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Abstract— Sensorsare typically deployed to gather data about
the physical world and its artifacts for a variety of purposesthat
range fr om envir onment monitoring, control, to data analysis.
Since sensors are resource constrained, often sensor data is
collected into a sensordatabasethat residesat (more powerful)
servers. A natural tradeoff exists between the sensor resources
(bandwidth, energy) consumedand the quality of data collected
at the server. Blindly transmitting sensor updates at a �xed
periodicity to the server results in a suboptimal solution due to
the differ encesin stability of sensorvaluesand due to the varying
application needs that impose differ ent quality requirements
across sensors. This paper proposes adaptive data collection
protocolsfor sensorenvir onmentsthat adjusts to thesevariations
while at the same time optimizing the energy consumption of
sensors.Our experimental resultsshow signi�cant energy savings
compared to the naive approach to data collection.

I . INTRODUCTION

With the advancesin computational,communication,and
sensingcapabilities,large scalesensor-baseddistributed en-
vironmentsare becominga reality. Such distributed sensor
environmentsallow us to continuouslymonitorandrecordthe
stateof the physical world which can be usedfor a variety
of purposes.It can be usedto gain a betterunderstandingof
the physical world - e.g., data from embeddedloop sensors
on highways can be analyzedto understandthe emergent
traf�c patterns.It can also be usedto dynamically optimize
the processthat drives the physical world – e.g., real-time
traf�c conditionscanbeusedto control thetraf�c �o w. Sensor
enrichedcommunicationand information infrastructureshave
the potential to revolutionize almost every aspectof human
life bene�ting application domains such as transportation,
medicine, surveillance, security, defense,scienceand engi-
neering.An integral componentof suchan infrastructureis a
datamanagementsystemthat allows seamlessaccessto data
dispersedacrossa hierarchyof storage,communication,and
processingunits – from sensordeviceswheredataoriginates
to large databaseswhere the datageneratedis storedand/or
analyzed.

Designinga scalabledatamanagementsolutionto drive dis-
tributedsensorapplicationsposesmany signi�cant challenges.
Given the limited computational,communication,andstorage
resourcesat the sensors,a traditional distributed database
approachin which sensorsfunction as nodesin a distributed
systemmight not be a feasibleoption. In order to facilitate
complex query processingand analysis,data might needto
be migrated to repositoriesthat residesat (more powerful)

server(s). An alternative solution, where sensordata is con-
tinuouslycollectedat a (logically) centralizeddatabasemight
alsobe infeasible.Sincesensorreadingsmaychangevery fre-
quently/continuously, suchenvironmentsare highly dynamic.
Blindly transmitting the sensorupdatesto the server will
imposesevere network and storageoverheads.Furthermore,
sincecommunicationconstitutesamajorsourceof powerdrain
[1] in battery-operatedsensors,it would incur a very high
energy cost.

The problemof effective datacollectionin highly dynamic
environmentshasrecentlybeenstudiedin [2], [3], [4]. Thekey
observation 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 sensornetwork, errorin
sensorintensity readingsmay result in error in localizing the
object.Similarly, theresultof a queryfor averagetemperature
in a given region may be imprecisedue to data error. The
communicationoverheadbetweenthe dataproducersand the
server can be alleviated by exploiting the applications'error
tolerance.

Motivatedby [2], in this paper, we explore datacollection
protocols for sensorenvironments that exploits the natural
tradeoff betweenapplicationquality andenergy consumption
at the sensors.Energy conservation is especiallycritical in
environmentswhere it is dif�cult or infeasible to replenish
power suppliesof wirelessdevices. For example, it may be
dif�cult to replacebatteriesin sensorsusedto monitor civil
infrastructuressuchasbridges.Similarly, it may be infeasible
to replacebatteriesin smartdustmicro-sensorsspreadover a
geographicalregion for activity monitoring. Modern sensors
try to bepower aware,shuttingdown components(e.g.,radio)
when they are not neededin order to conserve energy. We
considera seriesof sensormodelsthat progressively expose
increasingnumber of power saving states.For each of the
sensor models considered,we develop quality-aware data
collection protocols that enablequality requirementsof the
queriesto be satis�ed while minimizing the resource(energy)
consumption.

Therestof this paperis organizedasfollows.We formulate
the quality-awaredatacollectionproblemfor sensorenviron-
mentsin SectionII. Varioussensormodelsandcorresponding
datacollectionprotocolsto minimize energy consumptionare
studiedin SectionIII. Adaptive sensorstatemanagementis
discussedin SectionIV. We analyzethe performancein sec-



tion V anddiscussrelatedwork andconcludein SectionVI.

I I . PROBLEM FORMULATION

In thissection,wedescribesystemandquerymodelsusedin
this paperanddevelopa formal characterizationof the sensor
datacollectionproblem.

A. Systemand QueryModel

Our system consists of a set of � sensors and one
server(residingat a resourcesuf�cient node) that maintains
a database.For simplicity, we will assumethat eachsensor
can communicatedirectly to the server. In a real system,
a server may correspondto an accesspoint that serves as
a data collection hub for a set of sensors.Various access
points,taken together, may form theoverall distributedsensor
database.Alternatively, datafrom theseaccesspointsmay be
collectedinto acentralizedsensordatarepository. Sinceaccess
pointsareassumedto be resourcesuf�cient, themoregeneral
setting does not pose signi�cant additional challenges.We,
therefore,addressthecollectionproblemin a simplisticsetting
of a single accesspoint (server) attachedto a set of sensors.
Our solution can serve as a building block for large scale
distributedsensorsystem.

Eachincomingquery ��� is associatedwith anaccuracy con-
straint ��� indicatingits toleranceto error in answerprecision
(We will explain the accuracy constraintand query answer
accuracy later). Furthermore,a query hasa latency bound �

which requiresthat eachquery be answeredwithin � time
units.

Each sensornode has a processorwith limited memory,
an embeddedsensor, an analog-to-digitalconverter, andradio
circuitry. A micro-operatingsystemcontrolseachcomponent.
We only considerdifferent radio modesand assumeall the
other componentsare always turned on. we considerthree
sensorstates:active (a), listening (l) and sleeping(s). While
the sensoris in the active mode,the transmitterradio is on;
while the sensoris in the listeningstate,the receiver radio is
on; andwhenthesensorgoesto thesleepingstate,its radio is
turnedoff completely. Two main typesof microsensordevices
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 receivesdata;while

	 AMPSnodehastwo radios,andcantransmitandreceivedata
simultaneously. Thesetwo types of sensormodelscan both
be representedby our abstractsensormodelsas in Table I.
Note that whena radio is 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(l)
Rx on Rx on
Tx off Tx off sleeping(s)
Rx off Rx off

TABLE I

SENSOR STATES

detectingan incomingpacket, but not currentlyin theprocess
of receiving a packet. We classify this modeas the listening
statesince Tx is off and Rx is on. Also note that even in
the sleepingstate,the changesin sensorvaluescan still be
detected,sincewe assumethesensorandprocessorarealways
on.In this paper, weuse	 AMPS node(i.e.,asensornodewith
two radios) asthe basisof our discussion.For a sensornode
with only oneradio, similar analysiscanbe applied.

B. Data CollectionFramework

Previous work has shown that an effective approachto
exploit the tradeoff between application quality and data
imprecision is for the server to maintain an approximate
value of the data whose divergencefrom the true value is
guaranteedto beboundedby anerrorat any time.Speci�cally,
let �
�

�������������������

� be the setof sensors.Eachsensorhosts
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 server. A query for the valueof sensor
�

� is answered
in the format of a rangewith a lower andan upperbound,so
the answeraccuracy is de�ned by the rangesize �

�$#
�

� . The
accuracy constraint �%� of query �&� speci�es the maximum
acceptablewidth of the result.

Whenever the sensorvalue �
� changesto �('

�

, sensor
�

�

checkswhether �
� is still a valid approximationfor the new

value.If �
� fallsoutside�

� , anew approximationof �)'

�

is sentto
theserver to updatethedatabase(Thisprocessis calledsource-
initiated update). Otherwise,thereis no needto transmitthe
updateto theserver, hencereducingcommunicationoverhead.
Queriesare executedover the cachedrangesat the server. If
the error toleranceof the query is larger than the dataerror,
i.e., ���+*,�$�

#
�-� , it is processedwithout any communication

with the sensor. Otherwise,the approximationofferedby the
databaseis insuf�cient, theserver may requesttheexactvalue
from remotesensor. The sensorrespondswith currentexact
value and a new approximationto be used by subsequent
queries.This processis calledconsumer-initiated requestand
update. Fig. 1 illustrates the data collection processand
Table II describesthe data collection protocol at the sensor
andserver side.
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Fig. 1. The DataCollectionProcess

C. ProblemStatement

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



Sensor-Side-Protocol (at time step / ):
Input Parameters:

021�354-6

- last valuesentto the server;
6�758

/:9 - currentsensorvalue;
; - timeoutvalue;

354"1�4"<

- sensorcurrentstate;

4"=5>@?

/

4"<BADCFE

;
if (( G

6 7 8

/:9�H

021�354-6

GJILK M ) or (
354"1�4"<

==sleepingand
4"=5>@?

/

4"<NA

I

; ) )
if (

354"1�4"<

==sleeping) turn on radio Tx;
if (

354"1�4"<

==listening) power up to active state;
/*apply model-speci�cprocessingfor source-initiatedupdate*/

AO7PCQA

;
AO7

=XX-Sensor-Side-Range-Adjustment(sensor-initiated-update, r);
0R7PCQ6�7N8

/S9�H

K

7

M ;
?S7TCU6�7N8

/:9�V

K

7

M ;
sendto server: (

0 7

,
? 7

);
0R1�3N4-6WCQ6 7 8

/S9 ;
if (

4"=5>@?

/

4"<BA

I

; )
4"=5>@?

/

4"<NA+CFE

;
else

4"=5>@?

/

4"<BA

++;
/* apply model-speci�csensor-sidemonitoring*/
XX-Sensor-Side-Learning();

if (probereceived)
/*apply model-speci�cprocessingfor consumer-initiated update*/

A
7

=XX-Sensor-Side-Range-Adjustment(consumer-initiated-update, r);
0

7
CQ6

7
8

/S9�H
K

7

M ;
?

7
CU6

7
8

/:9�V
K

7

M ;
sendto server: (

0R7

,
?S7

);
0R1�3N4-6WCQ6�7N8

/S9 ;
Server-Side-Protocol:
Input Parameters:

<

- queryconstraint;
?

- currentupperbound;
0

- currentlower bound;

if (new update(
0

7

,
?

7

) received)
0XCQ0

7

;
?�CU?

7

;
for (eachpendingconsumer-initiated request)

returnanswer
8"Y[Z(\

M^]

Y[Z(\

M
9 ;

else
keepcurrent

0

and
?

;
for (eachpendingconsumer-initiated request)

if (
?

H

0

I

<

) /*query constraintnot met*/
probesensor;

else
returnanswer

8 0

]

?

9 ;

/*apply model-speci�cserver-sideprocessing*/
XX-Server-Side-Learning();

TABLE II

DATA COLLECTION PROTOCOL

is not transmitting or receiving data, besidesreducing the
communicationoverheadbetweena sensorandthe server, we
alsoneedto minimize the time a sensoris eitheractive and/or
listeningevenwhenit is not transmittingupdatesto theserver.
Assumethat the probabilityof source-andconsumer-initiated
updatesat eachtime instantare _+`ba and _dcea . Formally, we
would like to

minimize f

g

�

g

`baih
_

`ba&j

g

ceakh
_

cea%j

gmlbn�o"p@q

.
subjectto (1) r(�tsu�m� , vws,xysu.

(2) z5�Ds{� , v|suxys,.

where r
� is the answeraccuracy for query x and z

� is the
queryresponsetime.Also notethat,

g

`ba is theenergy required

to sendanupdateto theserver, and
g

cea is theenergy required
to both receive the requestfor the dataand for transmitting
the sensorvalue to the server. Note that

g

`ba and
g

cea are
not constant.They dependuponthe stateat which the sensor
was when the source-initiatedupdateand consumer-initiated
updateoccurred.Consider, for example,a sensorthat is in the
sleepingstate.If thesensorvaluechangescausingit to exceed
therangeassociatedfor its valueat theserver, it will �rst hasto
transitionto theactive statefollowedby transmittingthevalue
to the server. Thus, the total energy spentwould be the sum
of energy spentto transitionfrom the sleepstateto the active
stateandtheenergy spentto transmittheupdateto theserver.
In contrast,if the valuedivergenceoccurswhenthe sensoris
in the active state,the energy consumptionwould be only for
transmittingthe updateto the server.

g l5n�o"p�q

is the amountof
energy consumedwhile not receiving or transmittingany data.
This is also not a constant,and it dependsupon the statea
sensoris in while it is free.

To achievetheobjectiveof minimizing theenergy consump-
tion at the sensor, we needto addressthe following issues:

} how to maintain the database: an optimal rangeneeds
to be maintainedand adjustedfor eachsensorso that it
reducessensorenergy consumptionwhile still beingable
to meetqueryaccuracy constraints.If the rangeis large,
accuracy constraintsof many querieswill be violated
resulting in expensive probes;likewise, if the range is
small, sensorupdatewould needlesslybe transmittedto
the server too frequently. Both caseswill consumea
largeamountof energy. While thetime of transmittingan
updateto the server and the time of receiving a request
from the server is �x ed in the collection process,the
numberof requestsandupdatesis affectedby the range
size, hencethe total energy consumptionis dependent
uponthechoiceof rangesize.We addresshow to setthe
rangesuchthat the energy consumptionis minimized in
SectionIII.

} howto managesensorstate: we needto determinesensor
state transition strategies. Sensorsconsumepower not
only when sendingand receiving data, but also when
idling at the active and listening states.To save energy,
a sensorneedsto power down into a lower energy state.
Poweringdown a sensorrequiresadditionalcostto power
up when a requestthat needsto be processedarrives.
Furthermore,it could result in increasedlatency for
queries.In SectionIV, we addressoptimalstatetransition
that determinesthe length of sensoridling and sleeping
to minimize overall energy consumption.

I I I . ENERGY EFFICIENT DATA PRECISION ADJUSTMENT

In this section,how the approximationrangefor the sensor
can be set at the server in order to minimize the energy
consumptiondue to communicationbetweensensorsand the
server. The energy cost due to communicationdependsupon
the numberof source-andconsumer-initiated updateswhich,
in turn, dependsupon the rangesize adaptation,patternsof



the changesin sensorvaluesand query workload character-
istics. Before presentingour solutions,we brie�y review the
approachdescribedin [2] wherethe authorsconsideredrange
adaptationto minimize the communicationoverheadbetween
dataproducersandtheserver. Our approachbuilds uponsome
of their results.

Assuming that the communicationcost incurred during a
source-andconsumer-initiatedupdateis ~•`ba and ~�cea respec-
tively, theexpectedcostperunit time ~€�•_ `ba‚h ~ `baTj _ ceaƒh ~ cea .
The authorsestablishedthat _ `ba �…„y†

pB‡ and _ cea �‰ˆ‹Š h � ,
where� is therangesizeand ˆ

�

and ˆŒŠ aremodelparameters
that depend on the characteristicsof source updatesand
queries.Therefore, ~•� „ †

p ‡

h ~ `ba‹j ˆ‹Š h � h ~ cea , which is

minimizedwhentherangesize �&�…Ž

• •

h

„ †

„

‡ , here
•

�’‘ h@“$”–•

“$— •

.
At this optimal point, it can be shown that the ratio of
probability of consumer-initiatedupdatesto the probability of
source-initiatedupdates ˜ — •

˜ ”–•

�

•

, which is a constant.
Thealgorithm(explainedin TableIII) exploits this observa-

tion andattemptsto changethe range � suchthat the ratio of
probability of consumer-initiated updateto the probability of
source-initiatedupdatecan be maintainedto be the constant

•

. For example, if
•

�š™ , the algorithm attemptsto ensure
that the probability of consumer-initiated updateis equal to
the probability of source-initiatedupdate. In case

•‰›

™ ,
it is desirablefor source-initiatedupdatesto be more likely
than consumer-initiated updates.Thus the rangeis decreased
on every consumerinitiated updatebut only increasedwith
probability

•

on source-initiatedupdates.Conversely, in case
•‹œ

™ , the rangeis increasedon every source-initiatedupdate
but only decreasedwith probability

�

•

on consumer-initiated
updates.

AA-Sensor-Side-Range-Adjustment(update-type, r )
switch (update-type)

ž

casesource-initiatedupdate:
with probability Ÿ¡ £¢

žB¤

]N¥@¦ , set
A

7
CŒA�§

¥
V©¨«ª ;

break;
caseconsumer-initiated update:

with probability Ÿ¡ £¢

žT¬

­

]N¥@¦
, set

AO7ƒC

K

®

¬°¯²±B³

;
break;

¦

return
AO7

;

TABLE III

RANGE SIZE ADJUSTMENT ALGORITHM PROPOSED IN [2]

We notethat the solutionin [2] hasessentiallybeendevel-
opedfor datacollectionin environmentswheredataproducers
are not energy constrained( e.g., they could be powerful
network routers) and its straightforward application is not
suitablein energy constrainedsensorenvironments.A direct
applicationof their solution would require that a sensorbe
alwaysmaintainedin an active statesincea server may need
to accessthe current sensorvalue at any time which would
result in a very high energy cost.

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

els basedon power saving sensorstates identi�ed in the
previous section.Thesemodelsprogressively considermore
sensorstatesandbecomemorecomplicated.We startwith the
Always-Active Model (AA) wheresensorsare always in the
active state.As explainedbefore,this will not performwell in
termsof energy saving. It formsa baselinefor studyingenergy
savingsdueto exploiting moresensorstates.We thenconsider
the Active-ListeningModel(AL), wheresensorsswitch 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 state if necessary. Finally, we considerthe
Active-Listening-SleepingModel(ALS) which incorporatesan
intermediatestate(listening) to the AS model.

For eachof theabovemodels,we discussthedatacollection
approachthat minimizesthe energy consumptionwhile meet-
ing thequalityconstraintsof thequery.Thekey issueaddressed
is how to determinethe ranges� � suchthat the overall energy
consumptionis minimized.In deriving the optimal rangesfor
the various models,we will needsomesymbolswhich are
summarizedin Table IV.

Symbol Meaning
A

interval size
´)µ

Y probability of source-initiatedupdateat eachtime instant
´(¶

Y probability of consumer-initiated updateat eachtime instant
´)·

probability of a sensorbeing in state ¸ ( ¸

CU1

]

0

]

3

)
¹

K5º

the time it takes to receive a consumer-initiated request
¹:»

º

time it takes to senda source-or consumer-initiated update
¹:· ¼

transitiontime from state ¸ to ½ ( ¸
]

½

CQ1

]

0

]

3

)
´t¾$·

power consumptionwhensensoris in state ¸ ( ¸

CF1

]

0

]

3

)
¿À· ¼

energy consumedin switching from state ¸ to ½ ( ¸
]

½

CQ1

]

0

]

3

)

TABLE IV

SYMBOLS USED

A. Always-ActiveModel (AA)

In this model, sensorsare always active. The total nor-
malized energy consumptionis shown in Equation (1). As

Á

¿ÀÂ@Â
C

´t¾TÂ
§

´)µ

Y

¹
»

º

ª (source-initiatedupdates)
V

´t¾TÂ
§

´
¶

Y

§
¹

K5º

V

¹
»

º

ª–ª (consumer-initiated updates)
V

´t¾TÂ
8

¥
H

´)µ

Y

¹
»

º

H

´
¶

Y

§
¹

KNº

V

¹
»

º

ª-9 (idling)
C

´t¾TÂ

(1)

expected,it shows that the normalizedenergy consumptionis
equalto the power consumptionat the active state.Therefore,
irrespective of how the rangeis set, energy consumptionis
constant.This modelservesasa baselineto study the energy
savings that result in utilizing sensorstatesthat consumeless
energy.

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
thesensorvaluedivergesfrom the rangeusedto representthe
sensorvalue at the server, or if it receives a requestfor its
currentvalue from the server. Whena sensoris in the active



state,it processesall its pendingrequestsandwaits for a Ã

q

unit of timebeforeswitchingto thelisteningmode.Thereason
to wait for Ã

q

time units in the active (higher energy) state
insteadof poweringdown to the listening(lower energy) state
immediately is that switching from a lower energy state to
a higher energy stateis associatedwith a signi�cant energy
cost.From an energy perspective it might be advantageousto
wait in the higherenergy state(insteadof powering down) if
thesensorwill be requiredto transitionbackto higherenergy
statein thenearfuture.Obviously, theoptimalvalueof Ã

q

that
minimizesenergy consumptiondependsupon the application
workloadand sensorvaluechangepatterns.We defer further
discussionon how Ã

q

can be set in order to minimize
power consumptionto Section IV. For the time being, we
assumethat Ã

q

has been optimally set. With Ã

q

�x ed, we
considerthe problem of optimally determiningthe range �

for the sensorthat minimizes the energy consumption.The

listening active

or consumer-initiated update
upon first source-initiated update

source or consumer-initiated update
Ta after processing last 

Fig. 2. The Active-ListeningModel (AL)

sensorenergy consumptionunder this model( Equation(2))
consistsof threeparts:(a)energy consumedby source-initiated
updates.This dependson the sensorstatewhen the source-
initiated updateis due: if the sensoris listening, there is a
power-up energy and also transmissionenergy. (b) energy
consumedby consumer-intiatied updates.In addition to the
energy spent on receiving consumer-initiated requestsand
transmittingthe updates,power-up energy is neededif sensor
is listening. (c) energy consumedby the sensor idling in
different state.Besidesreceiving consumer-initiated requests,
transmittingsource/consumer-initated updatesand transition-
ing from listening to active, the sensoralsoconsumesenergy
by stayingin eitheractive or listeningstate.
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(2)

The energy consumptiondependsupontheprobabilities_

q

and _ÇÆ of thesensorbeingin theactive andlisteningstate.We
next show how theseprobabilitiescan be expressedin terms
of theprobabilityof sourceandconsumerinitiatedupdates.If

Ã

q

�Èv , the sensorstatetransitionmatrix capturingthe state
transitionprobabilitiesis as follows:

É

�ËÊ Ì

�"x

�

z5Í��‚xÎ�$Ï rXÐ«zbxÎ�(Í

�"x

�

z5Í��‚xe�$Ï ™
#

_ÇÆ

q

_ÀÆ

q

�•_d`ba
j

_dcea

r(ÐOzbxe�XÍ ™
#

_

q«q

_

q«q

�•_D`ba
j

_Dcea

ÑÒ

Thelong-termprobability that thesystemwill be in eachstate
can be obtainedby computingthe steadystatevector of the

Markov Chain.Therefore,we get
_ÇÆ��€™ # _D`ba # _Dcea and _

q

�Ó_D`ba j _Dcea .
As mentionedbefore, _+`ba‹� „ †

p ‡ and _dcea©�Ôˆ Š

h � [2]. To
�nd the minimum f

g q

Æ , we can �nd the root of the derivative
Õ©Ö ×‚ØNÙ

Õ

p , andwe get �SÚ��

Ž

•

Š

„ †

„

‡ . At this optimal point, ˜

— •

˜ ”°•

�

„

‡

„ †

h �

ÚBÛ . Thus, energy consumptionis minimized when the
ratio ˜ — •

˜ ”–•

�’‘ which is a constant.
We next considerthe casewhen Ã

q

œ

v . In this casethe
sensorstatetransitionmatrix is as follows:

É

� ÊÌ

�"x

�

z5Í��‚xe�$Ï r(ÐOzbxe�XÍ

�–x

�

z5Í��‚xe�$Ï ™ # _ÀÆ

q

_ÇÆ

q

�’_D`ba j _Dcea

rXÐ«zbxÎ�(Í _

q

Æ ™ # _
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The above analysis shows that for the AL model, in-
dependentof the value of Ã

q

, the energy consumptionis
minimizedwhen ˜

—
•

˜
”°•

is a constant(equalto 2). Sincethedata
collection protocol shown in Table III maintainsthe ratio of
theprobabilitiesto bea constant,it canbeusedin conjunction
with the AL model to minimize energy.

C. ASmodel

In the AS model(describedin Figure3) the sensortoggles
betweenthe sleepingand active modes.Initially, the sensor
is in the sleepstate.Similar to the AL model, sensorshifts
to the active stateif the sensorvaluedivergesfrom the range
usedto representthesensorvalueat theserver. Sincea sensor
in the sleepstatecannot receive requestfrom the server, it
periodically wakes up on a timeout if it has beensleeping
uninterruptedfor Ã

` timeunits.Sucha timeoutbasedtransition
is necessaryin order to meet the quality requirementsof
queries that would have resulted in the consumer-initiated
updateat the sensor. The sensor, on switching to the active
statesendsits currentvalueto theserver. Notethat this update
canbe usedby the server to answerthosequeriesthat would
have resultedin consumer-initiated requestswhile the sensor
was in the sleepstate.The sensorremainsin the active state
while therearerequestsfor its value.After it hashandledall
the requests,it switchesto the sleepingstateafter waiting for

Ã

q

time units without handlingany requests.We next discuss
the energy consumptionfor the AS model.

In the AS model, total energy consumption(Equation(3))
consistsof (a) energy consumedby source-initiatedupdates.
Besidesthe energy spentin transmittingsource-initiatedup-
dates,thereis energy involvedin transitioningfrom sleepingto
active if thesensoris sleepingwhenthesource-initiatedupdate
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Fig. 3. The Active-SleepingModel (AS)
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(3)

is due; (b) energy consumedby transition from the sleeping
stateto theactive stateandtheassociatedvalueupdateswhen
a sensorwakes up due to time-out; (c)energy consumedby
consumer-initiated updates;and (d) energy consumedwhile
sleepingor beingactive without receiving or transmitting.

We next derive the optimal setting of the range ��� for
the sensorthat minimizesthe energy consumptionunder the
assumptionthat the Ã

q

hasalreadybeenset.As statedbefore,
the optimal setting of Ã

q

will be derived in Section IV.If
Ã

q

�ëv , the sensorswitchesto the sleepingstate as soon
as thereis no requestswaiting. Therefore,
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Long term probabilitiesof the sensorbeing in the sleeping
andactive statesareas follows:
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If Ã

q

œ

v , 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:
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For both Ã

q

�’v and Ã

q

œ

v , by applyingtheseprobability
formula into Equation3, the total energy consumptioncanbe
expressedasa ratio of two complex polynomialsof rangesize

� (see [9] for detail).Sinceis not possibleto expresstheratio
_Dcea to _D`ba in termsof otherparameters,thebasicstrategy for
rangesettingdescribedin Table III cannot be used.Instead,
weneedto monitorparameterŝ

�

, ˆ‹Š , ä and î at runtime.For
this purpose,thefollowing informationfor thesliding window
of last ð updatesis maintained:(1) thenumberof sensorstate
transitions( ñ `

q

and ñ

q

) of the last ð updates;and (2) the
numberof source-or consumer-initiatedupdates( ñ `5a or ñ cea )
of thelast ð updates.Usingthis information,thevaluesof ˆ

�

,
ˆ Š , ä and î is estimated.For example, ˆ

�

is set to be _D`ba h

�

Š , where _D`ba is estimatedas the numberof source-initiated
updates( ñi`5a ) dividedby Ã , where Ã is thetime periodof the
currentwindow. Theparameter̂ Š canbeestimatedsimilarly.
Given theseparametervalues,we �nd the roots of

ÕFÖ × Ø

”

Õ

p and
comparethe energy valuesat the rootsto determinethe value
of � that minimizes the energy consumption f

g q

` . Since the
computationis too complex to be performedat the resource-
constrainedsensors,it is doneat the server. Note that since
thevalueof ä and î dependsuponthenumberof sensorstate
transitionsduringthewindow, thesensorsdeterminethevalues
of ä and î andpiggybackthesevaluesfor the last ð updates
with the ð

o–ò

update.At thesametime theserver monitors ˆ

�

and ˆŒŠ ; upon receiving the ð

o–ò

update,the server computes
thenew optimalrangewhich is transmittedto thesensor. Table
V shows thedatacollectionprotocolat bothserver andsensor
side.

D. ALSModel

In this model (illustrated in Fig. 4), the sensoris initially
in the sleepingstate.It switchesto the active statewhen a
source-initiatedupdateoccursor when it has beensleeping
for Ã

` time unitswithout interruption.Whenit is in theactive
state,it processesall the waiting requests.After it hasbeen
freein theactive statefor Ã

q

time units,it goesto thelistening
state.Oncein thelisteningstate,any sourceinitiatedupdateor
consumerinitiated updatewill trigger the sensorto go to the
activestate;otherwise,if it is idling for Ã‚Æ time units,it goesto
sleep.The sensorenergy consumption(Equation(4)) consists

source or consumer in
itia

ted update
consumer in

itia
ted update

upon firs
t source or

or after Tsafter T
l w

ithout transition

Ta after p
rocessing last

upon first source-initiated update

listening

sleeping

active

Fig. 4. The Active-Listening-Sleeping Model (ALS)

of (a) energy consumedby source-initiatedupdates.Besides



AS-Sensor-Side-Learning:
Variables:ó

Â�µ

- numberof transitionsfrom active to sleepingó

µ°Â

- numberof transitionsfrom sleepingto active
´(ÂOµ

- probability of transitionsfrom active to sleeping
´)µÎÂ

- probability of transitionsfrom sleepingto active

while (1)
ž

if (transitionfrom active to sleeping)
ó

ÂOµ

++;
if (transitionfrom sleepingto active)

ó

µÎÂ

++;
if (received an update)

ž

¸SV©V ;
if ( ¸

C+CUô

)
ž

´ ÂOµdC

ó

ÂOµ�õ ¹

;
´ µÎÂ¡C

ó

µÎÂJõ ¹

;
computeö and ÷ for currentsliding window;
sendto server:

§

ö ] ÷(ª ;
¸

CFE

;
¦

¦

¦

AS-Server-Side-Learning:
Variables:ó

µ

Y - numberof source-initiatedupdates;ó

¶

Y - numberof consumer-initiated updates;
´ µ

Y - probability of source-initiatedupdates;
´(¶

Y - probability of consumer-initiated updates;

while (1)
ž

if (received an update)
ž

i++;
if (it is source-initiatedupdate)

ó

µ

Y ++;
elseif (it is consumer-initiated update)

ó

¶

Y ++;
if ( ¸

C+CUô

)
ž

´)µ

Y

C

ó

µ

Y

õ
¹

;
´

¶

Y

C

ó

¶

Y

õ
¹

;
compute ø

¬ and ø

M for currentsliding window;
compute

A

;
sendto sensor:

A

;
¦

¦

¦

TABLE V

DATA COLLECTION PROTOCOL FOR THE AS MODEL

theenergy spentin transmittingsource-initiatedupdates,there
is energy involved in transitioning(from sleepingto active if
thesensoris sleeping,or transitioningfrom listeningto active
if the sensoris listening) when the source-initiatedupdate
is due; (b) energy consumedby transition from the sleeping
stateto theactive stateandtheassociatedvalueupdateswhen
a sensorwakes up due to time-out; (c)energy consumedby
consumer-initiatedupdates.If thesensoris sleeping,incoming
consumer-intiiated updatesaredropped,so only whensensor
is listening or active, would a consumer-initiated requestbe
responded.and(d) energy consumedwhile sleepingor being
active without receiving or transmitting.
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(4)

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

probability ( _

q

, _ÇÆ and _D` ) can be obtained.Applying these
into Equation(4), the energy consumptioncan be expressed
as a function of � . Similar to the AS model, optimal range
sizecanbe setbasedon the parametersmonitoredat runtime.
The detailedderivation, thoughconceptuallysimple, is quite
complex, so we refer the interestedreadersto [9]. We can
apply the samedatacollection approachas in the AS model
shown in TableV.

Discussion:For Mica mote (i.e., a sensornodewith only
one radio), the sensorgoesto the active stateonly if it has
somedatato send.While thesensoris in theactivestate,its Rx
radiois turnedoff andwill not detectany incomingconsumer-
initiated requests.Therefore, the total energy consumption
shouldbemodi�ed accordinglyto re�ect this. For example,in
theAS model,all theconsumer-initiatedrequestsarebuffered
at the server side.Furthermore,the sensorswitchesto either
listeningor sleepingstateimmediatelyafter it �nishes sending
the data,therefore,Ã

q

is alwaysequalto 0.

IV. ADAPTIVE SENSOR STATE TRANSITION

In the various sensormodelsdiscussedabove, transitions
among statesbesidesbeing triggered by the sensorvalue
diverging from its representationat the server, also occur
due to timeouts.For example, in the AL and ALS model,
a sensor in a sleep mode shifts to the active mode after

Ã
` time units. Furthermore,transitionfrom active/listeningto

listening/sleepingis alsobasedon timeouts.In this section,we
derivehow thesensorsetsthesetimeoutsin orderto maximize
energy savings.

In AS andALS models,a sensormustseta sleeptime ÃÇ`

afterwhich it transitionsto theactivestateandsendsanupdate
to the server. Sincethe sleepingconsumesthe leastenergy, it
is desirableto maximizethe time ÃÀ` for which thesensorcan
sleep.To make surethat all the queriesare answeredwithin
latency bound � , The worst casequeryresponsetime for the
AS model Ã

`yj
Ã

`

q

j
Ã

pBn

j
Ã

o"n

shouldnot be greaterthan
� . Therefore,Ã

` for the AL model is chosento be
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Similarly, Ã
` for the ALS model is chosento be
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In AL, AS andALS model, Ã

q

needsto bedetermined.We
usethe AS model to show how an optimal value of Ã

q

can
be derived.The developmentfor the ALS model is similar in
natureand interestedreadersare referredto [9] for details.
Waking up a sensorat the sleepingstaterequiresadditional
energy andlatency, so it is not obvious thatputting thesensor
to sleepimmediatelyafter it �nishes the requestsat hand is
the mostenergy ef�cient choice.Dependinguponthe request
arrival rate,thesleepingperiodcouldbesoshortthatpowering
up costsaregreaterthantheenergy saved in thatstate.On the
otherhand,waiting too long to power down may not achieve
the bestenergy reductionspossible.Thus,a careful selection
of Ã

q

is important.Intuitively, if updates(either initiated by
sourceor consumer)arenot bursty, it is betterto set Ã

q

to be



zero; otherwise,the sensorshould remainactive for a while
beforegoing to sleep,so that morerequestscanbe answered
in time andfrequentstateswitchingcanbe avoided.Hence,a
goodunderstandingof source-andconsumer-initiated update
patternswill help in determiningthe optimal active time.

Let us assumethat ýDÜ"zNÝ is the probability of receiving
any type of requestsat any time instant z . Let þtÜ"zNÝ be the
probability of being silent for z time units, i.e., there are
no requestsbefore z until a requestarrives at time z . Since
any incoming requestmeansthe end of the silent period,

þtÜ"zNÝ
�ÿýDÜ"zNÝ . If we assumethat requests(either sourceor
consumerinitiated updaterequestsare uniformly distributed
in interval Ü–v

�

Ã

q

j Ã `

! (sincewe know that at the endof Ã ` ,
theremustbe a timeoutupdaterequest),then
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In this case,the expectedenergy consumptionfor a single
silent periodwill be
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Since Ã

q

* v and
g

œ

v ,
g

is non-decreasingand is
minimal when Ã

q

�’v . This meansthat the sensorshouldgo
to sleepimmediatelyafter it �nishes all the requestsat hand.

While Ã

q

� v is optimal if requestinter-arrival pattern
follows uniform distribution, in practice,this assumptionis
rarely true, and the problem of �nding þtÜ–zNÝ remains.Our
approachis to learn þtÜ"zNÝ at runtimeandadaptively select Ã

q

accordingly. Thebasicideais asfollows: we choosea window
size � in advance.Thealgorithmkeepstrackof thelast � idle
periodlengthsandsummarizesthis informationin ahistogram.
Periodically, the histogramis usedto generatea new Ã

q

.
The setof all possibleinter-arrival period lengths Ü°v

�

Ã

q

j

Ã‚`OÝ is partitionedinto � intervals, where � is the numberof
bins in the histogram.Let z

� be the left endpointof the x

o–ò

interval. The x

o–ò

bin hasa counterwhich indicatesthenumber
of idle periodsamongthe last � idle periodswhoselengthfall
in the range � zN�

�

z5�
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Ý . The bins arenumberedfrom 0 to �
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and z5�d�Óv
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` .
The counterfor bin x is denotedby Ð

� . The thresholdfor
changingstatesis selectedamong� possibilities:z
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h�h�h
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�(ç‚�

.
We estimate the distribution þ by the distribution which
generatesan idle period of length zN� with probability Ð����	�
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to be the value z�� that minimizesthe energy consumptionas
follows:
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Similar derivation can be done to obtain Ã

q

for AL/ALS
modelsand Ã$Æ for the ALS model. (Seedetailsin [9]).

V. PERFORMANCE EVALUATION

The objective of our simulation is to comparethe per-
formanceof various sensorstatemodels (AA, AL, AS and
ALS) for quality-aware data collection in terms of energy
consumptionandaveragequery responsetime.

TheSimulationEnvironment

We built a simulator in C, consistingof a server and a
databaseand a number of sensors.User queriesare posed
at the server which thenreturnstheir results.
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TABLE VI

PARAMETERS USED IN THE SIMULATION

Thesensorsarecharacterizedasfollows.Thesensor-related
parameterswereobtainedfrom thespeci�cationof thewireless
sensornodes/motesdevelopedby theUniversityof California-
Berkeley [6]. Each sensorholds one exact numeric value,
andthe databaseholdsall the interval approximations.Sensor
values are picked randomly and uniformly from the range

�
#

™-,[v

�

™�,[v
! ; they perform a randomwalk in one dimension:

every second,the valueseither increasesor decreasesby an
amountsampleduniformly from � v

�

,

�

™

�

,
! .

User queriesarrival times at the server are Poissondis-
tributed with meaninter-arrival time set at 2 seconds.Each
queryis accompaniedby anaccuracy constraintspecifyingthe
maximumacceptablewidth of the result. The accuracy con-
straintaregeneratedbasedon parameters�

q�.!/

�’‘Sv (average
accuracy constraint)and �

.«qOp

� ™ (accuracy constraintvari-
ation): they aresampledfrom a uniform distribution between
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Ý and �
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ExperimentalResults

Our performancestudy �rst evaluatesthe proposedsensor
models in terms of sensorenergy consumptionand query
responsetime. We thenstudythe impactof ÃÇ` and Ã

q

values,
aswell asrangesizeadjustmenton thesystemperformance.In
our system,the two randomvariablesarethechangingsensor
values and arriving user queries.We analyze the system's
behavior by varying the patternof sensorvalue changesand
queryaccuracy constraints.

Fig. 5 showssensorenergy consumptionandqueryresponse
time of the four proposedsensormodels(AA, AL, AS and
ALS). Not surprisingly, the energy consumptionof the AA
modelis thehighest,andits queryresponsetime is thelowest.
This is the model where no energy is saved; sensorsare
alwaysactive, thusany consumer-initiatedupdaterequestscan
be detectedimmediately and then processed.As shown in
Table VI, listening stateconsumessimilar amountof power
to active state,thus the AL model doesnot decreaseenergy



Fig. 5. Systemperformancecomparisonof proposedsensormodels

consumptionto a great extent. However, most of the time,
the sensoris in the listeningstatewhenmost requestsarrive.
It switches to the active state so that it can actually send
out the updates.This power-up processtakes time, which
explains why query responsetime under the AL model is
higher than the AA model.Models that incorporatesleeping
statereduceenergy consumptionsigni�cantly. However, this
comesat thepriceof higherqueryresponsetime,sinceit takes
moretime for a sensorto switch from thesleepingstateto the
active statethan from the listening stateto the active state.
Communicationcost comparisonof thesefour modelsshow
that our energy saving strategies also reducecommunication
cost slightly. This is becausemultiple querieswaiting at the
server can be answeredusing the databaserangesrefreshed
by the next source-initiatedupdate,avoiding the need for
the sensorto transmitan updatefor eachconsumer-initiated
request.Given that decreasingsensorenergy consumptionis
our objective, the AS model outperformsthe other models
signi�cantly dueto its low energy cost.We, therefore,restrict
the remainderof the performancestudy to the AS model.

Fig. 6 demonstratesthe impact of ÃÇ` value selectionon
sensorenergy consumptionand query responsetime. When

Ã‚` is very small, thesensorpowersup from thesleepingstate
to the active statevery often consuminga large amountof
energy. However, this bene�ts querieswaiting at theserver by
shorteningtheir waiting time. As ÃÀ` gets larger, the power
consumptiondecreasesand query responsetime increases.
After Ã

` reachesa certain point (100 ms in this case),the
energy consumptionlevels out. This is becausethe likelihood
of sensorswitchingbecauseof timeoutis very low: theenergy
consumedby source-initiatedupdatesdominates;for thesame
set of queriesand samesensorvalue changepatterns,the
energy consumptionis similar.

Fig. 7 comparessystemperformanceunder �x ed Ã

q

with
systemperformanceusing adaptive Ã

q

. Since Ã

q

�Ëv was
shown to be optimal when requestarrival follows uniform
distribution,wecomparetheadaptiveapproachto theapproach
that �x es Ã

q

to be 0. The resultsshow that adaptive Ã

q

saves
energy by half andalsodecreasesqueryresponsetime. When
requestsarebursty, it savesenergy andshortensquerywaiting
time by remainingactive for a certaintime period.Adapting

Ã

q

to userquery patternsand sensorvalue changesis much
betterthan �xing it value.

Fig. 8 depicts the impact of rangesize by showing four
different cases:(a) � � v , this meansthe databasestores
single instantaneousvaluesinsteadof intervals, (b) set � to
be theaverageaccuracy constraint:on anaverage,queriescan

be satis�ed by storedvalues.(c) adaptive � as shown in our
approaches:the optimal � is found periodically to minimize
theenergy consumption.(d) a large � : When � is 0, all queries
canbeansweredby just retrieving valuesfrom thedatabase,so
query responsetime is minimized;but eachchangein sensor
value needsto be reportedto the server, which consumesa
large amountof energy. When � is set to be very large,most
sourcevalue changeswill not exceedcurrent range,so the
likelihood of source-initiatedupdatesis low. However, the
coarsedata representationis not suf�cient for most of the
queries,hencea numberof consumer-initiated updateswill
occur. As a result, the averagequery responsetime is very
high. Fig. 8 shows that our adaptive approachsigni�cantly
outperformsotherapproaches.

Fig. 9 shows how the system behaves as sensorvalues
changefrequency varies.Whenthesensorvaluechangesvery
frequently, the likelihood of its value falling outsideof the
currentrangeis high, leadingto frequentsource-initiatedup-
dates.This triggersthesensorto sendoutupdates,andin some
caseswith theaddedcostof poweringup from sleepingmode;
both updatesand power-up consumeenergy. Subsequently,
energy consumptionis very high. Becausethe server receives
updatesconstantly, most queriescan be answeredpromptly,
andaverageresponsetime is low. As sensorvaluechangesless
frequently, theenergy consumptiondecreases.After it reaches
a certain point, the energy consumptionevens out. This is
becausewhen not enoughsourceinitiated updatesoccur, the
sensorwakesupafter Ã

q

timeunitsandsendsanupdate,which
dominatesenergy consumption.

Fig. 10 indicatesthe impactof queryaccuracy constraints.
The horizontalaxis is the averageaccuracy constraint.When
mostqueriesneedvery accuratedata,therewill bemany con-
sumer initiated updates,therefore,both energy consumption
andqueryresponsetime arehigh. As accuracy constraintsare
relaxed,increasingnumberof queriescanbeansweredby just
returningthe currentvaluesin the database,thereforesensor
energy consumptionbecomessmaller and query response
time is decreasing.After a certain point, the likelihood of
getting consumer-initiated updatesbecomesvery small, and
then source-initiatedupdatesand timeout updatesconsume
mostof the energy. For this reason,the curve levels off after
that point.

Performance Summary: Performancestudiesindicatethat
the AS model consumesthe leastamountof sensorenergy;
our proposedstrategies of intelligent sensorstate transition
reduceenergy consumptionto a greatextent; optimizedrange
size adjustmentworks effectively with correspondingsensor
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models and saves more energy than static range or storing
exact values.

VI . RELATED WORK

Energy ef�ciency is one of the major concernsin sensor
networks. To prolong system lifetime of sensornetworks,

various approacheshave been devised to exploit low duty-
cycleoperation,e.g.transitionlessactive into a sleepingmode.
In ASCENT [10], the decisionof when nodeshouldgo into
the sleepstate is basedon the numberof active neighbors
and per-link data loss rate. The PEAS [11] protocol avoids
the overheadof keepingneighborstateby letting eachnode



probe its surroundingnodesto maintain a desiredworking
nodedensity. STEM [12] is a topology managementscheme
for sensornetworks that tradespower savings for path setup
latency. Here a separateradio operatesat a lower duty cycle
to detectincomingpackets.LEACH [13] andPEGASIS[14]
aim to balanceenergy consumptionamongsensornodesso
that the lifetime of thesensornetwork canbemaximized.The
approachesdescribedabove focus on exploiting the cooper-
ation amongsensornodesfor betterenergy conservation. In
contrast,our energy saving approachestakes into considera-
tion application-level information to optimize sensorenergy
consumption.

Quality-aware datacollection protocol is proposedin [2]
with the objective of reducingcommunicationoverhead.For
sensorenvironments,data archival strategies are studied to
guaranteeapplicationquality in [4], wherean optimal online
algorithmis proposedfor creatingpiecewise-constantapprox-
imation of sensordata. Offering precisionand performance
tradeoff for aggregatequeriesis donein [15]. Whendatabase
valuesare not preciseenoughto answeraggregate queries,
data producersneedto be probedto improve the accuracy.
Probingall of them would be very expensive, algorithmsfor
selectinga subsetof dataproducersto probeare investigated
basedon the costof probingeachdataproducer.

Researchon sensordatabasessuchas COUGAR [16] and
Telegraph [17] aims to accommodatethe special character-
istics of sensorsinto databases.COUGAR describesa data
model and long-runningquery semanticsfor sensordatabase
systemswhere stored data are representedas relations and
sensordata are representedas time series.The interaction
of in-network aggregation with wirelessrouting protocol for
distributed query processingin sensornetworks is also in-
vestigatedin [18]. Similarly, Telegraphalso studiesadaptive
queryprocessingdonein sensornetwork. In contrastto these
approaches,our work exploreshow applicationquality toler-
ancecanbe usedto reducethe energy consumptionfor query
processingin sensorenvironments.Thetwo approachescanbe
viewed as complementingeachother – an interestingfuture
work is to combine the in-network query processingwith
quality-basedadaptationto minimize energy consumption.
Other relatedwork is researchon datastreaming[19], which
investigatesdatamanagementandprocessingproblemsin the
presenceof continuousandtime varying datastreams.

VI I . CONCLUSIONS

Sincemany real-world applicationscantoleratedataimpre-
cisionat varying levels,theerror toleranceof applicationscan
beexploited to reduceenergy consumptionduringsensordata
collection.In this paper, we have studiedenergy ef�cient data
collectionmechanismsfor distributedsensorenvironmentthat
explores the tradeoff betweensensordata accuracy and en-
ergy consumption.Both theoreticalanalysisandexperimental
resultsvalidatedthe effectivenessof our approaches.

To ensurethequality of aggregatequeries,it is necessaryto
probepart but not all of the sensors.Our work canbe further
extendedwith a probabilisticcost model for probing sensors

in orderto ef�ciently handleaggregatequeries.With thesame
goal of minimizing sensorenergy consumptionand ensuring
applicationquality, dealingwith aggregatecontinuousqueries
becomesmuch more complicated.Furthermore,in-network
processingis a very promisingapproachto be integratedwith
our work.
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