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A Frameavork for Optimal BatteryManagement

for WirelessNodes

Sasvati SarkarandMaria Adamou

Abstract

The focusof this paperis to extendthe lifetime of a batterypowered noce in wirelesscortext. Thelifetime of a
batterydeendson boththe manrer of dischage andthetransmissiopower requrements We present framevork for
computingtheoptimal dischage strately whichmaximzesthelifetime of anodeby exploiting thebatterycharactestics
andadaptingto the varying powver requiementsor wirelessoperatims. The compleity of the optimalcompuationis
linearin thenumkber of systemstates However, sincethenumter of statescanbelarge,the optimalstratey canonly be
computedof ine andexecuedvia atable-lamkup We present simpledischage stratgyy which canbeexecuedonline

withoutary tablelookup andattainsnearmaximun lifetime.

I. INTRODUCTION

Wirelessnetworksconsistof smallportabledevices,suchasPDAs, mobile phonesheadsetsetc,
which have limited processingpower andbatteryenegy. Messagdransmssionconsumesignif-
icantenepgy, andthe transmissia enegy requirementyary with time dependingon the channel
conditiors. Thus,oneof the mostimportantchallengesn the designof wirelessnetworksis to pro-
vide power managementechniquesvhich arelow costandcomputatbnally simple. Theresearch
performedin this areaprimarily aimsto reducethe enegy consumpion at the hardware level [9],
andat differentlayersof the network stack[8]. An alternateapproachs to increasehelifetime of
the batteryof amobilenodeby usingenegy ef cient batterymanagemertechniques.

A batteryconsistsof several electrochemicatells from which power needsto be drainedwhen
the nodetransmis a paclet. Whena cell is allowedto restin betweendischage periods,it is able

to recover partof its chage, thanksto the diffusion mechanisnj3], thusthetotal enegy delivered
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is increased. A batterydischage policy decideswhich cells shouldsene the paclket and which
cellsareallowedto rest. Analytical andsimulaton resultspresentedy Chiasseriniet al.[3] shawv
that the dischage policies have signi cant impacton the batterylifetime. For example, Round
Robin(whichwe abbreviateasRR) schedulingschemesansigni cantly improve thebatterylifetime
as comparedo usingall cells simutaneouslyfor eachpaclet [3]. In addition, [3] statesthat it
is possibé to implementmary differentdischage stratgjies, using smartbatterypackageq11].
Our goalis to nd anoptimal batterymanagemenpolicy that maximizesthe deliveredenepgy by
exploiting the recovery capabilityof the battery andadaptingto the varying power requirementsf
wirelesstransmissans. Chiasserinet al. actuallymentiansthis asaninterestingopenproblemin
thewirelesscontext [3].

The contribution of the papercanbe sumnarizedasfollows. We develop a methodolog for
obtainingthe optimal policy for dischaging the cells of a batteryusing stochasticdynamicpro-
gramming.Thecellsareoptimaly scheduledo sene the pacletsandtherecovery processs fully
exploited. In generaltheformalizationof suchsystemsanbe very complex andinvolves the solu-
tion of a large numberof linearequations.The overall compleity is , Where isthesize
of the statespaceof the systemandthis sizeis usuallyvery large for real systems Usingthe spe-
cial propertiesof our systemwe developa linear compleity ( ) algorithmfor computingthe
optimal By applyingthis algorithm the optimal policy canbe computecf ine andexecutedusing
table-lookup Furthermoretheknowledgeof theoptimal canbe usedto evaluatethe performancef
online schedulingoolicies. We proposea simpleonline schedulingpolicy which canbe usedwith-
outary table-lookup. We shawv analyticallyandby simulationthatour simplepolicy performsclose
to the optimal andconsiderablymprovesover the RR policy proposedn [3]. Theimprovementis
around20%in generalandin somecasesvenhighet

Therestof the paperis organizedasfollows. In Sectionll we describehe batterymodelandthe
dischage procedure.In Sectionlll we presentthe generalframavork for computingthe optimal
batterymanagemenmolicy. In SectionlV we give our linearcompleity computatiortechniqueln
SectionV we presenthesimple onlinesuboptmal policy anddescribenow it canbeevaluatedusing
thegeneraframewvork. We alsoevaluateits performancdy numericalcomputatbn andsimulaton,

for differentvaluesof batterycapacityandtraf ¢ models. Finally, our conclusionandfuture work
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Fig. 1. The gure represets the stochastianodé of a batterycell with Thehorizantal axisrepresents
theremainirg chage andtheverticalaxistheremainirg capacity Thecellhas statesWe show thetransitions
amang stateswith only. Theselftransitiors have beenomitted. Thetransitionprobabilitieshave beendepictel

for the stateswith

arediscussdin SectionVI.

[I. SYSTEM ASSUMPTIONS AND OBJECTIVES

We are focusingon the lifetime of a single battery-peveredwirelessdevice which we refer to
asnode. In this section,we describethe batterymodelandthe dischage procedure.Our model
is similar to that of [3]. A batteryis de ned asa groupof electro-chemicatells electrically
connectedn a serialand/orparallelarrangement.The "theoreticalcapacity”( ) of a cell is the
maximumenegy it candeliver. A cell candeliver unitsonly if all the availableactve material
of the cell is used. The "nominal capacity”of a cell ( ) is thetotal enegy it candeliver undera
constanturrentdischage. Whena paclet needso betransmited by the device, a certainnumber
of chage units needto be dischagedfrom the battery from one or moreof its cells. Whena cell
is not beingdrainedit canrecover one chage unit with a certainprobability dueto the diffusion
procesq6]. As aresult,the actualenegy deliveredby a cell, during its lifetime, is between
and chageunits. It delivers chageunitsif it doesnotrecover ary chage,while it delivers

unitsundermaximum possibé recovery. The problemwe investigateis how to ef ciently assigrthe



Symbol Meaning

theoreticalcapacity

nominalcapacity

numberof cells

total numker of states

remainingchage of cell

remainingcapacityof cell

recoveryproh of cell instate( , )

optimalenengy of the systemwhenin state

optimalcell selection

proh of arrival of apacletof size

transitionproh from state to state undercell selection

setof terminationstates

avg enegy obtainedn state unde cell selection

TABLE |

NOTATION

pacletsto thecells. Theobjectveis to optimizethe chagerecovery processandthusmaximizethe
total enegy deliveredby all the cells. Thisin turn maximizesthe batterylifetime.

We assumehata cell is modeledby a stochast processwith a two-dimengonal statespaceas
shavn in Figurel. For eachstateof thecell , denotedby ,wede ne tobetheremaining
chageand theremainingcapacityleft in thecell. In otherwords, is thedifferencebetweerthe
maximumtheoreticakapacity andthetotal chage unitsdischagedsofarfrom thecell. Initially,
eachcellis fully chagedwith  chageunits,andtheremainingcapacityequals Thustheinitial
stateof acellis . Thestatespaceconsidersonly thosestatedor which the remainingchage

doesnot exceedtheremainingcapacity Thisis motivatedby the factthatthe maximum enegy
delivered by a cell is upperboundedby its remainingcapacity Eachcell now has

states.

We considesslottedtime. A pacletis theportionof amessag&hichthedevicewishesto transmit
in oneslot. The*“size” of a pacletis the numker of chage unitsrequiredto transmitthe paclet, and
therequiredchage depend®nthepowerrequiredfor thetransmissan. Thisin turndepend®nthe

transmisen conditins, the distanceof the destinatiorand nally the numberof bitsin the paclet.



5

The exactdependencéasbeenstudiedextensvely in [2], [5]. In general whenthe transmissin
conditiors arepoor, or the next hopnodeis fartheraway, or the paclet hasa larger numberof bits,
the paclet needdo betransmittedat higherpower, andassuchit hasalargersize. We assumehat
thesizeof apacletis , With probabilty  If thenthereis no pacletto betransmited

in theslot. We assumehat

Whenacell in state( ) delivers unitsof chage,it movesto the state( : ). A cell
is fully dischaged(or “inactive”) whenits chage becomesero( notethat implies
that ). A batteryexpireswhenall its cellsarecompletelydischaged. A cell thatis in state
( ), in aslot,andis not servinga paclket, mayrecover onechage
unit andmove to the state( ) with probability where
(1)
otherwise

In thisequation isaconstanthatdepend®nthedischageproces®f thecelland isastaircase
functionwhich decreaseasthe remainingcapacityof the cell increasesFor example,if ,

for : for , for . Note
thatacell cannotrecoverary changeif Also, (1) indicatesthatthe recovery capability
of a cell decreasesxponenially asmorechage units aredrainedfrom the cell andthe remaining
chageandthe capacitydecrease.

Thebatterydischage policy decidesvhich cellsshouldbe drainedto sene anincoming paclet.
We consideronly work-conservinglischage policies,which alwaysserne anincoming paclet, as
long asthereis an active cell in the system A paclet canbe sened by oneor several cells. Chi-
asserinetal.[3] shovedthatthelifetime of thebatterysigni cantly improvesif eachpacletis sened
by only onecell, while the othercellsrecover. Thus,we assumehatfor eachpaclket transmison
the necessarygurrentis drainedfrom just onecell. The dischage policy considerablyaffectsthe
total numberof pacletsthatcanbe transmittedduringthe nodes lifetime. Considera batterywith
only two cellsanda paclet of size arriving in every time slot. A possibledischage policy is to
assigrall thepacletsto onecell until it is completelydischagedandthenusetheseconctell. In this
caseonly atotal of pacletswill betransmittedoeforethe batteryexpiressincethe cellsdo not

recover ary chage,while themaximumlimit is . Ontheotherhand,apolicy which useshecell
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thathasthelarger remainingchage allows both cells to recover chages,andthusthe total enegy
delivered will be closeto Intuitively, an ef cient batterymanagemenpolicy shoutl take into
accountthe recovery probabilty of eachcell, which dependsn its remainingchage andcapacity
as(1) shaws, soasto fully exploit therecorery mechanisnof thebattery Ourobjectveisto provide
an optimal policy thatefciently selectsa cell for anincomingpacket so asto maximze the total

enepy deliveredby the batterybeforeall the cellsarecompletelydischaged.

[11. A FRAMEWORK FOR OPTIMAL BATTERY MANAGEMENT

We will presentframevork for computng theoptimal batterymanagemerpolicy usingthethe-
ory of Markov decisionprocesse@VIDP)[4]. More speci cally, we will usethetheoryof “stochastic
shortesipath” problem,presentedn [4]. We give anoverview of the relatedtheoryandcomputa-
tionaltechniquesn technicareport[10].In thispaperwe shav thattheoptimalbatterymanagement

problemfalls within the purview of the stochastishortespathproblem.

A. Mathemattal Formulation of Systentvolution

We will usethe systemdescriptionsand assumptnsintroducedin Sectionll here. We repre-
sentthe stateof the systemattime asa -tuple , Where

are the remainingchage and capacityfor cell  at time

Then,the systemhasatotal of  possiblestateswhere . The
initial stateis . At eachtime thesystemchoosescell amongsthose
active ( ), to sene a paclet of size  where for all slots and
nonngaive integers and aremutuallyindependent. A batterymanagemenpolicy is a

rule whichin everyslot chooseghecell for servinga paclket asa functionof the systemstate

For notatimal corveniencewe assumehata cell is selectedevenwhenthereis no paclet to send
(i.e., ). However, no cellis dischagedin thiscase.Thenext state of thesystendepends
onthesizeof thepaclet ,thechosercell andtherecoveryprocesdor all thecells. Theamount
of chagerecoveredbycell inslot is Notethat  caneitherbe or , if cell senes
apacletin slot otherwise is or dependingonwhetheror notthe cell recoversa chage
unit. Thetransitionprobability from state to state undercell selection depend®nthe

recovery probabilty de nedin (1) for everycell , andthe probabilty distribution for the
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size of the paclet . We introducesomenotationsfor describingthe transitian probabiliies
. Let

Let and Let and

Thus is the setof cells which recover chage, and

is the setof cellswhich do not recover chage. For exampk, considera 3-cell systemand

, and . Then, and

if
(2)

if

if
Also, for ary otherstate The transitionprobabilities can be explainedasfollows.
Sincecell isselectedor dischaging, if apacletof size arrives(with
probability ). Any othercell doesnotloseary remainingchageor capacity (thus ) and
may or may not recover. In the rst case, (w.p. ) andin the latter case
(w.p. ) (case(a)). However, if no pacletarrives(w.p. ), thencell can

alsorecover andtherecovery eventis similar to thatof the others(casegb) and(c)).

We assumehatthe cell selectionis independenof the sizeof the paclet. If the statede nition
is expandedto include the possibé paclet sizes,thenthe sameframewvork provides the optimal
stratgy which considerghe cell sizesin the decisionprocesqunderthe assumptn thatthe sizes
canhave a nite numberof differentvalues). The linear compleity optimal algorithmpresented
in the next sectiongeneralizego this caseaswell. The size of the statespacewill increaseby a
factorof  where is the total numberof possilte paclet sizes. We alsoassumethat if a cell
dischagescompletelywhile servinga paclet, therestof the pacletis not sened by any othercell.
This assumpbn affectsthe serviceof only thelastpaclet senedby eachcell,i.e., pacletsin all,
which constituesa negligible fraction of the total numberof pacletssenedin practicalscenarios.
We do not expectthe optimalenegy to changenoticeablyif thisassumpon is relaxed.

Theenepgy deliveredby thebatteryattime is equalto the minimum of the paclet sizeandthe
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remainingchage of the scheduleccell. Thus,the averageenegy deliveredin state undercell

selection is givenby:

3)

The objectve is to choosethe cell at eachslot suchthat the expectedcumulatve enegy is
maximized. The choice of the cell dependson the stateof the system. Let denotethe
optimal expectedeneny if the systemstartsfrom state . The objectve is to computethe op-
timal cell selectionrule  which attainsthe enepgy for each . We rst illustrate the

stateevolution with an example. In caseof a two cell battery we canrepresenthe stateof the

systemas . Assune that a paclet of size arrivesandthe rst cell
is chosento sene this paclet ( ). Thus, the state will be given by the following
relation: If , the next stateis

, Where Theenegy obtainedequals
and respectrely.

B. Justication for usingStodadic ShortesPath Problem

We will now justify thatthe optimal batterymanagemenroblemfalls within the purview of the
stochasticshortestpathproblem. The rst obsenationis thatthe total numberof possiblesystem
states is nite. Next, giventhecurrentstateandthe cell selectionthefuture stateis independent
of the paststatesand cell selections This follows from the systemevolution andthe factthatthe
paclet sizesareindependentrom slot to slot. The systemterminatesvhenthe batteryexpires,and
this happensvhenall the cells are fully dischaged. Recdl thata cell is fully dischagedif the
remainingchageis Thusary state where for each is aterminaton
state. Let denotethe setof termination states. Note that oncethe batteryreachesa state

, it remainsthere and can not deliver ary more enegy. We argue that the systemreades
with probability underany discharge policy. This is becauseof the following reasons:(a) we
consideronly work conservingpolicieshereanda work conservingpolicy alwayssenesa paclet
aslong asthe batteryhasnot expired (b) a cell candeliver at most unitsof chage ( cannot
increasen subsequerglotsasperthesystemevolution) andthusthebatterycandeliver at most

units of chage (c) thereis a nonzeroprobability of paclet arrival in every slot ( ) andeach
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paclet consumestleastoneunit of chage. Thusthe batterymanagememroblemsatis esall the
characteristicef the stochastishortespathproblem[4][10].
C. Formalizationof the Optimal Solution

Sincethe battery managemenproblembelongsto the broadclassof stochast shortestpath

problems,the optimal enegy and cell selectioncan be obtainedby solving Bellman's equation

givenin [4].
Proposition1: The optimal expectedenepy for a state satis es Bellman's equation
givenbelon?!
4)
where is the setof active cellsin state and is givenin (3). A cell selectionfunction
is optimal if andonly if
5)

Standardechniquedik e valueiterationandpolicy iterationmay be usedto solve Bellman's equa-
tion[4][10]. However, thesegeneralmethodsare not suitabk for systens with a large statespace,
suchasin our case.For example,when . Thevalueiteration
methodis aniterative procedurevhich may needa large numberof iterationsto corverge (poten-
tially in nite), and eachiteration hascompleity On the other hand, the policy iteration
methodinvolves iterationsin theworstcasewhere is thetotal numberof possiblepolicies(
is ) andeachiterationrequireghesolutionof atotalof  linearequationsvith  variables
[12]. Thus,the overall complity is which is large in general,evenfor small
valuesof In thenext sectionwe shav how to solve (4) (andtherebyobtainthe optimal policy)

in overall, exploiting the speci ¢ characteristicef the batterymanagemengystem.
Theoptimumexpectedenegy canbede ned as wherethemaximization

is overall policies apolicy chooseghecell if thestateis inslot [4]



10

IV. A LINEAR COMPLEXITY ALGORITHM FOR COMPUTING THE OPTIMAL STRATEGY

In this section,we designa simpli ed computatiom schemewhich obtainsthe optimal strateyy
in linearcompleity ( ) (subsectiontV-A). Subsequentlyin subsectionV-B we will discuss

somesalientfeaturesof the computatimal framework.

A. Designof thelinear compleity computatiortechnique

We obsenre that whenthe systemis in state thereis only a limited numberof statesthatthe
systemcanmove to from state , underary cell selection.Note thatthe systemmay remainin the
samestate with someprobability Let denotethe setof next stateghe systemcanmove to
from state , except , if cell isselectedi.e., Notethat
canbe computedasin (2). Since for all , Bellman's equation((4)) canbe

rewritten as:

since

Thus, (6)

where (7)

Intuitively is theenepy deliveredif cell is choserwhenthesystemisin state .

We de ne . Accordingto (6) the optimal enegy canbe computed
if we know for all Using speci ¢ propertiesof the batterymanagemenproblem
and(6), we will presentanalgorithmwhich compues sequentiallysuchthat is already
computedor all beforecomputng

Wenow describaheset usingthetransitian probabilitesgivenin (2). Let

thenastate isin if andonlyif: (a) (b)
and(c) and (d)
forall For example,in a2-cell system|f

then
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We denoteas the difference betweenthe remainingcapacityandthe chage of a

cell , whenthe systemis in state . For example,for a 2-cell system and
Thekey pointto obsenreis thatfor all cells andstates in either

or Since canbecomputedusing(6) only if is known for all

in ourapproachs to initially computethe for thestates which have lowervaluesof

these functions,andsubsequentlynove to the stateswith highervaluesof thesefunctions.
We alsousethefollowing additionalpropertiesof the optimal enegy functions atdifferent
stagef thecomputaton.
Property 1: Fromsymmetry
For example, Thissymmetryreduceghenum-

berof statedor which we needto computethe optimal enegiesby afactorof

Property 2. Also, For exampk, This follows
from theobsenationthata batteryin state candeliver atleast unitsand
atmost units. Notethat for all cells Thus,we know the optimal

enegiesfor the stateswith zerovaluesof the  functionswithoutany computirg, andwe usethese
known valuesto computethe optimal enegiesof otherstates.
Property 3: We alsoknow that for arny terminationstate . Also,
This againfollows sincea cell
with remainingchage cannotsene ary furtherpaclet.

We presentour computatbn techniquein Figure 2. For simplicity we describethe technique
for the cell caseonly, i.e., . This'is for easeof presentationandthe generalizatiorfor
themultiple cell caseis straightforward. In technicalreport[10] we alsonumericallycomputethe
maximumenepgiesfor alargernumberof cellsusingthis basicapproach.

In Fig. 2 theterms and aretheindividual termsin the maximizaton in
theright handsideof (6) andcanbe compuedusing(7).

Example : Wenow illustratetheoperationof ourtechnique We considera batterywith cells,
nominal capacity andtheoreticalcapacity This examplewill shov the sequence
of computationanddemonstrat¢hatwhenthe algorithm computes it alreadyknows

for all states The overall sequencef computations
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ProcedureOptimal_Enegy()

begin
for toC-Ndo
for i=1to N do
for to do
if ( ) then
last=N;
else
last=;
for k=0to lastdo
I=k+
[*START OF BLOCK 1%
, Where aregivenin (7)
if then
else
/* END OF BLOCK 1%/
end
Fig. 2. Computatiorof optimd enegy andcell selectionprocedurefor a systemwith two cells.
Theoptimalenegyis rst computedor thestate (
). Here , asarny work conservingpolicy usescell to sene a paclet. Now,
and Now, canbe computed
asthe optimal enegiesfor all statesn areknown, , ac-
cordingto properties and Inthesecondteration iscomputedNow,
We have and Note
that is known for all in from the previous iteration and properties(IV-A)

and (IV-A) of the function Similarly, the optimal enegies for the rest of the statesare
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computed. For example,whenwe compue the enegies for the state , we have
and
. The optimal enepies for all the above statesare
known from the previous iterations(refer to the sequenceof computatbns given above) and by
usingthesymmetryproperty of
Proof of corrednessof the technique: We needto shav thatthe techniquegivenin Figure2
computeghe optimalenegiesfor eachstate Notethatthe algorithmcomputes
the enepiesfor states with and if . The rst

guestionis whethertheoptimalenegiesof all otherstatescanbe computedusingthesevalues.This

follows from properties to of andthefactthat for all cells Theamgumentis

asfollows. The algorithmdoesnot compute if (a) orif (b)

and or and Considercase(a) rst. Let Note

that Thusthe algorithmcomputes andwe know that from

symmetry Now considercase(b). Let Again, the algorithmcomputes andthus
is obtainedfrom symmetry Finally, if from condition

andneednotbe computedseparately

Next, we needto shav thattheenegiescomputedyy thealgorithmaretheoptimalenepgies

which satisfyBellman's equation(4). Note thatthe computationof in Figure 2 follows (6).
Thus,we only needto shav that for all is computedbefore We shaw this by
induction Thebasecaseis andtheresultholdsfor asarguedin the previous

example. We assumehat all statesconsideredbefore satisfythis property We shaw that the

resultholdsin the inductioncasefor state by addressingeveral subcaseseparately Note that

for ary Thus,the subcasesve have to consider
are: (a) (b) (c)
and(d) Let
For the rst subcase Note that asacell cannot

recoverchageotherwisegrom (1). Fromthecomputatbn sequencef thealgorithm beforeary state
is consideredall states areconsideredf Sincethe

algorithmis trying to compute for state As such,
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Thusthe state hasbeenconsideredTheresultfollows.

We considerthe secondsubcaseow. Let Here,
or for some (Notethat as for any ). For
the rst case, is compuedbefore,as and Considerthe
secondcase. Againif is computedbeforeas and
Let (Notethat since is beingconsidered)If
isconsideredbefore Let Notethat since and
is beingconsideredConsider Notethat
and If thensince
and is consideredefore. Also, from the symmetryproperty
Thus is known. Now, let Thus, and
Clearly is consideredefore since Thus, andhence

is known by symmety. Theresultfollows.

We considerthethird subcas@ow. Let Now,
Let In this case, Also, Thus

is compued before. Now let Thus, If
and Thus, and is known. Let,
If is computedefore.Otherwisgi.e., if )
is computedbeforeand from
symmetry Finally let (Note that asthe algorithmis trying
to compute ). It follows that Consider . Thus,
and Thus, andhence is known by

symmetry Theresultfollows.

We considerthefourth subcaseow. Let Now, If
then andthus as (Thelastinequalityholdsas
thestate isbeingconsideredurrently).It followsthat since for all states
Thus, andhence is known. Now, let Since
is computedbefore only if (a) or (b) and

If thencondition (a) holdsas Otherwise,
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(i.e.,if ) since Now, since
and is beingcomputed.Since by assumptia, and

hence Thuscondition(b) is satis edin this case.Theresultfollows.

B. Discussbn of SalientFeatues

Notethatthe algorithm*visits” every state at mostoncewhenit encounterstate in Block 1

in Figure2. The computatio compleity of dependon the size of Note that
is at most if pacletscanhave differentsizes. In practice,the numberof cells
is a small constantandnormally lessthan  Similarly, Thusfor all practicalpurposes,

canbe assumedo be a constant. Thus, the compl«ity is linearin size of the statespace
. The storagerequiredfor this algorithmis However, it is possble to reducethe storage
substanally with certainobsenations(e.g.,the2-cellcaseneedsastorageof
only?, whereas )[10]. Wewould like to pointoutthatthis stratgy
can be computedof ine and thus a node can executethe optimal cell selectiononly by a table
lookup procedure.The lookuptablewill needto storethe optimal cell selectionfor states,
andthe lookup compleity will alsobe Now, canbelargefor realsystems. Thus,we
believe thatthe principal useof this optimum stratgy will be asa“benchmark”for comparingthe
performanceof online suboptimal stratgieswith the optimalenegies. For example,we proposea
simple suboptinal policy in SectionV which canbe usedto choosethe cell in an online fashion,
andsubsequentlye usethecomputatiorpresentedhereto shav thatthesuboptmal policy delivers

nearoptimumeneny.

Even thoughthe computatio compleity is linearin itself can be large for moderately
largevaluesof and ( ). However, we could still computethe
optimal strategy in order of minutesfor usingan Ultra-SFARC SUN

machine.The standardsalueandpolicy iterationtechniqguesvere consuming several hours(more
than  hours)for the samenumbers. We could also computethe optimal strategyy for moderate
valuesof and for

The compuational framewnork andthe techniquepresentecheremalke no assumptn aboutthe
Storagecanbe saved during computationif is not storedfor all the states all throuch the compuation. Rather is

storedin primary storageonly until it is requiredfor compuing for some
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pacletsizedistribution, exceptindependencef the paclet sizesfrom slotto slot. Thus,thecompu-
tationscanbeusedfor alargenumberof differenttraf c models.We presentesultsfor two different
sizedistributionsin SectionV andwe obsenethattheoptimal enegy obtainedcanbequitedifferent
for differentsizedistributions. Note thatthe padet sizedependn the transmssionpowerwhich
in turn depend®n thetransnissionconditions andthe transnissionconditionsmayhavedifferent
distributionsfor differentscenariosn the wirelesscase Thus,it is importantto accommodatelif-
ferenttraf c distributionsin the optimd framewvork. Realistically transmssionconditonsneednot
beindependenin differentslots. However, this techniquecanbe generalizedo captureMarkovian
dependenciem pacletsizes.This stratgy canalsobe usedfor differentrecovery probabilities.
Finally, the framevork andthe linear compleity computatbn techniquepresentedereare not
restrictedto computaibn of the maximum enegy. The samestratey canbe usedto obtainthe

enepy attainedby mary othercell selectiorpolicies.We illustratethisin the next section.

V. A SIMPLE SUBOPTIMAL PoLICY (MC)

We considerasimple schedulingpolicy whichaimsto ef ciently choosehecell to bedischaged,
soasto approximatehe optimal. Thechoiceof thecell depend®ntheremainingchageof all cells.
More speci cally, theincoming pacletis assignedo the cell with the maximumremainingchage.
It is possilbe to instantlymonita the level of chagein eachcell usingsmartbatterypackage$3].
We denotethis policy asthe “Maximum Chage” (MC) policy. We will shov numericallythatMC
attainsnearmaximum lifetime by using the batterystateinformation in choosingthe cellsin an
intuitive manneyandsignicantly improves uponthelifetime attainedoy RR proposedn [3]. It is
worthwhileto notethatunlike MC, RR doesnot usebatterystateinformationin choosinghecells.

We computethetotal enegy deliveredby the MC stratgy usingthetheoryof stochast dynamic
programmingonceagain.We rst introducethe conceptof stationarypolicies. A stationarypolicy
is onein whichthecell selectiorpolicy doesnotchangewith time, andthe actualselectiondepends
on time only throughthe statevalue, e.qg.,if the stateis the samefor two differentslots, thenthe
selectionwill also be the samefor theseslots undera stationarypolicy. Note that the optimal
policy which satis es(5) is statiorary. Let stationarypolicy choosecell in state Fromthe

stochasticshortestpathframenork [4], the enegy obtainedby a statiorary policy  startingfrom
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state isgivenby:

(8)
where is givenin (3).
Next, arguingasin thederiation of (6) from Bellman's equationwe have
9)
This is similar to (6). Thuswe usea techniquesimilar to Fig. 2 to compute , for ary

stationarypolicy . Theonly modi cation is to replaceblock 1 by (9). Obsenre thatthe MC policy
is stationaryandthuswe canusethis techniqueto computethe expectedenegy obtained
by the system startingfrom state .

TheideabehindMC is thatit providesan ef cient way to dischage the cells, sinceit allows
the “most dischaged” cells to recover. Intuitively, it shout perform closeto the optimal. We
corroboratehis obsenation with the numericalresultspresentedn Figs. 3 and4. Also, MC is easy
to implementasit doesnotneedary tablelookupasopposedo the optimal strateyy.

We now describethe numericalandsimuation performancesvaluaton of MC. We considerthe
performancemetric whichis theratio betweerthetotal numberof chage unitsdelivered (A) and
the maximumnumberof chage units that can be deliveredby a batteryof  cells, ( ), i.e.,

We rst describethe differenttraf c modelswe will use. Firstly, we considera Poissontraf ¢
model. Herethe probabilty thata paclet of size arrivesis ——, where istheaverage
paclet size. We alsoconsidera differenttraf c model,wherepacletsarenormally of size 1 (with
probability ) but occasionallyhave alargersize (“burst”) with probabilty
Also, the probability of zeroarrivalsis . Thismodelcorrespondso a realisticscenario
wheretransmisgins are usually good exceptoccasionallydueto “fading”. Whenthe channelis
good,only onechage unit is requiredto transmi a paclket. During fading,the enegy requiredto
transmita pacletwill belargerandequalto .

In Fig. 3we considerPoissortraf c. We comparehe performanceatio for the optimal policy
andtheMC policy asafunctionof theaveragepacletsize , for thecaseof cells.We choose

the parameteraluesas and , basedon the parametechoicesn [3]. We alsogive
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the resultsfor . As we canseein Fig. 3, MC closelyfollows the optimal. For
verysmall , sincethecellsareallowedto restfor longerperiods,bothpoliciesperformwell. For
to , MC differsfromtheoptimalby atmost In otherrangesthey arevery closeand
the curvescannot be distinguished.For larger , the performancdor bothpoliciesis signi cantly
reduced.Especiallyafter , Islessthan0.5 for both policies. This is becausavhena cell
recoversit canonly gainonechageunit, but when morethanonechageunitsaredischaged
for anaveragepacilet.
In Fig. 4 we plot asafunctionof the probability of zeropacletarrival  for the optimal and
MC, for “bursty” trafc, where , , and . MC is performing

closeto the optimal in general.Notethatthe performancef bothMC andoptimal aresigni cantly

worsefor ascomparedo . The performancas alsoworsecomparedo the Poisson
trafc. For example,for averagepaclet size the optimal gives for Poissortrafc,
and for burstytrafc, for and respectrely. This canbe explainedby the

factthatthe probability of large pacletsis higherfor burstytrafc ascomparedo Poissonandit
increasesvith .

We now comparethe performancef MC with RR presentedhn [3] usingsimulaton. In Figure5,

the resultsfor and aregiven for Poissontrafc, while Figs. 6-7 presenthe results
for burstytrafc, for and . In all caseswe choose , or , and
we plot thepercentagelifference(—— ) asafunctionof theaveragdoadpercell

for Poissortrafc andasafunctionof  for burstytrafc. Whentheloadis low, the cell selection
is not critical andseveral policieswill performwell. Onthe otherside,whentheloadis highthen
the batterylifetime will below, irrespectve of the cell scheduling.Thus,the critical region is for
intermediatdoad,wherethe appropriatecell selectioncanmake a differencein the attainedeneny.
MC signicantly outperformsRR in this region, for bothtrafc models.In caseof Poissortrafc,
the differencereacheshigh valuesfor , €.0.,the differenceis abose 100%for
andload (Fig. 5). Thetrendsare similar for thoughthe percentage

differences smalker thanin the caseof

In caseof burstytrafc, theresultsin Figs. 6-7 shav thatMC attainsanimprovementof up to

35%when andup to 165%when . When is large, the performanceof RR decreases
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Fig. 3. Perfamanceratio of OptimalandMC for and , asafunction of the averagepaclet size
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Fig. 4. Perfornanceratio of OptimalandMC for , anddifferert valuesof burstsize( ) asafunction

of the probability of zeropacletarrivas, for Bursty Traf ¢

rapidly while MC still performswell, evenfor heary load. This canbe explained by the factthat
whena paclet of larger size arrives, the RR policy may assignthe burstto a cell thatis closeto
being completelydischaged, thus quickly draining off all of its enegy. However, MC carefully
assignghe large burstto the cell with larger chage andthusit dischagesthe cellsin a morefair
manney allowing themalongerperiodto recover. In asequelpaper[1l]we invegigatesereral other
sophisicatedsubopimal batterymanagemenpoliciesandshowv thatMC out-performsall of them.

We omit thedescriptiondhereon accountof spaceconstraints
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Fig. 5. Percentagdifference(—— ) of MC andRR for and , asafunction of the
averageloadpercell ( ), for PoissonTrafc. The rst gure shavsthe casewith andthesecondgure
with
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Fig.6. Percentagdiffererce(—— ) of MC andRR for and , , , asafunction

of the prokability of zeropaclet arrivals, for Bursty Trafc. The rst gure shaws the casewith andthe

secondgure with

VI. CONCLUSION AND FUTURE RESEARCH

In this paper we obtainan optimal batterydischage policy, for maximizingthe lifetime of the
power-limited wirelessterminals We use generalresultsfrom stochasticdynamic programming
framework andalsoexploit speci ¢ characteristicef thebatterymanagementroblemto designthe
optimal solution. Eventhoughthe computationcomplexity of the optimalis linearin the number
of systemstatesthe computatbn may becomeprohibitive on accountof the large size of the state

space Next, we designacomputatonally simpledischagestratgy (MC) andshawv thatthelifetime
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Fig. 8. Stochastienodelof a batterycell

attainedby this policy is closeto thatof the optimal.

Transnissionis the mostenegy consumng actionof a wirelessdevice, andtransmisionenegy
requirementgpaclet sizein our notation)aredeterminedn the MAC andthe physcal layers. An
interestingareaof futureresearchs to integratethe batterymanagemendéchemewith theselayers.
Conceptuallythe architecturewill beasshowvn in Figure8. Thechallengds to designthemessage
exchangesequencdetweenthe batterysoftware andthe MAC and physcal layers,and actually
implement sucha protocolin a wirelessdevice. This s likely to give rise to mary new systems
issuesaswell, andis beyond the scopeof the currentpaper Anotherpossbility is to decidethe
transmisen power requirementsn the higherlayerskeepingin mind the batterydischage charac-
teristics,whichis againaresearchareaby itself. Finally, it would alsobeinterestingto take a fresh

look atthe routingandscheduliig stratgiesin a network scenarian view of the batterydischage
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characteristics.
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