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ABSTRACT

Wirelesssensors have several constraints, such as a
shorttransmissionrange, poorprocessingcapabilities,and
a limitedavailableenergy. Our goal is to designanenergy-
efficient sensornetworkby exploiting the conceptof col-
laborativesignalprocessing. We considera networkcom-
posedof multiplesensornodes,each of which corresponds
to a processor. Byusinganappropriatecollaborativecom-
putationalalgorithmandcommunicationscheme, wemake
sensors operate as a DistributedDigital SignalProcessor
(DDSP) and generate the desired results. The benefitof
such an approach is twofold: (i) the energy and compu-
tational limitations of the individual sensors can be over-
come, and(ii) for agivenlevelofprocessingcomplexity, the
energyefficiencyof theoverall networkcanincreasesignif-
icantly. We apply theDDSPapproach to theFastFourier
Transformalgorithm, and derive resultsshowingthe im-
provementin performancethat can be obtainedthrough
the proposedtechnique. Moreover, we studythe existing
trade-off betweenenergy saving, data latencyandnumber
of employedsensors.

INTRODUCTION

Wirelesssensorscanbeusedfor remotemonitoringand
object-trackingin different environmentsand for a wide
rangeof applications.Typically, they consistof a Micro-
ElectroMechanicalSystem(MEMS), a low-power Digital
Signal Processor(DSP), a radio frequency circuit, and a
battery. Due to their low-costandlow-complexity nature,
sensorsarecharacterizedby several constraints,suchasa
shorttransmissionrange,poorcomputationandprocessing
�
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capabilities,low reliability anddatatransmissionrates,and
a limited availableenergy. Networkscomposedof multiple
sensorsshouldbedesignedwith theaimto overcomethese
limitations by exploiting the synergy betweendistributed
nodes.

Consideranetwork wheredatahave to begatheredfrom
thesensorsto somedistantinformationsink,which canbe
any wirelessdevice connectingthe network to a commu-
nication infrastructure. By applying datagatheringtech-
niquesand routing algorithms, information can be con-
veyed from the remotesensorsto the sink throughrelay
nodes,regardlessof the transmissionrangeof the sensors
and their distancefrom the sink [1]. Also, arbitraryvast
areascanbe coveredby deploying a sufficient numberof
sensors,eachof which will be in charge of controlling a
portionof theobservedarea.Whenminimizingdatatrans-
missionsis important,collaborative processingtechniques,
suchasbeamforminganddatafusion,canbeapplied.Cor-
relateddatacanbe combinedbetweennearbysensorsbe-
fore beingtransmittedto thesink node. In this way, com-
municationsaremostlyrestrictedto dataexchangebetween
neighboringnodeswhile thesignalqualityandstatisticsare
enhanced[2, 3]. Instead,whenahighnetwork reliability is
required,redundancy in thecollecteddatais highly desir-
able, andcanbe obtainedby having multiple sensorsre-
portingon thesametargetevent[4].

In this paper, our objective is to provide energy effi-
ciency in wirelesssensornetworks.

Themajorcontributionsto powerconsumptionin sensor
nodesare:(i) thepowerconsumedby thedigital partof the
devicecircuitry; (ii) thepowerconsumedby thetransceiver
in transmittingand receiving mode; and (iii) the output
transmissionpower. The output transmissionpower of a
sensordependson its transmissionrange,while the total
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power consumptiondependson theamountof transmitted,
received, andprocesseddata. Energy-efficient techniques
cantherefore� operatein two domains:(i) signalprocessing
and(ii) communicationprotocolarchitectures.Signalpro-
cessingtechniquesinvolve energy scalingalgorithms[5],
designof low-power processors[6], andpartitioningof al-
gorithmsamongmultiple sensornodes[3]. Techniquesat
theprotocollevel includelow-powernetwork configuration
algorithms[7], energy-efficient routingandmediumaccess
schemes[8, 9].

In this work, we adopt an approachwhich belongs
to both the signal processingand the network protocol
domains. We apply the concept of collaborative sig-
nal processingto implementa Distributed Digital Signal
Processor(DDSP). The idea of the DDSP relies on the
divide-and-conquer paradigm,whichis oftenusedin multi-
processorcomputers.Accordingto thedivide-and-conquer
paradigm,aproblemis dividedin multiplesub-problemsof
smallersize. Every processorsolveseachsubproblemby
usingthe samealgorithm,andthe solutionto the original
problemis obtainedby combiningtheoutputsfrom thedif-
ferentprocessors[10]. In our scenario,eachsensorcorre-
spondsto aprocessor. By designingappropriatecommuni-
cationprotocolsandcollaborative computationalschemes,
we make sensorsoperateasa distributedDSPandgener-
atethe desiredresult. The benefitof suchan approachis
twofold: (i) theenergy andcomputationallimitationsof the
individual sensornodescanbe overcome;(ii) for a given
level of processingcomplexity, theenergy efficiency of the
overall network canincreasesignificantly.

We describethe DDSP conceptin more detail in the
next section,wherewe apply the DDSP approachto the
FastFourierTransform(FFT) algorithm.Then,we present
someresultsshowing theimprovementin performancethat
is obtainedthroughtheDDSPtechnique.Finally, we con-
cludethepaperanddiscussaspectsthatwill besubjectof
furtherresearch.

APPLYING THE DDSP APPROACH TO THE FFT
ALGORITHM

Considera network composedof
�

sensors.Think of
the

�
sensorsasa set of interconnectedprocessors,each

of them having a local memory, and being able to com-
municatewith eachother by sendingand receiving mes-
sages. Then, considerthe Fast Fourier Transform(FFT)
algorithm,which is largely usedin signalprocessing.Our
objective is to show how, in thiscase,processingoperations
canbedistributedamongsensors,in suchawaythattheen-
ergy consumptionof theoverall network is reduced.Also,
wewantto show theexistingtrade-off betweenenergy gain
andinformationlatency.

As an example, below we presentthe caseof a two-
sensornetwork. Differentschemesareintroducedfor com-
puting the FFT [10], and the main issuesrelatedto dis-
tributed processingin sensornetworks arehighlightedin
thecaseof this simplesystemscenario.

The 2-Sensor FFT Computation

Let usassume
�����

anddenotethetwo sensorsby �
	
and ��� , respectively. Let 
 beavectorof � entries,contain-
ing thetotalnumberof datasamplesoverwhichwewantto
computetheFFT. Wefocusonthedecimation-in-timeFFT
algorithm,whichhasanexecutiontimeandcomplexity that
scalesas ��������������� .

The unit computationalblock of the FFT algorithm is
calledbutterfly. In orderto implementa distributedcom-
putationof the butterfly, let 
 be properlypartitionedinto
two vectorsof ��� � datasampleseach,denotedby � and� . We assumethat � is storedat ��	 and � is storedat � � .
We indicateby  "! the columnvectorof weightsthat are
neededto computethe FFT. By taking � and � as input
data, the output of the 2-sensorbutterfly computationis
given by: �$#% "!'& � and �'() "!'& � . Observe that each
sensoroperateswith vectorsof lengthequalto ��� � . Thus,
thecomputationalcomplexity facedby theindividual node
is significantlylower thanin thecasewhereall the � sam-
plesarehandledby onesinglesensor. On theotherhand,
it is clearthatadistributedcomputationrequirescommuni-
cationbetween� 	 and ��� becauseeachof thesensorsneeds
non-localdatafor performingits task.

A first approachto the 2-sensorcomputationis as fol-
lows.
1. �
	 sendsacopy of � to � �
2. � � sendsacopy of � to ��	
3. �
	 computes�*#+ "!,& �
4. �-� computes��(. ! & � .
Thetotal numberof samplessentover theradiochannelis
equal to � , and two transmissionsare performed. Note
that the schemeis load balancedsince eachsensorhas
roughly the sameamountof computationand communi-
cation.However, this algorithmis redundantbecauseeach
sensorcomputestheterm  "!/& � . In thefollowing, weadopt
adifferentversionof thisapproach,thatavoidsredundancy
at theexpenseof loadbalancing.Theprocedureis asfol-
lows.
1. �
	 sendsacopy of � to � �
2. � � computes "!,& � andsendstheresultto �
	
3. � 	 computes�*#+ ! & �
4. � � computes��(. "!,& � .
Again, two transmissionsareperformedanda total num-
berof � samplesareexchangedbetweenthetwo sensors.
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We point out thatan alternative approachis alsopossible,
which yieldsa loadbalancedandredundancy-free scheme
at the expense0 of two additionaltransmissionsamongthe
sensors.However, for thesake of simplicity, this approach
will notbeconsideredhere.

Theperformanceof theaboveschemescanbeevaluated
in termsof datalatency by fixing:
(i) thetime neededto transmitadatasample,
(ii) thetimeoverheaddueto thestartupphaseof thepower
amplifier, and
(iii) the computationaltime of the floating point arith-
metics.
Theenergy consumptionassociatedwith thepresentedal-
gorithmscanbe estimatedby consideringin addition the
following parameters:
(iv) thegeographicalproximity amongsensors,thatdeter-
minesthe outputtransmissionpower of inter-sensorcom-
munications,
(v) the sensorpower consumptionin transmittingandre-
ceiving mode,and
(vi) the energy consumptionper floating operationat the
sensor.

In the next section,we fix theseparametersandevalu-
atetheperformanceof thecomputationschemeaswe vary
thenumberof sensorsinvolvedin theFFTcomputation,the
operatingfrequency of thesensor’smicroprocessor, andthe
numberof FFT points. Basedon this study, we selectthe
systemset-upthat,by trading-off betweendataprocessing
at the individual sensorand inter-sensorcommunication,
reducestheenergy consumptionof thewholenetwork. Al-
ternatively, in thecasewherethesensorcomputationmust
meetpreciserequirementsin termsof datalatency, we find
theoptimalcompromisebetweenenergy gainanddelay.

RESULTS

We considera network composedof
� 	21 nodeswhich

arerandomlydistributedover a 35463 region, with 3 �
798

m. We assumethat the RF part of a sensornodedis-
sipates50 nJ/bit in the transmit or receive circuitry and
100 pJ/bit/m� for the transmitamplifier [5]. Sinceshort
distancetransmissionsareconsidered,theenergy lossdue
to the transmissionover the radio channelis assumedto
scaleas : � , where : is thedistancebetweenthetransmitter
andthereceiver. We setthestartup time of the tranceiver
to beequalto 100 ; s [11].�

representsthenumberof sensorsthatperformthe � -
point FFT in a distributedmanner;we set

�
and � to be

powers of 2 andsuchthat � < �
. To apply the DDSP

technique,werandomlyselect
�

sensorsamongall thenet-
work nodes,anddivide the initial setof � samplesinto

�
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Figure1: Numberof FFT points( � ) versustotal compu-
tation time, for operatingfrequency of themicroprocessor
equal to > =59,103,and 206 MHz. The resultsobtained
when the FFT is computedby a single sensornode(de-
notedby thelabelC in theplot) arecomparedto theresults
derived in the casewhere the computationis distributed
amongmultiplesensors(denotedby thelabelD in theplot).

setsof ��� � pointseach. The FFT is computedin �?��� � �
stages. Eachstageincludes

� � � butterflies that are per-
formedasdescribedin the previous section. Notice that,
at eachstage,every sensordealswith a vector of ��� �
samples.At the endof the computationprocedure,the

�
sensorsforward their outputstoward a centralcontroller,
wheretheFFTdatais collected.

Eachsensoris equippedwith a StrongARM SA-1100
microprocessor, which is a popularlow-power embedded
proces-
sor. It canoperateat any of the following clock frequen-
cies: > =59,74,89,103,118,133,148,162,177,192,206 MHz
[6]. By usinga web-basedtool, the so-calledJouleTrack
[6], weestimatetheenergy consumptionandtheexecution
time experiencedby the individual sensorduring the FFT
computation.Clearly, thelower theoperationalfrequency,
thesmallertheenergy consumptionandthelarger thepro-
cessingdelay.

By summingcommunicationand computationalcosts,
we derive thesystemperformancein termsof datalatency
and total energy expenditureas � ,

�
, and the clock fre-

quency vary. The resultsshown in the following areob-
tainedbyassumingthatthepacketsizeusedfor inter-sensor
communicationsis equalto 50bit.

Figures1 and 2 show the � -point FFT computation
time and energy consumptionfor different valuesof �
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Figure2: Numberof the FFT points( � ) versusthe total
energy consumption,for operatingfrequency of themicro-
processorequalto > =59,103,and206 MHz. The results
obtainedwhentheFFTis computedby asinglesensornode
(thecurvesdenotedby thelabelC in theplot) arecompared
to theresultsderived in thecasewherethecomputationis
distributedamongmultiple sensors(thecurvesdenotedby
thelabelD in theplot).

andof the operationalfrequency (namely, > =59,103,and
206 MHz). The resultsobtainedwhen one singlesensor
computesthe � -point FFT (representedby thecurvesde-
notedwith the label C in the plots) are comparedto the
resultsderived in the casewherethe computationis dis-
tributedamongmultiplesensors(representedby thecurves
denotedwith thelabelD in theplots). In Fig. 1, thepoints
in acurve, thatareassociatedto thesamevalueof � and >
but to differentvaluesof computationtime, correspondto
differentnumbersof involvedsensors.

Looking at Fig.s 1 and 2, we notice that a lower data
latency is obtainedin thecaseof distributedcomputation,
regardlessof which clock frequency is usedfor computing
the distributed FFT. In fact, by applying the DDSP con-
cept,thealgorithmoperationsareexecutedin parallelatthe
varioussensornodes,andthis may leadto a shortercom-
putationtime. Also, by fixing theclock frequency, thedis-
tributedschemealwaysoutperformsthecentralizedscheme
in termsof energy consumption.

Figure3showsthecomputationtimeof the � -pointFFT
as a function of the numberof employed sensors. Dif-
ferent curves are obtainedfor different valuesof � and
of the frequency > , at which themicroprocessoroperates.
Given � and > , thecomputationtime is normalizedto the
valueobtainedwhena centralizedschemeis applied(i.e.,
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Figure3: Total computationtime normalizedwith respect
to the casewherethe FFT is computedby a singlesensor
nodeand > �A� 8CB MHz versusthenumberof sensorsem-
ployed. Resultsareobtainedfor differentnumbersof FFT
pointsand for operatingfrequency of the microprocessor
equalto > =59,103,and206MHz.

the computationis performedby one single sensor)and
> �D� 8CB MHz.

LookingatFig. 3, weobserve that,by fixing > , thecom-
putationtime decreasesas

�
increasesuntil a minimumis

reached.Thisvalueprovidestheoptimalnumberof sensors
to beused.Theadvantageof usingtheDDSPapproachis
moreevidentas � increases.Instead,for highvaluesof

�
,

thereis not benefitin applyingtheDDSPconceptbecause
its communicationcostsoutweighthebenefitsin termsof
computationcosts.When � is fixed,a lower computation
time is obtainedastheclock frequency increases.Notice,
however, thatthebenefitof usingtheDDSPapproachwith
respectto thecentralizedschemeis moreevidentas > de-
creases.In fact, by usinga distributedscheme,the maxi-
mumgainin computationtime relatively to thecentralized
caseis equalto 5 for > �E� 8CB MHz, andis equalto 6.6 for
> � 798CF MHz.

In Fig. 4, we presentthetrade-off betweencomputation
time on onehandandenergy consumptionandnumberof
employed sensorson the otherhand. Energy expenditure
andtime delayarederivedfor � � F �CG B�H

andby varying
> and

�
. Theresultsarenormalizedto thevaluesobtained

for
�I� 7

and > �J� 8CB MHz. Lookingat theplot, it canbe
seenthat,giventhenumberof availablesensors,thelarger
the delay, the lower the energy consumption.Conversely,
by fixing theacceptablevalueof energy consumption,the
FFT computationtime canbe traded-off with the number
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Figure4: Trade-off betweencomputationtime andenergy
consumption,normalizedto the valuesobtainedwhenthe
FFT is computedby a single sensornodeand the clock
frequency is equal to 206 MHz. Resultsare shown for
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andfor differentnumbersof sensornodes(
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).

of employedsensors.

CONCLUSIONS AND FUTURE WORK

In this paper, we studied a wireless sensornetwork
whosenodeshave limited energy availability andlow pro-
cessingcapabilities.We consideredeachnetwork nodeas
a processorandextendedtheconceptof collaborative sig-
nal processingto this scenario. By using a collaborative
computationalalgorithmandcommunicationscheme,we
madesensorsoperateasa DistributedDigital SignalPro-
cessor(DDSP).WeappliedtheDDSPapproachto theFast
Fourier Transformalgorithm. The results,that werepre-
sented,show thesystemperformancefor differentnetwork
set-ups,and the trade-off existing betweenenergy con-
sumption,datalatency, andnumberof employedsensors.

Futurework will focuson theapplicationof theDDSP
conceptto othersignalprocessingalgorithmsthataretypi-
cally usedin wirelesssensorapplications.Moreover, gen-
eralguidelinesfor adistributedandenergy-efficient imple-
mentationof signalprocessingin sensornetworks will be
provided.
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