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Abstract

The next generation of mobile systemswith multimedia
processingcapabilitiesandwirelessconnectivitywill be in-
creasinglydeployedin highly dynamicanddistributedenvi-
ronmentsfor multimediaplayback and delivery (e.g. video
streaming, multimedia conferencing). The challenge is to
meet the heavyresource demandsof multimediaapplica-
tions under the stringent energy, computational,and band-
width constraintsof mobilesystems,while constantlyadapt-
ing to theglobalstatechangesof thedistributedenvironment.
In this paper, we presentour initiatives under the FORGE
framework to addressthe issueof delivering high quality
multimediacontentin mobileenvironments.In order to cope
with theresourceintensivenatureof multimediaapplications
and dynamicallychangingglobal state(e.g. nodemobility,
networkcongestion),an end-to-endapproach to QoSaware
poweroptimizationis required.We presenta framework for
coordinatingenergyoptimizingstrategiesacrossvariouslay-
ers of systemimplementationand functionalityand discuss
techniquesthat canbeemployedto achieveenergygainsfor
mobilemultimediasystems.

1. Intr oduction

Currenttrendsindicatethat delivery of multimediacon-
tentto mobilesystemsoperatingin distributedenvironments
will drive many future applications.Distributed multime-
dia applications(e.g.videostreaming)with their distinctive
Quality of Service(QoS)and heavy resourcedemandscan
quickly drain the batteryenergy of mobile systems.There-
fore,optimizingtheenergy consumptionis animportantde-
signgoalfor suchsystems.

� Thiswork waspartially supportedby NSFawardACI-0204028.

Researchershave proposedseveral techniquesat various
systemlevels (hardware,OS,network, application)for sav-
ing batteryenergy in mobilesystems.However, power opti-
mizationtechniquesdevelopedfor individualcomponentsof
a device (singlesystemlevel) have remainedseeminglyinc-
ognizantof the strategies employed for other components.
While focussingtheir attentionto a singlelevel, researchers
make a generalassumptionthat no other power optimiza-
tion schemesareoperationalat otherlevels.We believe that
thecumulative power gainsfor incorporatingmultiple tech-
niquescan be potentially signi�cant, but this also requires
careful evaluation of the trade-offs involved and the cus-
tomizationsrequiredfor uni�ed operation[15].

Energyef�cient deliveryof multimediacontentwith good
quality attributes,requirestradeoffs acrossvariouslayersof
systemimplementationandfunctionality - from application
to systemsoftwareto networkinganddistributedadaptation.
Sincetheoptimalenergyconditionscanchangedynamically,
theseoptimizationsshouldalsoallow for dynamicadaption
of systemfunctionalityandits performance.In orderto dy-
namicallyadaptto device mobility, systemsneedto have a
high degreeof “network awareness”(e.g.congestionrates,
mobility patternsetc.) and needto be cognizantof a con-
stantlychangingglobalsystemstate.

Therefore,within the context of the FORGEproject,we
have concentratedour efforts on exploiting multimediaspe-
ci�c characteristicsto enablea rangeof energy optimization
techniquesthatadaptto, andoptimizefor, changesin appli-
cationdata(videostream),OS/Hardware(CPU,memory, re-
con�gurablelogic), network (congestion,noise,nodemobil-
ity), residualenergy (battery)andeventheuserenvironment
(ambientlight, sound)anduserpreferences(preferredqual-
ity). Theinteractionbetweendifferentsystemlayers(Fig. 1)
is even more importantin distributed applicationswherea
combinationof local andglobal informationhelpsand im-
provesthe control decisions(power, performanceandQoS
trade-offs) madeat runtime.
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Figure 1. Abstraction Layers in Distrib uted Multi-
media Streaming

The FORGEproject [9] aims to study the tradeoffs be-
tweenpower, performanceandQoSrequirementsacrossthe
various computationallayers. The goal is to develop and
coordinateapplication,middleware, OS and hardware en-
ergy optimizationapproaches,for improvementsin power
savings and the overall user experience,in the context of
distributedmultimediaapplications.Multimediaapplications
heavily utilize thebiggestpowerconsumersin moderncom-
puters:the CPU, the network andthe display. Therefore,in
FORGE,weaggregatethehardwareandsoftwaretechniques
that lead to power savings for theseresources.As a result
of the FORGEinitiative, we have explored different ideas
for achieving coordinatedpower managementacrossdiffer-
ent levelsof systemfunctionality in thecontext of multime-
diaapplications.

� We investigatethe useof an adaptive, distributedmid-
dlewareframework (called”Dynamo”) thatcoordinates
global (proxy based)and local adaptationsfor power
managementin mobiledevicesoperatingin distributed
environments.

� We have studiedhow to annotateapplicationdatawith
speci�c information that can be exploited during run-
timeatdifferentlevelsof abstraction(hardwarethrough
application),for improving power ef�ciency and ulti-
matelytheuserexperience.

� Finally, weexaminethetradeoffs of parametersde�ned
in multiple layerssuchas applicationlayer, OS layer
network layerandhardwarelayer. For example,wecon-
sider image quality in application layer, compressed
size in network layer, and execution time and power
consumptionin hardware layer. We investigatetrade-
off betweenthe parametersand systemperformance
and optimize eachparameterto minimize power con-
sumptionwith meetinggivenimagequalityandnetwork
bandwidthconstraints.

We assumethe systemmodel depictedin Fig. 2. The
systementities include a multimediaserver, a proxy node
that can perform variousoptimizationson the stream(e.g.
transcoding),theuserswith low-powerwirelessdevicesand
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Figure 2. System Model

other network equipmentalong the way. The multimedia
serversstoremediacontentandstreamvideosto clientsupon
requestsissuedby the userson their handhelddevices.The
communicationbetweenthehandhelddeviceandtheservers
canbe routedthrougha proxy server – a high-endmachine
thathastheability to processthevideostreamin real-time.
Theproxy nodecanalsoperforminline pro�ling/annotation
for real-timevideo streaming(videoconferencingis an ex-
ampleof suchanapplication).

2. Cross-Layer Adaptation using the Dynamo
MiddlewareFramework

In order to coordinate power managementstrate-
gies acrossvarious systemlayers, one speci�c approach
we have adoptedis to usea distributedmiddlewareframe-
work to manageand interfacethe crosslayer adaptations.
A middleware framework speci�cally designed to ad-
dress the cross-layeradaptationis effective because(i)
the middleware can exploit global systemstate informa-
tion (e.g. network noise, mobility patterns etc.) which
are typically not available locally on a low-power de-
vice to drive power managementstrategies and (ii) it can
abstractsystemlevel details effectively from higher lay-
ers (iii) coordinate local and remote adaptationsby in-
terfacing with the applications,network, OS and hard-
ware.

We have designedand implementedan adaptive power-
awaremiddlewareframework called“Dynamo” thatcoordi-
natesapplicationadaptations,OSpower-saving mechanisms
(dynamic voltage scaling) and adaptive middleware tech-
niques(energy-aware admissioncontrol, transcoding,net-
work traf�c regulation,mobility etc.) for improving perfor-
manceandenergy gainsfor mobilesystems.We have iden-
ti�ed interactionparametersbetweenthedifferentcomputa-
tional levelsthatcanfacilitateeffectivecross-layercoordina-
tions.To deploy suchanuni�ed power managementframe-
work for mobile devices,we have developeda setof APIs
at the variouscomputationallayers in order to establisha
continuousdialoguebetweenthe variouslayers.Sucha ca-
pability can be effectively exploited to drive various dy-
namiccrosslayer energy adaptations,eitherdueto changes
in global systemstateor dueto changesin the local device
state(e.g.batteryenergy).



As shown in Fig. 1, weassumethatthemobiledevicehas
four levels- application,middleware,OSandhardware.The
energy consumingcomponents(e.g.cpu,NIC, LCD display)
areat thehardwarelevel. Thenext higherlevel is theoperat-
ing system,whichhasaccessto thephysicaldevicesthrough
well de�ned driver interfaces.Weenhancetheoperatingsys-
temfor supportingcross-layerenergy management.Next in
thehierarchyis thedistributedmiddlewarelevel. Our frame-
work entirelyaddsthis layer for coordinatingglobalandlo-
cal adaptations.The middlewarelayer canbe consideredto
havethreeabstractcomponentsto it - a “system”component
thatresideswithin theOS(with possibleOSlevel codeinte-
gration),a “network” componentthatimplementsa commu-
nicationprotocolto talk with a distributedproxy server and
a “user level” componentthatperformsthevariousmiddle-
warebasedadaptationsusingthe informationgatheredfrom
thenetwork, theOSandtheuser(or application).Theappli-
cationlayerprovidesuserpro�les (speci�c userpreferences)
andapplicationspeci�c context to the middlewareandalso
performsdynamicQoSnegotiations.

In this model,the middlewareexecuteson both the mo-
bile device and the proxy, and performsseveral important
functions.On thedevice, themiddlewaremakestheexecut-
ing mobileapplicationsboth“ local stateaware” and“global
stateaware”. By local stateawarenesswe refer to every-
thingthatresidesonthephysicaldevicetheapplicationis ex-
ecutingon - for exampleresidualbatteryinformation,back-
light settings,operatingCPU frequency, memoryinforma-
tion, other executingapplicationsetc.. We also exploit our
middleware to make individual systemlayersaware of the
powermanagementfunctionalitiesin theotherlayers.Onthe
otherhand,globalawarenessrefersto informationthatis not
availableonthelocaldevice(e.g.bandwidthavailability, net-
work congestion,mobility information).

While mostcurrentpower managementstrategiesexhibit
a certaindegreeof local awarenessin their approach,none
of the power managementtechniqueshave tried to exploit
the informationavailablein both global andlocal contexts.
Basedon theresidualbatteryenergy level (local context) of
a device, a proxy canperformseveralenergy awareadapta-
tions.For example,thequality of a videostreamcanbedy-
namicallyreducedif thedevice runninglow on battery. The
distributedmiddlewareplaystheroleof bothexposingglobal
andlocal contexts to applicationsandproxies.Additionally,
themiddlewarecanuseits cognizanceof global/localstates
to provide valuablehints that aid the othersystemlevels to
bettertunetheir adaptations.

Fig. 3 shows thevariousimplementedcomponentsof our
integratedcross-layeradaptationframework. The top level
consistsof the variousapplicationsthat link to our frame-
work. The primary componentsof the distributed middle-
ware layer are the system/energy monitors, the adaptation
managerandthe communicationmanager. We implementa
power-aware API interface for applications& middleware
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Figure 3. Framework Implementation

componentsto interfacewith thepowerawareoperatingsys-
tem. The energy/systemmonitorsare middleware libraries
thatexportcallsto provideapplications(aswell asothermid-
dlewaremodules)with local stateinformation.Themonitor
interfacehasbeenimplementedon Linux using the “proc”
�le systeminterfaceprovidedby linux [3]. Thecommunica-
tion managerimplementsa middlewarecommunicationpro-
tocol to communicatestateandcontrol informationbetween
thedeviceandproxy. Theadaptationmanagerperformsvari-
ousmiddlewareleveladaptations(e.gstrategyselection,QoS
negotiationetc).Themiddlewareemploys anactive runtime
component(thread),thatperformsvariousbackgroundtasks
(like updatinglocal/globalstateperiodicallyetc.).However,
thefunctionsof boththeadaptationmanagerandtheruntime
aredictatedby adaptationsspeci�c to applications.

In the power-awareoperatingsystemwe implementthe
dynamicfrequency scalingof the CPU. We have modi�ed
the Familiar Linux kernelv2.4 to implementour frequency
scalingpoliciesbasedon the rate-monotoniccriterion [17].
Additionally, thekernelexportsasetof API callsthatenable
themiddleware/applicationsto settaskexecutionparameters
for dynamicadaptation.At thelowestlevel,wehaveapower
awarehardwareabstractionlayer that implementscodefor
accessingandchangingpowerandperformanceknobsof the
actualdevices.Wehavedevelopedwrapperfunctionsthatex-
posethesecapabilitiesto themiddlewarelayer[1].

We studiedthe performanceof the Dynamoframework
usinga streamingvideoapplication.We show thatby using
our framework, we wereable to improve the overall video
quality (usersatisfaction)of thesystemover time within the
energy budgetof the mobile device. Fig. 4 plots the video
quality (utility factorUF ) over time for a two hourvideose-
quencewith different initial batterylifetimes at the device.
Thehorizontallines indicatethewithout thecross-layerop-
timizations.In eachcase,we wereableto manifestour en-
ergy savingsdueto cross-layeradaptationsasimprovements
in the UF , andhencethe userexperience.Fig. 5 shows the
samevideo requestedbut this time with a randomuserin-
ducedenergy cost (noisedue to other processes,backlight
changesetc.).Clearly, theutility factoris improvedwith the
integratedapproachevenin thepresenceof noise.
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3. StreamAnnotations for Power-Performance
Tradeoffs

Our framework shouldbe able to dynamicallyadaptto
global changesin the system:for example,changesin the
datastreamtrigger the local middlewareruntimeon thede-
vice to automaticallyadjustthearchitecturelevel parameters
(like CPU frequency, display backlight, etc). Recentstud-
ies [12] have shown that multimediaworkloadsarecharac-
terizedby quasiregular patternsin their execution,mainly
becausemediaencoding/decodingis composedof process-
ing �lters, appliedin a speci�c order. The only changesare
introducedby variationsin the input dataandthealgorithm
itself. Knowledgeof datacharacteristicscanbeexploitedat
all levels in a multimediastreamingapplication(hardware,
OS,middleware/network, application)andis especiallyim-
portantfor portabledeviceswherebatterylife andthusmo-
bility areof utmostimportance.

FocusingontheOS/hardwarelevel,weanalyzethestream
of dataduring playbackandannotateit with a summaryof
theinformationcollected;this informationwill beusedlater
at run-time for data-aware optimizations.Annotationstyp-

ically capturepatternsor trendsin the data that are dif�-
cult/impossibleor too time-consumingto gatherat run-time
on thehandhelddeviceandthatcanbeexploitedlaterfor ei-
therpoweror performancebene�ts.

3.1. Annotation-Based DVS for Multimedia Play-
back

Theprocessingunit (CPU)is oneof themajorconsumers
of powerduringmultimediaplaying,mostlydueto thecom-
putationallyintensivedecodingof MPEGcompressedvideo.
On the otherhand,MPEGcompressionis a relative regular
sequenceof multimediakernelsappliedto the input stream.
Basedon the actualcontentof eachMPEG frame,we pre-
dict theCPU load for decodingvideo framesandautomati-
cally adjusttheDVS settingsfor betterenergy ef�ciency.

At theserverside,wepro�le a representativesetof video
clipsfrom thedomainandapplyregression�tting algorithms
to �nd a function betweenframe sizes/distribution andde-
coding times. Next, we devise an estimationheuristic for
framedecodingtime anduseit to control a DVS schemeat
theclientside.Ourtechniqueslowsdown theprocessor(sav-
ing power)duringeachframedecodeto thelowestfrequency
thatstill allows it to �nish beforetheframedeadline.

To evaluatethepowersavings,we compareour approach
to theoriginalcase,wherenoDVS techniqueis in effectand
the processorrunsat full power all the time. We alsocom-
pareour techniqueagainsta simpleheuristic,which we call
“simpleWCETDVS”. Thisheuristicassumesaconstantpro-
cessorfrequency for thedurationof theentireclip, chosenso
that all framescan be decodedbeforethe deadline(slows
down the processorsuchthat the worst casedecodingtime
is still beforethe deadline).The “simple WCET heuristic”
is similar to whata currentDVS-capabledevicewould actu-
ally performanddoesnot take advantageof the time differ-
encebetweendecodingdifferentframes.
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In ourapproach,weusethepredictionalgorithmandpro-
�ling individually oneachclip (i.e. eachclip is �rst pro�led,
thenpredictionusedfor DVS). The resultsarepresentedin
Fig. 6. As we cansee,thepower savingsareup to 50%over
no DVS andup to 40% over the “simple DVS” (worst case



assumptionfor decodingtimes).Both theseresultsrefer to
CPUpowerconsumption.

3.2. Backlight ScalingUsingAnnotations

In mobiledevicesbacklightdominatesothercomponents,
with about20-30%of totalpowerconsumption.Ontheother
hand,powerconsumptionof LCD displaysincreaseswith the
backlight level intensity, yielding importantsavings for the
entiresystemcanbeachievedif theLCD backlightis prop-
erly adjustedduringtheplaybackof a movie.

On a typical PDA screen,the perceived intensityof pix-
els is givenby theformula: I = � � L � Y , where� is the
transmittanceof theLCD panel,while L andY arethelumi-
nanceof backlightanddisplayedimagerespectively.

During video playback,the entirerangeof luminanceis
not alwayscompletelyused:for examplea largenumberof
scenesin a movie have darker scenes,i.e. scenesin which
thereareonly afew or nopixelsin thehighluminancerange.
This allows usto increasethebrightnessof the imagewhile
simultaneouslydimmingthebacklightfor reducedpowerus-
age.We useannotationsfor storing luminanceinformation
for differentscenesin avideostream.For reducingthepower
consumptionduringplayback,wedim thebacklightwhile at
thesametime compensatingby increasingthe luminanceof
thedisplayedimage.

For each type of PDA we characterizethe display
and backlight performance(power vs luminance inten-
sity vs backlight level). We performthis by displayingim-
agesof differentsolid gray levelson thehandheldandcap-
turing snapshotsof the screenwith a digital camera.For
example, we noticed that for our handheld,while lumi-
nanceis almostlinear with the level of white in the image
(gray level), it is not linearwith thebacklightlevel This al-
lows us to easily computethe new backlight level needed
to achieve a particular luminance level. In our experi-
mentswe also noticed that the power consumptionof the
LCD is almostproportionalto theluminance.

We validateour resultsby usinga digital cameraandtak-
ing snapshotsof thePDA displayinginitial frame(reference
screensnapshot)andcomparingit with apictureof thesame
framesafter backlight/brightnessadjustment(compensated
screensnapshot).

During pro�ling (at themediaserver),our techniqueuses
a simpleheuristic[10] to �nd andtag thevariousscenein a
movie, wherethe maximumluminancelevel doesnot vary
signi�cantly. Then,for eachscenetherequiredlevel of back-
light is computedandannotatedto thevideostream.Depend-
ing on the level of quality requestedby theuser, if it allows
thecompensationalgorithmgoesevenfurtherandtradesoff
quality for power andanincreasein batterylife. We noticed
that a very small numberof pixels amountfor the highest
luminancelevels. Therefore,we can safely remove a large
numberof thesepixelswithoutnoticeablequality losson the

imagedisplayedon thePDA, but with importantsavingsfor
backlightduringplayback.TheLCD backlightlevel is con-
trolledby theOSlevel, basedontheannotationsfoundin the
mediastream(for eachseparatescene).
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Figure 7. Backlight Compensation

Figure7 presentsourbacklightadjustingtechniqueresults
duringa shortvideoclip. It shows theoriginal maximumlu-
minanceandourscene-groupingbasedonluminancelevel. It
alsoplotstheinstantaneouspowersavingsfor theLCD back-
light duringplayback.

LCD Power Savings for Different Quality Levels
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On the client device, the userchoosesa desiredlevel of
quality, which translatesin a maximumpercentageof pixel
degradationallowed.Weexperimentedwith anumberof dif-
ferentquality levels (0% to 20% quality loss).Even at the
5% quality lost we alreadystartseeinga hugeimprovement
in thebacklightpower consumption,andvisualdegradation
is keptto a minimum(hardlynoticed).Theresults(�gure 8)
show thatupto 50%of thebacklightpowerconsumptioncan
besavedusingourapproach,or evenmoreif theuserallows
a moreaggressiveQoS-energy trade-off.



4. Parameter Optimization for Cross Layer
Adaptation

At theapplicationlevel, our framework optimizesvarious
parametersavailablein the multimediaworkloadso that all
givenconstraintsaresatis�edsuchasimagequality, network
bandwidthand power budget. The approachfollows four
steps:speci�cation,pro�ling, optimizationandcodegener-
ation.

4.1. SystemSpeci�cation for VideoEncoding Algo-
rithm

The block diagramof a conventionalvideo encoderlike
an H.263encoderis shown in �gure 9. The transformcod-
ing includesthe following major steps:Motion Estimation
(ME), DiscreteCosineTransform(DCT), Quantization(Q)
andVariableLengthCoding(VLC).

Figure 9. H.263 Encoder Algorithm

As seenfrom the above �gure, we can adjustand opti-
mizeseveralapplicationparametersto meetconstraintssuch
aspower budget,imagequality, network bandwidth,device
computationability anddevice memorysize.For instance,
we can increasequantizationlevel to reducethe bitstream
size for meetingbandwidthconstraints,albeit at a loss of
video quality. In order to study the QoS tradeoffs required
to meetdynamicsystemconstraints,we study the follow-
ing componentsof thevideoencodingalgorithm:implemen-
tationselection,algorithmparametersandsystemsettingas
shown in �gure 10.

We implementseveralmotionestimationalgorithms:full
search,diamondsearch[21], threestepsearch[14], two di-
mensionallogarithmicsearch[13], oneat a time search[18]
andsoon.Similarly, wechangetheimplementationsof DCT,
thequantizationalgorithm,andvariablelengthcodingblock.
Oneof our goalsis to identify the relative tradeoffs achiev-
ablethrougheachof thesealgorithms.

Multimediaapplicationsallow usto tunethealgorithmpa-
rameters.For instance,quantizationlevel is de�ned in the
H.263encodingstandardto control imagequality andcom-
presseddatasize.In addition,I:P frameratio, framerateand
frame size can be chosento meet imagequality and com-
pressedframesize.If we increaseI:P frameratio,wecande-
creasethe compressedsizewith morecomputationfor mo-

tion estimationsinceI framedoesnot requireany motiones-
timationwhile P framedoes.

Thesystemsettingis animportantfactorto affect overall
systemperformance.Usinganaccuratepro�le of application
behavior (e.g. executionpro�le, bandwidthusage),we can
employ our cross-layerframework to performbetteradapta-
tions at the varioussystemlevels discussedearlier. For ex-
ample,we canprovidehints to theOSbetterschedulingde-
cisions(e.g.DVS) aswell asimproveuponour proxy based
remoteadaptations.

Figure 10. Adjustab le parameter s

4.2. Pro�ling

For pro�ling, we observe systemperformancesby simu-
latingor runninganapplicationona realhardwareplatform.
We measureimagequality, compressedbit size,execution
time and energy consumptionby changingmotion estima-
tion algorithm,quantizationvalue,andI:P ratio.We usedia-
mondsearchwith a quantizationvalueof 5, 1:10 for I:P ra-
tio. We take threestandardvideo sequencesfor our exper-
iments: CLAIRE.QCIF (less movement),GARDEN.QCIF
(highmovement)andFOREMAN.QCIF(amix of bothtypes
of movements).The encoderalgorithmsarerun on a Sharp
ZaurusPDA platformconsistingof anARM processor(200
MHz) which runsLinux asoperatingsystem.

Energy, power andexecutiontime aremeasuredfor each
of theabovementionedalgorithms.Thepeaksignalto noise
ratio (PSNR)is measuredto get an estimateof the quality
level achievedafterencoding.Thebit rate(numberof bytes
per framein theencodedvideo) is alsocalculatedto getan
ideaof thecompressionachievedby encoding.

Table 1 representstradeoffs of imagequality, execution
time (power consumption)andbit ratebetweenmotionesti-
mationalgorithm.We usefull search,diamondsearch,three
stepsearch,oneat a time search,two dimensionallogarith-
mic search,motionestimationwithouthalf-pelsearchandno
motionestimation.Table2 representspro�ling resultsatvar-
iousquantizationvalueswhile Table3 indicatesresultsat I:P
ratio.



ME PSNR Bitrate Time Energy
(dB) (bytes/frame) (sec) (mJ)

FS 36.82 1758.84 159.34 141.67
DS 36.86 1848.93 85.11 74.94
TSS 36.80 1994.95 88.22 78.33
OTS 36.88 2345.12 75.31 75.67
TDS 36.85 1875.09 79.26 79.35
w/o HP 36.30 2202.65 64.94 54.56
NO 37.85 5489.09 65.25 59.15

Table 1. Tradeoff between motion estimation

Q PSNR Bitrate Time Energy
(dB) (bytes/frame) (sec) (mJ)

1 46.81 11908.11 96.13 84.59
4 38.08 2336.17 79.12 69.63
8 33.76 1018.26 74.56 64.73
12 31.48 626.08 72.60 63.89
20 28.87 360.12 70.56 61.80
31 26.93 250.10 69.43 61.10

Table 2. Tradeoff between quantization

4.3. Experimental Results

To determineappropriateencodingparametersof our
video application (combination of quantization, I:P ra-
tio and motion estimation),we �nd paretooptimal points
from the populateddata.We thenminimize executiontime
while satisfyingminimumimagequalityandbandwidthlim-
itations. The problemis formulatedas an ILP and solved
using an integer linear programmingsolver [2]. The solv-
ing time for integerlinearprogrammingis no morethan0.2
secondonaP43.0GHzPC.

Figure11 shows resultswith 2K bytes/framefor FORE-
MAN.QCIF (300 frames).The x axis shows constrained
PSNRvalueto bemetandthey axis is executiontime. The
”Q only” variesquantizationvalue only without changing
motionestimationandtheI:P ratio.The”Q,ME” adaptsboth
quantizationvalue and motion estimationalgorithm. If we
considermoreparametersthenwe cangetshorterexecution
time which is proportionalto total energy consumption.On

I:P = 1:x PSNR Bitrate Time Energy
(dB) (bytes/frame) (sec) (mJ)

4 36.89 2378.78 73.12 73.98
8 36.64 1934.61 82.05 87.75
16 36.48 1707.65 87.06 95.39
64 36.29 1547.34 88.26 97.23
128 36.27 1531.59 89.64 99.69

Table 3. Tradeoff between I:P ratio

Figure 11. Minimization of execution time
(bytes/frame � 2000)

anaverage,we expectthatwe canreduceexecutiontime by
40%and20%by changingthequantizationstep,motionesti-
mationalgorithmandI:P ratio thanby adaptingquantization
steponly, andby adjustingquantizationstepandmotiones-
timationalgorithm.

Finally, we generatea codewith theseparametervalues
computedabove.Thecodechoosesthepropervaluefor each
parameterfrom thepre-computedvaluesat thepreviousstep.
Note that for a staticenvironment(e.g.,�x ed network b/w,
imagequality),someparameterscanbe�x ed;otherwisethey
shouldbechosenat run-time.In themeasurementresults,we
reducetheexecutiontime by 33%and15%which aresimi-
lar to theresultsin Figure11 whenthebytes/frameis 2000.
Whenthebytes/frameconstraintis 1000,theexecutiontime
is reducedby 30%and10%thanQ only andQ,ME respec-
tively while whentheconstraintis 500, it is 17% and20%.
Theseresultsshow our ability to selectencodingparameter
settingswhile minimizingexecutiontime.

5. RelatedWork

Severalresearchresultshavefocusedonanalyzingthein-
put datastreamandderiving varioustechniquesfor improv-
ing eithercommunicationor computationin streamingappli-
cations;we review relatedeffortsbelow.

The Aspire researchgroup studiesvariousdata-shaping
algorithmsfor mobilemultimediacommunication.They pro-
�le andannotatestill imagesfor improving transmissionover
awirelesschannelusage(bandwidth,latency). In [11] theim-
agedatais compressedaccordingto dynamicconditionsand
requirements.Contentadaptationis classi�ed dependingon
time,contentandmetrics.

Chandraand Ellis perform an informed quality-aware
transcodingin [4], basedon imagecharacteristics.They �nd
that a changein JPEGquality factor (compressionmetric
controlledby quantizationsteps)directly correspondsto in-
formationquality lost andapplya prediction-basedapproxi-
mation.

In [5], the authorsanalyzethe characteristicsof images
availableonwebsites(distributionof gif or jpg images,size,



colors and quality). They clasify imagesand analyzevari-
oustranscodingtechniquesfor reducindimagesize.

TheGRACE project[20] professestheuseof cross-layer
adaptationsfor maximizingsystemutility. They suggestboth
coarsegrainedand�ne grainedtuningof parametersfor opti-
mal gains.Tripathi andClaypoolstudydifferentwaysto re-
ducebandwidthin network transmissionin [19], by either
temporalscaling(droppingframes),quality scaling(reduc-
ing qualityof frames)or spatialscaling(changingthesizeof
frames).Thequalitydegradationis evaluatedthroughanuser
study.

Reducingbacklightintensityasa meansof saving power
was also studiedby Chenget al. in [7]. Here the authors
presenta hardware basedimplementationfor concurrent
brightnessand contrastscaling in a TFT-LCD display. An
applicationof backlight power optimization for streaming
videoapplicationsis presentedin [16]. Theadaptationis co-
ordinatedby a middlewarelayer runningon both the client
anda intermediaryproxynode.

[8] describesa numbertechniquesfor low-power TFT
LCD display, oneof whichappliesbacklightluminancedim-
mingwith appropriatebrightnessandcontrastcompensation.
Thesetechniquesresultin goodaggregatedresultsfor anum-
berof differentapplications.Backlightcompensationis fur-
therimplementedin hardwareandfurtherstudiedfor typical
PDA applicationsin [6].

6. Conclusion

In this paper, we discussedthe variousinitiativesunder
theFORGEframework for studyingenergy andperformance
tradeoffs for mobile multimediasystems.By coordinating
energy saving techniquesat all systemlevels, the FORGE
framework is ableto improveuserexperienceon mobilede-
vices.In addition,for distributedapplicationstheknowledge
of theglobalsystemstatesuchasnetwork noiseandmobility
informationcanleadto betterenergy awareadaptationsona
device.Weshow thatexchangeof global/localinformationis
bene�cial for all layers(OS,hardware,middleware,applica-
tion)andtheFORGEframework integratesadistributedmid-
dlewareto performremoteoptimizationsandcollect global
systemstate.Our resultsindicatethatsucha cross-layerap-
proachcanresultin betterapplicationperformanceandbetter
energy utilization at thedevice. As anextensionof our cur-
rentefforts,we planto developadaptationsinvolving multi-
pleproxiesanddevices.
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