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Abstract— Wirelessvideo-surveillancenetworks aregain-
ing increasingpopularity due to the numberof applications
they make possibleto carryout. In this paper, we addressthe
problemof designingawirelessvideo-surveillancenetwork so
as to optimize its performance.In particular, we investigate
the possibletrade-offs betweenenergy consumptionand im-
agequality. We provide simulationresultsshowing thatvideo
compressioncanbevery beneficialin reducingdatatransmis-
sioncosts,providedthattheenergy costof videocompression
is low. Moreover, we discussthe impact of compressionon
imagedelay.
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I . INTRODUCTION

Wirelesssensornetworks arerapidly emerging asa frame-
work to carry out distributedandpervasive applicationssuch
asenvironmentalmonitoring,domotics,marinebiology, habi-
tat studies,andvideo-surveillance,just to mentiona few. Such
networkstypically consistof tensto hundredsof small-sizeand
low-costnodes;eachnodeis equippedwith a sensingdevice
thatcollectsinformationfrom theenvironment(e.g.,tempera-
ture,vibrations,images),andtransmitsit throughthenetwork
to a gateway node,wherethesedataareanalyzedandthe de-
siredinformationis extracted[1]. Amongstall possibleappli-
cationsof sensornetworks,in this articlewe focuson wireless
video-surveillancenetworks (WVN), that is, sensornetworks
in which eachnodeis equippedwith a camerathat framesa
videosceneof theregionof interest[2].

In a WVN, energy consumptionis a critical issue[3], even
morethanin othersensornetworks sincevideo camerascol-
lect a hugeamountof datathat mustbe transmittedover the
wirelesslink. In principle, video compressioncanreducethe
amountof databy a considerablefactor. On theotherhand,it
is well-known thatmostvideocodersexhibit a veryhigh com-
putationalburden. This is not a matterof concernin desktop
multimediaapplications,in whichonecanafford a2 GHzpro-
cessorto encodeanddecodevideoat 30 framespersecondin
real-time.While, theuseof suchapowerful encoderin aWVN

applicationmaybeobjectionable,in that it is possiblethat the
energy savedby transmittinglessdatadoesnotcompensatefor
theenergy requiredto compressthevideodata.The trade-off
betweencommunicationandcomputationis thereforeacrucial
aspectthatneedto beinvestigated.

Another issuein WVNs is the delayincurredby the video
streamdueto the processingtime andthe latency in the net-
work. Intuitively, one would think that compressedvideo
shouldexhibit lowerdelaythanuncompressedvideo.However,
if thesensorprocessingunit is notsufficientlypowerful, thede-
lay canbe dominatedby the processingtime. Keepin mind
that, while several compressionalgorithmsemploy floating-
pointarithmetic,mostlow-powerprocessorshaveafixed-point
architecture,which requiresseveral clock cyclesto emulatea
floating-pointoperation.

Additionally, in the designof a WVN, onehasto carefully
accountfor the dataquality issue. While video compression
algorithmsoften have very powerful datareductioncapabili-
ties, they do introducedistortion. Whenthenetwork gateway
decodesthevideostreamandanalyzesthedata,thedistortion
introducedby compressioncan heavily bias the results,thus
possiblyleadingto wrong interpretation.Note that, in caseof
still images,althoughcurrentstandardsasJPEG(JointPhoto-
graphicExpertsGroup)andJPEG2000canyield compression
ratiosin excessof 30:1with goodvisualquality, it is generally
believed[4] thataratio in excessof 10:1cansignificantlyalter
theresultsof automaticimageanalysisalgorithmsto berunon
thedecodedimages.

Thus,severalfactorsmustbetakenintoaccountin thedesign
of aWVN, andprimarily energy consumptionandimagequal-
ity. Thesefactorsheavily interactwith eachother, thusmaking
it difficult to find anoptimaltrade-off. Thegoalof thispaperis
to investigatepossiblesolutionsto thistrade-off, by identifying
suitablecompressionalgorithms,assessingthecommunication
andcomputationcosts,andtaking into accountthe quality of
servicerequirementsin a WVN.

I I . WIRELESS SURVEILLANCE NETWORKS

In this section,first we describethesystemscenarioandre-
port thesystemcharacteristicsandparameters.Then,we focus
on algorithmsfor video compressionandevaluatethe costof
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Fig. 1. Hierarchicalnetwork architecture.

suchalgorithmsin termsof energy consumption.

A. SYSTEM SCENARIO

We considera wirelesssurveillancenetwork composedof a
setof stationary, battery-powered,sensornodes.For thesake
of simplicity, we assumethat theareaunderobservation is an
orthogonalsurfacewith respectto theplanewheresensorsare
located.All sensorsarealike, eachof which is equippedwith
a camera,a low-power microprocessor, anda radiofrequency
(RF) circuitry that allows sensorsto communicateover the
wirelesschannel.Dataobserved by the sensorsarecollected
at a node,denotedby � , which is eithera centralcontrolleror
agateway to thefixednetwork.

Let ��� denotethe output power necessaryfor transmitting
oneinformationbit and ��� denotethe power consumptionof
the RF circuitry per bit, which is the samein transmitmode
asin receivemode.Let � bethebatterycapacity, expressedas
Ah, thatis initially availableateachsensor, andlet 	�

��� bethe
maximumpower that canbe drainedfrom the battery. In our
network scenario,all sensorshave sameprocessingcapability
and initial energy resources.The systemcharacteristicsand
parametersvaluesarepresentedin TableI.

We assumethat the network architectureis as shown in
Figure 1, where the highestlayer of the architectureis rep-
resentedby node � . Nodesat the lowest layer, indicatedby�������
������������� , arein chargeof monitoringtheareaof inter-
estandarepositionedalonga line in sucha way thatthetarget
areais fully covered.Eachof the � sensorsobservesaportion
of thetargetareaandforwardsthevideosignaltoward � . We
assumethatsensorscameraproducegrayscaleQCIF (Quarter
CommonIntermediateFormat) images(i.e., 144 lines of 176
pixelseach),whicharefragmentedat thelink layerinto Proto-
col DataUnits (PDUs)andtransmittedover thewirelesslink.
Theradiochannelis modeledasaGilbertchannel[5], with two
states,good andbad, thatrepresentthechannelconditionsdur-
ing the transmissiontime of onePDU. The averagedataunit
error probability is denotedby  andis taken asa variableof
thesystem,while theaverageburstof errorover thechannelis
setto 5.

We consideranARQ schemeimplementedat thelink layer,
sothatthesendertransmitsa PDU until eitherthePDU is cor-
rectlyreceivedor amaximumnumberof transmissionattempts
is reached.We denotethemaximumnumberof transmissions

per PDU by !"� . A PDU is discardedif it is not successfully
transmittedwithin ! � attempts.In the following, we assume
thata non-compressedimageis lost if morethan # PDUsare
discarded,while a compressedimage is lost as soonas one
PDUis discarded.Wedenotetheimagelossprobabilityby 	�$ .
Theeffectof PDUlossesontheuncompressedandcompressed
datais discussedin thenext section.

B. VIDEO COMPRESSION TECHNIQUES

In theWVN application,an importantissueis theselection
of the codingframework that bestmatchesthe characteristics
of thevideo-surveillancedataandtheenergy constraintsof the
application.Themostpopularvideocodersdefinedby theISO
(InternationalStandardizationOrganization)and ITU (Inter-
nationalTelecommunicationUnion), i.e., MPEG-2,MPEG-4,
H.261,H.263,andthenovel H.26L, areusuallyreferredto as
hybridmotioncompensatedcoders,sincethey performmotion
estimationin orderto capturetemporalredundancy by follow-
ing objectmotionwithin thescene.This approachis known to
yield very goodresultsbut is alsovery time-consuming,espe-
cially in the motion estimationstage.On the otherhand,it is
worth noticing that, unlike typical multimediavideo, surveil-
lancevideosequencesareoftencharacterizedby low motion,
in particularwhen no object is expectedto move within the
scenebut in caseof anomalies.Thus,suchcodersdo not pro-
videa favorableenergy/performancetrade-off in theWVN ap-
plication.

In thecontext of surveillanceof a low-motionscene,thefol-
lowing approachcanbepursued.Eachsensorcanperiodically
encodeandtransmitareferenceframe(e.g.,onesceneevery15
seconds)andthen,betweentwo consecutive referenceframes,
transmitonly differences(if any) betweenthecurrentacquired
frameandthereferenceone.In thisway, sincethesceneshould
bestill unlessananomalyoccurs,noenergyconsumingmotion
estimationis performed,whereastemporalredundancy is cap-
tured. Also, sincescenechangesaresupposedto occurrarely,
veryfew refreshdatahaveto betransmittedallowing for avery
highcompressionratio.

In order to selecta suitableencoderfor the referenceim-
ages,we have consideredseveral existing imagecompression
algorithms,includingJPEGandJPEG2000,andwe haveeval-
uatedthetrade-off thatthey providebetweenenergy consump-
tion and compressionratio. We have employed a simulator
of the ARM architecture,alongwith an accurateenergy esti-
mationtool for theStrongArm1110processor[6], in orderto
characterizetheenergy costof eachalgorithm.We have found
that,in general,algorithmsthatemploy afloating-pointcompu-
tationalengine,suchasJPEG2000andJPEGwith thefloating-
point discretecosinetransform(DCT) kernel, exhibit a very
high energy consumption.Thus,their actualusefulnessfor the
WVN applicationis fairly questionable.On the other hand,
whenfixed-pointkernelsareused,asin JPEGwith theinteger
kernel,the energy costbecomesaslow asto provide a favor-
ableenergy-compressiontrade-off. As anexample,encodinga
grayscaleQCIFimageat1 bit-per-pixel,employing JPEGwith



TABLE I

SYSTEM CHARACTERISTICS AND PARAMETERS.

SystemComponent Performance

Microprocessor Intel StrongArm1110@ 59 MHz
Battery � =0.65,2.7Ah; 	 
%�&� =20,50 dBm

CompressionFactor=8:1
JPEG IntegerDCT kernel

greyscaleQCIF imagesize
Powerconsumption[7] � � �'��(�( �*),+ bit +.-0/ ; ��� �213(54 )�+ bit

Uncompressedimagesize 25344bytes
Referenceimagecaptureperiod 15 s

Link LayerPDU size 32bytes
TransmissionBit Rate 200Kbps

Maximumacceptableimagedelay 2 s

the integerkernelandusinga SA-1110processorat 59 MHz,
requires2.87mJandtakes89.8ms. Thesameoperationwith
the floating point kernel requiresmore than22 mJ, which is
a figure comparablewith the transmissioncostof the uncom-
pressedimage.As a consequence,in our simulationstudy, we
have selectedJPEGwith integer kernelascompressionalgo-
rithm. In general,we have found that few low-energy image
and,especially, videocompressionalgorithmshave beenpro-
posedin theliteraturesofar. In Fig. 2, theeffectof PDUlosses
on theuncompressedandcompresseddatais shown. Fig. 2-a
showsanuncompressedQCIFvideo-surveillanceimagerepre-
sentinga tunnel. Fig. 2-b reportsthe JPEG8:1 compressed
anddecodedimagewhentheintegerkernelis usedandrestart
markersat the endof eachrow of 8 6 8 block areinserted.In
Fig. 2-c, theeffectof losing2 PDUson theuncompressedim-
ageis shown; in this case,a PDU simply contains32 consecu-
tive imagepixels. As canbeseen,imagequality considerably
degradesafterfew PDUshavebeenlost,thusjustifying thedef-
inition of 	�$ givenin theprevioussection.Fig. 2-d reportsthe
effect of onePDU losson theJPEGcompressedstream;upon
detectionof a corruptedpacket, thedecodermustwait for the
next restartmarker to resynchronizeandrestartdecoding.It is
clearthat,in thecompressedcase,onesinglePDUlossheavily
degradesimagequality.

I I I . SIMULATION RESULTS

We derive the systemperformancein termsof imageloss
probability and averageenergy consumptionper image. We
considertheradioconnectionbetweenonesensornodeandthe
gatewaynode,� , andwecomparetheresultsachievedwith un-
compressedimagesto thoseobtainedwhentheJPEGalgorithm
is used.Thesystemparametersaresetto thevaluesreportedin
TableI.

Fig.3 showstheimagelossprobability, 	 $ , asthemaximum
numberof transmissionattemptsat thelink layervariesandfor
differentvaluesof errorprobabilityover thewirelesschannel.
The left plot presentsthe resultsin the caseof uncompressed
images,with # �87 and 4; the right plot shows the results

obtainedby usingvideocompression.We considerthat,in or-
derto provide a goodimagequality, 	�$ hasto bebelow ��(:9 / .
By fixing thedesired	 $ andlooking at theplots in Fig. 3, we
canobtainthe requiredvalueof ! � astheerrorprobability,  ,
changes.Clearly, theimagelossprobabilitydecreaseswith the
increasingof !"� and the decreasingof  ; and, in the caseof
uncompressedimages,a lower 	 $ can be obtainedby using
highervaluesof # .

Fig. 4 shows the averageenergy consumptionper success-
fully transmittedimage,as ! � and the error probability over
thewirelesschannelchange.Both thecasesof uncompressed
andcompressedimagesare considered.In the caseof com-
presseddata,energyconsumptionincludestheenergyspentfor
communicationaswell as for compression.As shown in the
plots, for low valuesof ! � , we canreduceenergy consump-
tion by increasingthe numberof transmissionattempts. In
fact,by increasing!"� , theprobability thata PDU is discarded
decreases,and,hance,the numberof successfullytransmitted
imagesgrows. For highervaluesof ! � , energy consumption
doesnot furtherdecreaseby increasing!"� . Thissuggeststhat,
oncethedesiredvalueof 	�$ is achieved,thereis not reasonto
increase! � beyondthevaluethatguaranteestheminimumen-
ergy consumptionper image.Finally, theplots in Fig. 4 show
that, for all the consideredvaluesof # and  , a lower energy
consumptionis obtainedwhenimagesarecompressed.

Resultsconcerningtheimagedelaywerealsoderived(they
are not shown herefor the sake of brevity). Imagedelay is
definedastheperiodfrom thetimeinstantwhenthetransmitter
startscompressingan imageto the time instantwhenthe last
PDU of the imageis correctly received. Resultsshowed that
thenetwork systemalwaysprovideslow imagedelayrelatively
to the inter-imageperiodof 15 s and to a reasonablerefresh
period of 1-2 s, and that, for all valuesof # and  , a lower
delayis achievedwhenvideocompresionis used.

IV. CONCLUSIONS

We studiedenergy consumptionandimagequality in wire-
lessvideo-surveillancenetworks,whenretransmissionof cor-
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Fig. 2. Effect of JPEGcompressionandPDU losses.(a) Original image;(b) 8:1 compressedimage;(c) received uncompressedimagewith 2 lost PDUs;(d)
receivedcompressedimagewith 1 lostPDU.

ruptedpackets is performed. Simulationresultsshowed that
video compressionis indeedbeneficialin reducingtransmis-
sion costs,as well as imagedelay, provided that its energy
costis low, e.g.,in thecaseof JPEGwith integerDCT kernel.
Moreover, the energy cost of retransmissionsturnsout to be
sustainable.In particular, it is convenientto increase! � soas
to work in theflat partof theenergy curvesreportedin Fig. 4,
andaslongasthedesiredvalueof theimagelossprobabilityis
guaranteed.
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Fig. 3. Imagelossprobabilityversusmaximumnumberof transmissionattempts,asthetheaverageerrorprobabilityover thewirelesschannelvaries.Thecase
of uncompressedimageswith <>=@?�ACB is presentedin theleft plot; thecaseof compressedimagesis shown in theright plot.
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