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Abstract
Recentprocessorsupportfor dynamicfrequency andvolt-
agescaling(DVS) allowssoftwareto affectpowerconsump-
tion by varying executionfrequency andsupplyvoltageon
the �y . However, processorsgenerallyenter a sleepstate
while transitioningbetweenfrequencies/voltages.In thispa-
per, we examinethemeritsof hardware/softwareco-design
for a feedbackDVS algorithmanda novel processorcapa-
ble of executinginstructionsduring frequency/voltagetran-
sitions. We study several power-aware feedbackschemes
basedon earliest-deadline-�rst(EDF) schedulingthat ad-
just the systembehavior dynamically for different work-
loadcharacteristics.An infrastructurefor investigatingsev-
eral hard real-timeDVS schemes,including our feedback
DVS algorithm,is implementedonanIBM PowerPC405LP
embeddedboard.Architectureandalgorithmoverheadis as-
sessedfor differentDVS schemes.Measurementson theex-
perimentationboardprovideaquantitativeassessmentof the
potentialof energy savings for DVS algorithmsasopposed
to prior simulation work that could only provide trends.
Energy consumption,measuredthrougha dataacquisition
board,indicatesa considerablepotentialfor real-timeDVS
schedulingalgorithmsto lower energy up to 64% over the
nä�ve DVS scheme.Our feedbackDVS algorithmsavesat
leastasmuchandoftenconsiderablymoreenergy thanpre-
vious DVS algorithmswith peaksavings of an additional
24% energy reduction.To the bestof our knowledge,this
is the �rst comparative studyof real-timeDVS algorithms
on a concretemicro-architectureandthe �rst evaluationof
asynchronousDVS switching.

Permissionto make digital or hardcopiesof all or part of this work for personalor
classroomuseis grantedwithout feeprovided thatcopiesarenot madeor distributed
for pro�t or commercialadvantageandthatcopiesbearthisnoticeandthefull citation
on the�rst page.To copy otherwise,to republish,to poston serversor to redistribute
to lists,requiresprior speci�c permissionand/ora fee.
LCTES'05, June15–17,2005,Chicago,Illinois, USA.
Copyright c
 2005ACM 1-59593-018-3/05/0006.. . $5.00.

CategoriesandSubjectDescriptors D.4.1[OperatingSys-
tems]: ProcessManagement—scheduling;D.4.7 [Operat-
ing Systems]: OrganizationandDesign—real-timesystems
andembeddedsystems

GeneralTerms Algorithms,Experimentation

Keywords Real-TimeSystems,Scheduling,DynamicVolt-
ageScaling,FeedbackControl

1. Intr oduction
Energy consumptionhasbecomea vital designconstraintin
embeddedsystems.The demandfor ef�cient energy man-
agementis increasingin hand-heldandembeddeddevices,
wherebatteryservicelife is usuallycritical to systemperfor-
mance.For many non-batterypoweredsystems,energy con-
sumptionis alsoanimportantcostfactordueto environment
issues.CPUis oneof themostpower-consumingdevicesof
a computer. In order to reducethe CPU energy consump-
tion, dynamicvoltagescaling(DVS) technologyis widely
supportedin recentprocessorproductsfor extendingbattery
life. DVS dynamicallyscalestheprocessorcorevoltagede-
pendingonthecomputationaldemandof thesystem.Reduc-
ing thesupplyvoltageresultsin a lower transistorswitching
speed,which alsoallows a lower clock frequency. Assum-
ing that voltageandfrequency are linearly related,scaling
voltageand frequency resultsin cubic reductionof power
consumption(P / V 2 � f ) [4]. While useful for simula-
tion, theformulaignoresarchitecturaldetailsstudiedin this
paper.

DVS algorithmshave beenintensively studiedfor both
nonreal-timeandreal-timesystems[20, 1, 13, 6, 8, 19, 24].
In the caseof real-timesystems,theDVS algorithmcalcu-
latesa safefrequency that providesjust enoughprocessing
resourcesto �nish a giventaskbeforeits deadline.Thegoal
is to save themaximumpossibleamountof energy andstill
guaranteetheschedulabilityof hardreal-timesystemswhere
all tasksarerequiredto meettheir deadlines.

In this work, we develop several power-awarefeedback
schemesfor our feedbackDVS algorithmbasedon earliest-
deadline-�rst (EDF) scheduling,which adjustsa real-time



systemdynamicallyaccordingto different workload char-
acteristics.A feedbackDVS framework hasbeenpresented
and evaluatedin simulation experimentsin our previous
work [5, 25]. We re�ne thosealgorithmsin this paperand
developseveral feedbackschemesconsideringpracticalde-
sign and implementationissueson a real embeddedarchi-
tecture.We focuson theperformanceof theDVS algorithm
in an embeddedenvironmentwherethe overheadand the
actualenergy consumptioncanbe measuredquantitatively.
The DVS-enhancedreal-timeschedulermay itself execute
at several different CPU frequencies,which also requires
accuratemodeling of the entire system.We examine all
theseissuesby implementingour feedbackDVS algorithm
aswell asseveral otherDVS algorithmson an IBM Pow-
erPC405LP embeddedboard,which was speciallymodi-
�ed for powermanagementresearch.A uniqueDVS feature
supportedby the testboardis that frequency switchingcan
besynchronousor asynchronous,bothof whichweevaluate
experimentallyfor differentDVS algorithms.We show the
strengthof our feedbackDVS algorithmby comparingits
energy consumptionwith that of otherDVS algorithmson
thetestboard.

This paper is organizedas follows. Section2 gives a
brief introduction of the DVS schedulingframework and
taskmodel.Section3 discussesour DVS algorithmandtwo
feedbackmechanismsproposedfor the practical environ-
ment.Detailedexperimentalresultsarepresentedin Section
4.Section5 discussessomeof therelatedwork.Conclusions
aregivenin Section6.

2. EDF Schedulingwith DVS Support
In this work, we considerthe inter-task DVS scheduling
problemin hardreal-timesystemswith theearliestdeadline
�rst (EDF) policy. In order to assessDVS algorithmsfor
their suitability andenergy saving performance,we regard
the entiresystemas consistingof two components:(1) an
EDFscheduler, and(2)aDVSscheduler. TheEDFscheduler
alwaysassignsthe taskwith the earliestdeadlinethe high-
estschedulingpriority. TheDVS schedulerthendetermines
theprocessorvoltageandfrequency duringtheexecutionof
a particulartask.Thesetwo componentsareindependentof
eachother so that the EDF scheduleris capableof work-
ing with different DVS algorithms.Our DVS scheduleris
basedon feedbackcontrolthatincrementallyadjustssystem
behavior in orderto reduceenergy consumption.EDF is es-
peciallyattractiveto DVS algorithmsbecauseof its dynamic
assignmentof taskpriority, whichallowstheDVS scheduler
to maximallyexploit slackfor eachtask.

A periodic,fully preemptiveandindependenttaskmodel
is used in the framework. Each task Ti is de�ned by a
triple (Pi ; D i ; Ci ), wherePi is the periodof Ti , D i is the
relative deadlineof Ti , andCi is the worst-caseexecution
time of Ti , measuredat the maximal processorfrequency.
We always assumeD i =Pi in our model.The periodically

releasedinstancesof a task are called jobs. Tij is usedto
denotethej th job of taskTi . Its releasetime is Pi � (j � 1)
andits deadlineis Pi � j . We usecij to representtheactual
executiontime of job Tij . The hyperperiodH of the task
setis the leastcommonmultiplier (LCM) amongthe tasks'
periods.

In thefollowing, we describein detail thefeedbackDVS
schedulerandseveral feedbackschemesusedin the frame-
work.

3. FeedbackDVS Algorithm
OurfeedbackDVS algorithmanticipatesanactualexecution
timeof eachtaskinstancebasedonthefeedbackinformation
from previous invocations.It splits the executionbudgetof
a taskinto two sub-tasksTA andTB , asdepictedin Figure
1. Under the maximal frequency, the worst-caseexecution
timeof thesetwo subtasksunderthemaximalfrequency are
representedasCA andCB (CB = W CET � CA ), respec-
tively. FeedbackDVS triesto scaleTA at thelowestpossible
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Figure1. TaskSplitting

frequency while TB is alwaysscaledat the maximumfre-
quency to meetthe deadlinerequirementsof the real-time
task.� = CA

CA + sk
is thescalingfactorwhich determinesthe

correspondingprocessorfrequency andvoltagefor the TA

subtask.sk is the availableamountof slackto the taskde-
rivedfrom theworst-caseexecutionpro�le. FeedbackDVS
keepsthetotal systemutilization below 100%evenwith re-
ducedprocessorfrequency andvoltage.This guaranteesthe
schedulabilityof the hard real-time task set (for algorith-
mic details,see[25]). The algorithm is capableof captur-
ing variationsin actualexecutiontimes throughthe feed-
backscheme.Due to the even moregreedyapproachthan
any of thepreviousschemes,thealgorithmwasreportedto
exhibit additionalenergy savingsin simulationexperiments,
particularlyfor mediumutilization systems,whicharequite
common[5]. Even moresubstantialsavings have beenob-
served for �uctuating executiontimeswherePID-feedback
provides new opportunitiesfor aggressive scaling. In the
implementationof the algorithmfor the 405LP embedded
board,were�ned thefeedbackschemeproposedin [25] and
developedthefollowing feedbackmechanisms.

3.1 SimpleFeedback

If a periodicreal-timeworkloadexhibits a relatively stable
behavior duringa certaininterval of time, theactualexecu-
tion time of differentjobsremainsnearlyconstantor varies



within a very small range.For suchworkloads,we usea
verysimplefeedbackmechanismby computingthemoving
averageof previous jobs' actualexecutiontimes and feed
it back to the DVS scheduler. We try to avoid the over-
headof more complicatedfeedbackmechanisms,suchas
the PID-feedbackcontroller describedin the next section,
becausea simplefeedbackusuallyprovidessuf�ciently ac-
curatepredictions.Thequantitativecomparisonof theover-
headbetweenour PID-feedbackDVS algorithmandseveral
otherDVS algorithmsalsoshows that a complicatedfeed-
backDVS schemecandegradethe energy saving potential
to someextent,aslaterdiscussin thecontext of Table3.

In this simplefeedbackmechanism,we choosethevalue
of CA asthecontrolledvariable.Eachjob Tij 'sactualexecu-
tion time cij is chosenasthesetpoint.CA is assignedto be
50%WCET for the�rst job of eachtask,which meanshalf
of the job's executionis budgetedat a low frequency, and
half of it is reserved at the maximumfrequency. The max-
imum frequency portion guaranteesthe deadlinerequire-
ments,even if the worst-caseexecutiontime is exhibited.
Eachtime a job completes,its actualexecutiontime is fed
back and aggregatedto anticipatethe next job's CA . Let
CAij denotetheCA valuefor Tij . The(j + 1)th job of the
taskis assigneda CA valueaccordingto:

CAi ( j +1) = (CAij � N + cij � ci ( j � N ) )=N (1)

where N is a constantrepresentingthe numberof items
usedin the moving averagecalculation.Our experiments
show signi�cant energy savings for sucha simplefeedback
mechanismwith very low schedulingoverheadas long as
the workload's actualexecutiontime exhibits a stablebe-
havior during someinterval. When the workload's behav-
ior keepschangingdynamicallywith highly �uctuating exe-
cution times,simplefeedbackbecomesnot enoughto yield
thebestenergy savings.In thosecases,amoresophisticated
feedbackmechanismis required,asdetailedin thenext sec-
tion.

3.2 PID Feedback

TheoriginalPID-feedbackDVS mechanism,aspresentedin
[25], requirestheDVS schedulerto createandmaintainmul-
tiple independentfeedbackcontrollersfor eachof the tasks
in the workload.Multiple inputsandmultiple outputsneed
to be manipulatedsimultaneouslyby the DVS scheduler.
Sucha PID-feedbackmechanism,albeit its potentialfor en-
ergy savingsshown in our previoussimulationexperiments,
resultsin substantialexecutionoverheadon an embedded
architecture.Giventhedif�culty of preciselycharacterizing
thebehavior of amultiple-inputmultiple-outputcontrolsys-
tem,it alsoaddscomplexity to thetheoreticalanalysisof the
algorithm.Therefore,we re�ne the original PID-feedback
DVS mechanismby thefollowing simpli�ed design.

Insteadof usingCAi (i = 1:::n) asthecontrolledvariable
for eachtaskTi andcreatingn differentfeedbackcontroller

for n differenttasks,wenow de�ne asinglevariabler asthe
controlledvariablefor theentiresystemas:

r j =
1
n

nX

i =1

CAij � cij

cij
(2)

wherej is the index of the latestjob of taskTi beforethe
samplingpoint. r j describestheaveragedifferencebetween
tasks' actualexecution times and their correspondingCA

values.Our objective is to make r approximate0 (i.e., the
setpoint).Thesystemerrorbecomes

� (r j ) = r j � 0: (3)

where� (r j ) re�ects theerrorof theentiretasksetandis nota
functionof aparticulartaskTi any more.� (r j ) is furtherfed
backto thePID schedulerto regulatethecontrolledvariable
r. ThePID feedbackcontrolleris now de�ned as:

� r j = K p� (r j ) + 1
K i

P
I W � (r j ) + K d

� ( r j ) � � ( r j � D W )
D W

r j +1 = r j + � r j
(4)

whereK p,K i andK d arethePID parameters.IW andDW
aretheintegralandderivativewindow sizes.

When job Tij completes,we adjust the CA value for
Ti ( j +1) by CAi ( j +1) = r j cij + cij , whichis usedby theDVS
schedulerto calculatethescalingfactor� andto determine
aprocessorfrequency andvoltagefor thenext job.

In order to analyzethe performanceof such a feed-
backcontrolsystem,we computeits transferfunctionin the
Laplacedomain.Thetransferfunctionof thePID controller
is de�ned as:

GP I D (s) = K p +
K i

s
+ K ds (5)

Thetransferfunctionbetweenr j andCA canbederivedby
takingderivativeof bothsidesof theequation2:

Gr (s) = M s (6)

whereM = 1
n

P n
i =1

1
ci

. Therefore,the transferfunctionof
theentireclosed-loopfeedbacksystemcanbecomputedas:

GP I D (s)Gr (s)
1 + GP I D (s)Gr (s)

=
M K ps + M K i + M K ds2

1 + M K ps + M K i + M K ds2

(7)
Accordingto control theory, a systemis stableif andonly
if all thepoles(thedenominatorof its transferfunction)are
in thenegativehalf-planeof thes-domain.FromEquation7,
we infer thepolesof oursystemas

� M K p �
p

M K 2
p � 4M K d(M K i + 1)

2M K d
(8)

Notethat� M K p +
p

M K 2
p � 4M K d(M K i + 1) is always

lessthan0 whenM K 2
p � 4M K d(M K i + 1) > 0. Hence,



all thepolesarein thenegative half-planeof thes-domain.
Therefore,thestabilityof theabovesystemis ensured.

Sucha singlecontrollermechanismis easyto implement
becauseonefeedbackcontrollersuf�ces for the entiresys-
tem,whichreducesthecomplexity andoverheadof thefeed-
backDVSalgorithm.But it alsohasits drawback,i.e., it does
not providedirectfeedbackinformationof theCA valuefor
eachindividual task.Whenr equalszero,onecannotinfer
that every task's CA hasapproximatedits actualexecution
time. It is an imprecisedescriptionof the original schedul-
ing objective andmay take longer to get the systeminto a
stablestate.Nonetheless,our experimentshows signi�cant
energy savingsof this feedbackDVS mechanismcompared
to otherDVS algorithms.In thenext section,we presentthe
detailsof our experimentalresults.

4. Experimental Evaluation
By evaluatingour feedbackDVS algorithm on a real em-
beddedarchitecture,weassessthetruepotentialof ouralgo-
rithm for energy savings in an actualsystemasopposedto
a simulationenvironment.Also, we comparethe overhead
andenergy consumptionbetweenour algorithmandseveral
otherDVS algorithms,namelystaticDVS, cycle-conserving
DVS, look-ahead-1/2DVS (all by Pillai andShin [20]) as
well as DR-OTE and AGR-2 (by Aydin et al. [1]). Look-
ahead-1and look-ahead-2are the original and a modi�ed
versionof the look-aheadDVS algorithm in [20], respec-
tively. Look-ahead-1updateseachtask's absolutedeadline
immediatelywhena taskinstancecompletes.Look-ahead-2
delayssuchupdateuntil the next task instanceis released,
which resultsin additionalenergy savings. AGR-2 follows
themostaggressiveschemepresentedin [1] with anaggres-
sivenessparameterk of 0.9. In theseexperiments,we also
wantedto determineif the lower frequenciesandvoltages
chosenby our feedbackschemeoutweighthe highercom-
putationaloverheadrequiredto make schedulingdecisions.
We useour PID feedbackapproachunlessexplicitly stated
thatwe usethesimpleschemefrom Section3.1.

4.1 Platform and Methodology

The embeddedplatform usedin our experimentis a Pow-
erPC495LP embeddedboardrunning on a disklessMon-
taVista EmbeddedLinux variant, which is basedon the
2.4.21stockkernelbut hasbeenpatchedto supportDVS on
the PPC405LP. This boardprovidesthe hardwaresupport
requiredfor DVS andallows softwareto scalevoltageand
frequency via user-de�ned operationpointsrangingfrom a
high endof 266 MHz at 1.8V to a low endof 33 MHz at
1V [18, 3, 9]. The boardhasalso beenmodi�ed for 50%
reducedcapacitance,which allows DVS switchesto occur
morerapidly, i.e., switchesareboundedby atmosta200mi-
crosecondsdurationfrom 1V to 1.8V. TheDVS algorithms
(static,cycle-conserving,look-ahead[20] andour feedback
DVS) were exposedto the DVS capabilitiesof the 405LP

board.In our experiments,the frequency andvoltagepairs
depictedin Table1 werechosen.

Table 1. Valid Frequency/VoltagePairs
Setting 0 1 2 3 4

CPUfreq.(MHz) 33 44 66 133 266
busfreq.(MHz) 33 44 66 133 133

CPUvoltage(Volts) 1.0 1.0 1.1 1.3 1.7

This set of pairs was constrainedby a needto have a
commonphaselock loop (PLL) multiplier of 16 relative to
the33MHz baseclock anda divider of two or any multiple
of 4. Changingthemultiplier incursadditionaloverheadfor
switching,whichwewantedto eliminatein thisstudy. A dy-
namicpower management(DPM) facility [3] is developed
asanenhancementto theLinux kernelto supportDVS fea-
tures.DPM operatingpointde�nesstablefrequency/voltage
pairs(aswell asrelatedsystemparameters),which we ex-
perimentallydetermined.

In orderto assesspower consumption,we needto moni-
tor processorcorevoltageandcurrentat a high rate.Hence,
we useda high-frequency analogdataacquisitionboardto
gatherdata for (a) the processorcore voltageand (b) the
processorcurrent.Thelatterwasmeasuredasavoltagelevel
overa resistorwith a 1V dropper360mA.Power consump-
tion wascomputedby multiplying theCPUvoltagewith its
current.Thedataacquisitionboardallowedusto experiment
with longer-runningapplicationsto assessthe energy con-
sumptionof theprocessor, which is theintegrationof power
over time.We alsoemployedanoscilloscopefor visualizing
thevoltagesandcurrentswith highprecisionin readings.

We implementedanEDF schedulerasauser-level thread
library underLinux onthe405LPboard.A user-level library
waschosenover a kernel-level solutionbecauseof thesim-
plicity of its designand the fact that the operatingsystem
backgroundactivity is minimal on the embeddedboardin-
frastructure.DifferentDVS schedulingschemeswereinte-
gratedinto theEDF schedulerasindependentmodules.

4.2 Synchronousvs.AsynchronousSwitch

We �rst assessedtheoverheadof differentDVS techniques
supportedby thetestboardandthedynamicpowermanage-
mentextensionsof theoperatingsystem.

A unique DVS feature supportedby the IBM PPC
405LPembeddedboardis that frequency switchingcanbe
doneeithersynchronouslyor asynchronously. Synchronous
switching is the traditional approachfor processorfre-
quency/voltagetransitions,whereapplicationshave to stop
execution during the transitional interval. Asynchronous
switching, on the contrary, allows applicationto continue
executionduring the frequency/voltagetransitions.Figure
2 depictsthe changesin current(lower curve) andvoltage
(uppercurve) of the PPC405LPprocessorcoreduring an
asynchronousswitch.



Figure2. Current/Volt. for Async.Freq.Switch

This unique feature of asynchronousswitching is
achieved by a systemcall that,whenswitchingto a higher
voltage/frequency, �rst reprogramsthe voltageto ramp up
towardsthemaximumasfastaspossible(the30degreevolt-
agerampon the uppercurve of Figure2). Meanwhile,the
time to reacha voltagelevel at leastashigh asrequiredby
the new frequency is estimated.A high-resolutiontimer is
programmedto interrupt when this durationexpires,prior
to which the applicationcanstill continueexecution.Once
the timer interrupttriggersits handler(at thepeakafter the
30degreerampontheuppercurve),thepowermanagement
unit is reprogrammedto settleat thetargetvoltagelevel, and
the new processorfrequency is activatedbefore returning
from the handler. The voltagethensettles(in caseit over-
shot)in acontrolledmannerto thenew operatingpoint.The
currentalsosettlesin acontrolledmannerdependingonpro-
cessingactivity.

Table2 reportsthe overheadfor synchronousandasyn-
chronousswitching in a time rangeboundedby two ex-
tremes:(a) Switching betweenadjacentfrequency/voltage
levelsand(b) switchingbetweenthelowestandhighestfre-
quency/voltagelevels.Furthermore,theoverheadof thesub-
sequentsignal handlerassociatedwith eachasynchronous
switch is alsomeasuredfor a rangeof the highestand the
lowestprocessorfrequencies.In order to make a compari-
son,the executiontime of a systemcall (usinggetpid()) is
alsomeasured.Theresultsindicatethata synchronousDVS
switch hasaboutan orderof a magnitudehigheroverhead
thananasynchronousswitch.In contrast,theasynchronous
DVS switch is almost as ef�cient as a null systemcall.
The timer interrupthandlertriggeredat eachasynchronous
switchhasa negligibly small impacton theDVS switching
operation.Overall, triggeringanasynchronousDVS switch
only hasthecostof a light-weightsystemcall.

Table 2. Frequency/VoltageSwitchOverhead
sync.switch async.switch signalhandler syscall
117-162� sec 8-20� sec 0.07-0.6� sec 3-8 � sec

4.3 DVS SchedulerOverhead

We comparedtheoverheadof our feedback-DVS algorithm
with several otherdynamicDVS algorithms.We �rst mea-
sured the execution time of theseDVS schedulingalgo-
rithms underdifferentfrequencieson the embeddedboard,
asdepictedin Table3. Theoverheadwasobtainedby mea-
suringtheamountof timewhenataskissuesayield() system
call till anothertaskwasdispatchedby thescheduler. It re-
�ects the overall schedulingoverheadwhendifferentDVS
algorithmsareintegratedinto thescheduler.

Table 3. Overheadof DVS-EDFScheduler
DVS schedulingoverhead[� sec]

CPUfreq. static cc look-ahead PID-feedback
33MHz 217 487 2296 3612
44MHz 170 366 1714 2943
66MHz 100 232 1112 1728
133MHz 52 120 546 801
266MHz 36 76 229 472

Thetableshows thatstaticDVS hasthelowestoverhead
amongthe four while our PID-feedbackDVS hasthehigh-
estone.This is notsurprisingsincestaticDVS selectsauni-
�ed frequency andvoltagesettingfor theentiretaskset.No
dynamicvoltageandfrequency modulationtakesplacedur-
ing task context switches.But the static schemealso falls
shortin �nding thebestenergy saving opportunities.Cycle-
conservingDVS, look-aheadDVS and our PID-feedback
DVS usemoresophisticatedandaggressive algorithmsfor
lower energy consumption,albeit at higheroverheads.The
trade-off betweenoverheadandperformancealwaysneeds
to beexaminedcarefully.

Next, we assessedif our feedback-DVS algorithm, al-
thoughincurringthelargestoverheadamongthefour, gives
the bestenergy saving resultsin the real embeddedenvi-
ronment.We measuredthe actualenergy consumptionof
theseDVS algorithmswhenexecutingthreemediumutiliza-
tion task setsdepictedin Table 4 using both synchronous
andasynchronousDVS switchings.As a baselinefor com-
parison,we also implementeda nä�ve DVS schemewhere
the maximumfrequency is alwayschosenwhenever a task
is scheduled,andtheminimumfrequency is alwayschosen
whenever thesystemis idle.

The �rst tasksetin Table4 is harmonic,i.e., all periods
areintegermultiplesof thesmallestperiod,whichfacilitates
scheduling.This often allows schedulingalgorithmsto ex-
hibit anextremebehavior, typically outperformingany other
choiceof periods.The secondandthird task setsarenon-
harmonicwith longerandshorterperiods,respectively. Ac-
tual executiontimeswerehalf that of the WCET for each
taskfor this experiment.

Table5 depictstheenergy consumptionof differentDVS
algorithmsin mWatt-hours.Thenä�veDVS algorithmserves
asa baseof comparisonfor eachof thesubsequentDVS al-
gorithms.The absoluteenergy consumptionvalue,aswell
as the percentageof energy savings over the nä�ve DVS,



Table 4. TaskSet,timesin msec
TaskSet1 TaskSet2 TaskSet3

task Period(Pi ) WCET(Ci ) Period(Pi ) WCET(Ci ) Period(Pi ) WCET(Ci )
1 2,400 400 600 80 90 12
2 2,400 600 320 120 48 18
3 1,200 200 400 40 60 6

Table 5. Energy [mW � hr s] consumptionperRT-DVS algorithm
algorithm nä�ve static(savings) cycle-cons.(savings) look-ahead(savings) our feedback(savings)

Task Set1
synchronous 4.47 3.2(28.41%) 2.38(46.61%) 2.21(50.56%) 2.04(54.21%)
asynchronous 4.43 3.13(29.35%) 2.327(47.51%) 2.12(52.07%) 2.00(54.70%)
sync/asyncsavings 0.89% 2.19% 2.51% 3.92% 1.95%

Task Set2
synchronous 0.544 0.5056(7.06%) 0.4713(13.36%) 0.424(22.06%) 0.4089(24.83%)
asynchronous 0.5276 0.5025(4.76%) 0.4622(12.40%) 0.4218(20.05%) 0.4064(22.97%)
sync/asyncsavings 3.01% 0.61% 1.93% 0.52% 0.61%

Task Set3
synchronous 0.595 0.5616(5.61%) 0.4799(19.34%) 0.4043(32.05%) 0.3708(37.68%)
asynchronous 0.5802 0.5496(5.27%) 0.4547(21.63%) 0.3912(32.57%) 0.3671(36.73%)
sync/asyncsavings 2.49% 2.14% 5.25% 3.24% 1.00%

Task Set2 vs.Task Set3
change 9.07% 8.57% -1.65% -7.82% -10.71%

is presentedfor eachDVS algorithms.For task set one,
staticDVS reducesenergy consumptionby about29%over
the nä�ve scheme.Cycle-conservingDVS saves 47% en-
ergy. Look-aheadRT-DVS saves over 50%, and our feed-
back methodsaves about54% energy comparedto nä�ve
DVS. Thisclearlyshowsthetremendouspotentialin energy
savingsfor real-timescheduling.Thesavingsfor eachalgo-
rithm are lower for taskset two peakingat about23% for
our feedbackscheme.As mentionedbefore,tasksetoneis
harmonic,whichtypically resultsin thebestscheduling(and
energy) resultssinceexecutionis morepredictable.Taskset
threelies in betweentheothertwo with peaksavingsof 37%
for our feedbackscheme.The resultsalsodemonstratethat
the overheadfor calculationsinherentto schedulingalgo-
rithms is outweighedby the potential for energy savings.
This is underlinedby the increasingoverheadin execution
timefor eachof theschedulingalgorithms(from left to right
in Table5) while energy consumptiondecreases.

Another noteworthy result is the comparisonbetween
synchronousandasynchronousDVS switchingdepictedin
the last row labeled“sync/asyncsavings” for eachtaskset
in Table 5. For eachof the schedulingalgorithms,we see
additionalsavings of 1-5%on asynchronousswitchingdue
to the ability to commencewith a task's executionduring
frequency andvoltagetransitions.We alsoran experiments
with task sets that had an order of a magnitudesmaller
periodsandexecutiontimes.Surprisingly, the synchronous
vs.asynchronoussavingsremainedapproximatelythesame,

even though DVS switchesoccur ten times as often. We
believe that theperiodsandexecutiontime settingsusedin
ourexperimentalenvironmentarestill largecomparedto the
executiontimeof asynchronousor asynchronousswitching.
If weonly save about100� secateachfrequency switch(as
hasbeenshown in Table2) but lateronspendmorethen10-
100msecin runninga task,thebene�t of theasynchronous
DVS switchingbecomesinsigni�cant. Theseresultsseemto
indicatethatthebene�t of continuousexecutionduringDVS
switching,althoughnot negligible, is secondaryto trying to
minimizetheoverheadof DVS schedulingitself.

Wealsocomparedtasksetstwo andthreein termsof their
absoluteenergy readings,which is valid sincethey executed
for thesameamountof time (tenseconds),thesameactual
to worst-caseexecutiontimerationandthesameutilization,
albeitat seven timesmorecontext switches.This changeis
depictedin theverylastrow of Table5 for theasynchronous
case.Not surprisingly, the energy with nä�ve DVS is about
9%higherfor tasksetthreethanfor settwo dueto thehigher
context switchoverheadof thelatter. Quiteinterestingly, this
overheadturnsinto a reductionin energy asDVS schemes
becomemoreaggressive.

4.4 Impact of Differ ent Workloads

We now examinethebehavior of ourDVS algorithmondif-
ferent workloadsin more detail. A suite of task setswith
syntheticCPU workloadswas created.Eachtask set con-
tainsthreeindependentperiodictaskswhoseworst-caseex-
ecutiontimevariesfrom 0.1to 0.9with anincrementof 0.1.



Theactualexecutiontime of a taskis determinedby timing
the body of eachtaskplus the scheduleroverhead(seeTa-
ble3) of thecorrespondingDVS algorithmunderthelowest
CPUfrequency. We dynamicallychangedthenumberof in-
structionsinsideeachtaskbodyamongdifferentinvocations
(jobs) to approximatethe workload�uctuation behavior of
actualreal-timeapplications.

Altogether, four synthesizedexecutionpatternswerecre-
ated.In the �rst pattern,a task's actualexecutiontime is
always 50% WCET. In the secondpattern,the actualexe-
cutiontime of a taskdropsexponentiallyfrom a peakvalue
cm to 50%WCETamongits consecutive jobs, modeledas
ci = 1=2( t � cm ) . Thepeakvaluecm is randomlygenerated
for eachspike from a uniform distribution between50%of
WCET and100%of WCET. This patternsimulatesevent-
triggeredactivitiesthatresultin sudden,yetshort-termcom-
putationaldemandsdue to complex inputs often observed
in interrupt-driven systems.The third patternis similar to
thesecondoneexceptthatit dropsmoregradually, modeled
asci = cm sin (t + � =2). This patternsimulateseventsre-
sulting in computationaldemandsin a phaseof subsequent
complex inputswith a decayingtendency. In thefourth pat-
tern, the actualexecutiontime of a task increasesand de-
creasesgradually around50% WCET with either a posi-
tive or negative amplitude,modeledasci = cm sin (t) and
ci = � cm sin (t). This patternrepresentsperiodically�uc-
tuating activities with graduallyincreasingand decreasing
computationalneedsaroundpeaks.We usedsimple feed-
backon pattern1 becauseof its nearlyconstantexecution
time patternamongdifferent jobs.The numberof itemsto
computethe moving averagewas set as N = 10. PID-
feedbackwas usedon patterns2, 3, and 4 to exploit �uc-
tuatingexecutiontime characteristics.The PID parameters
werechosenby manualtuning asK p = 0:9, K i = 0:08,
K d = 0:1. The derivative andintegral window sizewere1
and10, respectively. Asynchronousswitchingwasusedin
theexperiment.We executedmultiple runsfor eachsetting
andreporttheaverageenergy consumption.

Figures3 and4 presentthe energy consumptionof our
feedback-DVS as well as four other dynamic DVS algo-
rithms. The numberof tasksin the tasksetvariesbetween
3 and30 tasks,andthetasks'actualexecutiontimesfollow
thedynamicexecutionpattern2. All energy valuesarenor-
malizedto the nä�ve DVS results.AGR-2 dynamicallyre-
claimsunusedslackup to the next arrival time of any task
instance(NTA), hencesaving about50%extra energy than
nä�ve DVS. AGR-2 is not asgoodasLook-ahead-1/2DVS
for 3 taskssinceit considersslackonly up to the next task
instance's deadline,while Look-aheadDVS collectsslack
up to thelargestdeadlineamongall tasks.But AGR-2bene-
�ts from smallertaskgranularityin 30-tasksetsandoutper-
forms Look-ahead-1andLook-ahead-2in someutilization
cases.Look-ahead-1/2is aggressive in frequency scaling,
but it hasto overcomethe fact that the frequency is occa-
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Figure4. Energy 30Tasks(Normalizedto Nä�ve)

sionally loweredtoo aggressively so that it hasto besubse-
quentlyraisedto ahigh level.Weavoid suchbehavior in our
algorithmvia feedback.Feedback-DVS savesanother5%-
20% energy over look-aheadDVS and AGR-2 due to the
algorithm's self-adaptationto jobs' actualexecutiontimes.
In casesof extremelylow utilization, feedback-DVS,Look-
aheadDVS andAGR-2areobservedto resultin virtually the
sameenergy savingsbecauseevery taskhasenoughslackto
run at the minimum speed,resultingin the samefrequen-
ciesfor a scheduleirrespectiveof theDVS algorithm.Since
look-ahead-2DVS resultsin thelowestenergy consumption
on averageamongall other algorithms,we now focus on
the comparisonof our feedback-DVS algorithmwith look-
ahead-2DVS for task setswhich contain threetasks.We
wantto evaluatein detailthebehavior of ouralgorithmwith
differentexecutiontime patterns.Figure5 shows the aver-
ageenergy savingsof ouralgorithmamongthefour patterns
aswell as the maximumandthe minimum savings, which
arerepresentedastheupperboundandthe lower boundon
eacherror bar. When the variation of tasks' actualexecu-
tion time follows the four differentpatterns,feedback-DVS
still exhibits stableenergy saving performancein all utiliza-
tion cases.It savesup to 21% and65% more energy than
look-ahead-2andnä�ve DVS. The largestsavingsagainoc-
cur in medianutilization caseswherethereis considerable



dynamicslackfor speedreduction.Variationsof energy sav-
ingsneverexceed10%of theaveragesavingsamongdiffer-
entexecutiontime patterns.
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Figure5. Feedback-DVS,3 Tasks,Patterns1-4

To betterassessthe scalabilityof our feedback-DVS al-
gorithm, we further �x ed the executiontime patternof the
task set,while varying the baselineof its actualexecution
times. Figure 6 shows the energy consumptionon a task
set with execution time pattern4, whoseaverageexecu-
tion time changesfrom 0.75WCETto 0.3WCET. All en-
ergy valuesarenormalizedto thenä�veDVS values.We see
from the �gure that our algorithm scalesequally well for
loose(0.3WCET case)and tight (0.75WCETcase)actual
execution-times.In all threecases,14% to 24% additional
energy is saved over look-aheadDVS. Our PID-feedback
mechanismshows even better strengthfor medianexecu-
tion timesthanthelooseor tight ones.In this range,thereis
enoughslackto distinguishitself from theotheralgorithms.

Figure 7 depicts the screen-shotsof voltage and cur-
rent obtainedfrom the oscilloscopefor the phasejust af-
ter a simultaneousreleaseof all tasksat the beginning of
a hyperperiod.Static DVS shows two levels of voltages
(busy/idle time) whereascycle-conservingDVS differenti-
atesthreelevelsona dynamicbase.Evenlowervoltageand
currentreadingsare given by look-aheadDVS, which not
only distinguishesmorelevelsbut alsoexhibits muchlower
power levels during load.The lowestresultswereobtained
by our feedbackDVS, which defersexecutioneven more
aggressively than any of the other methods.However, our
feedbackschemecanonly further reducepower consump-
tion occasionallyas suf�cient slack exists to be recovered
by thealgorithmsof thepreviousschemes.Dynamicslackis
recoveredin increasinglevelsby thelatterthreeschemes.

4.5 Comparisonwith Simulation Results

Whenwe comparethe energy saving resultsobtainedfrom
the IBM 405LP embeddedboardwith our previous simu-
lation resultspresentedin [25], we clearly seethe advan-
tageanddisadvantageof simulationfor power-awarestud-
ies. The advantageof simulationlies in its easeof imple-
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Figure6. Energy: Var. Exec.Times(rel. to Nä�ve)

mentationandpredictabilityof performancetrends.Theen-
ergy consumptionof differentDVS algorithmsshow a con-
sistenttrendunderbothsimulationandtheactualembedded
platform.But quantitative resultsdiffer. Our previoussimu-
lation resultsreported5%-10%highersavings on average.
For example,the bestenergy saving of our feedbackDVS
overlook-aheadDVS wasreportas29%in simulationwhile
the bestresult we measuredfrom the testboardis around
24%.It is non-trivial to modeltheactualpower/energy con-
sumptionin simulationwithoutconsideringactualhardware
details.This is alsothecasewhenevaluatingtheoverhead.
Sincetheoverheadof DVS algorithmswasnot includedin
our previous simulationexperiment,we still observed 7%-
10%energy savingsover look-aheadDVS evenat high uti-
lization cases.But theactualenergy measurementfrom the
testboardshow only 3%-6%savingsfor thesecases.

Overall, our experiments on the embeddedplatform
quantitatively show thepotentialof our feedbackDVS algo-
rithm andits ability to scalepower evenmoreaggressively
thanpreviousDVS algorithms.

5. RelatedWork
Dynamicvoltagescalingfor real-timesystemshasreceived
considerableattentionin recentyears.Pillai andShinpresent
a suite of DVS algorithmsintegratedwith hard real-time
EDFandRM scheduling[20]. Processorspeedfor eachtask
is adjusteddynamicallywhile theschedulabilityof thesys-
temis still reserved.Look-aheadDVS is themostaggressive
DVS schemeamongthesuiteof algorithmsproposed.Aydin
et al. discussa seriesof algorithms,which dynamicallyre-
claim unusedcomputationtime of real-timetasksto reduce
the processorspeed[1]. Energy-aware schedulingof hy-
brid workloads,includingbothperiodicandaperiodictasks,
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are further investigatedby Aydin and Yang in [2]. Gruian
analyzesa dual-speedDVS schedulebasedon stochastic
dataderived from past task executiontraces[7]. Jejurikar
and Gupta investigatestatic and dynamic slowdown fac-
tors for periodic tasks[11] andcombineit with procrasti-
nationscheduling[12] andpreemptionthresholdscheduling
[10] for DVS. Several of thesealgorithmswere compared
in a uni�ed simulationenvironment,SimDVS [21]. In con-
trast,we measurepower consumptionon a concretemicro-
architecturefor severalEDF-basedalgorithms.

Feedbackcontrol for real-timeschedulingwas �rst in-
vestigatedby Stankovic et al. [22]. Real-timesystemper-
formancespeci�cationsareanalyzedsystematicallythrough
a control-theoreticalmethodologyby Lu et al. [14]. A
feedback-controlreal-timeschedulingframework for unpre-
dictabledynamicreal-timesystemsis further proposedby
Lu et al. whereexecution times diverge from their worst

case[15]. Our work extendsfeedbackto power-awareEDF
scheduling.

Feedbackcontrol was also proposedfor energy-aware
computing in previous work. Varma et al. present a
feedback-controlalgorithmwherethepreviousworkloadex-
ecutionhistory is usedto predict the future workload be-
havior by a discrete-timePID function [23]. The combina-
tion of the proportional,integral andderivative part of the
PID function providesgoodestimationacrossdifferentap-
plicationsinsensitive of the changeof their parameters.Lu
et al. describea formal feedback-controlalgorithm com-
binedwith dynamicvoltage/frequency scalingtechnologies
[16]. A generalenergy managementschemewith feedback
control is proposedby Minerick et al. [17]. Averageen-
ergy usageis achieved by continuouslyadjustingthe volt-
age/frequency of a processorto meetthe energy consump-
tion goal.While VarmaandLu'swork targetssoft real-time
systemsand Minerick's work targetsgeneralpurposesys-
tems,our feedbackDVS schemefocuseson hardreal-time
systemswheretiming constraintsmustnotbeviolated.

6. Conclusion
In thispaper, wepresentedfeedbackDVS algorithmconsid-
eringpracticaldesignandimplementationissues.We evalu-
atedit aswell asseveralotherreal-timeDVS algorithmson
an IBM 405LPembeddedplatform.A uniqueDVS feature
of thisplatformis asynchronousfrequency switching,which
supportscontinuedexecutionduringvoltage/frequency tran-
sitions.We have shown up to 5% energy savings of asyn-
chronousswitching for fast DVS modulationwithout en-
tering sleepmodesas opposedto traditional synchronous
switching.Weassessedthebene�tsof our feedbackDVS al-
gorithmby measuringtheenergy consumptionover thehy-
perperiodof real-timetasks.Energy consumptionaswell as
schedulingoverheadbetweendifferentDVS schemeswere
comparedwith eachother. The experimentalresultsindi-
catethatouraggressivefeedbackDVS schedulingalgorithm
achieves up to 24% savings in energy consumptionbest
competitors,i.e., over the look-aheadDVS andAGR-2 al-
gorithms,andup to 64%energy savingsover thenä�veDVS
schemewhenconsideringschedulingoverheads.To thebest
of our knowledge,this is the�rst comparativestudyof real-
time DVS algorithmson a concretemicro-architectureand
the�rst evaluationof asynchronousDVS switching.
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