would take basednthevalueof the
tuning parameter,.

4.4 Dynamic Adaptation

Onelimitation with ary dowvn-samplingschemas thatit pro-
vides no information aboutthe unsampleddatavalues,and
it is possibleto potentially miss unforeseerstate changes.
Sincethe estimationof the statechangeprobability ¢; in our

schedulingalgorithmdependson the underlyingdatamodel
aswell asthe recently obsered datavalues, missing state
change<souldresultin highly inaccuratey; values.Suchin-

accurag could furtherleadto poor schedulingdecisionsaf-

fectingthe dataquality of the application. Thus, it is impor

tantto ensurethatour schedulingschemeadaptgo sudderor

unforeseemlatavariations.

While it is not possibleto directly obsere falsenegatives
(correspondingo missedstate changes),we can measure
falsepositive ratesto estimatethe dynamismin the underly-
ing data. Intuitively, a low rateof falsepositivesimpliesthat
most of the sensingeventsresultin statechangessuggest-
ing the possibility of missingothersignificantchangesThus,
a low false positive rate could be taken as an indication of
moredynamicdatavalues.andthenumberof samplingevents
shouldbe increasedn this caseto catchpossiblysignificant
statechanges.On the otherhand,if we obsene ahigh rate
of falsepositives,it meanghatwe aretakinglarge numberof
redundansamplesinary of whicharenon-informatve. Such
a high rateindicatesa relatively stabledataprocessandthe
samplingprobability shouldbe decreaseth this caseto save
enegy.

We usethe tuning parametetF,, to achieve this dynamic
adaptatiorof thesamplingprobabilityp,. Recallthatahigher
valueof £}, correspond$o highertoleranceo observingalse
positives,while lower valuescorrespondo tighterboundson
the numberof redundansamples.Thus, basedon the intu-
ition describedabove, whenever the obsered falsepositive
rate (the false hit ratio p) becomedow, we incrementthe
value of F}, to allow more stochasticsamplingevents. On
the other hand,when p increasego high values,we decre-
mentthe valueof F), to reducethe samplingprobability and
sase enegy. Theselectionof p is atradeof betweenenegy
efficiency andresponsienesf dynamicadaptation.

45 Practical Considerations

While we have describedur stochasticchedulingalgorithm
in termsof sensingprobabilitiesp;, theseprobabilitieshave
to be translatednto the actualsamplingschedule.We per
form this translationasfollows. Given p;, a pseudorandom
numbergeneratolis usedto generatess numberz € [0, 1],
and a sensingeventis scheduledat the schedulinginstance
i if z < p;. However, performingthis translationat each
schedulinginstanceis not efficient as the CPU would have
to beturnedon to performthe requiredcomputationdefeat-
ing the purposeof stochasticsamplingin the first place. To
amortizethe enegy costof schedulegenerationwe gener
ateabatchsequencez;} of pseudorandomnumbersa pri-
ori. Then,at eachscheduledsensingnstant(whenthe CPU
is turnedon arnyway for controllingthe sensor)the stochas-
tic scheduledetermineghe next samplinginstantusingthe
pre-generatethndom numbesequenceTheschedulecould
cycle throughthe sequencagain or generate new sequence
shouldthe numbersbe exhausted. The CPU (and other de-



vices) arethen put into sleepmodeuntil the next sampling
instant.

5 Experimental Evaluation

5.1 Experimental Setup

We have implementeda dSENSEprototypeon TinyOS and
evaluatedits performancefor the Telos platform [28] in
PanverTOSSIM [29], an extensionof the TinyOS simulator
TOSSIM[20] with enepgy estimationcapabilities.The Telos
platform was selectedor its supportfor sensompower man-
agement:the temperature/humiditgensoron Telosis auto-
matically put into sleepmodewhen no datais being mea-
sured.

We madesereral enhancement® PoverTOSSIMto en-
ableaccuratesensorcontrol and power estimation. The cur
rentversionof PaverTOSSIM doesnot supportdetailedsen-
sor power estimation.Sensorareassumedo be alwayson,
asis the casefor the mica2platform[29]. We extendedPow-
erTOSSIMby addingnen delug messagem the ADC read-
ing interfaceusedfor sensoreadings Thesedehug messages
carry the channelnumberandthe currenttime-stampwhen-
everanADC readingrequesis issued.Theenegy modelfor
the Telosplatformis givenin Table1l. An ADCDatalLoad-
ing plugin wasalso developedfor the TinyViz visualization
tool to allow dynamicloadingof datatracesfor sensorread-
ings. This ADCDataloadingplugin alsoenablectatchingall
sensotrelateddelhug messaget computethe corresponding
sensorenegy 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 samplingfrequeng of 0.1Hz for
two days. In orderto capturegreatertemperaturevariations,
thesensowasplacedcloseto aventilationexit. Thecollected
datatraceis shaovn in Figure5. We usedthis datatracein our
simulations gachof whichwasrun for asimulationperiodof
10,000secondgcorrespondingo 1000samplepoints). The
simulationtime periodstartsat the datapoint 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
simulationwasrepeatedanultiple timeswith differentrandom
seedsaandthe arithmeticmeanis reported.

5.2 Model Construction

Building ervironmental data such as temperaturereadings
usuallyexhibitstime-of-daypatternsascanbeseerfrom Fig-
ure5. Thereforewe usethe sametime periodof 10,000sec-
ondson the first day asthe training setfor constructingthe
datastreammodel(describedn Section3). Figure6 shovs
the datahistogramandthe correspondingsaussiardistribu-
tion approximatiorfor single-stegorediction(k=1). Thisfig-
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Figure 5: Datatraceconsistingof two daysof temperature
variationin aroom.
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Figure 6: Gaussianmapproximationto the histogramof a
single-stepredictor(k=1)

ureillustratesthatthe Gaussiarlistributionis a closeapprox-
imation of the histogramdistribution. Table2 lists the Gaus-
siandistribution parametergorrespondingo k-steppredic-
tion modelswith k rangingfrom 1 to 20.

5.3 Performance Results

We now presentthe resultsobtainedfrom our performance
evaluation.We begin by measuringheoverheadf dSENSE.
We thenpresenexperimentakesultsobtainedby varyingthe
different experimentalparametersuch as the applications
resolutionthresholdandthe missratio confidencdevel. We
presentwo casesonewith relative resolutionthresholdsand
the otherwith absolutethresholdspecification.For eachex-
perimentwe examinetheenegy savingsandthelevel of data
quality provided. In our experimentsywe comparehefollow-
ing enegy managemerdtratgies:

e Baselinesampling: Baselinesamplingcorrespondgo
taking sensomeadingsat the baselinefrequeng of the
sensot(asdefinedin Section2.2). This samplingstrat-
egy usesa send-on-changapproachfor enegy man-
agementwhereit transmitsdataonly whenthereis a
statechange.Restof the time, the CPU andthe sensor



[ TimeStepk | w [ o [ TimeStepk | p [ o |

1 0.14 | 0.76 11 154 | 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 14 197 | 7.14
5 0.7 | 2.86 15 211 | 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: Parametergor the 20-steppredictionmodel.

arein sleepmodeandthe radiois turnedoff. We use
baselinesamplingfor comparisorasit reflectsthe cur-
rent bestpracticein sensorenegy managementNote
that baselinesamplingrepresentghe worst-casesam-
pling stratgy in termsof the numberof samplegaken,
while achieving zeromissratio for theapplications data
requirement.

¢ |dealsampling:ldealsamplings aclairvoyantsampling
stratgy basednanapplications dataresolutionthresh-
old thattakessamplenly whenthereis a statechange.
It furthertransmitdataonly atthesesamplinginstances,
andleavesthe CPU andthe sensolin sleepmode,and
theradioturnedoff restof thetime. Thusidealsampling
consumesheleastpossibleenegy while achieszing zero
missratio.

e dSENSHwith upperboundsamplingprobability: Thisis
our stochastischedulingalgorithmthatemploys theup-
perboundof the samplingprobability (describedn Sec-
tion 4.3) to determinethe samplingpoints. Recallthat
this choice of samplingprobability correspondgo the
most conserative choicefor meetingthe applications
missratio guarantee.

e dSENSHwith lower boundsamplingprobability: Thisis
similarto thepreviousstratgy exceptthatit emplgysthe
lower boundof the samplingprobability This stratey
is the mostenepgy-efficient schemewhile providing the
mostrelaxedguaranteesn dataquality.

e DynamicdSENSEThis stratgly emplgys the stochastic
schedulingalgorithmwith dynamicadaptationlt adapts
to the currentdatastreamconditionsandthus provides
atradeof betweerenegy consumptioranddataquality
guarantees.

dSENSE Overhead

The enegy overheadn dSENSEconsistsof two main com-
ponents. First, at eachsamplinginstant, dSENSEincurs a
fixed enegy overheaddueto the extra CPU time spentcom-
putingthe statechangeprobability samplingprobability, and
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Figure 7: Enegy consumptiorfor afixedconfidencdevel =
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generatinga pseudo-randomumberfor makinga sampling
decision. To computethis overheadwe usedthe CPU pro-
filing toolsin PoverTOSSIMto measurehe numberof CPU
cyclesusedfor thesecomputations.It turnedout to be ne-
ligible as,on average,only 660 cyclesneededor eachtime
point, correspondingo a total enegy overheadof 0.89 mJ
for the simulationperiod (lessthan0.5% of the total enegy
consumption) Theseconcenepy overheadcomponents the
enegy neededor modelupdate. However, aswe discussed
in Section3.2,themodelupdatewould betypically doneona
basestation,andthe modelwould thenbeloadedon the sen-
sornode.Thustheonly overheadncurredonthesensonode
by this componentis the enegy spentin dowvnloading the
model,whichis extremelysmallas,in practice thesemodels
would eitherbe pre-loadedor infrequentlyupdated(weekly
or monthly). We alsomeasuredhe dSENSEmemoryover-
headto be 2310bytesin ROM and242bytesin RAM. These
resultsshav thatdSENSEmplementatioris extremelycom-
pactandefficient.

Relative state chang e threshold

This sectionshaows the enegy performanceof varioussam-
pling stratgiesdescribedabove in responsdo multiple data
resolutionrequirementsspecifiedin form of relative state
changethreshold.In this requirementit is consideredh state
changewhenthe differencebetweenthe nev datavalueand
the mostrecentlysentvalue is greaterthan the pre-defined
threshold. Performances evaluatedin termsof the enegy

consumptionand missratio. For eachexperiment,the ap-

plication specifiesa confidencdevel that correspondso the

minimummissratioit is readyto suffer.

Figure 7 shavs the enegy consumptionof the various
schedulingstratgyies. The horizontalline in the figure de-
notesheminimumenegy neededvhenthereis nosensingr
radio transmission.This enegy correspondso the absolute
minimum enegy requiredjust to keepthe sensomodepow-
eredon (with theCPUin sleepmode,andtheradioandsensor
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poweredoff) without doingary usefulwork. This enegy re-
flectsthe hardwarelimit imposedon ary power management
scheme.

We make several interestingobsenationsfrom Figure7.
First, after emplgying the commonly usedsend-on-change
strateyy, the radio componenis no longerthe mostenegy-
consumingcomponen{consumingnly about0.7-28%of the
total enegy). Second,the CPU now consumeshe largest
amountof enegy (about44-61%of thetotal), mostof which
is spentin sleepmode.Thisresultoccursdueto two reasons:
oneis thatthe CPUspendsnostof its timein sleepmode,and
the otheris dueto the new adwvancesn Telosplatformwhich
have significantly reducedthe idle CPU currentdrain to 55
A8, Third, sensingiow consumes significantpercentagef
thetotal power. For instancewith baselinesamplingsensing
accountdor about28% and38% of thetotal enegy for state
changehresholdof 2 and50 respectiely. Theseresultsver
ify our contentionthateven low-power modality sensorsan
accountdor alarge percentagef enegy consumption.

We alsoseefrom Figure7 thatthe enegy consumptiorof
thedynamicschedulingalgorithm(166-254mJ)lies between
thoseof the upperbound(167-264mJ)andthe lower bound
(166-228mJ) stratgies. Dynamicschedulingcanreducethe
baselineenegy consumptiorby about29%to 36%. In ad-
dition, the dynamic schedulingalgorithm consumesalmost
the sameamountof enegy astheideal samplingstratey. In
somecaseqthreshold= 2 and5), the dynamicstrat@y even
consumedessenepgy thanideal sampling. Note that this is
possiblebecausedynamic samplingis allowed a 10% miss
ratio, while idealsamplinghaszeromissratio.

Figure 8 shawvs the missratios associatedvith the three
dSENSEsamplingstratgjies. As canbe seenfrom Figure8,
the dynamic(1-9.4%)andupperbound(0.7-6.8%)sampling
stratgies always stay within the tolerancelevel (10%) for
all valuesof resolutionthresholds. The lower boundstrat-
egy yieldslower missratiosfor high ¢ values(corresponding
to coarseraccurag requirement)put go above the tolerance
level to 17.4%and 13% respectiely for low § values(fine-

8The CPU, in idle mode,now draws lesspower thanlow-power modality
sensorsuchasthetemperatureensor
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grainedaccurag) of § = 2 and>5.

Figures9 and 10 shav the performanceof the various
stratgiesfor a fixed resolutionthresholdof 5, with varying
missratio tolerancdevels. Figure9 shavs uptoanadditional
18%enegy saving whenvaryingthetolerancdevel from 1%
(confidence= 99%) to 30% (confidence= 70%). Figure 10
again verifiesthatthedynamicandupperboundstratgiesal-
waysguarantegherequiredtolerancdevel.

As describedin Section4.3.3,in the dynamicdSENSE
schedulingstratey, thefalsepositive thresholdF, is usedas
a dynamictuning parameteto adjustsamplingprobabilities
p; following variationsin the underlyingprocessesTheval-
uesof thesamplingprobabilityp; obtainedn thismannerare
anindicatorof how enegy consumptions distributedtempo-
rally. Figurell shaws the variationof the tuning parameter
F, andthesamplingprobabilityp; overthetime periodof the
testdatatrace.As canbe seenfrom the figure, highervalues
of F,, andthushighersamplingprobabilities(corresponding
to higherexpectedenegy consumptionpccurattime periods
with larger datavariation. This resultindicatesthat the dy-
namicalgorithmis ableto adaptto changesn theunderlying
phenomenorand spendsmore enegy during stagesof flux.
This figure alsoshaws the ability of the dynamicscheduling
algorithmto achieve adaptve samplingwithout any model
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updates.

Figure 12 shavs how well the dynamicschedulingalgo-
rithm approximatesheoriginal datatrace.Thisfigureis gen-
eratedfor aresolutionthresholdof 5 with confidencdevel of
90%. As canbe seenfrom thefigure, the algorithmmatches
theactualdatavaluesclosely thusproviding agoodapproxi-
mationof thedatastream.

Overall, these figures demonstratethat the dynamic
dSENSE schedulingalgorithm can achieve significant en-
ergy savingsin responséo multiple resolutionrequirements,
while providing statisticaldataquality guaranteesDynamic
schedulingbalanceshepower consumptiorandquality guar
anteedetweerthe upperandlower boundsasexpected.The
dynamicdSENSEschedulingalgorithmalsoshaved the ca-
pability to adaptto datavariationswithoutany externalmodel
updatesthusmakingjudicial useof the availableenenpy.

Absolute state chang e threshold

We now show the performanceof dSENSEfor absoluteres-
olution thresholdspecification. With an absolutethreshold,
a statechangeis definedto occuronly whenthe datavalue
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crosseghe threshold. The samedatasourceand prediction
modelsare usedfor theseexperiments.This kind of thresh-
old specificatioris motivatedby alarm-typeapplicationsthat
typically generatalarmsat thresholdcrossingsandhave lit-
tle interestin trackingthe actualdata. This experimentalso
demonstratefiov dSENSEhandlesvalue-basedlataaccu-
ragy requirementas higher accurag is requiredfor values
aroundthethresholdine.

Figuresl3,14and15presentesultsgeneratedrom anex-
perimentusing an absolutethresholdof 450 and confidence
level of 99%. Figure 13 shows that dSENSEcanachiere a
35% enegy saving comparedio baselinesamplingscheme
and consume®nly about4% more thanthe ideal sampling
stratg@y. The missratio for the dSENSEschedulings mea-
suredat 0.8%, satisfyingthe confidencelevel requirement.
Figure 14 shavs the samplingprobability distribution over
the testtime period. This figure shawvs that highersampling
probabilities(moreenepgy) aregeneratedn the periodwhen
datavaluesarecloseto the thresholdline. This is primarily
becauseahe datamodel predictshigher statechangeproba-
bilities during thesetime periods. Figure 15 shaws that the
dynamicdSENSEstrateyy closelytracksthethresholdcross-
ingsof theoriginal datatrace.
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6 Related Work

Dynamic Power Control: Dynamic voltage scaling and
operating-modawitchingtechniquesave beenwidely used
for enegy managementin workstations[13], mobile sys-
tems|[23, 12, 24, 27, 38|, embeddedsystems[21, 8, 31],
and sener disks [16]. While most of theseexisting ap-
proacheshave usedthe generalideaof prediction-basedly-
namicpower control,they donotconsidempplicationseman-
tics anddataquality requirementsOn the otherhand,one of
the main contribtutionsof our work is the explicit incorpora-
tion of applicationrequirementsn dynamicenegy manage-
ment.

Sensor Energy Management: Recently there hasbeena
greatdealof researchinterestin enegy managemendn sen-
sor platforms. However, mostresearctefforts have focused
at the network level, trying to minimize the datacommuni-
cationsbetweenmultiple sensornodes[4, 25]. Node-level
power managementor sensorplatformshasreceved little
attention. Dynamic Pover Managemen{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 sensomodecomponentsn responsdo
different workloads. However, unlike our approach,DPM
is a purely OS-directedpover managementechniquethat
is completelyunavare of applicationsemantics.It provides
enegy-accurayg tradeof only at a genericlevel without ary
multi-level accurag guaranteesOn the otherhand,our ap-
proachprovidesstatisticaldataquality guaranteeso applica-
tions. Finally, ourtechniques ableto handlebursty datapat-
terns[32] andtime-of-dayeffects[36] that are not handled
by DPM. The multiple sensingunit scheduling(MSUS) [7]
takesa similar approachto DPM, andit alsofails to incorpo-
rate applicationsemanticsand temporallocality inherentin
measuremendatastreams.Anotherapproachto node-level
enegy managemenemploys admissioncontrol for multiple
applicationg4]. Ourwork is complementaryo thisapproach
asdSENSEis a lower-level building block suitablefor man-
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agingindividual applications.

Stochastic Scheduling: Stochastisensoischedulinghasre-

ceived someattentionin the control communityfor target-
trackingapplicationg[15]. However, the focus of this work

is on maximizing estimationaccurag throughthe schedul-
ing of a setof sensorswhile our main goal is to minimize
enegy consumptiongiven anaccurag requirement.More-

over, the algorithm proposedn this work is essentiallyex-

haustve searchwhich makesit infeasiblefor implementation
on alow-power sensoplatform.

Multi-resolution data quality: Accessto dataquality at

multiple resolutionshasbeenemplo/ed in several contexts.

For instancemultimediasenersallow transmissiorof video

contentat multiple resolutionsbasedon network conditions
andclientcapabilitied19, 18]. Anotherapproach14] allows

applicationgo degradetheir datafidelity to consere enegy

in sener or workstationenvironments.Theseapproachesre
fundamentallydifferentfrom ourapproachwhile they enable
application-dwen degradationof dataquality, thegoalof our

approachs to minimize enegy consumptiorwhile meeting
the applications data quality guarantees.Application data
quality requirementasalsobeenemplosed for maintaining
consisteng of Web cacheq35]. However, this effort is fo-

cusedon conservingnetwork bandwidthover the Internet,
while our main goal is the conseration of enepgy in a sen-
sornetwork.

7 Concluding Remarks

In this paper we presentediSENSE:a data-drivenapproach
for enegy managemenin sensorplatforms. dSENSEis a
node-leel power managemenapproactthat utilizes knowl-
edgeof theunderlyingdatastreamsswell asapplicationdata
quality requirementdo consere enegy on a sensornode.
dSENSEemploys sense-on-change—samplingstratayy that
aggressiely conserespower by reducingsensingactivity on
the sensomode. A novel aspectof this stratey is that, un-
like mostexisting enegy managemerntiechniquesthis strat-
egy enablesxplicit controlof the sensomlongwith the CPU
andtheradio. We presente@nefficient statisticaldatastream
modelthatis usedby dSENSEto predictfuture sensoread-
ings. Thesepredictionsarecoupledwith astochasticchedul-
ing algorithmto dynamicallycontrol the operatingmodesof
the sensomodecomponentslUsing experimentalresultsob-
tained on PoverTOSSIM with a real-world datatrace, we
shaved that our approachreducesenegy consumptionby
29-36%while providing strongstatisticalguaranteesn data
quality.

As partof future work, we intendto extend our work in
severaldirections.We would like to modelthe radiocompo-
nentasa pseudo-senspand extend our stochasticschedul-
ing algorithmto efficiently schedulelatatransmissionsnthe
network. We intendto explore correlationbetweermultiple
sensor®dn the samenodeor neighboringnodesto strengthen



our stochastigredictionsandachiese higherenegy savings.
We would alsolik e to investigatehow our techniquecouldbe
coupledwith application-dnven dataquality degradationfor
network-wide enegy conseration.
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