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Abstract

Energy is a critical resource in manycomputingsystems,motivatingthe needfor energy-efficient software
design.Thisworkproposesa new approach,energy-drivenstatisticalprofiling, to helpsoftwaredevelopersreason
abouttheenergy impactof software designdecisions.We describea prototypeimplementationof this approach
for theItsypocketcomputingplatform.Our experimentalresultsusingtheprototypewith 13benchmarkprograms
showthat (i) energy measurementtoolsthat ignore system/kerneleffectscangiveerroneousresultsaboutenergy
hotspots,and(ii) usingexecutiontimeprofilesto developintuition aboutenergy usagecanoftenbemisleading.
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1 Intr oduction
To develop energy-efficient software,programmersneedto understandthe energy impactof their designde-

cisions.Whenreasoningaboutsuchdecisions,programmerstendto rely on intuition. Unfortunately, intuition can
bemisleadingbecausemostprogrammersdonot internalizeanaccuratemodelof theenergy costof differentop-
erations,or properlyaccountfor therelativefrequency of theoperationsthattakeplace.In thispaper, wedescribe
a tool that helpsprogrammersdevelop energy-efficient softwareby helpingthemevaluatethe energy impactof
their designdecisions.In particular, our tool enablesprogrammersto quickly determinethe energy requiredto
executesomesoftwareandthe energy hot spotswithin thatsoftware.With this information,programmersmay
thenemploytechniques,suchasthosedescribedby Simunicet al. [9], to improveenergy efficiency.

Ourtool is basedonenergy-drivenstatisticalsampling. Whilestatisticalsamplingis notanew idea(e.g.,[1, 5]),
we introducetheideaof usingenergy consumptionto drive samplecollection.As illustratedin Figure1, we in-
terposea simpleenergy counterbetweenthe energy supplyandthe systemunderstudy. This countermeasures
theenergy consumedby thesystemandcausesaninterruptto begeneratedon thesystemwhenever a predefined
amountof energy (i.e.,anenergyquanta) hasbeenconsumed.Thesystemhandlestheseinterruptsby executinga
particularinterruptserviceroutinethatwill recordsamplesidentifyingtheprograminstructionsthatwereinterrup-
ted.Therecordedsamplesareprocessed,off-line, to generateenergy consumptionestimatesfor eachapplication,
procedure,andinstruction.

Priorwork hasproposedseveralothertoolsfor helpingprogrammersevaluatetheenergy impactof theirdesign
decisions.Mostof thosetoolsarenot basedonstatisticalsampling.Unlike our tool, they rely onestimatesof the
energy costof usingvarioussystem-dependenthardwarecomponents,andgenerallyrequireeitherbinarymodi-
ficationor specialcompilersupport[4, 8, 3]. Therefore,our tool is moreportableandeasierto use. In contrast,
like our tool, PowerScope[6] is basedonstatisticalsamplingandrequiresneitherbinarymodificationnorspecial
compilersupport.However, it relieson time-drivenstatisticalsampling.By relying on energy-drivenstatistical
sampling,our tool deliversbetteraccuracy for a given amountof overhead,andoffers the potentialfor energy
consumptionestimatesthataremoreprecise.

Thekey contributionsof thispaperarethreefold.

� First,weintroduceanew approach– energy-drivenstatisticalsampling– to evaluatingtheenergy impactof
softwaredesigndecisions.
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Figure 1. High-le vel overvie w of energy-driven statistical sampling.

� Second,wedescribeaprototypeimplementationof thisapproachfor theItsypocketcomputingplatform[7],
andpresentexperimentaldatathatvalidatesthis implementation.

� Third, we presentthe resultsof an energy-consumptionstudyof 13 benchmarks.Our resultsemphasize
that that (i) energy measurementtools that ignoresystem/kerneleffectscangive erroneousresultsabout
energy hotspots,and(ii) usingexecutiontimeprofilesto developintuition aboutenergy usagecanoftenbe
misleading.

Theprototypethatwedescribein thispaperattributestheenergy consumedbyall systemactivity to thesoftware
modulesthatareexecutingwhile this activity is on-going.Thus,for example,shoulda softwaremoduleturn on
thebacklightfor aminute,theenergy consumedby thebacklightduringthisminutewill beattributedto all of the
softwaremodulesthatexecuteduring this minute. While this approachto attributing energy consumptiongives
programmersinsight into system-level energy consumption,it doesnot identify the modulesthat areactually
responsiblefor suchbackgroundactivity. However, attributing the energy due to backgroundactivities is not
relevant for this paper, sincenoneof our benchmarksinitiate suchactivities. We arecurrentlyexploring more
sophisticatedattributionapproaches,oneof whichwe discussin thefuturework sectionof thispaper.

Therestof thepaperis organizedasfollows. In Section2, we begin by discussingour prototypeandanerror
analysisof this prototype. In Section3, we discussthe resultsof our studyof 13 benchmarks.Section4 dis-
cussesthekey differencesbetweenourapproachandprior approaches.Finally, Section5 concludesanddiscusses
ongoingandfuturework.

2. Itsy-basedPrototype
We have built a prototypeimplementationof energy-basedstatisticalprofiling on the Itsy version2.0 pocket

computingplatform [7]. This sectiondescribesthe hardwareand softwarecomponentsof our prototype,and
experimentalresultsvalidatingthisprototype.

2.1 Hardware
As illustratedin Figure2, wereplacedtheItsy'sbatterywith a powersupply, andinterposedanenergycounter

betweenthe power supplyandthe Itsy electronics.We useda power supplyratherthanthe batteryto simplify
ourexperimentalprocedureandto ensurethattheItsy'spowerefficiency staysconstantduringexperiments.1 The
purposeof the energy counteris to generatean interruptwhenever a predeterminedamountof energy hasbeen
consumed.Theenergy counteroperatesasfollows.

As current ��� is drawn from thepowersupplyby theItsy, a currentmirror comprisinga resistoranda current-
senseamplifiergeneratesa current���
	���
���� (where ��	�������
�������� in our implementation).This current���

1The Itsy includesa numberof voltageregulatorswhosevoltageconversionefficiency dependson thesupplyvoltage. As the Itsy's
batterydischarges,the batteryvoltagedrops,which causesthe efficiency of the regulatorsto drop. Consequently, at lower operating
voltages,morepower is dissipatedasheat.By usingapowersupply, our resultsarenotaffectedby thiseffect.
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Figure 2. The Itsy energy-driven statistical sampling prototype . The energy counter is interposed
between the power suppl y and the Itsy pocket computer .

depositschargeonthepositiveplateof acapacitor, whichactsasacurrentintegrator. Whenthevoltageacrossthe
capacitorplatesreaches ! of thesupplyvoltage( "$# ), amonostablemultivibratorgeneratesanoutputpulse% , and
dischargesthecapacitorto avoltageof &('! . Thecapacitorthenbeginsto accumulatechargeagainvia )�* .

Thus,eachpulse % indicatesthat the capacitor(with capacitance+ Farads)hasaccumulated,.-�/ 021 &('!
Coloumbs,duringwhichtime theItsy hasconsumed,435/�687�, - Coloumbs.SincethevoltagepoweringtheItsy
staysconstantat "9# , theenergy consumedby theItsy duringthis time is simply "9#:7;,<3 . Wereferto thisquantity
astheenergyquanta. Theenergy quantain our implementationis about30 = J.

Eachpulsedecrementsthevalueof a count-down counter. Whenthiscounter'svaluereacheszero,thecounter
generatesaninterruptrequestby assertinga signalthatis connectedto oneof theItsy'sgeneralpurposeI/O lines
(GPIOs).Thevalueof thecounteris resetby software,asdescribedin thenext section.Thus,theenergy counter
allowstheamountof energy consumptionthatwill generateaninterruptto bevarieddynamically.

2.2 Software
Thesoftwarefor energy-drivenstatisticalsamplingis dividedinto threecomponents– (i) a kernel-level pseudo

device driver andinterruptserviceroutine,(ii) a user-level datacollectiondaemon,and(iii) user-level datapro-
cessingtools. This softwarehasbeenwritten to run on top of Linux (version2.0.30),the operatingsystemrun
by the Itsy. Calls to thepseudodevice driver controlprofiling (e.g. turn it on or off). Whenprofiling is turned
on, the kernel-level interruptserviceroutinehandlesinterruptsraisedvia the above notedGPIO line. On each
interrupt,this routineperformstwo tasks.First, it recordsa samplein a circularbuffer. A sampleconsistsof the
identityof theprocess,thesoftwaremodule(executableor dynamicallylinkedlibrary), andtheinstructionwithin
thatmodulethatwasinterrupted.Second,beforetheroutineends,it resetsthe valueof thecount-down counter
discussedabove. (Callsto thepseudodevice driver candesignatea singleresetvalue,or a small rangeof values
from whichtheinterruptserviceroutinecanrandomlyselectavalue.)

Theuser-level datacollectiondaemonissuescallsto thepseudodevicedriver to obtainsampledata,andwrites
oneor moresampledatafiles. At any subsequenttime, thesefiles canbe processedusing the user-level data
processingtoolsto producehuman-readableenergy profiles.

2.3 Err or Analysisand Validation
In this section,we discussthe sourcesof error inherentin our prototype. Broadly, the sourcesof error can

be classifiedinto two categories: (i) energy measurementrelated,and(ii) attribution andanalysisrelated. The
following two sectionsdiscusseseachof thesein detail.
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2.3.1 Measurement-relatedErr ors

Energy is givenby >@?BA9C�D�E�FGC�D�EIHJD , where A$C�DKE is the instantaneousvoltageand FLC�DKE theinstantaneouscurrent.Yet,
theprototypeintegratesonly thecurrent,thusintroducinga sourceof measurement-relatederror. This sourceof
error is not significant,however. First, the power supplywe usedprovidesa regulatedoutputof 4.1V M 1mV.
Second,while the senseresistorbetweenthe power supplyandthe Itsy rendersthe voltagesuppliedto the Itsy
dependenton theamountof currenttheItsy draws, theItsy supplyvoltagevariedby lessthan2% of thenominal
value. If, on the otherhand,we hadusedthe Itsy battery, our analysisindicatesthat goodaccuracy could be
obtainedwith periodicsamplingof thevoltage

A secondsourceof measurement-relatederroris theinherentnon-idealcharacteristicsof electricalcomponents.
However, sucherrorsarenegligible in ourprototypeowing to carefulcomponentselection.

Finally, a third sourceof error is the impact that the energy counterand the samplingsoftwarehason the
resultingsampledistribution. This error is dominatedby theheatdissipatedby the0.15Ohmresistor, which, for
our benchmarks,wasat most17mW. To put this numberinto perspective, themaximumpowerconsumedby our
benchmarksis 1.4W.

In termsof theenergy consumedby theprofiling software,we measuredtheenergy consumedby thepseudo
devicedriverandby theuserdaemon.Figure3 summarizesthesemeasurements.For eachof ourbenchmarks(see
Figure4), this tablepresentsexecutiontime, the numberof samplescollected,the averagesamplingfrequency,
andtheapproximateexecutiontimeoverheadsin theinterruptserviceroutineandtheuserdaemonasafractionof
totalexecutiontime. As wecanseefrom Figure3, theoverheadsof boththeinterruptserviceroutineandtheuser
daemonarenegligible for all ourbenchmarks.

2.3.2 Attrib ution and AnalysisErr or

Theothermajorclassof errorsis attributionandanalysiserrors.
To accuratelyattribute a sampleto an instruction,it is importantto minimize the delaybetweenthe follow-

ing two events: the monostablemultivibratorgeneratinga pulse N that will decrementthe counterto zero(see
Section2.1),andtheinterruptionof theprogramin executionsothat the interruptcanbeserviced.This delayis
composedof thetimerequiredfor theinterruptto beconveyedto theprocessorcore,andthetimerequiredfor the
processorto begin servicingtheinterrupt.In ourprototype,theformeris negligible.

The latter, however, cannoticeablyaffect attribution. The Itsy pocketcomputerusesa StrongARMSA1100
processor. Onecharacteristicof this processoris that, beforeservicinga trap or exception,the processorfirst
completesexecutionof the instructionsin the decodeandlater pipelinestages.Thus,whenthe energy-counter
interruptis processed,thesamplewill beattributedto theinstructionthatwasfetchedafter theinstructionthatwas
in executionat thetimethattheinterruptwasdeliveredto thecore.Thispropertyleadsto poorsampleregistration
andpossibleskewsin theattribution.

To evaluatetheextentof this problem,we performeda numberof experimentswith carefullydesignedmicro-
benchmarkscomprisinginterleavedgroupsof high latency andlow latency instructionsandprocedures.Usinga
time profiler, we determinedthat lessthan2% of thesampleswereincorrectlyattributedat the procedurelevel,
but significantdiscrepanciesoccurredat theinstructionlevel. Hence,if fine-grainedattribution (at theinstruction
level) is required,it maybenecessaryto adjusttheattributionof samplesby analyzingthesamplesoffline usinga
modelthatincludesadetailedmodelof interrupthandling,thepipelineschedulingrules,andtheinstructiondelay
andenergy parametersfor theSA1100processor.

A secondsourceof error arisesif phasesof the applicationbeingprofiled aresynchronizedexactly with the
dischargingof thecapacitor. Althoughnoneof ourbenchmarksexposedthiserror, ourprototypeavoidsthiserror
by allowing for a small dynamicjitter in the numberof quantaafter which an interrupt will be generated(as
describedin Section2.2).
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Application Time Samples Average ISR daemon
(sec) frequency (Hz) overhead overhead

cpu-bound-1 193 85047 441 0.2% 0.25%
cpu-bound-2 444 125556 282 0.18% 0.20%
idle 299 38950 130 0.11% 0.01%
MPEG 171 190458 1113 1.89% 0.50%
synth 375 222207 592 1.23% 0.11%
synth2 377 300731 797 1.55% 0.13%
voice 41 12143 297 0.30% 0.15%
midi 342 140678 411 0.57% 0.02%
wave 141 42068 298 0.26% 0.01%
zip 30 23335 782 1.13% 0.29%
ftp 55 16166 291 0.35% 01.49%
xwin 71 17677 248 0.42% 0.13%
edemo 365 181695 498 0.86% 0.17%

Figure 3. Summary of overheads with energy profiling

Finally, a third sourceof error concernssensitivity to the samplingrate. The accuracy with which a sample
distributionreflectsthetrueallocationof energy consumptionfor anapplicationis proportionalto thesquareroot
of the numberof samples[1]. However, larger numberof samplescanleadto greaterprocessingoverheadand
increasedprofiler intrusiveness.For our benchmarks,our defaultparametersresultedin thecollectionof 12,000
to 125,000samplesat 130Hz-1100Hzsamplingfrequencies.Sensitivity experimentswith longerexecutiontimes
andhighersamplingfrequenciesindicatedthatthissetupdid not have appreciableerrors.We alsostudiedseveral
carefully-designedmicro-benchmarkswith knownenergy profiles.For all of thesebenchmarks,theenergy profiles
reportedby our tool matchedverycloselytheexpectedenergy profiles.

3 Application analysis
Figure4 describesour thirteenbenchmarksandtheir executiontimes. Thebenchmarkswerechosento cover

a wide rangeof activities. They includetwo contrivedCPU-intensivebenchmarks,a varietyof mediaprocessing
benchmarks,file handlingandfile transferbenchmarks,andtwo morecomplex benchmarks(xwin andedemo)
thatincludeacombinationof thefunctionalityof severalof theotherbenchmarks.

3.1 Application profiles
Figure5 summarizestheprofilesfor our thirteenbenchmarks.For eachbenchmark,thebarontheleft indicates

the (self-normalized)profile generatedby time profiling andthe baron the right indicatesthe (self-normalized)
profilegeneratedby energy profiling. Eachprofile is dividedinto four components– theapplicationmodules,the
kernel-idleloop,otherkernelmodules,andmiscellaneouslibrary modules.

As Figure5 indicates,the systemenergy consumptionis importanton many of our benchmarks.While the
simpleCPU-intensive benchmarksdo not show a significantkernelcomponent,the non-idlekernelcomponent
is large in eight of the remainingbenchmarks.Theseresultsindicatethe importanceof energy measurement
tools accountingfor systemeffects. Second,the resultsindicatethat time andenergy profiling canoften give
significantlydifferentresults.Sevenof thethirteenbenchmarksin ourstudyshow significantdifferencesbetween
time andenergy profiling. Thesedifferencesareparticularlyevident for benchmarksthatcycle throughmultiple
energy states.Themostdominantexampleof this is thedifferencebetweentheenergy consumedby thekernel-
idle loopversusotherportionsof thecode.For oursystem,thepowerconsumedby theidle loopis about120mW
comparedto the330mWconsumedwhentheCPUis busy.

Figure6 onceagainsummarizesthe profiles for our thirteenbenchmarks,but this time with the kernel-idle
componentfactoredout. As before,for eachbenchmark,thebaron theleft indicatesthe(self-normalized)profile
generatedby time profiling andthe bar on the right indicatesthe (self-normalized)profile generatedby energy
profiling. Eachprofile is now divided in greaterdetail into the top five applicationmodules(App-1 to App-5)
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Application Description Time

cpu-bound-1 A simpleCPU-intensive applicationthatspendsits time in two proceduresdom-
inatedby loop-basedcomputation(addition)

193seconds

cpu-bound-2 Multiple runsof asimpleCPU-intensiveapplicationwith loop-basedcomputation
interspersedwith sleeptimes

444seconds

idle 5 minutesof Itsy in idle mode 299seconds
MPEG Six iterations of the MPEG benchmarkplaying the movies bigtoy.mpg and

swars2.mpg
171seconds

synth Speechsynthesisof thespeech.txtfile (samplesscaledby 0.25) 377seconds
synth2 Speechsynthesisof thespeech.txtfile (samplesscaledby 8) 375seconds
voice Recordingdictationof a singleparagraph 41seconds
MIDI MIDI benchmark(timidity) playingthem3-spain.midfile to completion 342seconds
wave Four iterationsof playingtheItsy.wav soundfile 141seconds
zip Threeinstancesof tarring,zipping,andremoving a573KB directory 30seconds
ftp FTP'ing a 573KBfile 55seconds
xwin Operationson theX-windowsenvironmentincludingminimizing,maximizingof

windows,useof characterrecognition,andthexeyesbenchmark
71seconds

edemo An e-mail demodistributedaspart of the Itsy distribution. Our experimentin-
cludedvoice-activatedturningon of theunit, several instancesof voice-activated
mail reading,onevideo attachment,onevoice mail composition,andusageof
buttonsto navigate.

365seconds

Figure 4. Applications studied

andthetop two kernelmodules(Kernel-1andKernel-2).As wecanseefrom Figure6, time andenergy profiling
continueto yield different resultseven with the idle time factoredout. However, in this case,the differences
are importantonly on four of the benchmarks– MPEG, voice, wave, andx-win. Onceagain,the differences
canmainly beattributedto benchmarksthat transitionthroughmultiple energy states,particularlythroughuseof
differenthardwareresourcesthatcanconsumea substantialamountof power (e.g.,display, audio,modem,etc.).
In particular, they are likely to be further emphasizedin multi-programmingor otherworkloadsthat aremore
complex thanthebenchmarksweconsiderin thisstudy.

3.2 Observations
Basedonour results,we canmaketwo key observations.

O System-level componentscontributesignificantlyto theenergy consumptionof thesystem.Evenfactoring
out the kernel-idletime, several of our benchmarksstill spendlarge amountsof energy in variouskernel
modules.This impliesthatenergy monitoringtoolsthatonly focusontheapplication-level (similar to some
thatexist today)maynotbepresentinga completepictureof theenergy consumptionof thesystem.

O Time profilesdo not accuratelyreflectenergy consumptionin many cases.Suchinaccuraciesareparticu-
larly pronouncedwhensoftwarecyclesthroughmultiple energy states(e.g.,idle modeversusCPU-busy,
useof hardwaredeviceslike audio,microphone,backlight,etc.),which is commonin practice.This implies
thatenergy-monitoringtoolsandoptimizationsthatusetimeconsumptionasa first-orderapproximationof
energy consumptionarelikely to leadto erroneousconclusionswith many real-worldworkloads.As dis-
cussedin thenext section,this resultalsohasimplicationsregardingtheuseof time-drivenenergy sampling
approacheslike PowerScope[6].

4 Comparisonwith Other Approaches
Two kinds of approacheshave beenproposedwith the aim of providing programmerswith insight into the

energy impactof softwaredesigndecisions.
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Figure 5. Comparison of profiles from time and energy profiling
.

4.1 Activation Models
Activation-modelapproachesrequiretwo components:(1) energy-useestimatesfor specificsystemactivities,

suchasexecutinga specifictypeof instruction,idling theprocessor, accessingmemoryor a disk,andsendingor
receiving messagesoveranetwork;and(2) activationcountsfor eachactivity, whichareobtainedby countingthe
numberof timeseachactivity occurswhenanapplicationruns. Energy consumptionfor the applicationis then
obtainedby multiplying theactivationcountsby theenergy costperactivation.

Activation-modelapproachesdiffer widely in how they obtain activation counts. They can be classifiedas
counting-based,sampling-based,or simulation-basedapproaches.With counting-basedapproaches,activation
countsareobtainedby eitherrunninginstrumentedversionsof applications(e.g.,Millywatt [4]), or running(un-
modified)applicationson an operatingsystemthat is modifiedto leveragehardwareevent counters(e.g.,Joule
Watcher[2]). PowerMeasure/StateProfiler[8] is a sampling-basedapproachin that someactivationcountsare
estimatedby periodicallysamplingthe system's state. Finally, with simulation-basedapproaches(e.g.,Simple-
Power [10] andWattch [3]), a specially-designedsimulatoris usedto collect the activationsof interestfor an
application.

Oneadvantageof activation-modelapproachesis thatthey canleverageactivationcountsfor backgroundactiv-
ites to moreeasilyattribute energy consumedasynchronously. The main disadvantageof activation-modelap-
proachesis the difficulty of ensuringtheir accuracy. In particular, the accuracy of theseapproachesdependson
trackingall importantactivationcounts,andon obtainingaccurateenergy-useestimatesfor all importantsystem
states.Obtainingsuchestimatesis non-trivial for asingleplatform,let alonemany platforms.In contrast,our tool
requiresneitherintuition aboutwhatactivities maybeof interestnor energy-useestimatesfor specificactivities.
While asynchronousenergy attribution is currentlya problemfor our tool, we areworking on addressingthis
limitation; Section5 discussesonesolutionweareconsidering.

4.2 Statistical Samplingand PowerScope
A secondapproach,which wasdevelopedby Flinn andis thebasisfor his PowerScopetool [6], is to augment

the informationgatheredby a time-drivenstatisticalsamplerto includepower usage.While a numberof imple-
mentationdifferencesexist betweenour tool andPowerScope,thissectionfocuseson theconceptualdifferences.
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Figure 6. Comparison of profiles from time and energy profiling – idle time factored out
.

PowerScopeusesa timer to generateastreamof interrupts,eachseparatedin timeby a fixedtime interval. On
eachinterrupt,in additionto recordinginformationaboutthe interruptedsoftwaremodule,PowerScoperecords
anestimateof theamountof power thesystemwasusingimmediatelyprior to the interrupt'soccurrence.More
exactly, PowerScoperecordstheinstantaneouscurrentbeingdrawn by thesystem.Later, duringofflineprocessing,
PowerScopeestimatestheenergy usedby thesystembetweentheoccurrenceof the Ñ�Ò5Ó�ÔÖÕ�×ÀØ and Ò�×ÀØ interruptby
multiplying thecurrentsampleÒ , the(assumedconstant)supplyvoltage,andthetimebetweenthetwo interrupts.

Onenoteworthy differencebetweenour tool and PowerScopeis that samplecollection is driven by energy
consumptionnot time. Consequently, for a givenamountof systemoverhead,our tool will morequickly identify
energy hot spotsthanwill PowerScope.PowerScopecanachieve similar accuracy if it is run longeror with a
highersamplingfrequency. Anotherpoint of comparisonrelatesto the frequency of interruptsduringperiodsof
low energy usage.Undera time-drivenapproach(e.g.,PowerScope),sampleswill be collectedeven whenthe
systemis consumingrelatively little energy, suchaswhentheprocessoris in a light sleepmode.Consequently,
the act of collectingsampleswill significantlyaffect the energy profile of the system. In comparison,in such
a situation,anenergy-drivenapproachwill generatemuchfewer interrupts,therebyperturbingthe systemmuch
less.

A final point of comparisonis thatPowerScopesamplesthecurrentwhile our tool usesa capacitorto integrate
thecurrent.To investigatetheimpactof this difference,we have examinedtheextent to which currentsampling
andcurrentintegrationmaygive differentresults.We have alsoimplementedthePowerScopeapproachfor our
testsystemandarein theprocessof evaluatingthedifferencesthatoccurin practice.

Curr ent SamplingAssessment

TheItsy'scurrentshowsconsiderablevariation.For example,Figure7 shows thecurrent-consumptionprofile of
theItsy while runningtwo of ourbenchmarks,MPEGandMIDI. Thisprofilewasobtainedby samplingtheItsy's
current10,000timesasecondusinga dataacquisitionsystem.As canbeseenfrom thefigure,thevariationin the
currentis dominatedby pronouncedpeaks.

To assessthe informationcontainedin suchpeaks,we useda 1 GHz digital oscilloscopeto examinethe fre-
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Figure 7. Variation in current samples across two benchmarks, MPEG and MIDI

MPEG
Procedure Time Energy Pscope
mpegVidRsrc 24.13% 22.73% 22.08%
mpeg-j-rev-dct 20.08% 17.65% 17.89%
GrayDitherImage 14.66% 17.89% 17.80%
ParseReconBlock 12.68% 11.48% 11.26%
-start 08.64% 09.94% 10.28%
mpegaudio-Misc 04.86% 04.55% 04.75%
Kernel-misc 04.47% 03.45% 04.19%
Kernel-idle 00.79% 00.76% 01.02%
libc 07.39% 09.04% 08.67%
Misc 2.30% 02.51% 02.06%

MIDI
Procedure Time Energy Pscope
Kernel-idle 63.49% 39.42% 51.48%
Kernel-emulate 16.11% 25.96% 21.89%
Kernel-misc 06.28% 10.35% 07.85%
Timidity 10.95% 18.97% 14.97%
Misc 03.17% 05.30% 03.81%

Figure 8. Profiles obtained with a time-onl y profiler , our energy profiler , and PowerScope for the
MPEG and MIDI benchmarks.

quency contentof theItsy's supplycurrent. In particular, we measuredthecurrentdrawn from theItsy's battery
whentheItsy wasrunningour two MPEGclips. For each,we capturedfive 20msectracesof thebatterycurrent,
andthenusedtheoscilloscope'sFFTfunctionto computedtheFFTof eachtracewith a50Hz resolutionand250
KHz bandwidth. Finally, we determinedfor eachFFT curve the frequency at which 50% and75% of the area
undertheFFTcurveswasobtainedrelative to 0 Hz. Theresultsof thisanalysiswerethat,in orderto capture75%
of theinformationin thebatterycurrent,thebatterycurrentmustbesampledat theNyquistrateof approximately
60 KHz for oneclip and22 KHz for theother. Further, to capturejust 50%of theinformationwould require22
KHz and4 KHz samplingratesrespectively. Thedifferencebetweenthe50%and75%ratesindicatesthepresence
of significantinformationat frequenciesabove 11 KHz and2 KHz respectively. Thus,periodicsamplingat low
frequenciesof thecurrent,asis doneby PowerScope,maybeinaccuratecomparedto our approachof integrating
thecurrentin theanalogdomainif thesamenumberof samplesarecollectedin bothcases.
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Preliminary PowerScopeComparison

To evaluatetheextentto which thehigh variancein batterycurrentmatters,we implementeda versionof Power-
Scopeon our baseItsy systemthat samplescurrent 100 times a second. Our implementationis similar to
Flinn's [6], with thekey differencebeingthatwe useda dataacquisitionsystemratherthana digital meter. Fig-
ure8 presenta comparisonof theprofilesgeneratedby a time profiler, ourenergy-drivenprofiler, andourversion
of PowerScopefor theMIDI andMPEGbenchmarks,respectively.

PowerScopeaddressesa lot of theinaccuraciesassociatedwith thetimeprofiler, asdemonstratedby theresults
for theMPEGbenchmark.However, asseenfrom theresultsfor theMIDI benchmark,PowerScopeattributestoo
muchenergy to theKernelidle loop. This discrepancy arisesbecausethecurrentdrawn by theItsy while idle is
not constant.Rather, dueto backgroundsystemactivity (e.g.,real-timeclock updates,daemonactivations),there
areoccasionalpronouncedcurrentpeaksof shortduration. Becauseour versionof PowerScopesamplesat 100
Hz, samplingsucha peakcanhave a significanteffect.

Althoughtheseresultsarepreliminary, we weresurprisedby the lack of a greaterdifferencebetweenenergy-
drivenprofiling andourversionof PowerScope.Onepossiblereasonmaybethatthehigh-frequency information
in thecurrentwaveformis notdistributedevenlyin time,sothatrepeatedtime-basedsamplingof theinstantaneous
powerdoesnot yield significanterrors.We arecurrentlyexaminingthisandotherpossibilities.

Finally, it shouldbenotedthatbothourcurrenttool andPowerScopecannotcorrectlyattributetheenergy used
by backgroundactivities.

5 Summary and Futur eWork
While the issueswith designingapplicationsto reducethe executiontime are fairly well understood,there

doesnot exist a similar understandingaboutdesigningapplicationsto reducetheir energy consumption.This
work presenteda new approach,energy-drivenstatisticalprofiling. Toolsdevelopedwith this approachcanhelp
thesoftwaredesignerbothreasonabouttheenergy impactof softwaredesigndecisionsandidentify application
energy hotspots.

Energy-drivenstatisticalprofiling usesasmallamountof hardwareto triggeraninterruptatpre-definedquanta
of energy consumption.The interruptis usedto collect informationaboutthe programcurrentlyexecuting,and
theinformationthuscollectedover thecourseof theprogramis usedoffline to generateanenergy profileof where
energy is beingspentin theworkload. We have developeda prototypesystemon the Itsy mobilecomputingen-
vironmentandourstudiesontheprototypeindicatethatenergy-drivenstatisticalprofiling approachescanprovide
anaccuratesystem-level energy profileof thesoftwarewith very little extra overhead.

Our resultsusingtheenergy profiler to studythebehavior of 13 benchmarksprogramsshow thata non-trivial
amountof energy isspentby theoperatingsystem.Additionally, thereareoftensignificantdifferencesbetweenthe
profilesgeneratedby time andenergy profiling, especiallyin workloadsthat transitionbetweenmultiple energy
states.Our resultshave importantimplicationsfor futurestudiesthattry to identify andoptimizeenergy hotspots
in software. Specifically, (i) energy measurementtools that do not studysystem/kerneleffectscangive highly
erroneousresultsaboutenergy hotspots,and(ii) usingintuitionsbasedon executiontime profilesto approximate
energy usagecanbevery inaccuratein many cases.

Aspartof ourongoingefforts,weplanto extendourwork to accountfor backgroundpowerusage.Onesolution
we areexploring is to augmenttheenergy-countinghardwareof a systemto includesoftware-readablecounters
thattracktheamountof energy consumedby backgroundenergy consumers(e.g.,thebacklight,awirelessradio).
Thesecounterscould thenbe usedby our interruptserviceroutineto assignfractionsof the sample(basedon
energy usage)to systemenergy-usecategories(e.g.,backlighton,wirelessactive). In thisway, aprogrammermay
identify majorenergy consumers,andwith furtherinvestigation,thesoftwaremodulesresponsible.

We arealsoevaluatingthe versionof our profiler we describehereaswell asour extendedversionswith the
PocketPCenvironmenton theiPAQ pocketcomputer. Finally, we arealsousingtheinsightsfrom our studiesto
identify optimizationsto makeapplicationsmoreenergy-efficient.
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