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Abstract—Clock (and voltage)schedulingis an important tech-
nique to reducethe energy consumption of processorsthat sup-
port voltage scaling. It is difficult, however, to achieve good re-
sultsusingonly statisticsfr omthe OSlevel whenapplicationsshow
bursty (unpredictable)behavior. We take the approachthat such
applicationsmust bemadepower-aware and specifytheir Average
Execution Time (AET) and the deadline to the schedulercontrol-
ling the clock speedand processorvoltage. This paper describes
our Energy Priority Scheduling (EPS)algorithm supporting power-
aware applications. EPSorders tasksaccording to how tight their
deadlinesare and how often tasksoverlap. Low-priority tasksare
scheduledfirst, sincethey can be easily preemptedto accommo-
date for high-priority taskslater. The EPSalgorithm doesnot al-
ways yield the optimal schedule,but has a low complexity. We
have implemented EPS on a StrongARM-basedvariable-voltage
platform. We conducted experiments with a modified video de-
coder that estimatesthe AET of eachframe. Measurementsshow
that application-dir ectedvoltagescalingreducesprocessorpower
consumptionwith 50% for the bursty videodecoderwithout miss-
ing any frame deadlines.

Index Terms— Low power, voltage scaling, adaptive software,
power awareness.

I . INTRODUCTION

POWERconsumptionis becomingthe limiting factor for
thefunctionalityof wearabledevices,becauseadvancesin

batterytechnologyareprogressingslowly whereascomputation
and communicationdemandsare increasingrapidly. It is
thereforeimportantto utilize the availableenergy asefficient
as possible. Energy preservation, or energy management,is
furthertranslatedinto alow powerconsumptionof all partsof a
wearabledevice. Theinitial responseto thelow-powerdemand
wasto lower thesupplyvoltage.For example,by reducingthe
supplyvoltagefrom standard5.0V to 3.3V powerwasreduced
by 56%.

Additional reductionscan be obtainedby selectively low-
ering the supply voltageof specificparts in either a discrete
or continuousmanner. An obvious candidateis the processor
sinceit is responsiblefor asignificantportionof thetotalpower
consumption[1].

A discreteapproachto voltage reduction is using power
down featuresto minimize the power consumptionof unused
hardware. For portablecomputersthis meansturning off the
harddisk,processor, screen,modem,sound,etc. Re-activation
of hardware can take sometime, which affects performance
(e.g., responsetime). Using simple power-down-when-idle
techniquesthe processor’s power consumptioncan be sig-
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nificantly reduced. Power savings up to 66 % have been
reported[2].

A further refinementis to make continuoustrade-offs be-
tweenperformanceandcost. Performancemetricsare appli-
cation dependent,but often a combinationof responsetime
and quality is used. Video decoding is used as a case
study throughoutthis paper, and typical quality metrics are
spatial/temporalresolution,color depth, and distortion level.
The user demand(performance)should be satisfiedat the
lowestcost(power consumption).Voltage scaling is a method
to trade-off processorfrequency (performance)againstpower
consumption.Thepowerconsumptionof aprocessorrunningat
a high frequency andhigh voltageis muchlargerthanrunning
at a low frequency andlow voltage. The power consumption
of digital CMOS circuits canbe modeledquite accuratelyby
simpleequations( ��������	�

���� ) [3], [4].

A. Voltagescalingimplementations

In 1996oneof the first paperswaspublishedthatdescribes
an actualhardware implementationusingvoltagescaling[5].
This implementationappliesvoltagescalingto MPEG video
decodingon a DSP. The frequency and voltageare adjusted
to match the varying complexity of video frames. In [6] a
dedicatedcryptographyprocessoris presentedthatusesvoltage
scaling. When running at 50 MHz this processorrequires
a supply voltage of 2 V and consumesat most 75 mW, at
3 MHz asupplyvoltageof only 0.7V is requiredandthepower
consumptiondropsto a mere525 � W.

In 1998 the first experimentalresultson a general-purpose
processorwere published[7]. The architectureof a R3900
RISC core was enhancedwith a critical path replica to mea-
sure the minimal required supply voltage. The RISC core
operateson 1.9 V at 40 MHz and on 1.3 V at 10 MHz.
All intermediatefrequenciesare also supported. This first
general-purposeimplementationdid not have a full chip-set
and lacked an operatingsystem. In 2000 Grunwald et al.
presentedexperimentalresultson a completegeneral-purpose
platform, calledItsy, runningthe Linux operatingsystem[8].
ItsyusesastandardcommercialStrongARMSA1100processor
that supportsvoltage scaling. The savings by the Itsy are
very modestbecauseonly two voltagelevelshave beenimple-
mented,1.5 V ( � 162 MHz) and1.23V ( � 162 MHz). The
resultingdifferencein processorpower consumptionbetween
thetwo levelsis only 15%. Betterresultsareobtainedwith the
SmartBadgeplatform, which is similar to the Itsy. Extensive
power measurementson real-time MP3 audio decodingand
MPEGvideodecodingshow thatanenergy reductionof 40 %
is possible[9]. Burd andPeringdesignedandimplementeda
voltage-scalingcapableprocessorbasedonanARM8 core[10].
Their processoris fabricatedin 600 nm technologyand uses
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Fig. 2. Totalpower consumptionfor idle andcpu-intensive workloads.

aggressive power saving features. In high performancemode
it runs at a speedof 80 MHz and consumes476 mW at
3.8 V. Whenrunningat 5 MHz and1.2 V the processoronly
consumes3.24mW. Thus,powerconsumptionis reducedwith
a factor147,while performancedropswith a factor16.

In parallel with the above projects we have createdour
own portableplatform for voltage scaling research[11]. It
is somewhat similar to Itsy; we also usea standardSA1100
processorand run Linux. Our platform is called LART, and
describedin detailin SectionV-A. Figure1showstheprocessor
envelopefor thedifferentfrequenciesthataresupportedby the
StrongARMprocessor. TheLART supports128differentsup-
ply voltagelevels.A supplyvoltageof 0.79V is sufficientwhen
running the processorat 59 MHz. A frequency of 251 MHz
requires1.65V. Thesesupplyvoltagesareoutsidethemanufac-
turersspecificationsof 1.5 V. All processorswe obtainedwere
able to run at thesevoltageand frequency combinations. A
switchbetweensuchcombinationstakes140 � s. A numberof
destructive testsindicatedthat the maximumfrequency of the
SA1100processorsis around265 MHz, significantly beyond
theofficial specifiedmaximumof 190MHz.

We measuredthe effect of voltage scaling on the power
consumptionof thecompleteLART platform,includingmem-
ory, voltageconversion,etc. Figure 2 shows the total power
consumptionof theLART undertwo differentworkloads:Idle
andCPU-intensive.

The Idle workload measuresthe backgroundpower con-
sumptionof theLART, which is alwaysspentregardlessof the
processorload. The Linux schedulerputs the processorinto
halt modewhenno processesareactive. Halt modestallsthe
CPU,but otherservicesof theembeddedprocessorsuchasthe
memorycontrollerandinternaltimer arestill operational[12].
All theseservicesare driven by the processorclock, which
explains why the power consumptionin halt modeincreases
with the frequency. TheSA-1100alsosupportsa morepower
efficient sleepmode,but this modeinterruptsDMA transfers,
stopsthe LCD controller, blocks memoryaccess,etc. Also
the wake-up sequencetakes much longer than in halt mode
compromisingresponsiveness.

The CPU-intensive workload consists of the Dhrystone
benchmarkutilizing boththeCPUandthecache.Wefirst mea-
suredtheeffectof scalingtheclockfrequency whilekeepingthe
voltageconstantat 1.5 V. In this casethe power consumption
increaseslinearly with thefrequency, asis expected.Next, we
measuredthepower consumptionwhenthecorevoltageis set
to theminimal valuereportedin Figure1. Theresultingcurve
shows the expectedquadraticincreaseof power consumption
whenthefrequency is variedfrom 59 to 251MHz.

From the power consumptionat 59 MHz (105.8mW) and
at 251 MHz (963.7mW) it follows thatan instructionat peak
performanceconsumesa factor2.1moreenergy thanat lowest
performance. When we neglect the non-CPUsubsystemsof
the LART, which are suppliedfrom a fixed 3.3 V, and focus
on the CPU, the power consumptionis 33.1 mW at 59 MHz
and 696.7 mW at 251 MHz (not shown). The raw CPU
energy/instructiondifferenceis thusa factor4.9.

Voltagescaling is moving from the researchfield into the
commercialmarket place of embeddedand x86-compatible
processors.AMD hasaddedvoltagescalingcapabilitiesto the
AMD K6 processorfamily in April 2000. The AMD-K6-IIIE
supportsclock frequenciesfrom 200 to 500 MHz, the power
consumptionis 2.95and11.40W, respectively. Thismeansthat
thelowestfrequency providesa power efficiency improvement
perinstructionof 55% versusthehighestfrequency. Transmeta
andIntel currentlyalsoprovideprocessorswith voltagescaling.
Dueto therising importanceof power consumptionit is likely
that voltagescalingwill soonbecomea standardfeaturefor
processorsin theembeddedandlaptopmarket.

B. Systemarchitecture

In this paperwe concentrateon a wearableplatform con-
sisting of a general-purposeprocessorwith voltage-scaling
capabilities,controlledby a general-purposeoperatingsystem,
andrunningmultiple applications.Figure3 givesanoverview
of sucha system.Theclock scheduleroptimizestheprocessor
frequency with respectto the workload to be serviced. The
clock scheduler, part of the operatingsystem(OS), must de-
terminewhenthe clock frequency needsto be changedandto
what frequency. This problem,known asclock scheduling, is
thecentralproblemaddressedin this paper. Theactualswitch
of the processorclock frequency is handledby an OS device
driver. We have implementedsucha driver for the Linux OS
(detailscan be found in [13]). The device driver adjuststhe
supply voltageof the processorand adaptsmemoryand bus
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configurations. Note that a changein frequency implies a
correspondingchangein supply voltage. Our LART device
driver has a hard-codedtable of the frequency and voltage
combinations,derivedfrom Figure1. Thedevice driver sends
the voltagesettingto a D/A converter. This D/A converterin
turn is connectedto a voltagecontrolledDC/DC converter. On
our LART platform the switch of frequency andvoltagetakes
140 ��� , during which the systemis stalled. This implies that
settingscanbe changedfrequentlywithout causingtoo much
overhead.

C. Paperoutline

In this paperwe argue that voltage scaling in a general-
purposecontext canonly beeffective whenapplicationscoop-
erate. It is vital that applicationscommunicatetheir (future)
processingneedsto the operatingsystem(OS), much like
in real-time systems. Only then the OS can handlebursty
(unpredictable)applicationsandcomputeanoptimalschedule.
The generalclock schedulingproblemitself is NP complete.
We presenta new heuristicschedulingalgorithmcalledenergy
priority scheduling (EPS) that usesworkload descriptionsto
computeenergy-efficientschedules.We have implementedthe
algorithmaspartof theLinux OSandperformedseveralexperi-
mentsonourvariable-voltageLART platform. In particularwe
demonstratetheability to scheduleacomputationaltaskwith a
burstyvideoplaybacktask;thecomputationaltaskis executed
betweentwo low-complexity videoframes.

Section II presentsa general framework for the various
approachesto solve theclock schedulingproblem.SectionIII
introducesthe conceptof power-aware applicationsand de-
scribeshow we have addedpower-awarenessto a H.263video
decoder. SectionIV describesour energy priority scheduling
algorithm. In SectionV, we discussthe implementationof the
EPSalgorithm and presentpower measurements.Finally in
SectionVI weconcludeandindicatefutureresearchdirections.

I I . APPROACHES AND RELATED WORK

Voltagescalingandclock schedulinghave beeninvestigated
in the context of four main areas:dedicatedhardware,com-
pilers, real-timeOSes,andgeneral-purposeOSes.They differ
in thetime of fixation of theclock schedule,thetime at which
schedulinginformationis available,andtheamountandquality
of that information. With dedicatedhardwaretheclock sched-
ule is determinedat designtime, using a priori information

derived from the application. A compiler, in contrast,can
only extract a limited amountof information from the source
code of an applicationto determinethe clock schedule. A
real-timeOS includesa taskschedulerthat takesinto account
start times, deadlines,and required cycles, allowing more
flexible clock schedulingschemes.A general-purposeOShas
to derive a clock schedulefrom run-timestatistics,suchasthe
processorutilization in previous periods. In general,clock
schedulingbecomessimpler and more power efficient when
more(accurate)information is available. An overview of the
differentapproachesis shown in TableI. Thefirst row lists the
quality of the information that is available to solve the clock
schedulingproblem,rangingfrom very poor(--) to very good
(++). Thesecondrow lists at whattime workloadinformation
is available: during designtime, compiletime, or at run time.
In thesequel,we will usethe approachesin TableI to discuss
relatedwork.

A. Dedicatedhardware

When crafting dedicatedhardware, for example, a GSM
speechcodecor JPEGcompressor, all possibleworkloaddetails
areknown in advance. Thereforethe optimal clock schedule
canoftenbecalculatedwith bruteforceatchipdesigntime[14].
This canbe costly sincethe non-preemptive clock scheduling
problem,wheretaskcannotbeinterrupted,isNPcomplete[15];
Hongetal. presentaneffectiveheuristicyieldingschedulesthat
arewithin 2% of theoptimum[15]. In thepreemptivecasethe
optimalschedulecanbecomputedwith an ����������� � �� off-line
algorithm[16].

B. Compiler

When a compiler is usedto determinethe clock schedule,
the largestproblemis to deducethe appropriateinformation
from thesourcecode.For example,deriving theexecutiontime
on the target platform from the high-level programcodeis a
non-trivial task.This forcesthecompilerto make conservative
assumptionsand yields low quality schedulinginformation.
If extensive profiling information is present,the scheduling
techniquesfor dedicatedhardware can be used. Otherwise,
heuristicsmust be applied to identify codesectionsthat can
beexecutedat low speeds.For example,Hsuet al. describea
systemthat is basedon identifying memory-boundloops[17].
Within suchloops the clock frequency canbe reduced,since
thememorysubsystemis muchslower thantheprocessor. This
approach,however, canonly beeffectivewhenmemory-bound
loops occur frequently and the cost of a frequency/voltage
changeis negligible relative to the total executiontime of a
loop.

C. Real-timeOS

In the realmof real-timeoperatingsystems,voltagescaling
focusesonminimizingpowerconsumptionof thesystem,while
still meeting strict task deadlines. Real-time tasks specify
their starting time and deadline;tasksthat must be repeated
alsospecify their period. In hardreal-timesystemsthe worst
caseexecutiontime (WCET) canoftenbeobtainedat software
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TABLE I
COMPARISON OF CLOCK SCHEDULING APPROACHES IN SEVERAL AREAS.

dedicated real-timeOS general-purposeOS application

hardware compiler fixed dynamic hardware interval integrated directed

Quality ++ – +/- + – - +/- ++

Availability design compile design run run run run run

designtimethroughstaticanalysis,profiling,or directmeasure-
ments[18], [19]. Whenall detailsof theworkloadareknown
andtheschedulabilityis verifiedatdesigntimeweclassifysuch
systemsunder“fix edreal-time”.Whendetailsof theworkload,
suchasWCET or eventhetasksthemselves,areonly known at
run-timewe classifysuchsystemsunder“dynamic real-time”.
For example,for multimediaserverstheexactworkloadis only
available at run-time [20]. An admissioncontroller needsto
determineif new taskscanbescheduledandadmitted.

An example of a schedulerfor fixed real-time systemsis
the Average Rate run-time heuristic by Yao et al., which is
provedto consumeat mosta factorof 8 moreenergy thanthe
optimal preemptive schedule[16]. Peringet al. presenta dy-
namicreal-timesystembasedonEarliestDeadlineFirst (EDF)
scheduling[21]. They assumethat tasksspecifyno starttimes
and, hence,can be executedat any moment. Measurements
show that significantenergy savings canbe obtained(20% of
peakpower) for someapplications.

In both classesof real-time OSesthe WCET is used to
checktheschedulabilityandpossibilitiesfor reducingtheclock
frequency in the schedulewithout violating deadlines. For
example,the algorithm in [15] initially schedulesall tasksat
maximumfrequency. After that the taskscheduleis adjusted
until no further reductionis possiblewithout violating dead-
lines. The ratio betweenthe actual execution time and the
WCET can be quite low: an averageof 0.5 is reportedfor
several hardreal-timeapplicationsstudiedin [22]. Whenthe
WCET is not anaccurateestimationof theexecutiontime, the
assignedclockfrequenciesto meetdeadlinestendto betoohigh
(factorof 2 on average).Consequently, a taskusuallyfinishes
early, andan idle periodsoccurs.If anothertaskis eligible for
execution,however, theidle periodcanbeusedto executethat
taskat a reducedspeed,see[23].

A recentpaperby Pillai et al. discussesan alternative ap-
proachto handletheconservativeWCET rarelyencounteredin
practice[24]. Their “look-ahead”clock schedulingalgorithm
is basedon an EDF scheduler. The task with the earliest
deadlineis scheduledwith thelowestpossibleprocessorspeed
thatdoesnot violate its deadline.This forcesothertasksto be
scheduledat a high frequency to compensate.Theassumption
is that the task is not likely to useits WCET and will finish
early. When the task finishesearly, energy is saved and the
next task with the earliestdeadlineis scheduledat its lowest
possiblefrequency. Note that for some(artificial) workloads
thelook-aheadalgorithmmaydefertaskstoo aggressively and
actually increasepower consumption,ascanbe derived from
their simulationresults.

D. General-purposeOS

Clock schedulingin the context of a general-purposeOS is
difficult, since little information is known aboutthe applica-
tions. Applicationsdo not communicatedeadlinesor priorities
to the OS, hence,all the clock schedulercan do is observe
the load that has beengeneratedin the past and extrapolate
into the future. The clock schedulermeasuresthe processor
load in fixed intervals, for example,every 20 ms. A common
techniqueis to usetwo boundaryvalueson theprocessorload
to decidewhetherto increase,decrease,or keep the current
clock frequency in thenext interval. If themeasuredprocessor
load drops below the lower bound, the processorfrequency
is decreased.Similarly, if the processorload risesabove the
upper bound, the frequency is increased. This techniqueis
called interval-basedclock scheduling,or interval-scheduling
for short.

The TransmetaCrusoeprocessoris the prime exampleof a
hardware-basedapproachto interval-scheduling.It hasbuilt-in
supportfor clock schedulingin the ”microcode” of the pro-
cessor[25]. Unfortunately, little informationis madeavailable
aboutthe exactworkingsof the “LongRun” technology, but it
is clearthatit canoperatein isolation,thatis, without any help
from the OS or application[26]. The microcodehasonly a
smallawarenessof theglobalsystemstate,for example,it can
not distinguishOSforegroundtasksfrom backgroundtasks.

Weiseret al. first presentedthe ideaof interval-basedvolt-
age scaling for a general-purposeOS in 1994 [27]. Most
contributions regardinginterval-basedvoltagescalingconsist
of theoreticalanalysis[4] and simulations[28], [29], [30].
The simulationstudiesshow that interval-schedulingreduces
power consumptionconsiderablycomparedto runningat full
power. Thereare,however, somefundamentalproblems.First,
the optimal interval length is applicationdependent.Second,
bursty applicationswith unpredictableworkloads cannot be
scheduledeffectively at all. The simulationsby Peringet al.
show that the power consumptionof their interval schedule
for video decodingwas 36 % above the optimum. Recent
measurementson actualhardwareby Grunwald et al. confirm
theseobservations[8].

Traditionalinterval-schedulingbasedon processor-loadcan
be improved by incorporating other information (run-time
statistics)to estimatethe processingrequirementsof applica-
tions. Such “integratedclock schedulers”require numerous
modificationsto the OS. For example, Flautner et al. [31]
describeanintegratedschedulerthatmaintainsprocessorusage
statisticsof everyprocess,observesthecommunicationpattern
betweenprocesses,keepstrack of input/outputdevice usage
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by processes,and tries to extract deadlinesfrom periodic
tasks.The

!
simulationsresultsarepromising,but a comparison

with a traditional interval-scheduleris not included, so the
advantageof usingadditionalinformation is still to be deter-
mined.Anotheraspectthatneedsadditionalstudyis theeffect
of their scheduleron bursty and cpu-intensive applications,
suchasvideo decodingandspeechrecognition,becausesuch
applicationswerenot includedin thesimulations.

Userrelatedtiming characteristicsareanotherusefulsource
of informationfor integratedclock scheduling[31], [32]. For
example,Lorchetal. [32] exploit theobservationthatareaction
time of 50 msfor interactive applicationsis below thepercep-
tion thresholdof theuser. Therefore,theapplicationprocessing
time for, say, a mouse click can be increasedto 50 ms
(by slowing down the CPU) without noticeableperformance
degradation.Off-line simulationsshow thattheupperboundon
theadditionalenergy saving is in theorderof 20%. It remains
to be seenhow much energy can actually be saved in a real
implementation.

E. Application-directedclock scheduling

Reliable,accurateinformationfor solvingtheclockschedul-
ing problemcanonly be obtainedfrom theapplicationsthem-
selves. Whenapplicationsoperatingon a general-purposeOS
aremodifiedto registertheir processingrequirements(cycles,
deadlines,etc) clock schedulingbecomessimpler and more
effective. Application-directedclock schedulingholdstwo op-
portunitiesfor furtherpowersavingscomparedto theintegrated
clock scheduler. Thefirst opportunityis to allow the updating
of processingrequirements. The secondopportunity is to
useaverageprocessingrequirementsinsteadof the worst-case
estimatesthatareusedin real-timesystems.

We call the updating of task processingrequirementsin
application-directedschedulingintra-taskinformationupdates.
Intra-taskinformationupdatesareproposedin a recentarticle
by Shinetal. [33]. They combinethecompiler-basedapproach
with application-directedclock scheduling. Shin et al. use
sourcecode analysis to extract the WCET and combine it
with a run-time component. An MPEG 4 decoderis used
as a casestudy for their analysistool. The tool calculates
off-line the WCET updatesfor several points in the MPEG 4
frame decodingprocess. For example, at the start of the
framedecodingprocessonly the overall worst WCET of any
frame type is known. When the frame type is determined,
it is replacedby the WCET of that frame type. During
the decodingof the frame even more information becomes
available (such as motion vectorsand macroblocks)and the
WCET is updatedandconvergesto the actualframedecoding
time. This refinementtechniqueis guaranteedto meethard
real-timedeadlinerequirements(i.e. frame deadlines). The
disadvantageis that the overall WCET is not very likely to
occurandconsequently, the clock speedis set far too high at
thebeginningof every frame.

In contrastto real-timesystems,applicationsoperatingon a
generalpurposeOSarenot time-criticalanddeadlinesmayoc-
casionallybemissed.Typical laptopapplicationssuchasword
processing,games,videoediting,and(wireless)webbrowsing
arereal-time(interactive) applications,yet their deadlinesare

soft. Userswill tolerate(some)jitter in responsetimes. This
allows for an easysolution to the problemsassociatedwith
the WCET. Applicationsmay report their averageexecution
time (AET), which is generallya much better estimatorof
the true executiontime, leadingto morepower-efficient clock
schedules.This is theapproachwe take in this paper. Notethe
resemblancewith thelook-aheadalgorithmfrom Pillai [24] (see
SectionII-C). The look-aheadalgorithmis theonly algorithm
known to us that also exploits the low likelihood of WCET
occurrencesbefore theactualexecutionof a task.

The application-directedclock schedulingalgorithm pre-
sentedin this papercan be applied in both a real-time and
general-purposeOS context. The applicationson a general-
purposeOSneedto bemodifiedto passon intra-taskinforma-
tion updatesandindicatetheirAET.

I I I . POWER-AWARE VIDEO DECODING

To exploit the power consumptionreduction of voltage
scaling, we proposeto make applicationspower-aware such
that bursty and cpu-intensive applicationscan decreasetheir
power consumptionby indicatingtheir processorusageto the
clock scheduler. We modifieda video decoderto estimateits
averageexecutiontime(AET) for eachframeandcommunicate
this requirementalong with the frame deadlineto the clock
scheduler. In this section, we briefly discussH.263 video
compression,our methodfor estimatingthe frame decoding
time,andour modifiedH.263application.

A. H.263videocompression

TheH.263standardis createdfor low-bitratevideocompres-
sion [34]. The standardis basedon both H.261andMPEG2.
H.263 framesare displayedat a fixed rate. Throughoutthis
paperweuseaframerateof 15framespersecond,whichmeans
a maximumdecodingtime of 67 msper frame. H.263defines
threetypesof frames: I-frames(intra picture),P-frames(pre-
dictedpicture),andB-frames(bidirectionalpredictedpicture).
I-framesareself containedimages,similar to JPEG.P-frames
encodethe differencefrom a previous I or P frame. B-frames
containreferencesto bothpre-andsucceedingframes.Because
a B-frame containsforward references,the succeedingframe
must be decodedprior to the B-frame itself. As a result the
decodermustprocesstwo framesin a singleframetime. We
usethe PB-framenotationto indicatethe framein which two
dependentconsecutiveframesaredecoded.

A frame consistsof a grid of blocks that measure16x16
pixels,calledmacroblocks.A macroblockin aP-frameconsists
of the differenceswith a referenceto the previous framethat
is displacedby a vector to compensatefor motion. Motion
compensationis used to decreasethe difference from the
previous frame. The pixels in eachmacroblockareefficiently
encodedusinga DiscreteCosineTransform(DCT), which is
a computationalintensive operation. The number of bytes
for eachmacroblockin the encoderoutput is variable. Mac-
roblocksthat containno informationarenot insertedinto the
compressedbitstream.The numberof inverseDCTs required
to decodethe macroblocksis thereforevariable. This is the
maincausefor theburstybehavior of bothH.263andMPEG2
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decoders.Variable-lengthencoding(e.g. Huffman coding) is
usedto furthercompressthemacroblocks,themotionvectors,
andthe frameheader. Note that the type of the frameis only
known to thedecoderafter thevariable-lengthdecodingstep.

B. AETestimation

Predictionsof decodingtimesaredifficult to makedueto the
wide variation in scenes(e.g. talking headsversusMTV). A
framethat is very similar to the previous frameresultsin few
encodedmacroblocksto capturethe difference,hence,takes
little time to decode. Framesthat differ considerablyfrom
their predecessorresult in longer decodingtimes. Figure 4
shows the variation of the frame size for the well known
Carphonetestsequence(190frames),whichwasencodedusing
the TelenorH.263 encoderV2.0 with the following settings:
qcif resolution,15fps,defaultquantization,unrestrictedmotion
vectors,syntax-basedarithmeticcoding, advancedprediction
mode,anduseof PB-frames.Note the large initial I-frame in
theupperleft corner.

Variousmethodshave beendevelopedto estimatethe AET
of a video frame. One method is to include a complete
referencedecoderinside the encoderand measurethe actual
framedecodingtimes. Thesedecodingtimesareaddedto the
compressedvideosequence.This methodis proposedin [35],
but requiresareferencedecoderfor eachtargetplatform.Using
a genericmodelof the framedecodingcomplexity eliminates
this drawback. Such a complexity model for MPEG4 (7
parameters)is presentedin [36]. They reportaccurateresults
(error " 5%). The drawbackof their method,however, is the
necessityto modify MPEG4encodersto includethecomplexity
parametersin eachframeheader.

To ensurebackwardscompatibility andgeneralacceptance
modificationof video sequences(to includeclock scheduling
information) must be avoided whenever possible. Therefore,
aninterestingquestionis whichpropertyfrom theH.263frame
gives a good estimationof the AET of the frame decoding
processandcanbeobtainedwithout beingaddinganyknowl-
edgeto the H.263 compressedbitstream. We found that the
combinationof frametypeandframesizeyieldsanestimation
that is simple,yet accurate.A similar estimatorfor MPEG2is
presentedin [37].

Figure 5 plots the decodingtime versusthe frame size for
the Carphonetestsequenceon the LART platform. Two fre-
quenciesareusedto decodeframesof bothPandPBtype.The
figureshowsthatvideodecodingis ademandingapplication:at
the lowestclock frequency of our LART platform noneof the
framescanbedecodedwithin therequired67ms(i.e.15frames
per second). Furthermore,running the processoron a high
speed(221 MHz) is only necessaryfor the largestPB-frames.
The cost of decodinga two image PB-frameis consistently
higher thana single imageP-frame. SimpleP-framesdecode
in roughly 75 ms at the lowest clock frequency, the most
complex PB-framestakealmost200msto decodeat thisspeed,
a significantvariance. Measurementson moretestsequences
show thatframedecodingtimesareindependentof thecontent
of the test sequenceitself; they only dependon the type
and length [38]. Note that changingthe spatialor temporal
resolutionkeepsthe linear relation betweenframe size and
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decodingtime, but modifiesthe parameters.Fortunatelysuch
resolutionchangesdonotoccurinsidenormalvideosequences.
The characteristicsof Figure 5 will be usedto estimatethe
minimalprocessingrequirementsfor eachframe.

Thetypeof thevideoframeis indicatedin theframeheader.
Unfortunately, the frame length is not part of the header;so
wecannotdirectlydeterminethemostsuitableAET. Theframe
lengthcanoptionallybeaddedto theheaderby usingtheH.263
PEI headerfield. This requireschangingH.263 encodersto
addtheframelengthinformationto theheader. A solutionthat
modifiesonly thedecoderis preferred.By usinginputbuffering
in the decoderit would also be possible to determinethe
framelengthbeforecommencingwith thedecoding.However,
this approachwould increasethe decodinglatency, which is
a severe drawback for interactive applicationssuchas video
conferencing.

C. Implementation

We extendedthe TelenorH.263decoderwith an AET esti-
matorbasedon theobservedlinearrelationbetweenframesize
andclock frequency for equalframe types(Figure5). Three
modesare supportedby our enhancement:optimal, feedfor-
ward, and feedbackward. The differencebetweenthe three
modesis theknowledgeaboutthe framedecodingtimes. The
optimal modeusesa priori knowledgeaboutthe decodingre-
quirements. By using off-line analysisthe exact processing
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requirementsare determinedfor eachvideo frame and made
available$ to the decoder, similar to [35]. This modeprovides
a lower boundin termsof power consumptionfor the clock
schedule.Thefeedforwardmodeusesapriori knowledgeabout
the framelengththroughthe PEI headerfield. The feedback-
wardmodedoesnotrequireany modificationsto theencoderor
compressedbitstream,andusesintra-taskinformationupdates
to adjustmispredictedAETs. Our H.263 decodercommuni-
catesits processingrequirementsfor thenext deadlinewith the
EPSscheduleronceperframein bothfeedforwardandoptimal
modeandtwice in feedbackwardmode.

Thepower-awaredecoderin feedbackwardmodeusessev-
eral heuristicsto estimatethe processingrequirementsas ac-
curatelyaspossible. Framestatisticsarekept by frametype.
Initially the decoderrequeststhe maximumprocessingcapac-
ity for the first few framesof a sequence,until an estimation
of thetime-framelengthrelationbecomesavailable(usingleast
squaresfit). Thebestspeedfor thepreviousP-frameis usedas
a startingpoint for the currentP-frame. Whenthe upperhalf
of thevideoframeis decodedanintra-taskupdateis calculated
andsendto theclock scheduler. Thedecodingtime andsizeof
the first 50 % of the macroblocksis usedto determinethe de-
codingprogress.Theremaining50% of themacroblocksmust
alsobedecodedin thesameframetime. Whenthedecoderis
runningaheador behind,theestimatedtime-framelengthrela-
tion is usedto calculatethenew processingrequirements.Un-
fortunately, thecomplexity of theupperhalf of the imageof a
videoframeis notalwaysequalto thebottomhalf. To compen-
satefor this,weusethecomplexity ratioof theupperandlower
half of the imagefrom the previous frameto updatethe AET.
Wetherebyassumethatthecomplexity ratio is aslow changing
parameterin a videosequence.

At thestartof aframethespeedof thepreviousframeis only
maintainedif thereis no frametypechange.Whena PB-frame
follows a P-frame,the speedof the last PB-frameis usedbe-
causethepreviousP-framehasalowerprocessingrequirement.

The“frame type len” estimatorfrom [37] alsousesthetype
and length of the previous decodedframes to estimatethe
decodingtime of the current frame. For their calculations
they requiretheoff-line calculatedrelationbetweenframe-size
and decoding time. Our implementationis similar to the
frametype lenestimator, but wecreatedanon-lineversionthat
usesintra-taskinformationupdates.

IV. ENERGY PRIORITY SCHEDULING

In application-directedclock scheduling,applicationsspec-
ify theirAET to thenext deadlineanduseintra-taskinformation
updatesto increasethepower efficiency of theclock schedule.
Our energy priority scheduler is an incrementalon-line algo-
rithm thatdynamicallyadjuststheclock schedulewhena new
taskentersthesystemor anold taskcompletesits execution.

A. Model

Thissectiondefinesamodelfor clockscheduling.Themodel
combinesandenhancesthemodelspresentedin [16] and[39].
Eachreal-timetask % is definedby:& �(' Startingtime

TABLE II
WORKLOAD DESCRIPTIONS.

case1 case2) ' �*',+.-/' �*',+0-1'
A 2 0 + 3 0 + 3
B 2 0 + 6 0 + 6
C 1 4 + 6

& -/' Deadlinetime& ) ' Executiontime athighestspeed

Theexecutioninterval of task % is 2 �(',34-1'*5 . Theenergy priority
schedulingalgorithmis usedto determine:& �6�879 Speedof theprocessorat time 7&;:=< ����79 Taskthatis executedon theprocessorat time 7
We furtherdefinethefollowing parameters:&?> ' ��7 :  Numberof tasksoverlappingwith timeregion 7 :

besidestask %&?> '@�BADC8E*FHG IKJ(L M4JKNPO C8E OM J*Q I J > '��87 :  Averagenumber of
othertasksbesidestask%& 	R'�� S JM JTQ I J Flat processorrateof task % , usingtheleast
amountof energy&;< 'U� The processorutilization currently scheduledin
time region 7 : '

B. Algorithm

Beforedescribingour algorithm,we first presenttwo exam-
plesthatmotivatetheschedulingheuristicwe employ. TableII
gives two simple workloads. The first caseconsistsof just
two tasks(A andB). An incrementalschedulerconsidersthe
tasksone-by-one. Following the Average Rate heuristic by
Yao et. al. [16] we simply add the minimum required flat
processorrates	R' for eachtaskat time 7 . Thus,taskA executes
atspeedV�W1X andB at speedY1W1X (seeFigure6).
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2/3

1

A

B

0 1 2 3 4 5 6
t

u

Fig. 6. Average Rateschedulefor case1.

TheAverageRatescheduleis not optimalsinceA andB can
be scheduledback-to-backasshown in Figure7. (Runningat
a constantspeedis moreenergy efficient thanwith a varying
speed).

A first improvement to the Average Rate heuristic, is to
take into accountthe other tasksalreadyscheduled. When
schedulinga next task, we can compute the (water) level
abovethecurrentschedule(contour)to fit in thecomputational
demands(area)of thetask.Thetasklevelingideais outlinedin
Figure8.

Applying task-leveling to the first exampleyields the opti-
mum (Figure7) whenschedulingtaskA first, followed by B.
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Fig. 8. Taskleveling.

SchedulingB first andthenA, however, still yieldstheinferior
scheduleshown in Figure6.

Our secondimprovementis to accountfor overlappingtasks
thatcanbepushedaside.Considerthesecondcasein TableII,
which addsa third taskC to theoptimal schedulein Figure7.
First note that task-leveling fails to find a suitableschedule
in this casesinceC must be layeredon top of B, raising the
processorutilization above 1. The following method does
find the optimal schedule(an equal load of Z6W1[ acrossthe
entire 2 \]34[15 interval). In steponewe determinethe maximum
processorutilization <_^.`*a on the interval 2 �Rbc3d-6be5 , which isV6W1X (cf. interval 2 fg3d[/5 in Figure7). In steptwo wefill upthefree
spacebelow level <h^0`(a on interval 2 �Rbc3d-6be5 ; this hasno effect
in our examplebecausethereis no spaceavailable.In thethird
stepwe determineall overlappingtasks(theset i ) thatoverlap
with C; i equalsj B k . In thefourth stepwe computethewater
level ( Z�W/[ ) above the contourof i +C that accommodatesthe
remainderof C. Finally, we rescheduletasksfrom theset i to
createspacein theinterval 2 � b 3d- b 5 ; seeFigure9.

0

1/3

2/3

1

A B C

0 1 2 3 4 5 6
t

u

Fig. 9. Optimalschedulefor case2.

Reschedulingin the final step is not always possibledue
to deadlinesregardingtasks i , in which casestepsfour and
five mustbe repeated.Dealingwith overlappingtasksgreatly
enhancesthe quality of the clock schedules.Furtherimprove-
mentscan be expectedto also accountfor tasksthat overlap
with theoverlappingtasks,etc.Wedonotpursuethisdirection,
but ratherarrangethattasksarescheduledin ascendingpriority.
Taskswith relaxed deadlines( 	R' closeto 0) andfew overlaps
(low > ' ) arerankedto bescheduledfirst, sothey caneasilybe
pushedasidewhenmoredifficult tasksarescheduledlater.

Thedetailsof our energy priority schedulerarepresentedin

Algorithm 1 Energy Priority Scheduling
0 Givenasetof tasksi , eachtaskwith astartingtime,deadline
time,andfastestexecutiontime.
1 Partition interval 2 � ^.l�m 34- ^0`(a 5 into a set of time regions7 :Rl 2 �R7on : 7 l 3 ) �p- l 5 where �q7on : 7 l and ) �p- l are start or deadline
times of i , and there exists no other start or deadlinetime
within 7 :rl .
2 For eachtaskcomputeits priority: s ' �t	 ' > ' .
3 Repeatu=ivu times:
3.1Selecttask % thatis notscheduledyetandhaslowests]' .
3.2Repeatuntil task% is fully scheduled:
3.2.1Determineintervals 7 : lxw 2 �*',3d-/'*5 with lowestscheduled
processorutilization < l
3.2.2Determineoverlappingtask intervals 7 :qy , 7 :qy w 2 � C 34- C 5 ,
util( 7 ,7 : l ) z 0, 7x{�|%
3.2.3Determinespill intervals 7 :r}�~ jR7 :Ry k��xjR7 : l k , <_} � < l
3.2.4Define<_�q� � lowestprocessorutilization on jR7 : y k��xjR7 : } k

(or 1 if jr7 : y k��xjR7 : } k���� )� l ��A���7 :Rl �� } � A ��7 :r} �� �
�

min � < �q� + < l 3 remain� S J4��]�  if
� } ��\

min � � � � ���� 3 max� <h�q� 3 remain� S Jd��]�  e+ <hl  otherwise
3.2.5Setprocessorutilizations <gy to < lq� � andrescheduletasks
(including % ) on 7 :Ry and 7 : l accordingly.
4 Regrouptasksspreadacrossmultiple intervals.

Algorithm 1. Step2 calculatesthe priorities of the tasks. For
example,in case2abovetheprioritiesaresetto sh��� �� � ��e� Y= ,sg��� ��9� � ��P� ��  , and s b � �� � �� � Y= . ThereforeEPS
will scheduletaskB first, thenC, andfinally A. Note that this
orderis independentof theactualtaskarrivals,whichavoidsthe
sensitivity observedfor thesimplerheuristicsdiscussedabove.
In steps3.2.� apartof task% is scheduledby raisingthe“water”
to the next level up. This level is to be found on the interval
that includesall overlappingtasks. The spill intervals arethe
time regions of the overlappingtasks,not including 2 �*',34-1'*5 ,
weretheprocessorutilization is equalto < l andtheutilization
will be increasedto make room for task % . Note that we only
consideroverlappingtasksthatareactuallyscheduledon 7 : l by
including the ‘util( 7 ,7 : l ) z�\ ’ condition. If thereareno spill
intervals(

� } �D\ ), for example,whenschedulingthefirst task,
the remainingwork of % will be scheduledon top of the 7 : l
time regions. Otherwise,the work of the overlappingtasksis
spilled from the 7 :rl intervals to the 7 : } intervals. The actual
increase(

�
) is boundby theamountof work thatcanbespilled

(
� l8<_l ), theremainderof % thatstill needsto bescheduled,and

the stepup ( <_�q� + <_l ). The incrementalschedulingof task %
in steps3.2.� can be efficiently implementedby maintaining
the overlappingintervals asa sortedlist (ascendingprocessor
utilization). Oncethe final scheduleis determined,taskstend
to bescatteredovermultiple intervals.To minimizethenumber
of context switches,we regroup tasksin step4 by swapping
workloadsbetweenintervals.

The energy priority schedulingheuristic does not always
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find the optimal schedule,sinceit only accountsfor pushing
asidetasks� that directly overlap with % . If non-overlapping
taskswerealsore-scheduledin step3.2.� , boththecomplexity
and the ability of EPS to find the optimal schedulewould
increase.A heuristicsuchasEPSwill fail to find the optimal
schedulein complex workloadswith many tasks.For example,
when modifying case2 slightly by changingtask B to start
at time 2, the insertionof task C will not raise the “water”
above interval [0,2] as it could when realizing that B in turn
shouldpushtaskA aside.Fortunately, suchworkloadsarenot
commonfor wearabledevices whereuserstypically run one
or two concurrentapplications.Thecomplexity of theheuristic
dependsonthenumberof iterationsneededtoschedule% . In the
worstcaseeachinterval 7 : l causesonestepup. Themaximum
numberof intervals is V1�D+�Y , leading to the upper bound
of ����� �  for the completeheuristic. In practice,one or two
iterationsoftensuffice andthe numberof overlappingtasksis
small,loweringthecomplexity to �������������� .

The presentedenergy priority algorithm makesa complete
new scheduleeachtimeanew taskarrives.Whenimplementing
this algorithmseveraladditionsmustbemadesuchasproperly
updatingthetasklist i whenanew taskarrivesandthecurrent
runningtaskis not yet finished. For an incrementalversionof
theschedulingalgorithmthefollowing procedureis used:each
time a new task % arrives,the setof intervals 7 : l is extended,
followedby oneroundof schedulingfor task% (no loopingover
all tasksin step3).

The energy priority algorithm must supportsporadictasks
in a real-timeOScontext. Thealgorithmcansupportperiodic
tasksby addinga parameter  that indicatesthe window size
for periodic task scheduling. Before step 0, every periodic
tasksis convertedin up to   sporadictasksandaddedto the
taskset i . Theperiodictaskwith theshortestrepetitionperiod: ^�l¡m boundstheinterval 2 \]3 : ^.l¡m  05 in which theperiodictasks
areconvertedinto multiple sporadictasks. For example, i is
extendedwith A ( : ` �¢Z]3 ) ` �£V ) andB ( :r¤ �¦¥�3 ) ¤ �¢X ).
When  §��Yr\ theinterval 2 \]3TZ/\/5 is scheduledwith 10sporadic
tasksA and6 sporadictasksB.

V. RESULTS

To demonstratethe effectivenessof application-directed
clock schedulingwe have performedpower measurementson
acompletesystemconsistingof variable-voltagehardware,OS
driver, clock schedulingdaemonand algorithm, and power-
awarevideodecoder.

A. Experimentalplatform

The embeddedStrongARM processorboard displayedin
Figure10formstheheartof thewearableaugmented-realityter-
minal thatwe aredevelopingwithin theUbiComproject[40].
The board,namedLART, hasa size of 10x7.5cm, a weight
of 50 gr, 32 MB of volatile memory, 4 MB of non-volatile
memory, a SA-1100 190 MHz processor, and various I/O
capabilities.TheLART hasa programmablevoltageregulator
to control thevoltageof theprocessorcore. In SectionI-A we
alreadydiscussedtherelationbetweenprocessorfrequency (59

Fig. 10. Low-power StrongARMembeddedLinux platform(LART).

- 236MHz, stepsof 14.7MHz) andcorevoltage(0.79- 1.5V),
seeFigure1.

TheLART runsundercontrolof theLinux operatingsystem
(Version2.4.0),whichhasbeenenhancedto supportfrequency
andvoltagescaling. We addeda kernelmodulethat readsthe
requiredfrequency from /proc, a Linux pseudo-filesystem
usedasagenericinterfaceto kerneldatastructures,changesthe
clock frequency, andadjustthe corevoltage. It subsequently
recalibratesthe kernel’s internal delay routines,in particular
thosethatbusy-wait by countinginstructioncycles.In addition,
thekernelmoduleadjuststhememoryparametersthat control
the timings of the read/writecycleson the externalbus. The
codehasbeenstructuredsuchthat it may be interruptedand
doesnot dependon external memory, which is temporarily
unavailableduringa clock frequency change.TheSA-1100is
not designedfor on thefly clock frequency changes.All DMA
transfersareinterruptedduringa change,causingproblemsfor
theDMA transfersof LCD videodata.TheLCD device driver
needsto beinformedof frequency changesandtemporarilyhalt
the DMA transfer. All LART designschematicsand kernel
modulesarepublicallyavailable[41].

LART

V

A

Avoltage regulator
3.3 V

0.6 - 2.3 V
voltage regulator

V

other

SA1100
processor

DRAM
FLASH

A

V

+

power supply
unregulated

-

Fig. 11. Measurementsetup.

To measurethepowerconsumptionof theLART, weusedthe
configurationshown in Figure11. Theunregulatedpower of a
batteryis convertedinto a fixed 3.3 V for all the components
on the board,exceptthe processorcore(CPU + cache)which
is suppliedby a variablevoltageregulator. The fixed/variable
voltageandcurrentaresampledusinga small senseresistorat
a rateof 2.5 kHz. Thestandarddeviation of themeasurements
is within 2 % of themean.
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We implementeda clock schedulerthat mediatesbetween
applications¨ andthebasicOSdrivercontrollingthecorevoltage
andprocessorspeed.To minimizeimplementationeffort at the
applicationlevel we designedthe clock schedulerto support
both unmodifiedapplicationsaswell aspower-awareapplica-
tionsspecifyingtheir futureneeds(AET anddeadline).Weuse
a combinationof interval-scheduling(for handlingunknown
workloads)andenergy priority scheduling(supportingpower-
aware applications). We call the combinedclock scheduler
PowerScale. For conveniencePowerScaleis implementedas
a daemonprocessin userspace,but it can be moved inside
the kernel when the needarises. An applicationconnectsto
PowerScaleusing a UNIX socket and specifiesits workload
asa setof taskswith startingtimes,deadlines,andprocessing
needs(cycle count,minimumspeed,or AET). Beforerunning
the energy priority scheduling(EPS) algorithm, PowerScale
emptiesall socketsto considerat onceall taskscurrentlymade
available by the power-aware applications. The computed
scheduleis thenexecutedin a loop, listeningon thesocket for
new tasksby invoking select()with a time-outvaluematching
the time to the next speedchange. The EPSalgorithm may
preempttasks.PowerScaleusestheLinux processschedulerfor
this purposeandsendsSTOP andCONT signalsto processes
thatmustbepreemptedandresumed,respectively.

The interval-basedcomponentof PowerScaleserves two
purposes: it supportstraditional applicationsand it corrects
for miss predictedworkloads by power-aware applications.
Traditional applicationsdo not register their workload with
EPS,hence,the speedsdeterminedby EPSwill be too low.
Miss predictedworkloadscan causeEPSto determinea too
low aswell as too high speed.The interval schedulerwithin
PowerScalemonitorsthe Linux processschedulerstatisticsto
seeif the EPSscheduleneedsto be adjustedor not. When
the systemload (processorutilization) is closeto 1, the CPU
is runningat theright speed.Otherwise,thespeedis adjusted:
an overload (util � 1) is handledby increasingthe speed,
an underload(util � 0.5) is handledby reducingthe speed.
In effect the interval schedulerprovides negative feedback
to the speedscheduleproducedby EPS.To ensurestability
the interval schedulerusesrelatively long intervals in which
EPScan issuemultiple speedchanges. Thereforethe speed
correctionis appliedasadelta(e.g.,two stepsup) to therapidly
changingEPSschedule.

The interval scheduleritself is quite flexible and operates
with a parametrizedinterval length (a multiple of 10 ms, the
granularityof Linux’s 100Hz internaltimer). This allows it to
operatestand-alone(i.e. without EPS);a short interval length
should be usedto be able to closely follow the changesin
the workload. To further improve the responsivenessof the
systemwe employ the following heuristic. On consecutive
speedincrementswe doublethecorrectionfactor(exponential
increase). On consecutive speeddecrements,however, we
simply stepdown to thenext lowercorrection(lineardecrease)
sincerunningat a too high speeddoesnot impactresponsive-
ness;only energy is wasted. The correctionfactor (delta) is
appliedto afixedmaximumperformanceschedule(236MHz).

A modificationof the power-aware video decoderwas re-
quired to work around the poor granularity of the internal

TABLE III
AVERAGE POWER CONSUMPTION [MW].

total (core+ fixed)

Sequence 236 FB FF opt fixed

Grandma 404.6 244.5 243.1 242.2 209.6

Salesman 417.0 262.7 254.2 245.5 208.3

Trevor 496.1 362.8 355.6 347.9 249.4

Carphone 556.5 368.7 357.4 351.2 263.5

Foreman 571.6 389.7 380.3 374.7 283.5

Linux timer (100 Hz). The H.263 decoderhasa simple rate
control mechanismfor displayingthe framesat the specified
rate(15 fps): after decodinga frameit computesthe time left
until thenext displaydeadline,andinvokestheusleep()system
call to wait for that time to passbeforeoutputtingthe video
frame. Usleep()may returnup to 10 ms late dueto the poor
Linux timergranularity, which is asignificantpartof theframe
time (67 ms). Eachdelaycausesa framedeadlinemiss,and
mustbecompensatedfor in thenext frameto catchup. When
runningataconstanthighspeed,thishappensautomaticallyby
waiting a bit shorterin the next frame. Whenscalingspeeds,
however, we must explicitly accountfor the inaccuracy by
overestimatingthe computationaldemandof eachframe. We
took a drasticapproachand replacedthe usleep()call with a
busy-wait loop,in whichwereadtheclockuntil thenext display
deadlineis met.

B. Videodecodermodes

We usedtheexperimentalsetupdiscussedin SectionV-A to
measurethepowerconsumptionof ourextendedH.263decoder
(SectionIII) on top of PowerScale.

TableIII showstheaveragepowerconsumptionof theLART
platform for decodinga testsequencefor the threesupported
modesof thedecoder:feedbackward(FB), feedforward(FF),
andoptimal(opt). For comparisonthe“236” columnshowsthe
averagepowerconsumptionwith clockschedulingdisabledand
usinga fixedclock frequency of 236MHz. Theaveragepower
is computedby measuringthe total energy consumedby the
LART anddividing that by the durationof the testsequence.
The test sequencesare storedin the RAM-disk provided by
Linux, hence,little energy is neededto retrieve them.

The measurementsshow that the FB modereducesenergy
consumptionconsiderablycomparedto runningat 236 MHz,
for example,the averagepower dissipatedwhendecodingthe
Grandmasequencedropsfrom 404.6mW to 244.5mW. The
reductionfor FB rangesfrom 1.37(Trevor) to 1.66(Grandma).
Providing the decoderwith additional information (FF and
optimal) doesindeedreduceenergy consumptionfurther, but
thegainis limited. In thecaseof FF thereductionrangesfrom
1.40(Trevor) to 1.67(Grandma).Theoptimalpolicy achieves
reductionsin therangeof 1.43(Trevor) to 1.70(Salesman).

Thedifferencesbetweenthevariouspoliciesis smallbecause
voltage scaling only reducesthe power consumptionof the
processorcore.Thelastcolumnin TableIII presentsthepower
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Fig. 12. Power-quality tradeoff.

consumedby the components(memory, bus, etc.) supplied
from the fixed 3.3 V. It shows that the fraction of the total
power that can be attributed to non-CPUsubsystemsis con-
siderable.For example,whendecodingtheGrandmasequence
at 236 MHz, 209.6 mW out of 404.6 mW are consumedby
non-CPUsubsystems.Thefixedfractionof thetotalpowercon-
sumptionrangesfrom 47.4% (Carphone)to 51.8% (Grandma).
As a consequencethe maximumpower reductionthat canbe
obtainedby controllingtheprocessorspeedandcorevoltageis
limited to roughlyafactorof two. Weexpect,however, thatthis
limit canbeincreasedby optimizingtheH.263decoderto take
the sizeof the cache,which is part of the scalableprocessor
core,into accountto reducethe memorytraffic. For example,
largelook-uptablesareineffectiveon theLART with its small
datacacheof 8 KB, anddegradeperformance.

Whenconsideringonly thepowerconsumedby theprocessor
core, FB achieves a significant reduction of 2.25 (Trevor)
to 6.45 (Grandma). The reductionby FF rangesfrom 2.33
(Trevor) to 6.63 (Grandma),and the optimal policy results
in a reduction of 2.59 (Trevor) to 7.02 (Salesman). The
relatively small differencebetweenthe FB, FF, and optimal
modeindicatesthata priori knowledgeof framelength(FF) or
completeprocessingrequirements(opt) providesonly a small
benefit.Thus,standardH.263videosequencescanbedecoded
efficiently (powerwise)usingthefeedbackmode.

C. Application-directedversusOSscheduling

To show theadvantageof application-directedclockschedul-
ing over interval-scheduling,we study the behavior of the
bursty video-decodingapplicationin detail. We usethe Car-
phonetestsequencesincesubsequentframesin thisvideooften
differ considerablyin sizeandsometimesin type(seeFigure4).
Decodinga frameat a too high speedresultsin wastedenergy;
decodingat a too low speedresultsin a misseddeadline.Our
modified H.263 decoderreportsthe accumulatedmiss times
at the end. With this quality measureit is possibleto study
the trade-off betweenpower and quality. Our accumulated
misstimesmetric is similar to the clipped-delaymetric in the
simulationsby Pering[30].

Figure12 shows thepower-quality trade-off for application-
directedclockscheduling,interval-scheduling,anddecodingat
fixedspeeds.Note that in all casesdeadlinesaremissed.This
is causedby the initial I-frame in the Carphonesequencethat
cannotbedecodedwithin 67ms,evenat thehighestfrequency.
The solid line in Figure 12 shows the effect of decreasing
the (fixed) frequency from 236 MHz (405 mW, 63 ms) down
to 133 MHz (278 mW, 388 ms). The power consumption
goesdown at the expenseof additionaldeadlinemissessince
the numberof framesthat cannotbe decodedwithin 67 ms
increaseswhentheclock frequency lowers.

In interval-basedmode PowerScaleperforms worse than
runningat a fixed speed.For example,with a 20 ms interval
settingPowerScaleoperateswith anaveragepowerof 337mW
andcauses400msof misseddeadlines;runningatafixedspeed
of 192 MHz requiresthe samepower, but reducesthe missed
deadlinesto only 92 ms, while running at 133 MHz incurs
a similar miss time, but requireslesspower (278 mW). The
problemfor the interval-scheduleris thata short-timeaverage
is not a good predictorfor the speedat which to decodethe
next frame. Increasingthe interval lengthmakesthescheduler
behavemorelikeafixed-speedscheduler;with a50msinterval
the power consumptiongapto the fixed schedules(solid line)
is smallerthanat 20 ms,but many moredeadlinesaremissed.
Without additionalknowledgean interval-schedulerwill never
beableto handleburstyworkloadswell.

Using the AET information from the power-aware video
decoderresultsin substantialpowersavingssincetheworkload
descriptionallows PowerScale(EPSmode)to selectthe right
decodingspeedin mostcases.The decodingof the Carphone
sequencerequiresonly 304 mW (100 mW CPU, 204 mW
non-CPU),and missesjust a few deadlines:67 ms in total,
of which the largestfraction is causedby the too-demanding
initial I-frame.For comparison,decodingatthefixedfrequency
of 236 MHz consumes405 mW (198 mW CPU, 207 mW
non-CPU)anddeliversthesamequality: 63msof accumulated
deadlinemisses. Thus, application-directedvoltage scaling
reducesthe power consumptionof the processorcore with a
factorof two. Thetotalsystempower, however, is only reduced
by 25 % becauseof the power consumedby the non-CPU
subsystemssuppliedby thefixed3.3V.

D. Multiple applications

We now demonstratethe ability of the EPS algorithm to
combine the processingneedsof multiple applicationsand
create a power-efficient clock schedule. In the following
experimentthe Carphonesequenceis decodedin conjunction
with a syntheticapplication.Thesyntheticapplicationis setto
executefor a shortperiod(150 ms, 40 MHz) nearthe endof
thevideosequence(frames141-143).Both the videodecoder
and the synthetictask register their processingrequirements
(AETs and cycle count, respectively) with the PowerScale
scheduler. We log the speedchangesinitiated by PowerScale
duringtheexperiment,andmeasurethepowerconsumptionof
theprocessorcore.Thesolidline in Figure13showstheactions
of the PowerScaleschedulerfor onesecondof the benchmark
video (frames135-150). The curve shows how the processor
speedchangesover time (eachframetakes67 ms).Theshaded
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areashowstheimpactof thesynthetictaskontheEPSschedule:
thespeedis raisedto 207MHz. For comparisonthedottedline
in Figure13 shows the behavior of PowerScalewhenrunning
in interval-basedmode. The resultingspeedis either too low
(e.g.,frame136)or too high (e.g,frames144-150).

We carefully crafted the combined workload to contain
overlappingtasks.Thesynthetictaskentersthe system25 ms
after frame141startsandmustfinish 25 msbeforeframe143
ends; the start-stopinterval is indicatedin Figure 13. The
synthetictask thus overlapswith frames141, 142, and 143.
The EPSalgorithmschedulesthe synthetictaskfirst, because
it has the lowest flat processorrate (40 MHz), followed by
141 (148 MHz), 142 (162 MHz), and 143 (207 MHz). The
final scheduleraisesthe processorspeedduring the decoding
of frames141 and 142 (i.e. the shadedareain Figure 13).
This effectively createsa 30 ms gapbetweenframe 141 and
142, which containsenoughcycles to run the synthetictask
(30 � 207 z 150� 40).

Themeasuredpowerdissipationof theprocessor(Figure14)
shows a shapethat is quite similar to the clock schedule
executedby PowerScalein EPS-mode(Figure 13). Note,
however, that the peak-to-bottompower ratio is larger than
the correspondingspeedratio. Neglecting frame 137, which
requiresno computationandcausesthe processorto enterits
specialidle-mode,the peak-to-bottompower ratio is around6
(frame136 ª frame135 « 271 ª 43), thespeedratiois around2.5(221 ª 89).
This shows the effect of the quadraticrelationbetweenpower
andvoltage. The exact time location of the synthetictask is
markedin Figure14. Its powerconsumptionis largerthanthat
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of its neighboringdecodingtasksrunning at the samespeed
becausethe synthetictask doesnot referencemain memory,
hence,incurs no processorstalls when waiting for memory
accessesto complete.

Figure 14 shows the power dissipatedby the CPU only.
Figure15 shows thepower dissipationof the3.3 V partof our
system(memory, bus, etc.). Despitethe clock speedchanges
inducedby PowerScale,the systemload in Figure15 shows a
quite regular pattern,except form frames136, 137, and 142.
The decodingof frames136 and137 involvesa PB sequence
whereall computationis performedin the first frame (136),
hence,the “zero” power consumptionin frame137. The drop
to zeroin frame142is causedby theexecutionof thesynthetic
task that doesnot referenceany memory, but only exercises
the CPU. The high peaksat the beginning of eachframe are
causedby thevideodecoderperformingtherunlengthdecoding
of the compressedframe. This involves fetching data from
the RAM disk, where the Carphonesequenceis stored,into
the cacheover the external bus. After this burst of memory
traffic the decoderstartsprocessingthe data,which requires
more computation,and the power dissipationof the memory
subsystemdrops to a level around 200 mW. Note that the
averagenon-CPUpower (202 mW) exceedsthe averagepro-
cessorpower (118mW), which limits theoverall effectiveness
of voltagescaling.

VI . CONCLUSIONS AND FUTURE WORK

Clock (and voltage) schedulingis an important technique
to reducetheenergy consumptionof mobiledevicesequipped
with a general-purposevariable-voltageprocessor. From the
hardwareperspectivethegainsareimpressive,for example,the
StrongARMSA1100processorrunningat 251 MHz requires
five times more energy per instruction than when running at
59 MHz. Fully utilizing thesegains,however, hasprovento be
difficult.

Various researchershave addressedthe underlying clock
schedulingproblem. We classifiedthe different approaches
basedon the the quality andavailability of informationabout
the(future)workload,sincethatmainly determinestheenergy
efficiency of the resultingclock schedules.The application-
directedapproachhasthe best information on the workload,
and can createan energy-efficient clock schedulethat meets
thedemandsof theapplicationswhile minimizing therequired
energy.

Application-directedclock schedulingin a general-purpose
OS context requiresapplicationsto becomepower-awareand
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explicitly specifytheir processingrequirementsanddeadlines.
In contrast¬ to real-time systems,applicationsshouldspecify
their averageexecutiontime (AET) insteadof theconservative
worst-caseexecutiontime(WCET).Thisresultsin lowerpower
consumption,sincethe AET is a betterpredictorfor the true
execution time than WCET. Another advantageis that an
applicationmay updateits processingrequirementwhen its
demand(AET) changes.In thecaseof videodecodingwehave
shown that addingpower-awarenesscan be doneeffectively.
Our AET estimatoris both accurateand requiresno a priori
information.

This paper describes our Energy Priority Scheduling
(EPS)algorithm that combinesthe varioustask requirements
(AET � deadline)andyieldsaclockschedulethatis bothenergy
efficient and meetstask deadlines. The approachis to order
tasksaccordingto how tight their deadlinesareandhow often
tasks overlap with others. We schedulelow-priority tasks
first, since they can be easily pushedaside (preempted)to
accommodatefor high-priority tasksscheduledlater. EPSdoes
not alwaysyield theoptimalschedule,but haslow complexity
andcanbeusedasanincrementalon-linealgorithm.

To demonstratethe effectivenessof application-directed
clock schedulingwe have actually build a completesystem
consistingof variable-voltagehardware (StrongARM based),
OS support (Linux driver), clock schedulingdaemon(Pow-
erScale),clock schedulingalgorithm(EPS),andpower-aware
application(H.263videodecoder).We measuredandanalyzed
the effectivenessof EPS with a workload consistingof the
power-aware video decodercompetingwith a computational
task.Theresultsshow thatEPSsuccessfullyschedulesbothap-
plicationsandreducestheenergy consumptionof theprocessor
with 50%whencomparedto runningat full speed(236MHz).
This is a significant improvement over interval-scheduling
achieving 33% reduction. EPSachievesits reductionwithout
missing deadlines,unlike interval schedulingthat doesmiss
deadlines.The processoronly consumesa portionof the total
systempower. Whencomparedto runningat full speed,EPS
reducesthesystempowerwith 25 %.

Our future plans are to extend the application-directed
methodfor controlling voltagescalingto power management
in general. Within the UbiCom programwe are developing
a framework that is basedon the explicit exchangeof perfor-
manceandpower consumptioninformationbetweenhardware
devices (CPU, hard disk, wirelesslink, etc.) OS, and appli-
cations. The explicit exchangeof information will allow us
to performintelligent andefficient power managementfor the
completewearableUbicomsystem.

Figure16 shows four power managementframeworks with
threedifferentlayers: hardware,OS,andapplication. Frame-
work (a) is the traditional framework without performance-
power consumptionexchange,the situationfor interval-based
clock schedulers.Within Framework (b) applicationsspecify
their future requirementsto the lower layer and hardware
devices can be scheduledmore efficiently, as shown in this
paper. Framework (c) demonstratesinteractionbetweenappli-
cationsandhardware. An exampleof suchinteractionwould
be a power-awarevideo decoderthat meetsalmostall frame
decodingdeadlines,yet missesthe deadlinesfor the complex
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drivers

applications

(b)

drivers

applications

(c)

drivers

applications

(d)

OS
OS OS OS

(a)

hardware hardware hardware hardware
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Fig. 16. Fourpower managementframeworks.

andpowerexpensive frames.Sucha decoderwould extendthe
single power-awarenessdatapoint in Figure 12 into a curve
that is more power efficient than the fixed frequency curve.
Framework (d) addsobserversthat log all applicationrequests
and try to predict future requestsfor applicationsthat do not
specifytheir hardwareneeds(similar to integratedschedulers).
The purposeof including observers is to improve the energy
efficiency of legacy codes.

Currentlywe are working on an implementationof frame-
work (d) on our LART platform. The target application is
wirelessaudio and video playbackwith a guaranteedbattery
lifetime that is specifiedby the user. Using the power con-
sumptioninformationof thehardwaredevices(CPU,harddisk,
wirelesslink) and the application’s ability to scalethe image
andsoundquality, wecaninfer thecontrolsettingsthatprovide
thebestquality without drainingthebatterycompletelybefore
theuser-definedtargettime.
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