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Abstract
Sincebatterylife directly impactstheextentandduration of
mobility, oneof thekey considerationsin thedesignof a mo-
bile embeddedsystemshouldbe to maximizetheenergy de-
liveredbythebattery, andhencethebatterylifetime. To facil-
itateexploration of alternativeimplementationsfor a mobile
embeddedsystem,in this paperwe addressthe issueof de-
velopinga fastandaccuratebatterymodel,andproviding a
framework for batterylife estimationof Hardware/Software
(HW/SW)embeddedsystems.

We introducea stochasticmodelof a battery, which can
simultaneouslymodeltwo key phenomenaaffectingthe bat-
tery life and the amountof energy that can be delivered by
the battery: the RateCapacityeffect and the Recovery ef-
fect. We modelthebatterybehaviormathematicallyin terms
of parameters that canberelatedto physicalcharacteristics
of theelectro-chemicalcell. We showhowthis modelcanbe
usedfor batterylife estimationof a HW/SWembeddedsys-
tem,by calculatingbatterydischargedemandwaveformsus-
ing a powerco-estimationtechnique. Basedonthedischarge
demand,the batterymodelestimatesthe batterylifetime as
well as the delivered energy. Applicationof the batterylife
estimationmethodology to threesystemimplementationsof
anexampleTCP/IPnetworkinterfacesubsystemdemonstrate
that differentsystemarchitecturescanhavesignificantlydif-
ferentdeliveredenergyandbatterylifetimes.

1 Intr oduction
As the need for mobile computationand communication
increases,there is a strong demandfor design of Hard-
ware/Software(HW/SW)EmbeddedSystemsfor mobileap-
plications.Maximizing theamountof energy thatcanbede-
liveredby thebattery, andhencethebatterylife, is oneof the
mostimportantdesignconsiderationsfor amobileembedded
system,sinceit directlyimpactstheextentanddurationof the
system’smobility. To enableexplorationof alternativeimple-
mentationsfor a mobilesystem,it is critical to develop fast
andaccuratebatterylife estimationtechniquesfor embedded
systems.In thispaper, we focusondevelopingsuchabattery
model,andprovideaframework for battery-lifeestimationof
HW/SWembeddedsystems.

Previousresearchon low power designtechniques[1, 2],
tries to minimize averagepower consumptioneitherby re-
ducing the averagecurrentdrawn by a circuit keepingthe
supplyvoltagefixed or by scalingthe supplyvoltagestati-
cally or dynamically. However, asshown in this paper, de-
signing to minimize averagepower consumptiondoesnot
necessarilylead to optimumbatterylifetime. Additionally,
theabovetechniquesassumethatthebatterysubsystemis an�
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idealsourceof energywhichstoresor deliversafixedamount
of energyataconstantoutputvoltage.In reality, it maynotbe
possibleto extract theenergy storedin thebatteryto thefull
extentastheenergydeliveredby abatterygreatlydependson
the currentdischargeprofile. Hence,accuratebatterymod-
els areneededto specificallytarget the batterylife and the
amountof energy that can be deliveredby a batteryin the
designof a mobilesystem.

The lifetime of a battery, and the energy deliveredby a
battery, for a givenembeddedsystemstronglydependon the
currentdischarge profile. If a currentof magnitudegreater
thanthe ratedcurrentof the batteryis discharged, thenthe
efficiency of thebattery(ratioof thedeliveredenergy andthe
energy storedin the battery)decreases,in otherwords, the
batterylifetime decreases[3, 10]. Thiseffect is termedasthe
RateCapacityEffect. Additionally, if a batteryis discharged
for shorttime intervals followedby idle periods,significant
improvementsin thedeliveredenergy seempossible[11, 13].
Duringtheidle periods,alsocalledRelaxationTimes, thebat-
tery can partially recover the capacitylost in previous dis-
charges.We call thiseffectastheRecoveryEffect.

An accurate battery model, representingfine-grained
electro-chemicalphenomenonof cell dischargeusingPartial
DifferentialEquations(PDE),waspresentedin [14]. How-
ever, it takesprohibitively long (days)to estimatethebattery
lifetime for a given discharge demandof a system. Hence,
thePDEmodelscannotbeusedfor designspaceexploration.
SomeSPICElevel modelsof batteryhave beendeveloped
[6, 7], which arefasterthanthe PDE model. However, the
SPICEmodelscantake into accountthe effect of RateCa-
pacity only. Basedon the RateCapacityeffect, a system-
level batteryestimationmethodologywasproposedin [4, 5].
Recently, a Discrete-Time batterymodel was proposedfor
high-level power estimation[8]. Thoughit is fasterthanthe
previousmodels,it doesnotconsidertheRecoveryeffect.

In this paper, we describea stochasticbatterymodel,tak-
ing into accountboth the Recovery effect andthe RateCa-
pacity effect. The proposedmodel is fastas it is basedon
stochasticsimulation. Also, by incorporatingboth Recov-
ery andRateCapacityeffects,it representsphysicalbattery
phenomenamoreaccuratelythan the previous fast models.
We also show how this model can be usedfor estimating
the batterylifetime andthe energy deliveredby the battery
for a HW/SW system,by calculatingbatterydischarge de-
mandwaveformsusinga powerco-estimationtechnique[9].
Basedon thedischargedemand,thebatterymodelestimates
thebatterylifetime aswell asthedeliveredenergy. Finally,
we demonstratehow this framework canbeusedfor system
level explorationusinga TCP/IPnetwork interfacesubsys-
tem. The resultsindicatethat the energy deliveredby the
batteryandthelifetime of thebatterycanbesignificantlyin-
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creasedthrougharchitecturalexplorations.
The rest of the paperis organizedas follows. Section

2 motivatesthe needfor an accuratebatterylife estimation
methodologyby illustrating that the batterylife andthe en-
ergy deliveredby thebatterycanbeaffectedsignificantlyby
tradeoffs at thesystemlevel. Section 3 providesbackground
on thephysicalphenomenainsidea battery, which affect the
thebatterylifetime aswell asthedeliveredenergy. Thepro-
posedbatterymodelis describedin section 4. Themethod-
ology usedto calculatecurrent waveforms is describedin
section 5. In section 6, we demonstratehow the battery
life estimationmethodologycanbeusedto evaluatealternate
implementationsin the designof BatteryEfficient Systems.
Section 7 concludesthepaperandexploresfutureresearch.

2 Moti vation : Exploration For Bat-
tery Efficient Ar chitectures

In this section,we presenttheeffect of systemarchitectures
onthedeliveredenergyandthelifetime of battery. Ourinves-
tigationsmotivatethe needfor fastandaccuratebatterylife
estimationtechniquesthat canusedfor systemlevel explo-
ration.

We analyzethe performanceof an exampleTCP/IPnet-
work intefacesubsystemwith respectto the delivereden-
ergy and the lifetime of the battery. The subsystemcon-
sistsof thepartof theTCP/IPprotocolstackperformingthe
checksumcomputation(Figure1). Create Packet receivesa
packet, storesit in a sharedmemory, andenqueuesits start-
ing address.IP Chk periodicallydequeuespacket informa-
tion, erasesspecificbits of thepacket in memory, andcoor-
dinateswith Chksumto verify thechecksumvalue.Figure1
shows a candidatearchitecturefor theTCP/IPsystemwhere
Create Packet andPacket Queuearesoftwaretasksmapped
to a SPARC processor, while IP Chk andChksumareeach
mappedto dedicatedhardware. Packet bits arestoredin a
single sharedmemoryaccessedthrougha commonsystem
bus.
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Figure1: Architectureof TCP/IPNetwork Subsystem
We studytheeffect of alternatewaysof packetprocessing

by thesystemonthebatterylifetime aswell astheenergy de-
liveredby the battery. In the first implementation(SysA),
the packets are processedsequentiallyas shown in Figure
2(a). To estimatethe batterylifetime andthe energy deliv-
eredby thebatteryof theimplementation,thecurrentprofiles
of eachcomponentof thesystemneedto becalculated.Fig-
ures2(b)and(c) show thecurrentdemands(in mA) for some
of thecomponentsof thesystemfor SysA plottedover time

(in ms),calculatedusingthemethodologydescribedin Sec-
tion 5. Thecumulativecurrentprofile for SysA is shown in
Figure 2(d).
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Figure 2: SysA : Schedulingof Packets and CurrentDis-
chargeDemands

Figure 3(a)showsanotherway of schedulingthepackets.
In thisimplementation(SysB), insteadof sequentialprocess-
ing of packetsasin SysA, thefirst two packetsareprocessed
in a pipelinedmanner;for example,while Chksumis pro-
cessingthefirst packet,CreatePacket startswriting thenext
packet to memory. Thecumulative currentprofile for SysB
is shown in Figure 3(b).
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Figure3: SysB : Schedulingof PacketsandtheCumulative
CurrentDemand

As shown in Table 1, theaveragecurrent(andhenceaver-
agepower consumed)is very similar for boththealternative
systemimplementations.Table 1 showsthebatterylifetimes
and the specificenergy deliveredby the battery, calculated
usingan accuratebatterymodel [14] for both implementa-
tions,SysA andSysB. Thetablealsoreportsthenumberof
packetsprocessedby eachsystembeforethebatteryusedby



thesystemsis completelydischarged. Note that, thoughthe
two dischargedemandshavealmostequalaveragecurrentre-
quirement,the deliveredspecificenergy and lifetime of the
batterydiffer significantly.

Table1: Comparisonof BatteryLifetime andDeliveredEnergy
Discharge Average Battery Del. Spec. Packets
Demand Curr. (mA) Life (ms) Energy (Wh/Kg) Processed
SysA 123.8 357053 15.12 119018
SysB 124.2 536484 18.58 178828

Theresultsshow thatthebatterylife of amobileembedded
systemcanbe improvedsignificantlyby systemlevel trade-
offs. For instance,asshown in Table 1, SysA canprocess
119018packetsbeforethebatteryusedfor thesystemis dis-
charged,whereasSysB canprocess178828packetsusing
the samebattery. The resultsalso show that the delivered
energy andthe lifetime of a batterycanbesignificantlydif-
ferentfor currentdemandswith thesameaveragecurrentre-
quirement.Above resultsmotivateus to developa fastand
accuratebatterymodelthatcanbeusedin designexploration
for batteryoptimaldesignof mobileembeddedsystems.

Thenext sectionprovidesa brief backgroundon theoper-
ationof a battery, emphasizingthephysicalphenomenathat
affectthebatterylifetime andtheenergy deliveredby thebat-
tery.

3 Battery Background
A batterycell consistsof ananode,acathode,andelectrolyte
thatseparatesthetwo electrodesandallows transferof elec-
tronsasionsbetweenthem. During discharge,oxidationof
theanode(Li for LiIon battery)produceschargedions(Li � ),
whichtravel throughtheelectrolyteandundergoreductionat
thecathode.Thereactionsites(partsof thecathodewherere-
ductionshaveoccurred)becomeinactivefor futuredischarge
becauseof theformationof aninactivecompound.RateCa-
pacity Effect (dependency of energy deliveredby a battery
on magnitudeof dischargecurrent)andRecoveryEffect (re-
coveryof chargedionsnearcathode)aretwo importantphe-
nomenathataffect thedeliveredenergy andthelifetime of a
battery. A shortdescriptionof the physicalphenomenare-
sponsiblefor theseeffectsfollows.

Thelifetimeof acell dependsontheavailability andreach-
ability of activereactionsitesin thecathode.Whendischarge
currentis low, the inactive sites(madeinactive by previous
cathodereactions)aredistributeduniformly throughoutthe
cathode.But, athigherdischargecurrent,reductionsoccurat
theoutersurfaceof thecathodemakingtheinneractive sites
inaccessible.Hence,theenergy delivered(or thebatterylife-
time)decreasessincemany activesitesin thecathoderemain
un-utilizedwhenthebatteryis declareddischarged.

Besidesnon-availability of activereactionsitesin thecath-
ode during discharge, the non-availability of charged ions
(lithium ionsfor lithium insertioncell) canalsobeafactorde-
terminingtheamountof energy thatcanbedeliveredbyabat-
tery [11]. Concentrationof the active species(chargedions
i.e. Li � ) is uniform at electrode-electrolyteinterfaceat zero
current. During discharge, the active speciesareconsumed
at thecathode-electrolyteinterface,andreplacedby new ac-
tive speciesthat move from electrolytesolution to cathode

throughdiffusion.However, astheintensityof thecurrentin-
creases,the concentrationof active speciesdecreasesat the
cathodeand increasesat the anodeand the diffusion phe-
nomenonis unableto compensatefor thedepletionof active
materialsnearthecathode.As a result,theconcentrationof
active speciesreducesnearthe cathodedecreasingthe cell
voltage. However, if the cell is allowed to idle in between
discharges,concentrationgradientdecreasesbecauseof dif-
fusion,andchargerecovery takesplaceat theelectrode.As
a result,theenergy deliveredby thecell, andhencethelife-
time, increases.Summarizing,theamountof energy thatcan
bedeliveredfrom a cell andthelifetime of a cell, dependon
the valueof the discharge currentand the idle times in the
discharge demand. In the next subsection,we definesome
notationswhichwill beusedin therestof thepaper.

3.1 Notationsand Definitions
A batterycell is characterizedby the open-circuitpotential
(VOC), i.e., the initial potentialof a fully chargedcell under
no-loadconditions,andthe cut-off potential(Vcut) at which
the cell is considereddischarged. Two parametersareused
to representthecell capacity:thetheoreticalandthenominal
capacity. Theformeris basedontheamountof energy stored
in the cell and is expressedin termsof ampere-hours.The
latter representsthe energy that canbe obtainedfrom a cell
whenit is dischargedataspecificconstantcurrent(calledthe
ratedcurrent,Crated). Batterydata-sheetstypically represent
thecapacityof thecell in termsof thenominalcapacity.

Finally, to measurethecell dischargeperformance,thefol-
lowing two parametersareconsidered: BatteryLifetimeand
Delivered SpecificEnergy. BatteryLifetime is expressedas
secondselapseduntil a fully charged cell reachesthe Vcut
voltage. Delivered SpecificEnergy is the amountof energy
deliveredby the cell of unit weight, i.e., expressedaswatt-
hourperkilogram.

In the next section, we describeour basic stochastic
battery-modelthat capturesthe Recovery Effect, and a de-
scriptionof anextensionof themodelto incorporatetheRate
CapacityEffect.
4 Battery Models
Thefine-grainedelectro-chemicalphenomenaunderlyingthe
cell dischargearerepresentedby the accuratemodel,based
on PDE (Partial DifferentialEquations)[14], which involve
a largenumberof parametersdependingon the typeof cell.
Thesetof resultsthatcanbederivedthroughthePDEmodel
is limited sinceas the discharge currentandthe cut-off po-
tentialdecrease,thecomputationtime becomesexceedingly
large. Hence,the accuratePDE model cannotbe usedfor
system-level explorationof a mobile embeddedsystem. In
thefollowing section,wepresentamoretractableparametric
modelthatcapturestheessenceof therecoverymechanism.

4.1 StochasticBattery Model
We model the batterybehavior mathematicallyin termsof
parametersthatcanberelatedto thephysicalcharacteristics
of anelectro-chemicalcell [15, 16]. Theproposedstochastic
modelfocuseson theRecoveryEffect that is observedwhen
RelaxationTimesareallowedin betweendischarges.



Let usconsiderasinglecell andtrackthestochasticevolu-
tion of thecell from thefully chargedstateto thecompletely
dischargedstate.We definethesmallestamountof capacity
thatmaybedischargedasa charge unit. Eachfully charged
cell is assumedto have a maximumavailablecapacityof T
chargeunits,anda nominalcapacityof N chargeunits. The
nominalcapacity, N, is muchlessthanT in practiceandrep-
resentsthe charge that could be extractedusing a constant
dischargeprofile. Both N andT vary for differentkinds of
cellsandvaluesof dischargecurrent.

We representthecell behavior asa discretetime transient
stochasticprocess,that tracksthe cell stateof charge. Fig-
ure 4 shows a graphicalrepresentationof the process. At
eachtime unit, the stateof chargedecreasesfrom statei to
thestatei � n if n chargeunitsaredemandedfrom thebattery.
Otherwise,if no chargeunitsaredemanded,thebatterymay
recover from its currentstateof charge (i) to a higherstate
(greaterthan i). Thestochasticprocessstartsfrom thestate
of full charge(V � VOC), denotedby N, andterminateswhen
theabsorbingstate0 (V � Vcut) is reached,or themaximum
availablecapacityT is exhausted.In caseof constantcur-
rentdischarge,N successive chargeunitsaredrainedandthe
cell stategoesfrom N to 0 in a time periodequalto N time
units. By allowing idle periodsin betweendischarges,the
batterycanpartially recover its chargeduringtheidle times,
andthuswe candraina numberof chargeunitsgreaterthan
N beforereachingthestate0.
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Figure4: Stochasticprocessrepresentingthecell behavior
In this model, the discharge demandis modeledby a

stochasticprocess.Let usdefineqi to betheprobabilitythat
in one time unit, called slot, i charge units are demanded.
Thus,startingfrom N, at eachtime slot, with probabilityqi
(i � 0), i chargeunitsarelost andthecell statemovesfrom
statez to z � i (seeFigure 4). On theotherhand,with prob-
ability q0 an idle slot occursand the cell may recover one
chargeunit (i.e., thecell statechangesfrom statez to z 	 1)
or remainin thesamestate.

The recovery effect is representedas a decreasingexpo-
nentialfunctionof thestateof chargeof thebattery. To more
accuratelymodelrealcell behavior, theexponentialdecayco-
efficient is assumedto take differentvaluesasa functionof
thedischargedcapacity.

Duringthedischargeprocess,differentphasescanbeiden-
tified accordingto the recovery capabilityof the cell. Each
phasef ( f =0,...,fmax) startsright after df chargeunits have
beendrainedfrom thecell andendswhentheamountof dis-
chargedcapacityreachesdf � 1 chargeunits. Theprobability
of recoveringonechargeunit in a time slot, conditionedon
beingin statej ( j=1,.. . ,N � 1) andphasef is

p j 
 f ���



q0e� gN � N � j � � gC � f � f � 0

q0e� gN � N � j � � gC � f � df f � 1 ��������� fmax

(1)

wheregN andgC areparametersthatdependon therecov-
ery capabilityof the battery, andq0 is the probability of an
idle slot. In particular, a smallvalueof gN representsa high
cell conductivity (i.e.,agreatrecoverycapabilityof thecell),
while a large gN correspondsto a high internal resistance,
(i.e., a steepdischarge curve for the cell). The valueof gC
is relatedto thecell potentialdropduringthedischargepro-
cess,andtherefore,to thedischargecurrent.Giventherecov-
eryprobability, theprobabilityto remainin thesamestateof
chargein anidle timewhile beingin phasef is

r j 
 f ��� q0 � p j 
 f � j=1,.. . ,N � 1
rN 
 f ��� q0 � (2)

WeassumethatgN is aconstant,whereasgC is apiecewise
constantfunctionof thenumberof chargeunitsalreadydrawn
off the cell, that changesvalue in correspondencewith df
( f � 1 ��������� fmax). We have d0=0 anddfmax� 1 � T, while for
df ( f � 1 ��������� fmax) propervaluesarechosenaccordingto the
configurationof thebattery.

Onesimulationstepof thebatterycell assumingtheinput
dischargedemandasBernoulliarrival is shown in Figure5.

Simulation Step

inputs: Current State,Recovery Probability[],

Discharge Rate

outputs: Next State

begin
Generatea randomnumberR between0 and1;
If (R � Discharge Rate)then

Next State:= CurrentState- 1;
elseif ( R � Recovery Probability[CurrentState])then

Next State:= CurrentState+ 1;
endif

end

Figure5: TheBasicSimulationStep

4.2 Validation of the StochasticModel
In this sectionwe presenta comparisonbetweenresultsob-
tainedthroughthe stochasticmodelandthosederived from
thePDEmodelof a dual lithium ion insertioncell. Thedis-
charge demandis assumedto be a Bernoulli processwith
probabilityq that onechargeunit is requiredin a time slot.
Note that in this dischargeprocesstheprobabilityof an idle
time(q0) is 
 1 � q� whereasqi (i � 1) is equalto zero.

The PDE modelwasnumericallysolved by usinga pro-
gram developedby Newman et al. [17]. Resultsrelateto
the first discharge cycle of the cell; thus,discharge always
startsfrom a valueof positive open-circuitpotentialequalto
4.3071V. We considerthat the cut-off potentialis equalto
2.8V andthecurrentimpulsedurationis equalto 0.5ms.

Resultsobtainedfrom thestochasticmodelarederivedun-
derthefollowing assumptions:fmax � 3,N equalto thenum-
berof impulsesobtainedthroughthePDEmodelundercon-



stantdischarge,andT equalto the numberof impulsesob-
tainedthroughthePDEmodelwhenq � 0 � 1.

Figure 6 presentsthe behavior of the deliveredcapacity
normalizedto thenominalcapacityversusthedischargerate
(q) at which the currentimpulsesaredrainedfor threeval-
uesof currentdensity: I=90, 100, and110 A/m2. It canbe
seenthatthecurvesobtainedfrom thePDEandthestochastic
modelsmatchclosely.
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Figure6:
Comparisonof resultsobtainedby theStochasticModel(s)with the
PDEmodel(e)

For thesecases,we assumegN=0 andvary theparameters
gC anddf ( f =1,...,fmax) of thestochasticmodelaccordingto
theconsideredvalueof currentdensity. Following thisproce-
dure,weobtainamaximumerrorequalto 4%andanaverage
errorequalto 1%.

4.3 EnhancementFor Deterministic Discharge
Profile

To beableto usethemodelfor battery-lifeestimationof SoC
designs,we enhancedthemodelto acceptany deterministic
dischargedemand,like theonesshown in Figures 2 and 3,
insteadof a stochasticdischargeprofile.

At eachstepof the simulation,we look at the input dis-
charge demandand draw an appropriatenumberof charge
units (or changethe stateof the battery). Sincea battery
cannotrespondto instantaneouschangesin current,we have
calculatedaveragecurrentover a time periodof τ, which is
basedonthetimeconstantthatcharacterizestheelectrochem-
ical phenomena.Givenany currentdemandwaveforms,we
calculatethe averagecurrentdrawn over eachtime period
andconvert it to anappropriatenumberof chargeunitsto be
drawn in thebatterymodel.We useda timeconstantτ � 0 � 5
msfor ourexperimentsin thispaper.

4.4 Incorporation of Rate Capacity Effect
As wehavedescribedearlier, theefficiency of thebatteryde-
creaseswhenthedischargecurrentis morethantheratedcur-
rent(or Crated ). If theefficiency of thebatteryis µ � 
 0 � µ �
1� , for currentI , wecanclaimthattheactualcurrentdrawn is
I � µ not I . For example,if thereis ademandof 2 chargeunits
andtheefficiency of thebatteryis 60%at thatcurrentlevel,
thenwewoulddraw 3 chargeunitsinsteadof 2.

To incorporatethis RateCapacityeffect, we changethe
numberof charge units to be actuallydischarged. We cal-
culatetheactualnumberof chargeparticlesto bedischarged

by looking up a table,which storestherelationshipbetween
the demandedcharge units and actual charge units to be
discharged,calculatedbasedon the simulationof the PDE
model. The basicstepof the simulation,incorporatingthe
RateCapacityeffectfor any deterministicdischargedemand,
is describedin Figure7.

Simulation Step

inputs: Current State,Current Demand,

Recovery Probability[],Efficiency Table[]

outputs: Next State

variables: Actual Demand

begin
Generatea randomnumberR between0 and1;
Actual Demand:= Efficiency Table[CurrentDemand];
If (CurrentDemand� 0) then

Next State:= CurrentState- Actual Demand;
elseif ( R � Recovery Probability[CurrentState])then

Next State:= CurrentState+ 1;
endif

end

Figure7: TheSimulationStepmodelingRateCapacityeffect

We presentresultsto validateour enhancedmodelin Sec-
tion 6. For estimatingthebatterylifetime andtheenergy de-
liveredby the batteryof SoCdesigns,we needcurrentde-
mandwaveformsfor thesystem.Thenext sectiondescribes
themethodologyusedto calculatecycle-accuratecurrentde-
mandwaveformsfor HW/SWmobilesystems.
5 Generating System Curr ent Dis-

chargeProfiles
In this section,we briefly describethe techniquesthat we
used to generatesystem-level current discharge profiles.
Pleasenotethat,while thefocusof thispaperis accurateand
efficientestimationof thelifetime anddeliveredenergyof the
battery, systemcurrentdischargeprofilesarerequiredasin-
putsto thebatterymodelspresentedearlier, henceweinclude
adescriptionof how they canbegenerated.

We adaptedthesystem-level power estimationframework
presentedin [9] for our purpose. It consistsof a discrete-
event co-simulationenvironment,power modelsfor various
systemcomponents(includingprocessors,synthesizedhard-
ware,system-level buses,andmemories),andspeeduptech-
niquesthat enableefficient power estimationfor complex
systems. As shown in [9], co-simulation(of the various
systemcomponents)is necessaryin order to obtain accu-
rate power estimates. This is especiallyimportant in the
context of battery life estimation,sincewe needaccuracy
in the current (hence,power) waveforms, not just the av-
eragepower or total energy. To estimatethe power dissi-
pation in a programmableprocessorcomponent,we usean
instruction-setsimulatorenhancedwith an instruction-level
powermodel[18]. For application-specifichardware,weuse
fast-synthesisandpowersimulationof thesynthesizednetlist.
For system-level buses,we estimatetheswitchedcapacitive
power consumedin the bus by using bus line capacitances
(calculatedfrom bus lengthandwidth parametersprovided
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Figure8: SchedulingMechanismandCurrentProfilesof ExampleImplementations

by thedesigner),andswitchingactivity (derivedfrom thebus
traceprovidedby theco-simulationtool). For memorycores,
weusetheaccessandidle powerspecificationsfrom thecore
provider’sdatasheets.

6 Experimental Results& Application
In thissection,wedemonstratehow ourproposedbatterylife
estimationtechniquecan be usedto evaluatedifferentsys-
temimplementationsandselecta battery-optimalimplemen-
tation. We reportresultsobtainedby applyingtheproposed
batterylife estimationmethodologyon threesystemimple-
mentations,SYS1,SYS2andSYS3,of theTCP/IPnetwork
interfacesubsystem,shown in Figure 1. In the first imple-
mentation(SYS1),the incomingpacketsareprocessedin a
pipelinedmanner; for example, while Chksumis process-
ing onepacket, CreatePacket startswriting the next packet
to memory. Figure8(a) shows the arrival andprocessingof
packetsover time for SYS1. Thecumulative currentprofile
for thissystemis shown in Figure8(b),with thetotalcurrent
(in mA) plottedover time (in ms). Alternative waysof pro-
cessingthe packetsleadto the second(SYS2)andthe third
(SYS3)implementations,asshown in Figures 8(c)and 8(e)
respectively. Thecorrespondingcurrentprofilesareshown in
Figures8(d)and 8(f) respectively.

Table2: Characteristicsof ExampleDischargeProfiles
System Max Cur Avg Cur % SlotsAbove % Idle Latency

(mA) (mA) RatedCurrent Slots (ms)

SYS1 380 175 100 0 2.5
SYS2 330 154 60 0 2.5
SYS3 330 85 30 40 5.0

Table 2 showsthecharacteristicsof thedischargeprofiles,
in termsof themaximumcurrent(Max Cur), theaveragecur-
rent (Avg Cur), percentageof time slotswith currentabove
theratedcurrent(% SlotsAboveRatedCurrent), percentage
of idle slotsin the dischargedemand(% Idle Slots) andfi-
nally thelatency of processingthepackets(Latency). For our
experiments,weuseda Li-ion batterywith thefollowing pa-
rameters: VOC = 4.3V,Vcut = 2.8V, andCrated = 125mA.Table
2 showsthatneitherSYS1norSYS2haveany idle slotsin the
dischargedemand,whereasthedischargedemandfor SYS3
has40%idle slots. It canbenoticedthatSYS1violatesthe
ratedcurrentmaximumnumberof timesamongthethreeim-

plementations.
We measuredthe Delivered SpecificEnergy (the energy

deliveredby a batteryof unit weight) andthe BatteryLife-
time for the above implementationsusingthe proposedbat-
tery model. Thebatterymodel,we usedfor our simulation,
hasNominalCapacity(N)= 650,000charge unitsandTheo-
reticalCapacity(T)= 1,000,000charge units, obtainedfrom
theaccuratePDEmodelof theconsideredLi-ion battery. The
re-charging probabilitiesareappropriatelyset to accurately
modelthebatteryphenomena.

Table 3 shows theresultsof estimationusingourstochas-
tic batterymodelfor thedischargeprofiles.In ourestimation,
we repeatsimulationof any givendischargedemandtill the
batteryis dischargedandreportthedeliveredspecificenergy
andbatterylifetime. Eachrow in thetablerepresentsoneof
the exampleimplementationsdescribedearlier. Columns2
and3 reportthedeliveredspecificenergy andthebatterylife-
time whenonly the effect of RateCapacity is modeled,as
proposedin [5, 6]. Similarly, columns4 and5 show estima-
tion resultswhenonly the effect of Recovery is considered,
like themodelproposedin [16]. The last threecolumnsre-
portresultswhenboththeRateCapacityandRecoveryeffects
aremodeled,asproposedin this paper. In this case,in col-
umn7,wealsoreportthenumberof packetsprocessedbefore
thebatteryis completelydischarged.

It canbeseenfrom Table3 thatthedifferentimplementa-
tionshavesignificantlydifferentdeliveredenergy andbattery
lifetimes. For example,looking at columns6, 7 and8 in Ta-
ble 3, weseethatSYS1has1.369Wh/Kg deliveredspecific
energy and16875msof lifetime, andprocesses20250pack-
etsbeforethebatteryis discharged. SYS2,whosedischarge
profilehas40%lessslotsabovetheratedcurrentthanthedis-
chargeprofile of SYS1(Table2), candraw morethantwice
as much deliveredenergy from the samebatteryas SYS1,
andshows four timesincreasein thebatterylifetime aswell
asthenumberof packetsprocessed.However, SYS3,whose
dischargeprofile alsohas40%idle slots,enhancesthedeliv-
eredenergy andthebatterylifetime evenmoresignificantly,
by afactorof 1.3and2.3overSYS2,respectively. SYS3also
shows15%increasein thenumberof packetsprocessed.

Table 3 also shows that both the Rate Capacity effect



Table3: Estimationof BatteryLife andDeliveredEnergy UsingStochasticModel
RateCapacityEffect RecoveryEffect RateCapacity& RecoveryEffect

Delivered Delivered Delivered
System Spec.Energy Life Time Spec.Energy Life Time Spec.Energy Life Time Packets

(Wh/Kg) (ms) (Wh/Kg) (ms) (Wh/Kg) (ms) Processed

SYS1 1.369 16875 13.357 163650 1.369 16875 20250
SYS2 3.754 67717 15.553 280543 3.754 67717 81260
SYS3 2.858 88383 32.924 1115616 4.974 153817 92290

Table4: Comparisonwith PDEmodel: SpeedandAccuracy
DeliveredSpec.Energy Life Time Computation

System (Wh/Kg) (ms) Time
STOC PDE % Err STOC PDE %Err STOC PDE

SYS1 1.36 1.33 2.25 16785 17264 2.85 18.62sec � 1 Day
SYS2 3.75 3.79 1.06 67717 65723 2.94 19.52sec � 1 Day
SYS3 4.97 5.07 2.01 153817 154956 1.00 40.35sec � 2 Days

and Recovery effect needto be consideredsimultaneously
to be ableto accuratelymeasurethe significantdifferences.
For example,if only the RateCapacityeffect is considered
(columns2 and3), thedeliveredenergy andbatterylifetimes
obtainedfor SYS1andSYS2areaccurate,asthecorrespond-
ing dischargeprofilesdo not have any idle times. However,
theestimatesfor SYS3,whichhavesignificantidle times,are
very inaccuratesincethe Recovery effect is not considered.
Notethat,thoughthefractionof currentabove theratedcur-
rent is lessin SYS3thanSYS2(Table 2), thedelivereden-
ergy calculatedfor SYS3is lessthanthat for SYS2. This is
becausetheamountof offsetfrom theratedcurrentis morein
caseof SYS3thanin SYS2(whichis dueto inaccuracy intro-
ducedby calculatingaveragecurrentinsteadof usinginstan-
taneouscurrent).On theotherhand,whenonly theRecovery
effect is modeled(columns4 and5), we get significantim-
provementin deliveredspecificenergy for SYS3. However,
thevaluesof specificenergy deliveredfor all thethreecases
aresignificantlymorethanwhenonly theRateCapacityef-
fect is considered,sincetheseresultsdo not reflect the di-
minishingbatteryefficiency dueto theRateCapacityeffect.
As notedearlier, by consideringboth the effectssimultane-
ously, ourstochasticmodelcanestimatethedeliveredenergy
andlifetimesaccurately, asshown in thelasttwo columnsof
Table 3.

Finally, we validateour proposedmodelby comparingit
with theaccuratePDEmodel. Table 4 shows thedelivered
specificenergy andthebatterylifetimesfor thethreeimple-
mentations,and correspondingpercentageerrors. The last
two columnsshow theCPUtimefor thetwo models.

Our experimentalresultsdemonstratethat our stochastic
model basedapproachis significantly fasterthan the PDE
model. Since it only takes time in the order of seconds,
asopposedto daystaken by the PDE model,our approach
canbeusedfor design-spaceexplorationto identify themost
battery-efficient implementationof a mobileembeddedsys-
tem,whichis notpossibleto dowith theexistingPDEmodel.
At the sametime our proposedapproachdoesnot compro-
miseon accuracy, by modelingboth the RateCapacityand
theRecoveryeffects,asopposedto theexisting RateCapac-
ity basedestimationtechniques[5, 6].

7 Conclusionand Futur e Work
Wehavepresentedastochasticmodelof batteryandaframe-
work for estimatingthe batterylife aswell asthe delivered
energy for system-level designspaceexplorationof battery-

poweredmobileembeddedsystems.Themodelproposedis
fastenoughto enableiterativebatterylife estimationfor sys-
tem level exploration. At thesametime, it is very accurate,
asvalidatedusinganaccuratePDEmodel.In future,wewill
usethe developedframework for exploring how systemar-
chitecturescanbe madebattery-efficient andfor suggesting
the optimumbatteryconfigurationfor any HW/SW embed-
dedsystem.
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