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Abstract— Sensorsare typically deployed to gather data about
the physical world and its artifacts for a variety of purposesthat
range from ernvironment monitoring, control, to data analysis.
Since sensors are resource constrained, often sensor data is
collectedinto a sensordatabasethat residesat (more powerful)
sewvers. A natural tradeoff exists betweenthe sensorresources
(bandwidth, energy) consumedand the quality of data collected
at the sewer. Blindly transmitting sensor updates at a xed
periodicity to the sewer resultsin a suboptimal solution due to
the differ encesin stability of sensorvaluesand dueto the varying
application needs that impose different quality requirements
across sensors. This paper proposes adaptive data collection
protocolsfor sensorervironmentsthat adjusts to thesevariations
while at the sametime optimizing the energy consumption of
sensors.Our experimental resultsshow signi cant energy savings
compared to the naive approach to data collection.

|. INTRODUCTION

With the adwvancesin computational,communication,and
sensingcapabilities,large scale sensotbaseddistributed en-
vironmentsare becominga reality. Such distributed sensor
ervironmentsallow usto continuouslymonitorandrecordthe
stateof the physicalworld which can be usedfor a variety
of purposeslt canbe usedto gain a betterunderstandingf
the physicalworld - e.g., datafrom embeddedoop sensors
on highways can be analyzedto understandthe emegent
trafc patterns.lt canalso be usedto dynamically optimize
the processthat drives the physical world — e.g., real-time
traf c conditionscanbe usedto controlthetrafc o w. Sensor
enrichedcommunicatiorand information infrastructureshave
the potentialto revolutionize almostevery aspectof human
life bene ting application domains such as transportation,
medicine, suneillance, security defense,scienceand engi-
neering.An integral componenbf suchan infrastructureis a
datamanagemensystemthat allows seamlessiccesso data
dispersedacrossa hierarchyof storage,communication,and
processingunits — from sensordevices where dataoriginates
to large databasesvhere the datagenerateds storedand/or
analyzed.

Designinga scalabledatamanagemengolutionto drive dis-
tributedsensompplicationgposesmary signi cant challenges.
Giventhe limited computationalcommunicationand storage
resourcesat the sensors,a traditional distributed database
approachin which sensordunction as nodesin a distributed
systemmight not be a feasibleoption. In order to facilitate
complex query processingand analysis,data might needto
be migratedto repositoriesthat residesat (more powerful)

sener(s). An alternative solution, where sensordatais con-
tinuously collectedat a (logically) centralizeddatabasenight
alsobe infeasible.Sincesensoreadingamay changevery fre-
guently/continuouslysuchernvironmentsare highly dynamic.
Blindly transmitting the sensorupdatesto the sener will
impose severe network and storageoverheads Furthermore,
sincecommunicatiorconstitutesa majorsourceof power drain
[1] in battery-operatedsensors,t would incur a very high
enegy cost.

The problemof effective datacollectionin highly dynamic
ervironmentshasrecentlybeenstudiedin [2], [3], [4]. Thekey
obsenation is that a large numberof sensorapplicationscan
toleratea certain degree of error in data. Data imprecision,
of course,impacts application quality. For example, in an
applicationsuchastargettrackingin a sensomnetwork, errorin
sensotintensity readingsmay resultin errorin localizing the
object.Similarly, the resultof a queryfor averagetemperature
in a given region may be imprecisedue to data error The
communicationoverheadbetweenthe dataproducersandthe
sener can be alleviated by exploiting the applications'error
tolerance.

Motivatedby [2], in this paper we explore datacollection
protocols for sensorervironmentsthat exploits the natural
tradeof betweenapplicationquality and enegy consumption
at the sensors.Enegy conseration is especiallycritical in
ervironmentswhere it is dif cult or infeasibleto replenish
power suppliesof wirelessdevices. For example,it may be
dif cult to replacebatteriesin sensorsusedto monitor civil
infrastructuresuchasbridges.Similarly, it may be infeasible
to replacebatteriesin smartdust micro-sensorspreadover a
geographicakegion for activity monitoring. Modern sensors
try to be power aware,shuttingdown componentge.g.,radio)
when they are not neededin order to consere enegy. We
considera seriesof sensormodelsthat progressiely expose
increasingnumber of power sarzing states.For each of the
sensor models considered,we develop quality-avare data
collection protocolsthat enablequality requirementsof the
queriesto be satis ed while minimizing the resourcgeneny)
consumption.

Therestof this paperis organizedasfollows. We formulate
the quality-awvare datacollection problemfor sensorerviron-
mentsin Sectionll. Varioussensomodelsandcorresponding
datacollection protocolsto minimize enegy consumptiorare
studiedin Sectionlll. Adaptive sensorstate managements
discussedn SectionlV. We analyzethe performancen sec-



tion V anddiscussrelatedwork and concludein SectionVI.

Il. PROBLEM FORMULATION

In this sectionwe describesystemandquerymodelsusedin
this paperanddevelop a formal characterizatiorf the sensor
datacollection problem.

A. Systemand Query Model

Our system consists of a set of sensorsand one
sener(residingat a resourcesufcient node) that maintains
a databaseFor simplicity, we will assumethat eachsensor
can communicatedirectly to the sener. In a real system,
a sener may correspondto an accesspoint that senes as
a data collection hub for a set of sensors.Various access
points,taken togethey may form the overall distributed sensor
databaseAlternatively, datafrom theseaccesgoints may be
collectedinto a centralizedsensodatarepository Sinceaccess
pointsareassumedo be resourcesufcient, the moregeneral
setting does not pose signi cant additional challenges.We,
therefore addresghe collectionproblemin a simplistic setting
of a single accesgoint (sener) attachedto a set of sensors.
Our solution can sene as a building block for large scale
distributed sensorsystem.

Eachincomingquery is associateavith anaccurag con-
straint  indicatingits toleranceto errorin answerprecision
(We will explain the accurag constraintand query answer
accurag later). Furthermorea query hasa lateny bound
which requiresthat eachquery be answeredwithin  time
units.

Each sensornode has a processorwith limited memory
an embeddedensor an analog-to-digitalcorverter and radio
circuitry. A micro-operatingsystemcontrolseachcomponent.
We only considerdifferent radio modesand assumeall the
other componentsare always turned on. we considerthree
sensorstates:active (a), listening (I) and sleeping(s). While
the sensoris in the active mode,the transmitterradio is on;
while the sensoris in the listening state,the recever radio is
on; andwhenthe sensomgoesto the sleepingstate,its radiois
turnedoff completely Two main typesof microsensodevices
that exist in currentmarket are Berkeley Mica Mote [5], [6]
and MIT AMPS node [7], [8]. Mica mote only has one
radio,in otherwords,it eithertransmitsor recevesdata;while

AMPS nodehastwo radios,andcantransmitandreceve data
simultaneously Thesetwo types of sensormodelscan both
be representedy our abstractsensormodelsasin Table I.
Note that whena radiois in the idle modeif it is capableof

radio mode sensorstate
Mica mote AMPS node
Tx on Tx on active (a)
Rx off Rx on
Tx off Tx off listening ()
Rx on Rx on
Tx off Tx off sleeping(s)
Rx off Rx off
TABLE |
SENSOR STATES

detectinganincoming paclet, but not currentlyin the process
of receving a paclet. We classify this mode as the listening
statesince Tx is off and Rx is on. Also note that even in
the sleepingstate,the changesin sensorvaluescan still be
detectedsincewe assuméhe sensorandprocessorrealways
on.In this paperweuse AMPS node(i.e.,asensomnodewith
two radios) asthe basisof our discussionFor a sensomode
with only oneradio, similar analysiscanbe applied.

B. Data Collection Framewvork

Previous work has showvn that an effective approachto
exploit the tradeof between application quality and data
imprecision is for the sener to maintain an approximate
value of the data whose divergencefrom the true value is
guaranteedio be boundedby anerroratany time. Speci cally,
let be the setof sensorsEachsensothosts
its exact value that may changefrequently For each ,

let denotethevaluestoredat sensor . The approximation
of is representedby a range with lower bound and
upperbound , which is storedin the database

at the sener. A query for the value of sensor is answered
in the format of a rangewith a lower andan upperbound,so
the answeraccuray is de ned by the rangesize . The
accurag constraint  of query  speci es the maximum
acceptablaevidth of the result.

Wheneer the sensorvalue  changesto , sensor
checkswhether is still a valid approximationfor the new
value.If fallsoutside ,anew approximatiorof issentto

thesenerto updatethedatabasé€This processs calledsouice-
initiated updatg. Otherwise,thereis no needto transmitthe
updateto the sener, hencereducingcommunicatioroverhead.
Queriesare executedover the cachedrangesat the sener. If
the error toleranceof the query is larger than the dataerror,
ie., , it is processedvithout any communication
with the sensor Otherwise the approximationoffered by the
databasés insufcient, the sener may requesthe exactvalue
from remotesensor The sensorrespondswith currentexact
value and a new approximationto be used by subsequent
gueries.This procesds called consumeitinitiated requestand
update Fig. 1 illustrates the data collection processand
Table Il describesthe data collection protocol at the sensor
andsener side.

query Q1 query Qm
Al Am

Database
ri=[li,ui]

consumer-initiated request @

Fig. 1. The DataCollection Process

C. ProblemStatement

Given userqueries,our objective is to minimize sensor
enegy consumptionin the processof answeringall queries
(say ). Since a sensorconsumesenegy even when it



SensorSide-Protocol (at time step ):
Input Parameters:
- lastvalue sentto the sener;

- currentsensorvalue;
- timeoutvalue;
- sensorcurrentstate;
if (( -) or ( ==sleepingand ))
if ( ==sleeping) turn on radio Tx;

if ( ==listening) power up to actve state;
[*apply model-speci cprocessingor source-initiatedupdate*/

=XX-SensofSide-Range-Adjustment(sensor-gtid-updat, r);

sendto sener: ( , );

if ( ) ;

else ++;

/* apply model-speci csensorside monitoring*/
XX-SensorSide-Learning();

if (probereceved)
[*apply model-speci cprocessingor consumetnitiated update*/

=XX-SensofSide-Range-Adjustment(esumetinitiated-updae, r);

sendto sener: ( , );

Server-Side-Protocol:

Input Parameters:
- query constraint;
- currentupperbound;
- currentlower bound;

if (new update( , ) receved)

for (eachpendingconsumeiinitiated request)
returnanswer — — ;
else
keepcurrent and ;
for (eachpendingconsumeinitiated request)
if ( ) I*query constraintnot met*/
probesensor;
else
returnanswer ;

[*apply model-speci csener-side processing*/
XX-Sener-Side-Learning();

TABLE I
DATA COLLECTION PROTOCOL

is not transmitting or receving data, besidesreducing the
communicatioroverheadbetweena sensorandthe sener, we
alsoneedto minimize thetime a sensoiis eitheractive and/or
listeningevenwhenit is not transmittingupdatego the sener.
Assumethat the probability of source-andconsumeiinitiated

updatesat eachtime instantare and . Formally, we
would like to
minimize
subjectto (1) ,
) :
where is the answeraccurag for query and s the

gueryresponsdime. Also notethat, is theenegy required

to sendanupdateto the sener, and is the enegy required
to both receve the requestfor the dataand for transmitting
the sensorvalue to the sener. Note that and are
not constant.They dependuponthe stateat which the sensor
was when the source-initiatedupdateand consumeiinitiated
updateoccurred.Consider for example,a sensotthatis in the
sleepingstate.If the sensowaluechangesausingit to exceed
therangeassociatedor its valueatthesener, it will rst hasto
transitionto the active statefollowed by transmittingthe value
to the sener. Thus, the total enegy spentwould be the sum
of enegy spentto transitionfrom the sleepstateto the active
stateandthe enegy spentto transmitthe updateto the sener.
In contrast,if the value divergenceoccurswhenthe sensoris
in the active state,the enegy consumptionvould be only for
transmittingthe updateto the sener. is the amountof
enegy consumedvhile not receving or transmittingary data.
This is also not a constant,and it dependsupon the statea
sensoris in while it is free.

To achieve the objective of minimizing the enegy consump-
tion at the sensorwe needto addresghe following issues:

how to maintain the database an optimal range needs
to be maintainedand adjustedfor eachsensorso that it
reducessensorenegy consumptionwhile still beingable
to meetqueryaccurag constraintslf the rangeis large,
accurag constraintsof mary querieswill be violated
resulting in expensve probes;likewise, if the rangeis
small, sensorupdatewould needlesslybe transmittedto
the sener too frequently Both caseswill consumea
large amountof enegy. While thetime of transmittingan
updateto the sener and the time of receving a request
from the sener is x ed in the collection process,the
numberof requestsand updatess affectedby the range
size, hencethe total enegy consumptionis dependent
uponthe choiceof rangesize.We addres$ow to setthe
rangesuchthat the enegy consumptioris minimizedin
Sectionlll.

howto manaje sensorstate we needto determinesensor
state transition stratgjies. Sensorsconsumepower not
only when sendingand receving data, but also when
idling at the active and listening states.To sase eneny,
a sensomeedsto power down into a lower enegy state.
Pawveringdown a sensorrequiresadditionalcostto power
up when a requestthat needsto be processedarrives.
Furthermore,it could result in increasedlateng for
queriesIn SectionlV, we addres®ptimal statetransition
that determineghe length of sensoridling and sleeping
to minimize overall enegy consumption.

I1l. ENERGY EFFICIENT DATA PRECISION ADJUSTMENT

In this section,how the approximatiorrangefor the sensor
can be set at the sener in order to minimize the enegy
consumptiondue to communicationbetweensensorsand the
sener. The enegy costdue to communicationdependsupon
the numberof source-and consumeiinitiated updateswhich,
in turn, dependsupon the range size adaptation patternsof



the changesin sensorvaluesand query workload character
istics. Before presentingour solutions,we brie y review the
approachdescribedn [2] wherethe authorsconsideredange
adaptatiorto minimize the communicatioroverheadbetween
dataproducersandthe sener. Our approactbuilds uponsome
of their results.

Assumingthat the communicationcost incurred during a

source-andconsumetinitiated updateis and respec-
tively, theexpectedcostperunit time
The authorsestablishedhat — and

where istherangesizeand and aremodelparameters
that dependon the characteristicsof source updatesand
queries.Therefore, , which is

minimizedwhentherangesize —, here
At this optimal point, it can be shavn that the ratio of
probability of consumeiinitiated updatego the probability of
source-initiatedupdates— , which is a constant.
Thealgorithm(explainedin Tablelll) exploits this obsena-
tion and attemptsto changetherange suchthatthe ratio of
probability of consumeiinitiated updateto the probability of
source-initiatedupdatecan be maintainedto be the constant
. For example, if , the algorithm attemptsto ensure
that the probability of consumeiinitiated updateis equal to
the probability of source-initiatedupdate.In case ,
it is desirablefor source-initiatedupdatesto be more likely
than consumeiinitiated updates Thus the rangeis decreased
on every consumerinitiated updatebut only increasedwith
probability on source-initiatedupdates Corversely in case
, the rangeis increasedn every source-initiatedupdate
but only decreasedvith probability - on consumetinitiated
updates.

AA-SensorSide-Range-Adjustment(update-type, r )
switch (update-type)

casesource-initiatedupdate:
with probability
break
caseconsumeinitiated update:

with probability -, set
break

, set

return

TABLE 1lI
RANGE SIZE ADJUSTMENT ALGORITHM PROPOSED IN [2]

We notethat the solutionin [2] hasessentiallybeendevel-
opedfor datacollectionin environmentswheredataproducers
are not enegy constrained( e.g., they could be powerful
network routers) and its straightforvard application is not
suitablein enegy constrainedsensorervironments.A direct
applicationof their solution would require that a sensorbe
always maintainedin an active statesincea sener may need
to accessthe currentsensorvalue at ary time which would
resultin a very high enegy cost.

In the following, we presentdata collection protocolsfor
sensorervironments.We considera seriesof sensormod-

els basedon power saving sensorstatesidenti ed in the
previous section. Thesemodels progressiely considermore
sensorstatesandbecomemore complicated We startwith the
Always-Actve Model (AA) where sensorsare always in the
active state.As explainedbefore,this will not performwell in

termsof enegy saving. It formsa baselinefor studyingenegy

savings dueto exploiting moresensorstatesWe thenconsider
the Active-ListeningModel(AL), wheresensorswitch to the
listening state when there are no outstandingrequests.The
next model consideredis the Active-SleepingModel(AS).
In this model, sensorsswitch to the sleepingstate instead
of the listening stateif necessaryFinally, we considerthe
Active-Listening-Sleepingylodel(ALS) which incorporatesan

intermediatestate(listening) to the AS model.

For eachof theabove models we discusghe datacollection
approachthat minimizesthe enegy consumptionvhile meet-
ing the quality constraint®f the queryThekey issueaddressed
is how to determinetheranges suchthatthe overall enegy
consumptionis minimized.In deriving the optimal rangesfor
the various models,we will needsome symbolswhich are
summarizedn TablelV.

Symbol | Meaning

intenal size

probability of source-initiatedupdateat eachtime instant
probability of consumeiinitiated updateat eachtime instant
probability of a sensomeingin state ( )

the time it takesto receve a consumetnitiated request
time it takesto senda source-or consumeiinitiated update
transitiontime from state to ( )

power consumptionwhensensoris in state ( )
enegy consumedn switchingfrom state to ( )

TABLE IV
SymBOLS USED

A. Always-ActiveModel (AA)

In this model, sensorsare always active. The total nor
malized enegy consumptionis shovn in Equation (1). As

(source-initiatedupdates)

(consumeiinitiated updates)

(idling)
1)

expected,it shavs thatthe normalizedenegy consumptionis
equalto the power consumptiorat the active state.Therefore,
irrespectve of how the rangeis set, enegy consumptionis
constant.This model senesasa baselineto studythe enegy
savings thatresultin utilizing sensorstatesthat consumedess

enegy.

B. Active-ListeningModel (AL)

In this model(illustratedin Fig. 2), the sensorconsistsof
two states:active and listening. Initially the sensoris in the
listening mode. The sensorshifts to the active stateif either
the sensowaluedivergesfrom the rangeusedto representhe
sensorvalue at the sener, or if it receves a requestfor its
currentvalue from the sener. Whena sensoris in the active



state,it processesll its pendingrequestsand waits for a
unit of time beforeswitchingto thelisteningmode.Thereason
to wait for time units in the active (higher enegy) state
insteadof poweringdown to the listening (lower enepy) state
immediatelyis that switching from a lower enegy stateto
a higher enepgy stateis associatedvith a signi cant enegy
cost.From an enegy perspectie it might be advantageouso
wait in the higher enepgy state(insteadof powering down) if
the sensomwill berequiredto transitionbackto higherenegy
statein the nearfuture. Obviously, theoptimalvalueof  that
minimizesenegy consumptiondependsupon the application
workload and sensorvalue changepatterns.We defer further
discussionon how can be set in order to minimize
power consumptionto SectionIV. For the time being, we
assumethat has been optimally set. With x ed, we
considerthe problem of optimally determiningthe range
for the sensorthat minimizes the enegy consumption.The

upon first source-initiated update
or consumer-initiated update

Ta after processing last
source or consumer-initiated update

Fig. 2. The Active-ListeningModel (AL)

sensorenegy consumptionunder this model( Equation (2))
consistf threeparts:(a) enegy consumeddy source-initiated
updates.This dependson the sensorstatewhen the source-
initiated updateis due: if the sensoris listening, thereis a
power-up enegy and also transmissionenegy. (b) enegy
consumedby consumeiintiatied updates.In addition to the
enegy spenton receving consumeiinitiated requestsand
transmittingthe updates power-up enepgy is neededf sensor
is listening. (c) enegy consumedby the sensoridling in
different state.Besidesreceving consumeiinitiated requests,
transmitting source/consumenitated updatesand transition-
ing from listeningto active, the sensoralso consumesnegy
by stayingin eitheractive or listening state.

@)

The enegy consumptiordependsiponthe probabilities
and of thesensombeingin the active andlisteningstate.We
next shav how theseprobabilitiescan be expressedn terms
of the probability of sourceand consumeinitiated updatesIf

, the sensorstatetransition matrix capturingthe state
transitionprobabilitiesis as follows:

The long-termprobability that the systemwill be in eachstate
can be obtainedby computingthe steadystatevector of the

Markov Chain. Therefore we get
and

As mentionedbefore, — and [2]. To
nd the minimum |, we can nd theroot of the derivative
—— , andwe get ——. At this optimal point, —
. Thus, enegy consumptionis minimized when the
ratio — which is a constant.

We next considerthe casewhen
sensorstatetransitionmatrix is asfollows:

. In this casethe

Where _ by
assuming that source- and consumeiinitiated updates
are uniformly distributed. Since ,

, We can re-write as follows:

— . Similarto the calculation

of long term state probability when , Wwe obtain
and We

obsenre that,to minimize  , the optimal —. The

optimal point occurswhen —

The above analysis showvs that for the AL model, in-
dependentof the value of , the enegy consumptionis
minimizedwhen — is a constantequalto 2). Sincethe data
collection protocol shovn in Table lll maintainsthe ratio of
the probabilitiesto be a constantjt canbe usedin conjunction
with the AL modelto minimize enegy.

C. ASmodel

In the AS model (describedn Figure 3) the sensortoggles
betweenthe sleepingand actve modes.Initially, the sensor
is in the sleepstate.Similar to the AL model, sensorshifts
to the active stateif the sensorvalue divergesfrom the range
usedto representhe sensowalueat the sener. Sincea sensor
in the sleep state cannotreceve requestfrom the sener, it
periodically wakes up on a timeout if it has beensleeping
uninterruptedor  time units. Suchatimeoutbasedransition
is necessaryin order to meet the quality requirementsof
gueriesthat would have resultedin the consumeiinitiated
updateat the sensor The sensor on switching to the active
statesendsts currentvalueto the sener. Note thatthis update
canbe usedby the sener to answerthosequeriesthat would
have resultedin consumeiinitiated requestswhile the sensor
wasin the sleepstate.The sensomremainsin the active state
while thereare requestdor its value. After it hashandledall
the requestsit switchesto the sleepingstateafter waiting for

time units without handlingary requestsWe next discuss
the enegy consumptiorfor the AS model.

In the AS model, total enegy consumptionEquation(3))
consistsof (a) enegy consumedby source-initiatedupdates.
Besidesthe enegy spentin transmittingsource-initiatedup-
datesthereis enegy involvedin transitioningfrom sleepingo
activeif thesensoiis sleepingwhenthe source-initiatedipdate



upon first source-initiated update

after Ts without traffic

sleeping

active

Ta after processing Jast
source or consumer-initiated update

Fig. 3. The Active-SleepingModel (AS)

®

is due; (b) enegy consumedby transitionfrom the sleeping
stateto the active stateandthe associatedalue updatesvhen
a sensorwakes up due to time-out; (c)enegy consumedby
consumeiinitiated updates;and (d) enegy consumedwhile
sleepingor being active without receving or transmitting.

We next derive the optimal setting of the range  for
the sensorthat minimizesthe enegy consumptionunderthe
assumptiorthatthe  hasalreadybeenset.As statedbefore,
the optimal setting of will be derived in Section IV.If

, the sensorswitchesto the sleepingstate as soon

asthereis no requestsvaiting. Therefore,

The sensorstatetransitionmatrix is asfollows:

Long term probabilitiesof the sensorbeingin the sleeping
and active statesare asfollows:
and

If , the sensorstays active for a period of time
so that bursty update requestscan be processedwithout
stateswitching. We canderive statetransitionprobabilitiesas
follows. The probability of switchingfrom sleepingto active:

The probability of switchingfrom active to sleeping:

The sensorstatetransitionmatrix is asfollows:

Long term stateprobabilitiesare:
— and

For both and , by applyingtheseprobability
formulainto Equation3, the total enegy consumptiorcanbe
expressedsa ratio of two complex polynomialsof rangesize

(see [9] for detail). Sinceis not possibleto expresstheratio
to in termsof otherparametersthe basicstratey for
rangesettingdescribedn Tablelll cannot be used.Instead,
we needto monitorparameters , , and atruntime.For
this purposethefollowing informationfor the sliding window
of last updatess maintained(1) the numberof sensoistate
transitions( and ) of thelast updates;and (2) the
numberof source-or consumetinitiated updateg or )
of thelast updatesUsingthisinformation,thevaluesof

, and is estimatedFor example, s setto be
, Wwhere is estimatedas the numberof source-initiated
update ) dividedby ,where isthetime periodof the

currentwindow. Theparameter canbe estimatedsimilarly.
Given theseparametewalues,we nd therootsof — and
comparethe enegy valuesat the rootsto determinethe value
of that minimizesthe enegy consumption . Sincethe
computationis too comple to be performedat the resource-
constrainedsensorsijt is doneat the sener. Note that since
thevalueof and dependsiponthe numberof sensorstate
transitionduringthewindow, the sensorgleterminghevalues
of and andpiggybackthesevaluesfor thelast updates
with the update At the sametime the sener monitors
and ; uponreceving the update,the sener computes
thenew optimalrangewhichis transmittedo thesensorTable
V shaws the datacollectionprotocolat both sener andsensor
side.

D. ALS Model

In this model (illustratedin Fig. 4), the sensoris initially
in the sleepingstate. It switchesto the active statewhen a
source-initiatedupdateoccursor when it has beensleeping
for  time unitswithoutinterruption.Whenit is in the active
state,it processeall the waiting requestsAfter it hasbeen
freein theactive statefor  time units, it goesto thelistening
state.Oncein thelisteningstate,ary sourceinitiated updateor
consumeilinitiated updatewill trigger the sensorto go to the
active state;otherwise|f it isidling for  time units, it goesto
sleep.The sensorenegy consumptionEquation(4)) consists

sleeping

hionisuel) INoyum |1 Jaue

Fig. 4. The Active-Listening-Sleepig Model (ALS)
of (a) enegy consumedby source-initiatedupdates.Besides



AS-SensofSide-Leaming:
Variables:
- numberof transitionsfrom actie to sleeping
- numberof transitionsfrom sleepingto active
- probability of transitionsfrom active to sleeping
- probability of transitionsfrom sleepingto actve

while (1)
if (transitionfrom actie to sleeping)

if (transitionfrom sleepingto active)
if (receved an update)

it )

compute and for currentsliding window;
sendto sener: ;

++;

AS-Sewer-Side-Leaming:
Variables:
- numberof source-initiatedupdates;
- numberof consumeiinitiated updates;
- probability of source-initiatedupdates;
- probability of consumeiinitiated updates;

while (1)
if (receved an update)

i++;
if (it is source-initiatedupdate)
elseif (it is consumeinitiated update)

if ( )

compute
compute ;
sendto sensor: ;

++;
++;

and for currentsliding window;

TABLE V
DATA COLLECTION PROTOCOL FOR THE AS MODEL

the enegy spentin transmittingsource-initiatedipdatesthere
is enegy involved in transitioning(from sleepingto active if
the sensotis sleeping.or transitioningfrom listeningto active
if the sensoris listening) when the source-initiatedupdate
is due; (b) enegy consumedby transitionfrom the sleeping
stateto the active stateandthe associatedalue updatesvhen
a sensorwakes up due to time-out; (c)enegy consumedby
consumeiinitiated updateslf the sensolis sleepingjncoming
consumeiintiiated updatesare dropped,so only when sensor
is listening or active, would a consumeiinitiated requestbe
respondedand (d) enegy consumedwhile sleepingor being
active without receving or transmitting.

4)

Similar to the AS model,we canderive the probabilitiesof
switching betweensensorstates from which the steadystate

probability ( , and ) canbe obtained.Applying these
into Equation(4), the enegy consumptioncan be expressed
as a function of . Similar to the AS model, optimal range
sizecanbe setbasedon the parametersnonitoredat runtime.
The detailedderivation, though conceptuallysimple, is quite
comple, so we refer the interestedreadersto [9]. We can
apply the samedatacollection approachasin the AS model
shavn in Table V.

Discussion:For Mica mote (i.e., a sensornode with only
one radio), the sensorgoesto the active stateonly if it has
somedatato send While thesensoliis in the active state jts Rx
radiois turnedoff andwill notdetectary incomingconsumer
initiated requests.Therefore, the total enegy consumption
shouldbe modi ed accordinglyto re ect this. For example,in
the AS model,all the consumeiinitiated requestsare buffered
at the sener side. Furthermore the sensorswitchesto either
listeningor sleepingstateimmediatelyafterit nishes sending
the data,therefore, s alwaysequalto O.

IV. ADAPTIVE SENSOR STATE TRANSITION

In the various sensormodels discussedabove, transitions
among states besidesbeing triggered by the sensorvalue
diverging from its representatiorat the sener, also occur
due to timeouts. For example,in the AL and ALS model,
a sensorin a sleep mode shifts to the active mode after

time units. Furthermorefransitionfrom active/listeningto
listening/sleepings alsobasedon timeouts.In this sectionwe
derive how the sensorsetsthesetimeoutsin orderto maximize
enegy sa/ings.

In AS and ALS models,a sensomustseta sleeptime
afterwhichit transitionsto the active stateandsendsanupdate
to the sener. Sincethe sleepingconsumesghe leasteneny, it
is desirableto maximizethetime  for which the sensorcan
sleep.To make surethat all the queriesare answeredwithin
latengy bound , The worst casequeryresponsdime for the

AS model should not be greaterthan
. Therefore, for the AL modelis chosento be
Similarly,  for the ALS modelis chosento be

In AL, AS andALS model, needdo be determinedWe
usethe AS modelto shov how an optimal value of can
be derived. The developmentfor the ALS modelis similar in
natureand interestedreadersare referredto [9] for details.
Waking up a sensorat the sleepingstaterequiresadditional
enegy andlateng, soit is not obviousthat putting the sensor
to sleepimmediatelyafter it nishes the requestsat handis
the mostenegy ef cient choice.Dependinguponthe request
arrival rate,the sleepingperiodcould be soshortthatpowering
up costsaregreaterthanthe enegy savedin thatstate.Onthe
otherhand,waiting too long to power down may not achieve
the bestenegy reductionspossible.Thus, a careful selection
of is important. Intuitively, if updates(either initiated by
sourceor consumeryre not bursty; it is betterto set  to be



zero; otherwise,the sensorshouldremain active for a while
beforegoing to sleep,so that more requestsan be answered
in time andfrequentstateswitching canbe avoided.Hence,a
good understandingf source-and consumetinitiated update
patternswill helpin determiningthe optimal active time.

Let us assumethat is the probability of receving
ary type of requestsat ary time instant . Let be the
probability of being silent for  time units, i.e., there are
no requestsbefore until a requestarrives at time . Since
ary incoming requestmeansthe end of the silent period,

. If we assumethat requests(either sourceor
consumerinitiated updaterequestsare uniformly distributed
in interval (sincewe know thatat theendof
theremustbe a timeout updaterequest) then

In this case,the expectedenegy consumptionfor a single
silent periodwill be

Since and , is non-decreasingand is
minimal when . This meansthat the sensorshouldgo
to sleepimmediatelyafterit nishes all the requestsat hand.

While is optimal if requestinter-arrival pattern
follows uniform distribution, in practice, this assumptionis
rarely true, and the problem of nding remains. Our
approachss to learn at runtime and adaptvely select
accordingly Thebasicideais asfollows: we choosea window
size in adwance.Thealgorithmkeepstrackof thelast idle
periodlengthsandsummarizeshis informationin a histogram.
Periodically the histogramis usedto generatea new

The setof all possibleinter-arrival period lengths

is partitionedinto intervals, where is the numberof
bins in the histogram.Let  be the left endpointof the

interval. The  bin hasa counterwhich indicatesthe number
of idle periodsamongthelast idle periodswhoselengthfall
in therange . The binsarenumberedrom 0 to

and

The counterfor bin is denotedby . The thresholdfor
changingstateds selectecamong possibilities: .
We estimate the distribution by the distribution which
generatesan idle period of length  with probability

for . . Thus is chosen
to bethevalue that minimizesthe enegy consumptionas
follows:

Similar derivation can be doneto obtain for AL/ALS
modelsand for the ALS model.(Seedetailsin [9]).

V. PERFORMANCE EVALUATION

The objective of our simulation is to comparethe per
formanceof various sensorstate models (AA, AL, AS and
ALS) for quality-avare data collection in terms of enegy
consumptiorand averagequery responsdime.

The SimulationEnvironment

We built a simulatorin C, consistingof a sener and a
databaseand a number of sensors.User queriesare posed
at the sener which thenreturnstheir results.

Symbol | value symbol | value

TABLE VI
PARAMETERSUSED IN THE SIMULATION

The sensorarecharacterize@sfollows. The sensorrelated
parametersvereobtainedrom thespeci cationof thewireless
sensomodes/motesevelopedby the University of California-
Berkeley [6]. Each sensorholds one exact numeric value,
andthe databasénoldsall the interval approximationsSensor
values are picked randomly and uniformly from the range

; they performa randomwalk in one dimension:
every second,the valueseither increasesr decreasedy an
amountsampleduniformly from

User queriesarrival times at the sener are Poissondis-
tributed with meaninter-arrival time set at 2 secondsEach
gueryis accompaniedby anaccurag constraintspecifyingthe
maximum acceptablevidth of the result. The accurag con-
straintaregeneratedasedon parameters (average
accurag constraint)and (accurag constraintvari-
ation): they are sampledfrom a uniform distribution between

and

ExperimentalResults

Our performancestudy rst evaluatesthe proposedsensor
modelsin terms of sensorenegy consumptionand query
responsdime. We thenstudytheimpactof and values,
aswell asrangesizeadjustmenbn the systemperformanceln
our system the two randomvariablesarethe changingsensor
values and arriving user queries.We analyzethe systems
behaior by varying the patternof sensorvalue changesand
queryaccurag constraints.

Fig. 5 shavs sensoenegy consumptiorandqueryresponse
time of the four proposedsensormodels(AA, AL, AS and
ALS). Not surprisingly the enegy consumptionof the AA
modelis the highest,andits queryresponseime is the lowest.
This is the model where no enegy is saved; sensorsare
alwaysactive, thusarny consumeiinitiated updaterequestxan
be detectedimmediately and then processedAs showvn in
Table VI, listening stateconsumessimilar amountof power
to active state,thusthe AL model doesnot decreaseenegy



Fig. 5. Systemperformancecomparisonof proposedsensormodels

consumptionto a great extent. However, most of the time,
the sensoiis in the listening statewhen mostrequestsarrive.
It switchesto the active state so that it can actually send
out the updates.This powerup processtakes time, which
explains why query responsetime under the AL model is
higherthanthe AA model. Models that incorporatesleeping
statereduceenegy consumptionsigni cantly. However, this
comesat the price of higherqueryresponséime, sinceit takes
moretime for a sensotto switch from the sleepingstateto the
active statethan from the listening stateto the active state.
Communicationcost comparisonof thesefour modelsshowv
that our enegy saving stratgies also reducecommunication
costslightly. This is becausemultiple querieswaiting at the
sener can be answeredusing the databaseangesrefreshed
by the next source-initiatedupdate, avoiding the need for
the sensorto transmitan updatefor eachconsumeiinitiated
request.Given that decreasingsensorenegy consumptionis
our objectve, the AS model outperformsthe other models
signi cantly dueto its low enepgy cost.We, therefore restrict
the remainderof the performancestudyto the AS model.
Fig. 6 demonstrateghe impact of value selectionon
sensorenegy consumptionand query responsdime. When
is very small, the sensopowersup from the sleepingstate
to the active statevery often consuminga large amount of
enegy. However, this bene ts querieswaiting at the sener by
shorteningtheir waiting time. As gets larger, the power

consumptiondecreasesand query responsetime increases.

After reachesa certain point (100 ms in this case),the
enegy consumptiorievels out. This is becausehe likelihood
of sensoswitchingbecausef timeoutis very low: the enegy
consumedy source-initiatedipdatesilominatesfor the same
set of queriesand same sensorvalue change patterns,the
enegy consumptionis similar.

Fig. 7 comparessystemperformanceunder x ed  with
systemperformanceusing adaptve . Since was
shavn to be optimal when requestarrival follows uniform
distribution, we compargheadaptie approactio theapproach
that x es to be 0. Theresultsshav thatadaptve  saves
enegy by half andalsodecreasegueryresponsdime. When
requestarebursty; it ssvesenegy andshortengjuerywaiting
time by remainingactive for a certaintime period. Adapting

to userquery patternsand sensorvalue changess much
betterthan xing it value.

Fig. 8 depictsthe impact of rangesize by shawing four
different cases:(a) , this meansthe databasestores
single instantaneouwaluesinsteadof intenvals, (b) set to
be the averageaccurag constraint:on an average queriescan

be satis ed by storedvalues.(c) adaptve asshowvn in our
approachesthe optimal is found periodically to minimize
theenegy consumption(d) alarge : When is 0, all queries
canbeansweredy justretrieving valuesfrom the databaseso
gueryresponsdime is minimized; but eachchangein sensor
value needsto be reportedto the sener, which consumesa
large amountof enegy. When is setto be very large, most
sourcevalue changeswill not exceedcurrentrange, so the
likelihood of source-initiatedupdatesis low. However, the
coarsedata representatioris not sufcient for most of the
gueries,hencea numberof consumeiinitiated updateswill
occur As a result, the averagequery responsedime is very
high. Fig. 8 shawvs that our adaptve approachsigni cantly
outperformsotherapproaches.

Fig. 9 shavs how the systembehaes as sensorvalues
changefrequeng varies.Whenthe sensowvaluechangesrery
frequently the likelihood of its value falling outside of the
currentrangeis high, leadingto frequentsource-initiatedup-
datesThistriggersthesensotto sendout updatesandin some
casewith theaddedcostof poweringup from sleepingmode;
both updatesand powerup consumeenegy. Subsequently
enegy consumptions very high. Becausdhe sener receves
updatesconstantly most queriescan be answeredpromptly;
andaverageresponsgimeis low. As sensowvaluechangesess
frequently the enegy consumptiordecreasesifter it reaches
a certain point, the enegy consumptionevens out. This is
becausewvhen not enoughsourceinitiated updatesoccur, the
sensowakesupafter timeunitsandsendsanupdatewhich
dominatessnegy consumption.

Fig. 10 indicatesthe impactof queryaccurag constraints.
The horizontalaxis is the averageaccurag constraint. When
mostqueriesneedvery accuratedata,therewill be mary con-
sumerinitiated updates therefore,both enegy consumption
andqueryresponsdime arehigh. As accurag constraintsare
relaxed,increasinghumberof queriescanbe answeredy just
returningthe currentvaluesin the databasethereforesensor
enegy consumptionbecomessmaller and query response
time is decreasing After a certain point, the likelihood of
getting consumeitinitiated updatesbecomesvery small, and
then source-initiatedupdatesand timeout updatesconsume
most of the enegy. For this reasonthe curve levels off after
that point.

Performance Summary: Performancestudiesindicatethat
the AS model consumeghe leastamountof sensorenegy;
our proposedstratayies of intelligent sensorstate transition
reduceenegy consumptiorto a greatextent; optimizedrange
size adjustmentworks effectively with correspondingsensor
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models and saves more enegy than static range or storing
exact values.

VI. RELATED WORK

Enegy efciency is one of the major concernsin sensor
networks. To prolong system lifetime of sensornetworks,

auery accuracy constraint

constraintson systemperformance

various approachesave beendevised to exploit low duty-
cycle operationg.g.transitionlessactive into a sleepingmode.
In ASCENT [10], the decisionof when node shouldgo into
the sleepstateis basedon the numberof active neighbors
and perlink dataloss rate. The PEAS [11] protocol avoids
the overheadof keepingneighborstateby letting eachnode



probe its surroundingnodesto maintain a desiredworking

nodedensity STEM [12] is a topology managemenscheme
for sensometworks that tradespower savings for path setup
lateng. Here a separategadio operatesat a lower duty cycle

to detectincoming paclets.LEACH [13] and PEGASIS[14]

aim to balanceenegy consumptionamongsensornodesso
thatthe lifetime of the sensometwork canbe maximized.The
approacheslescribedabove focus on exploiting the cooper

ation amongsensornodesfor betterenegy conseration. In

contrast,our enegy saving approachegakes into considera-
tion application-leel information to optimize sensorenegy

consumption.

Quality-avare data collection protocol is proposedin [2]
with the objective of reducingcommunicationoverhead For
sensorervironments,data archival stratgjies are studied to
guaranteepplicationquality in [4], wherean optimal online
algorithmis proposedor creatingpiecavise-constanapprox-
imation of sensordata. Offering precisionand performance
tradeof for aggreatequeriesis donein [15]. Whendatabase
valuesare not preciseenoughto answeraggrejate queries,
data producersneedto be probedto improve the accurag.
Probingall of themwould be very expensve, algorithmsfor
selectinga subsetof dataproducergso probeareinvestigated
basedon the costof probingeachdataproducer

Researcton sensordatabasesuchas COUGAR [16] and
Telegraph [17] aims to accommodatehe special character
istics of sensorsinto databasesCOUGAR describesa data
model and long-runningquery semanticsor sensordatabase
systemswhere stored data are representedas relations and
sensordata are representedas time series. The interaction
of in-network aggreyation with wirelessrouting protocol for
distributed query processingin sensornetworks is also in-
vestigatedin [18]. Similarly, Telegraphalso studiesadaptve
gueryprocessinglonein sensometwork. In contrastto these
approachespur work exploreshow applicationquality toler-
ancecanbe usedto reducethe enegy consumptiorfor query
processindn sensorernvironments.Thetwo approachesanbe
viewed as complementingeachother — an interestingfuture
work is to combine the in-network query processingwith
quality-basedadaptationto minimize enegy consumption.
Otherrelatedwork is researcton datastreaming[19], which
investigateslatamanagemenand processingproblemsin the
presenceof continuousandtime varying datastreams.

VII. CONCLUSIONS

Sincemary real-world applicationscantoleratedataimpre-
cision at varyinglevels,the errortoleranceof applicationscan
be exploited to reduceenegy consumptiorduring sensomata
collection.In this paper we have studiedenegy ef cient data
collectionmechanisméor distributed sensorervironmentthat
explores the tradeof betweensensordata accurag and en-
ergy consumptionBoth theoreticalanalysisand experimental
resultsvalidatedthe effectivenessof our approaches.

To ensurethe quality of aggrejatequeries|t is necessaryo
probepart but not all of the sensorsOur work canbe further
extendedwith a probabilisticcost modelfor probing sensors

in orderto ef ciently handleaggregatequeries With the same
goal of minimizing sensorenegy consumptionand ensuring
applicationquality, dealingwith aggrejatecontinuousqueries
becomesmuch more complicated. Furthermore,in-network

processings a very promisingapproacho be integratedwith

our work.
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