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A Framework for OptimalBatteryManagement

for WirelessNodes

Saswati SarkarandMariaAdamou

Abstract

The focusof this paperis to extendthe lifetime of a batterypowered node in wirelesscontext. The lifetime of a

batterydependsonboththemannerof dischargeandthetransmissionpowerrequirements.We presenta framework for

computingtheoptimaldischargestrategywhichmaximizesthelifetimeof anodebyexploiting thebatterycharacteristics

andadaptingto thevarying power requirementsfor wirelessoperations. Thecomplexity of theoptimalcomputationis

linearin thenumberof systemstates.However, sincethenumberof statescanbelarge,theoptimalstrategy canonly be

computedof�ine andexecutedvia a table-lookup. Wepresentasimpledischargestrategy whichcanbeexecutedonline

withoutany tablelookup andattainsnearmaximum lifetime.

I . INTRODUCTION

Wirelessnetworksconsistof smallportabledevices,suchasPDAs, mobilephones,headsets,etc,

which have limited processingpower andbatteryenergy. Messagetransmissionconsumessignif-

icant energy, andthe transmission energy requirementsvary with time dependingon the channel

conditions. Thus,oneof themostimportantchallengesin thedesignof wirelessnetworksis to pro-

vide power managementtechniqueswhich arelow costandcomputationally simple. Theresearch

performedin this areaprimarily aimsto reducethe energy consumption at thehardwarelevel [9],

andat differentlayersof thenetwork stack[8]. An alternateapproachis to increasethelifetime of

thebatteryof amobilenodeby usingenergy ef�cient batterymanagementtechniques.

A batteryconsistsof severalelectrochemicalcells from which power needsto bedrainedwhen

thenodetransmits a packet. Whena cell is allowedto restin betweendischargeperiods,it is able

to recover partof its charge,thanksto thediffusionmechanism[3], thusthetotal energy delivered
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is increased.A batterydischarge policy decideswhich cells shouldserve the packet and which

cellsareallowedto rest. Analytical andsimulation resultspresentedby Chiasseriniet al.[3] show

that the discharge policies have signi�cant impact on the batterylifetime. For example,Round

Robin(whichweabbreviateasRR)schedulingschemecansigni�cantly improvethebatterylifetime

as comparedto usingall cells simultaneouslyfor eachpacket [3]. In addition, [3] statesthat it

is possible to implementmany different discharge strategies, usingsmartbatterypackages[11].

Our goal is to �nd an optimalbatterymanagementpolicy thatmaximizesthedeliveredenergy by

exploiting therecoverycapabilityof thebattery, andadaptingto thevaryingpower requirementsof

wirelesstransmissions. Chiasseriniet al. actuallymentions this asan interestingopenproblemin

thewirelesscontext [3].

The contribution of the papercan be summarizedas follows. We develop a methodology for

obtainingthe optimal policy for discharging the cells of a batteryusingstochasticdynamicpro-

gramming.Thecellsareoptimally scheduledto serve thepacketsandtherecovery processis fully

exploited. In general,theformalizationof suchsystemscanbeverycomplex andinvolves thesolu-

tion of a largenumberof linearequations.Theoverall complexity is
���������

, where
�

is thesize

of thestatespaceof thesystemandthis sizeis usuallyvery large for real systems. Usingthespe-

cial propertiesof our systemwe developa linearcomplexity (
�����	�

) algorithmfor computingthe

optimal. By applyingthisalgorithm, theoptimal policy canbecomputedof�ine andexecutedusing

table-lookup.Furthermore,theknowledgeof theoptimal canbeusedto evaluatetheperformanceof

onlineschedulingpolicies.We proposea simpleonlineschedulingpolicy which canbeusedwith-

outany table-lookup. Weshow analyticallyandby simulationthatoursimplepolicy performsclose

to theoptimal andconsiderablyimprovesover theRR policy proposedin [3]. Theimprovementis

around20%in generalandin somecasesevenhigher.

Therestof thepaperis organizedasfollows. In SectionII we describethebatterymodelandthe

discharge procedure.In SectionIII we presentthe generalframework for computingthe optimal

batterymanagementpolicy. In SectionIV wegiveour linearcomplexity computationtechnique.In

SectionV wepresentthesimpleonlinesuboptimalpolicy anddescribehow it canbeevaluatedusing

thegeneralframework. Wealsoevaluateits performanceby numericalcomputationandsimulation,

for differentvaluesof batterycapacityandtraf�c models. Finally, our conclusionandfuturework
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Fig. 1. The�gure represents thestochasticmodel of a batterycell with ���������	��

� Thehorizontal axisrepresents

theremaining charge � andtheverticalaxistheremaining capacity��� Thecell has��� states.Weshow thetransitions

amongstateswith ����� only. Theself transitionshavebeenomitted.Thetransitionprobabilitieshavebeendepicted

for thestateswith �����
�

arediscussedin SectionVI.

I I . SYSTEM ASSUMPTIONS AND OBJECTIVES

We arefocusingon the lifetime of a singlebattery-poweredwirelessdevice which we refer to

asnode. In this section,we describethe batterymodelandthe discharge procedure.Our model

is similar to that of [3]. A batteryis de�ned as a groupof � electro-chemicalcells electrically

connectedin a serialand/orparallelarrangement.The ”theoreticalcapacity” ( � ) of a cell is the

maximumenergy it candeliver. A cell candeliver � unitsonly if all theavailableactive material

of the cell is used.The ”nominal capacity”of a cell ( � ) is the total energy it candeliver undera

constantcurrentdischarge. Whena packet needsto betransmittedby thedevice, a certainnumber

of chargeunitsneedto bedischargedfrom thebattery, from oneor moreof its cells. Whena cell

is not beingdrainedit canrecover onecharge unit with a certainprobability, dueto the diffusion

process[6]. As a result, the actualenergy deliveredby a cell, during its lifetime, is between�

and � chargeunits. It delivers � chargeunitsif it doesnot recover any charge,while it delivers �

unitsundermaximum possible recovery. Theproblemweinvestigateis how to ef�ciently assignthe
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Symbol Meaning
�

theoreticalcapacity
�

nominalcapacity
�

numberof cells
�

totalnumberof states
�������	��

�����

�
�

���
�



�������

��� remainingchargeof cell �

��� remainingcapacityof cell �

���

�

��� �����

�

recovery prob. of cell � in state( ��� , ��� )
!#"$�&%'�

optimalenergy of thesystemwhenin state
%

(

"

optimalcell selection

)+* prob. of arrival of apacketof size ,

��-/.

�

�

�

transitionprob. from state
%

to state0 undercell selection�

1

setof terminationstates
2

3

�&%

�

�

�

avg energy obtainedin state
%

under cell selection�

TABLE I

NOTATION

packetsto thecells.Theobjective is to optimizethechargerecoveryprocessandthusmaximizethe

totalenergy deliveredby all thecells.This in turnmaximizesthebatterylifetime.

We assumethata cell is modeledby a stochastic processwith a two-dimensional statespaceas

shown in Figure1. For eachstateof thecell 4 , denotedby
�6587�9;:;7 �

, wede�ne
5<7

to betheremaining

chargeand
:;7

theremainingcapacityleft in thecell. In otherwords,
:=7

is thedifferencebetweenthe

maximumtheoreticalcapacity� andthetotal chargeunitsdischargedsofar from thecell. Initially,

eachcell is fully chargedwith � chargeunits,andtheremainingcapacityequals�?> Thustheinitial

stateof a cell is
�

�

9

�

�

. Thestatespaceconsidersonly thosestatesfor which theremainingcharge
5

doesnot exceedtheremainingcapacity
:

> This is motivatedby thefactthatthemaximum energy

delivered by a cell is upperboundedby its remainingcapacity. Eachcell now has
�

�A@CB

� �

�ED

�GF#HI@JB

�

states.

Weconsiderslottedtime. A packetis theportionof amessagewhichthedevicewishesto transmit

in oneslot. The“size” of apacket is thenumberof chargeunitsrequiredto transmitthepacket,and

therequiredchargedependsonthepowerrequiredfor thetransmission. This in turndependsonthe

transmission conditions,thedistanceof thedestinationand�nally thenumberof bits in thepacket.
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The exact dependencehasbeenstudiedextensively in [2], [5]. In general,whenthe transmission

conditions arepoor, or thenext hopnodeis fartheraway, or thepacket hasa largernumberof bits,

thepacketneedsto betransmittedathigherpower, andassuchit hasa largersize. Weassumethat

thesizeof apacket is � , ����� , with probability ���=> If �	���

9

thenthereis nopacket to betransmitted

in theslot. Weassumethat ��
�� B#>

Whenacell 4 in state(
5 7/9;:;7

) delivers � unitsof charge,it movesto thestate(
5 7

D
� ,
:;7

D
� ). A cell

4 is fully discharged(or “inactive”) whenits chargebecomeszero(
587

���

9

notethat
:+7

��� implies

that
5 7

��� ). A batteryexpireswhenall its cellsarecompletelydischarged. A cell that is in state

(
5 7/9;:;7

), ���

5 7

�������

� :;7�9

�

�+9;:;7

� �

9

in a slot,andis not servingapacket,mayrecoveronecharge

unit andmove to thestate(
5 7

@JB

9;:;7

) with probability ���

�65 7�9;:;7 �+9

where

���

�65 7�9;:;7 �

�

��

�

�

�

�� �"!$#&%(')!$*,+.-/!102%435+�-

9

B76

5 7

�������

� :;7�9

�

�+9;:;7

� �

�

9

otherwise
(1)

In thisequation8 is aconstantthatdependsonthedischargeprocessof thecell and 9

�.: �

isastaircase

functionwhich decreasesastheremainingcapacityof thecell increases.For example,if �;�CH<�=� ,

9

�.: �

� B?> > @ for �A6

:

6;> , 9

�.: �

�;� > B for >C6

:

�EB2�=� , 9

�.: �

�;� > �=� H=> for B2�=�A6

:

�EB2DE> . Note

thata cell 4 cannot recover any chanrge if
5 7

�

:;7

> Also, (1) indicatesthat therecovery capability

of a cell decreasesexponentially asmorechargeunitsaredrainedfrom thecell andtheremaining

chargeandthecapacitydecrease.

Thebatterydischargepolicy decideswhich cellsshouldbedrainedto serve anincoming packet.

We consideronly work-conservingdischargepolicies,which alwaysserve an incoming packet, as

long asthereis an active cell in the system. A packet canbe servedby oneor several cells. Chi-

asserinietal.[3] showedthatthelifetimeof thebatterysigni�cantly improvesif eachpacketisserved

by only onecell, while theothercells recover. Thus,we assumethat for eachpacket transmission

the necessarycurrentis drainedfrom just onecell. The discharge policy considerablyaffectsthe

total numberof packetsthatcanbetransmittedduringthenode's lifetime. Considera batterywith

only two cellsanda packet of size B arriving in every time slot. A possibledischarge policy is to

assignall thepacketsto onecell until it is completelydischargedandthenusethesecondcell. In this

case,only a total of H � packetswill betransmittedbeforethebatteryexpiressincethecellsdo not

recoverany charge,while themaximumlimit is H � . On theotherhand,apolicy whichusesthecell
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thathasthe larger remainingchargeallows bothcells to recover charges,andthusthe total energy

delivered will be closeto H �?> Intuitively, an ef�cient batterymanagementpolicy should take into

accounttherecovery probability of eachcell, which dependson its remainingchargeandcapacity,

as(1) shows, soasto fully exploit therecoverymechanismof thebattery. Ourobjective is to provide

an optimal policy that ef�ciently selectsa cell for an incomingpacket so asto maximize the total

energy deliveredby thebatterybeforeall thecellsarecompletelydischarged.

I I I . A FRAMEWORK FOR OPTIMAL BATTERY MANAGEMENT

Wewill presenta framework for computingtheoptimal batterymanagementpolicy usingthethe-

ory of Markov decisionprocesses(MDP)[4]. Morespeci�cally, wewill usethetheoryof “stochastic

shortestpath” problem,presentedin [4]. We give an overview of the relatedtheoryandcomputa-

tionaltechniquesin technicalreport[10].In thispaper, weshow thattheoptimalbatterymanagement

problemfallswithin thepurview of thestochasticshortestpathproblem.

A. Mathematical Formulationof SystemEvolution

We will usethe systemdescriptionsandassumptionsintroducedin SectionII here. We repre-

sentthe stateof the systemat time � asa H � -tuple ��� �

�65��

�

9;:��

�

9

> > >

9 5��

�

9;:	�

�

�

, where
5�


� �

�

9

> > >

9

�����

� :�


�

9

�

�+9;:�


� � �

9

> > >

9

� are the remainingcharge and capacityfor cell 


9

at time � .

Then,the systemhasa total of
�

possiblestates,where
�

�

� �

�A@ B

� �

�ED �GF#H?@CB

� �

�

. The

initial stateis � 
 �

�

�

9

�

9

> > >

9

�

9

�

�

. At eachtime � thesystemchoosesa cell 
�� amongstthose

active ( ������� B

9

> > >

9

��� ), to serve a packet of size ���

9

where ���

�

����� 4

�

� �

7

for all slots � and

nonnegative integers 4 and �

� 9

���

9

> > > aremutually independent. A batterymanagementpolicy is a

rule which in everyslot � choosesthecell for servinga packet asa functionof thesystemstate��� >

For notational convenience,we assumethata cell is selectedevenwhenthereis no packet to send

(i.e., ����� � ). However, nocell is dischargedin thiscase.Thenext state�����

�

of thesystemdepends

onthesizeof thepacket ��� , thechosencell 
�� andtherecoveryprocessfor all thecells.Theamount

of chargerecoveredby cell � in slot � is �E��� > Notethat �E��� caneitherbe � or B , �=��� ��� if cell � serves

a packet in slot �

9

otherwise�$��� is B or � dependingon whetheror not the cell recoversa charge

unit. Thetransitionprobability ���� 

�




�

from state� to state! undercell selection
 dependson the

recovery probability � �

�65 7�9;:;7 �

de�ned in (1) for every cell 4 , andtheprobability distribution for the
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sizeof the packet �"�E� � . We introducesomenotationsfor describingthe transition probabilities

� �� 

�




�

. Let � �

�65��

�

9;:��

�

9

> > >

9 5�


�

9;:�


�

9

> > >

9 5��

�

9;:	�

�

�+9

! �

�65��

 

9;:��

 

9

> > >

9 5�


 

9;:�


 

9

> > >

9 5��

 

9;:	�

 

�

>

Let
5 7

 

�

�

5 7

�

9 5 7

� @EB � and
:;7

 �

:;7

�

9

4�� � 
 > Let � �� 

�




�

� �'4�� 4�� � 


9 5 7

 �

5 7

� @ B � and
�

�� 

�




�

� �'4��?4	� � 


9 5 7

 �

5 7

� � > Thus � �� 

�




�

is the set of cells which recover charge, and
�

�� 

�




�

is thesetof cellswhich do not recover charge. For example, considera 3-cell systemand

�
�

�

B

9

H

9

H

9�
 9
� 9

>

�

, !��

�

H

9

H

9

H

9�
 9
� 9

>

�

and 
A� H . Then, � �� �� � B � and
�

�� �� �
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�
�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�
�

�����

7����

-/.

%




-

���

�65 7

�

9;:;7

�

�

�

7����

-/.

%




-

�

BID ���

�65 7

�

9;:;7

�

� �

if
5�


 �

5�


� D��

9;:�


 ��

:�


� D��

9

�����

9 5�


 � �

9;:�


 ���

�

�

�

�E


�

BID ���

�65�


�

9;:�


�

� �

�

7����

-/.

%
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���

�65 7

�

9;:;7

�

�

�

7����

-/.

%
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�

BID ���

�65 7

�

9;:;7

�

� �

if
5�


� �

5�


 

9;:�


� �

:�


 

�����

�E
 ���

�65�


�

9;:�


�

�

�

7����

-/.

%
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���

�65 7

�

9;:;7

�

�

�

7����

-/.

%




-

�

BID ���

�65 7

�

9;:;7

�

� �

if
5�


 �

5�


� @JB

9;:�


� �

:�


 

9 5�


�	� �

� : �

(2)

Also, � �� 

�




�

� �

9

for any otherstate ! > The transitionprobabilitiescanbe explainedasfollows.

Sincecell 
 is selectedfor discharging,
5�


 ��

5�


� D��

9':�


 ��

:�


� D�� if apacketof size � arrives(with

probability ��� ). Any othercell 4 doesnot loseany remainingchargeor capacity, (thus
: 7

 ��

:;7

� ) and

mayor maynot recover. In the �rst case,
5 7

 �

5 7

� @ B

9

(w.p. ���

�65 7

�

9 5 7

 

�

) andin the latter case
5 7

 	�

5 7

� (w.p. B D ���

�65 7

�

9 5 7

 

�

) (case(a)). However, if no packet arrives(w.p. �=
 ), thencell 
 can

alsorecoverandtherecoveryeventis similar to thatof theothers(cases(b) and(c)).

We assumethat thecell selectionis independentof thesizeof thepacket. If thestatede�nition

is expandedto include the possible packet sizes,then the sameframework provides the optimal

strategy which considersthecell sizesin thedecisionprocess(undertheassumption that thesizes

canhave a �nite numberof differentvalues). The linear complexity optimal algorithmpresented

in the next sectiongeneralizesto this caseaswell. The sizeof the statespacewill increaseby a

factorof �

�

where � is the total numberof possible packet sizes. We alsoassumethat if a cell

dischargescompletelywhile servinga packet, therestof thepacket is not servedby any othercell.

This assumption affectstheserviceof only thelastpacket servedby eachcell, i.e., � packetsin all,

which constitutesa negligible fractionof thetotal numberof packetsservedin practicalscenarios.

Wedonotexpecttheoptimalenergy to changenoticeablyif thisassumption is relaxed.

Theenergy deliveredby thebatteryat time � is equalto theminimumof thepacket sizeandthe
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remainingcharge of the scheduledcell. Thus, the averageenergy deliveredin state � undercell

selection


9��

�

�

�

9




�

is givenby:

�

�

�

�

9




�

�

*

�

�

7����

4 �

7

@

5�
��

BID

*

�

�

7����

�

7��

(3)

The objective is to choosethe cell at eachslot such that the expectedcumulative energy is

maximized. The choiceof the cell dependson the stateof the system. Let 	�


�

�

�

denotethe

optimal expectedenergy if the systemstartsfrom state � . The objective is to computethe op-

timal cell selectionrule �

 which attainsthe energy 	



�

�

�

for each � . We �rst illustrate the

stateevolution with an example. In caseof a two cell battery, we can representthe stateof the

systemas ��� �

�65�� 9;:��+9 5

�

9;:

�

�

. Assume that a packet of size ��� � � arrives and the �rst cell

is chosento serve this packet ( 
�� � B ). Thus, the state �����

�

will be given by the following

relation: �����

�

�

� �65��

D ���

�

�

9 � :��

D ���

�

�

9 5

� @ � ���

9;:

�

� �

> If 
 � � H , the next stateis �����

�

�

�65��

@ �

�

�

9;:��+9 �65

� D ���

�

�

9 � :

� D ���

�

�

�

, where�

�

� �����

�

�

9

�

�

> Theenergy obtainedequals�����

�65��+9

���

�

and �����

�65

�

9

���

�

respectively.

B. Justi�cation for usingStochastic ShortestPathProblem

Wewill now justify thattheoptimal batterymanagementproblemfalls within thepurview of the

stochasticshortestpathproblem. The �rst observation is that the total numberof possiblesystem

states
�

is �nite . Next, giventhecurrentstateandthecell selection,thefuturestateis independent

of thepaststatesandcell selections. This follows from thesystemevolution andthe fact that the

packet sizesareindependentfrom slot to slot. Thesystemterminateswhenthebatteryexpires,and

this happenswhenall the cells are fully discharged. Recall that a cell is fully discharged if the

remainingcharge is � > Thusany state
�65��+9;:��+9

> > >

9 5�� 9;:	� �

where
5 7

� � for each4 is a termination

state. Let � denotethe setof termination states.Note that oncethe batteryreachesa state �

�

� , it remainsthereand can not deliver any more energy. We argue that the systemreaches �

with probability B underany discharge policy. This is becauseof the following reasons:(a) we

consideronly work conservingpolicieshereanda work conservingpolicy alwaysservesa packet

as long asthe batteryhasnot expired (b) a cell candeliver at most � units of charge (
: 7

cannot

increasein subsequentslotsasperthesystemevolution) andthusthebatterycandeliveratmost � �

unitsof charge (c) thereis a nonzeroprobability of packet arrival in every slot ( ��
 � B ) andeach



9

packet consumesat leastoneunit of charge. Thusthebatterymanagementproblemsatis�esall the

characteristicsof thestochasticshortestpathproblem[4][10].

C. Formalizationof theOptimalSolution

Sincethe batterymanagementproblembelongsto the broadclassof stochastic shortestpath

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

givenin [4].

Proposition1: The optimal expectedenergy for a state �

9

	 


�

�

�

satis�es Bellman's equation

givenbelow1

	




�

�

�

� �����


��

�

%

�

-

�

�

�

�

�

9




�

@��

�

 

���

� �� 

�




�

	




�

!

���<9

(4)

where �

�

�

�

is thesetof active cells in state�

9

and
�

�

�

�

9




�

is given in (3). A cell selectionfunction

� 


�

�

�

is optimal if andonly if

�




�

�

�

� ���
	 �����


��

�

%

�

-

�

�

�

�

�

9




�

@
�

�

 

���

� �� 

�




�

	




�

!

��� 9

(5)

Standardtechniqueslike valueiterationandpolicy iterationmaybeusedto solve Bellman's equa-

tion[4][10]. However, thesegeneralmethodsarenot suitable for systems with a large statespace,

suchasin our case.For example,when � � H<�

9

� � B2�

9

� � H

9 ��� �

�=�=�=� . Thevalueiteration

methodis an iterative procedurewhich mayneeda largenumberof iterationsto converge (poten-

tially in�nite ), and eachiterationhascomplexity
�����	�

> On the other hand,the policy iteration

methodinvolves 
 iterationsin theworstcase,where 
 is thetotalnumberof possiblepolicies( 


is
�����

�

�

) andeachiterationrequiresthesolutionof atotalof
�

linearequationswith
�

variables
������� �

[12]. Thus,the overall complexity is
����� �

�

�+9

which is large in general,even for small

valuesof �

9

�?> In thenext sectionweshow how to solve(4) (andtherebyobtaintheoptimal policy)

in
�����	�

overall,exploiting thespeci�c characteristicsof thebatterymanagementsystem.
�

Theoptimumexpectedenergy canbede�ned as
!="$�&%'� ����������� � �����! #"�$�%

�'&

�

(

2

3

�&%��

��(

� �&%��#���*)

� wherethemaximization

is over all policies ( � apolicy ( choosesthecell (�+

�&%'�

if thestateis
%

in slot ,�- [4]
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IV. A L INEAR COMPLEXITY ALGORITHM FOR COMPUTING THE OPTIMAL STRATEGY

In this section,we designa simpli�ed computation schemewhich obtainsthe optimal strategy

in linearcomplexity (
�����	�

) (subsectionIV-A). Subsequently, in subsectionIV-B we will discuss

somesalientfeaturesof thecomputational framework.

A. Designof thelinear complexity computationtechnique

We observe that whenthe systemis in state � thereis only a limited numberof statesthat the

systemcanmove to from state� , underany cell selection.Notethat thesystemmayremainin the

samestate� with someprobability. Let �


 �

�

�

denotethesetof next statesthesystemcanmove to

from state� , except � , if cell 
 is selected,i.e., �


 �

�

�

� � !�� ! �� �

9

� �� 

�




�

��� � > Notethat � �� 

�




�

canbecomputedasin (2). Since� �� 

�




�

� � for all ! �

�

�


 �

�

�

, Bellman's equation((4)) canbe

rewrittenas:

	




�

�

�

� �����


��

�

%

�

-

�

�

�

�

�

9




�

@ � ���

�




�

	




�

�

�

@

�

 

���

�

%

�

-

� �� 

�




�

	




�

!

��� 9

� �E
��

�

�

���

�

BID ���

�65

� �

9;:

� �

� �

	




�

�

�

@ �����


��

�

%

�

-

�

�

�

�

�

9




�

@

�

 

���

�

%

�

-

� �� 

�




�

	




�

!

���

since� ���

�




�

� �E
 �

�

�

���

�

BID ���

�65

� �

9;:

� �

� ���




Thus, 	




�

�

�

�

�����


��

�

%

�

-

	


 �

�

�

BID �E
 �

�

�

���

�

BID ���

�65

� �

9;:

� �

� � (6)

where 	


 �

�

�

�

�

�

�

�

9




�

@

�

 

���

�

%

�

-

� �� 

�




�

	




�

!

�

(7)

Intuitively 	


 �

�

�

is theenergy deliveredif cell 
 is chosenwhenthesystemis in state� .

We de�ne �

�

�

�

���


��

�

%

�

-

�


 �

�

�

. Accordingto (6) the optimalenergy 	 


�

�

�

canbe computed

if we know 	 


�

!

�

for all !

�

�

�

�

�

> Usingspeci�c propertiesof the batterymanagementproblem

and(6), wewill presentanalgorithmwhichcomputes 	 


�

�

�

sequentiallysuchthat 	



�

!

�

is already

computedfor all !

�

�

�

�

�

beforecomputing 	



�

�

�

>

Wenow describetheset �


 �

�

�

usingthetransitionprobabilitiesgivenin (2). Let �
�

�65 �

�

9;:��

�

9

> > >

9

5��

�

9;:	�

�

�+9

thenastate!��

�65��

 

9;:��

 

9

> > >

9�5��

 

9;:	�

 

�

is in �


 �

�

�

if andonly if: (a) ! �� �

9

(b)
:+7

 ��

:;7

�

9

5 7

 

�

�

5 7

�

9 5 7

� @ B �

9

4 �� 


9

and (c)
�65�


 

9;:�


 

�

�

�

�65�


�GD �

9;:�


�
D �

�+9 �65�


� @ B

9;:�


�

�

� and (d)
5 7

 

�

�"�

9

B

9

> > >

9

�����

� :;7

 

9

�

�

�

9 :;7

 	6�� for all 4$> For example,in a 2-cell system,if � �

�

B

9

H

9

B

9

H

�

then �

� �

�

�

� �

�

H

9

H

9

B

9

H

�+9 �

H

9

H

9

H

9

H

�+9 �

B

9

H

9

H

9

H

�+9 �

�

9

B

9

B

9

H

�+9 �

�

9

B

9

H

9

H

�

� .
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We denoteas �

7 �

�

�

the difference
: 7

D

5 7

betweenthe remainingcapacityandthe charge of a

cell 4 , when the systemis in state � . For example,for a 2-cell system, �

� �

B

9

H

9�
 9

>

�

� B

9

and

� �

�

B

9

H

9�
 9

>

�

��H > Thekey point to observeis thatfor all cells 4 andstates! in �

�

�

�+9

either �

7 �

!

�

�

�

7 �

�

�

or �

7 �

!

�

���

7 �

�

�

D B#> Since 	 


�

�

�

canbecomputedusing(6) only if 	 


�

!

�

is known for all

! in �

�

�

�+9

ourapproachis to initially computethe 	�


�

�

�

for thestates� whichhave lowervaluesof

these� functions,andsubsequentlymove to thestateswith highervaluesof thesefunctions.

Wealsousethefollowing additionalpropertiesof theoptimal energy functions 	 


�

�

�

atdifferent

stagesof thecomputation.

Property 1: Fromsymmetry, 	 


�65�� 9;:��+9

> > >

9 5 7�9;:;7�9

> > >

9 5���9;:���9

> > >

9 5�� 9;:	� �

� 	 


�65��+9;:��+9

> > >

9 5��'9;:���9

> > >

9 5 7�9;:;7�9

> > >

9 5�� 9;:	� �

> For example,	 


�

B

9

H

9�
 9
� �

� 	 


��
 9
� 9

B

9

H

�

> Thissymmetryreducesthenum-

berof statesfor whichweneedto computetheoptimal energiesby a factorof ��� >

Property 2: Also, 	 


� :��+9;:��+9

> > >

9;:	� 9;:	� �

�

%

�

7����

:;7

> For example, 	 


��
 9�
 9
� 9
� �

��� > This follows

from theobservationthatabatteryin state
�65 �+9;:�� 9

> > >

9 5�� 9;:	� �

candeliverat least
%

�

7����

5 7

unitsand

atmost %

�

7����

:;7

units.Notethat �

7 � :��+9;:��+9

> > >

9;:	� 9;:	� �

� � for all cells 4$> Thus,weknow theoptimal

energiesfor thestateswith zerovaluesof the � functionswithoutany computing, andweusethese

known valuesto computetheoptimal energiesof otherstates.

Property 3: Wealsoknow that 	 


�

�

�

� �

9

for any terminationstate�

�

� . Also,

	



�65��+9;:��+9

> > >

9

�

9;:;7�9

> > >

9 5�� 9;:	� �

� 	



�65��+9;:��+9

> > >

9

�

9

�

9

> > >

9 5�� 9;:	� �

> This againfollows sincea cell

with � remainingchargecannot serveany furtherpacket.

We presentour computation techniquein Figure 2. For simplicity we describethe technique

for the H D cell caseonly, i.e., ��� H . This is for easeof presentation,andthe generalizationfor

themultiple cell caseis straightforward. In technicalreport[10] we alsonumericallycomputethe

maximumenergiesfor a largernumberof cellsusingthisbasicapproach.

In Fig. 2 the terms 	

� �

4

9 :#9

�

9

�

�

and 	 �

�

4

9 :#9

�

9

�

�

arethe individual termsin themaximization in

theright handsideof (6) andcanbecomputedusing(7).

Example B : Wenow illustratetheoperationof our technique.Weconsiderabatterywith H cells,

nominalcapacity � � H andtheoreticalcapacity � �

�

> This examplewill show the sequence

of computation,anddemonstratethatwhenthealgorithm computes	 


�

�

�+9

it alreadyknows 	 


�

!

�

for all states!

�

�

�

�

�

> The overall sequenceof computationis
�

B

9

H

9

�

9

�

�+9 �

B

9

H

9

B

9

B

�+9 �

B

9

H

9

H

9

H

�+9



12

ProcedureOptimal Energy()
begin

for �

�

� �

to C-N do

for i=1 to N do
� � 7

�

�

� ;

for ���

�


 to �

� do

if ( �������

� ) then

last=N;

else

last=i;

for k=0 to lastdo

l=k+ ��� ;

/*START OF BLOCK 1 */
�

"

%

7

�

�

�

�

�

�

-

�
	���
��������

+

� ���

+

� � ���

�����

+

� ���

+

� � ���

�

& ��!�"$# %

&

�

�

�

&('�)

� *

% +

� ,

% +

�-�

, where
�

�

�

�

� aregivenin (7)

if
�

�

%

7

�

�

�

�

�

�

-

.

�

�

%

7

�

�

�

�

�

�

-

then

/

"

%

7

�

�

�

�

�

�

-

� �

else

/

"

%

7

�

�

�

�

�

�

-

�

�

/* END OF BLOCK 1 */
�

"

�

�

%('

�102�

'

�10

-

;

end

Fig. 2. Computationof optimal energy andcell selectionprocedurefor asystemwith two cells.

�

B

9

H

9

�

9

B

�+9 �

B

9

H

9

B

9

H

�+9 �

H

9�
 9

�

9

�

�+9 �

H

9�
 9

B

9

B

�+9 �

H

9�
 9

H

9

H

�+9 �

H

9�
 9

�

9

B

�+9 �

H

9�
 9

B

9

H

�+9 �

B

9�
 9

�

9

�

�+9 �

B

9�
 9

B

9

B

�+9

�

B

9�
 9

H

9

H

�+9 �

B

9�
 9

�

9

B

�+9 �

B

9�
 9

B

9

H

�+9 �

B

9�
 9

H

9�
 �+9 �

B

9�
 9

�

9

H

�+9 �

B

9�
 9

B

9�
 �+9 �

H

9
� 9

�

9

�

�+9 �

H

9
� 9

B

9

B

�+9 �

H

9
� 9

H

9

H

�+9

�

H

9
� 9

�

9

B

�+9 �

H

9
� 9

B

9

H

�+9 �

H

9
� 9

H

9�
 �+9 �

H

9
� 9

�

9

H

�+9 �

H

9
� 9

B

9�
 �+9 �

H

9
� 9

H

9
� �

>

Theoptimalenergy is �rst computedfor thestate�
�

�

B

9

H

9

�

9

�

�

( �

� �

B

9

H

9

�

9

�

�

� B

9

� �

�

B

9

H

9

�

9

�

�

�

� ). Here �

�

�

�

� � B � , asany work conservingpolicy usescell B to serve a packet. Now, �

� �

�

�

�

�

�

H

9

H

9

�

9

�

�+9 �

�

9

B

9

�

9

�

�

� and 	 


�

�

�

� 	

� �

�

�

F

�

BID �E


�

B D ���

�

B

9

H

� � �

> Now, 	

� �

�

�

canbecomputed

astheoptimal energiesfor all statesin �

� �

�

�

areknown, 	 


�

H

9

H

9

�

9

�

�

� H

9

	 


�

�

9

B

9

�

9

�

�

� � , ac-

cordingtopropertiesH and



> In theseconditeration 	 


�

B

9

H

9

B

9

B

�

is computed.Now, �

�

�

�

� � B

9

H � .

We have �

� �

�

�

���

�

H

9

H

9

B

9

B

�+9 �

�

9

B

9

B

9

B

�

�

9

and ���

�

�

�

���

�

H

9

H

9

B

9

B

�+9 �

B

9

H

9

�

9

�

�+9 �

H

9

H

9

�

9

�

�

� > Note

that 	 


�

!

�

is known for all ! in �

� �

�

�+9

���

�

�

�

from the previous iteration and properties(IV-A)

and (IV-A) of the function 	 


�

�

�

> Similarly, the optimal energies for the rest of the statesare
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computed. For example,when we compute the energies for the state ���

�

B

9�
 9

B

9�
 �

, we have

�

� �

�

�

� �

�

H

9�
 9

H

9�
 �+9 �

H

9�
 9

B

9�
 �+9 �

B

9�
 9

H

9�
 �+9 �

�

9

H

9

B

9�
 �+9 �

�

9

H

9

H

9�
 �

� and ���

�

�

�

� �

�

H

9�
 9

H

9�
 �+9

�

H

9�
 9

B

9�
 �+9 �

B

9�
 9

H

9�
 �+9 �

B

9�
 9

�

9

H

�+9 �

H

9�
 9

�

9

H

�

� . The optimal energies for all the above statesare

known from the previous iterations(refer to the sequenceof computations given above) and by

usingthesymmetryproperty B of 	 


�

�

�

.

Proof of correctnessof the technique: We needto show that the techniquegiven in Figure2

computestheoptimalenergiesfor eachstate� �

�65 � 9;:��+9 5

�

9;:

�

�

> Notethat thealgorithmcomputes

theenergiesfor states� with �

� �

�

�

��� �

�

�

�

�;� and �

� �

�

�

� � �

�

�

�

� � if
5

� 6

5��

. The �rst

questionis whethertheoptimalenergiesof all otherstatescanbecomputedusingthesevalues.This

follows from propertiesB to



of 	 


�

�

�

andthefact that �

7 �

�

�

� � for all cells 4$> Theargumentis

asfollows. The algorithmdoesnot compute	�


�

�

�

if (a)�

� �

�

�

� � �

�

�

�

or if (b)�

� �

�

�

� � �

�

�

�

and
5��

�

5

� or
5��

�

:��+9

and
5

� �

:

��> Considercase(a) �rst. Let ���

�65

�

9;:

�

9 5�� 9;:�� �

> Note

that �

� �

�

�

� � �

�

�

�

> Thusthealgorithmcomputes	



�

�

�+9

andwe know that 	



�

�

�

� 	



�

�

�

from

symmetry. Now considercase(b). Let
5��

�

5

��> Again, the algorithmcomputes	 


�

�

�+9

andthus

	 


�

�

�

is obtainedfrom symmetry. Finally, if � �

� : �+9;:��+9;:

�

9;:

�

�

	 


�

�

�

�

:��

@

:

� from condition H ,

andneednotbecomputedseparately.

Next, weneedto show thattheenergiescomputedby thealgorithmaretheoptimalenergies 	 


�

�

�

which satisfyBellman's equation(4). Note that thecomputationof 	



�

�

�

in Figure2 follows (6).

Thus,weonly needto show that 	 


�

!

�

for all !

�

�

�

�

�

is computedbefore 	 


�

�

�

> Weshow thisby

induction. Thebasecaseis
�

B

9

H

9

�

9

�

�

andtheresultholdsfor
�

B

9

H

9

�

9

�

�

asarguedin theprevious

example. We assumethat all statesconsideredbefore � satisfy this property. We show that the

resultholdsin the inductioncasefor state � by addressingseveral subcasesseparately. Note that

�

7 �

!

�

�

� �

7 �

�

�+9

�

7 �

�

�

D�B �

9

4 �AB

9

H for any !

�

�

�

�

�

> Thus,the subcaseswe have to consider

are: (a) �

� �

!

�

� �

� �

�

�+9

� �

�

!

�

� � �

�

�

�

D B

9

(b)�

7 �

!

�

� �

7 �

�

�+9

4)�EB

9

H (c) �

� �

!

�

� �

� �

�

�

D B

9

� �

�

!

�

� � �

�

�

�

and(d)�

� �

!

�

� �

� �

�

�

D B

9

� �

�

!

�

��� �

�

�

�

D B#> Let �
�

�65�� 9;:��+9 5

�

9;:

�

�

>

For the�rst subcase!
�

�65��

D

�
9;:��

D

�
9 5

� @ B

9;:

�

�+9
�

� � > Notethat
5

� �

:

� asa cell cannot

recoverchargeotherwisefrom(1). Fromthecomputationsequenceof thealgorithm,beforeany state
�65�� 9;:��+9 5

�

9;:

�

�

is considered,all states
�65��

D

�
9;:��

D

�
9

�

9

�

�

areconsideredif � D �A�

:��

D

5��

> Sincethe

algorithmis trying to compute	 


�

�

�

for state�

9�:

� D

5

� 6

:��

D

5��

> As such,
:

� D

5

� D B	�

:��

D

5��

>
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Thusthestate
�65��

D

�
9;:��

D

�
9 5

� @JB

9;:

�

�

hasbeenconsidered.Theresultfollows.

We considerthesecondsubcasenow. Let � �

�65�� 9;:��+9 5

�

9;:

�

�

> Here, ! �

�65��+9;:��+9 5

� D

�
9;:

� D

�
�+9

or ! �

�65��

D

�
9;:��

D

�
9 5

�

9;:

�

�

for some
�

��� > (Notethat
�

��;� as !�� � � for any !

�

�

�

�

�

). For

the�rst case,	 


�

!

�

is computedbefore,as �

7 �

!

�

� �

7 �

�

�+9

4 � B

9

H and
5

� D

�

�

5

��> Considerthe

secondcase.Again if
:

� D

5

� �

:��

D

5��+9

	 


�

!

�

is computedbeforeas �

7 �

!

�

� �

7 �

�

�+9

4 �CB

9

H and
5��

D

�

�

5��

> Let
:

� D

5

� �

:��

D

5��

(Notethat
:

� D

5

�76

:��

D

5��

since � is beingconsidered).If
5

��6

5��

D

�
9

! is consideredbefore� > Let
5

� �

5��

D

�

> Notethat
5

��6

5��

since
:

� D

5

� �

:��

D

5��

and

� is beingconsidered.Consider� �

�65

�

9;:

�

9 5��

D

�
9;:��

D

�
�

> Notethat � �

�

�

�

�

:��

D

5��

�

:

� D

5

� �

� �

�

�

�+9

and �

� �

�

�

�

:

� D

5

� �

:��

D

5��

���

� �

�

�

> If
5

�	�

5��+9

thensince �

7 �

�

�

���

7 �

�

�+9

4 � B

9

H

and
5��

D

�

�

5

� 	 


�

�

�

is consideredbefore. Also, 	
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B. Discussionof SalientFeatures

Notethat thealgorithm“visits” every state� at mostoncewhenit encountersstate� in Block 1

in Figure2. The computation complexity of 	 


�

�

�

dependson the sizeof �

�

�

�

> Note that � �

�

�

�

�

is at most �

�

� @�H

�

H

�

!

�

if packetscanhave � differentsizes. In practice,the numberof cells �

is a small constant,andnormally lessthan @ > Similarly, �

�

H

9�


> Thusfor all practicalpurposes,

� �

�

�

�

� canbe assumedto be a constant.Thus,the complexity is linear in sizeof the statespace
�

. Thestoragerequiredfor this algorithmis
�����	�

> However, it is possible to reducethestorage

substantially with certainobservations(e.g.,the2-cellcaseneedsastorageof H �

�

� D � @�B

� �

� @�B

�

only2, whereas
�

�

� �

� @JB

� �

� D �GF#HI@ B

� �

� )[10]. Wewould like to pointout thatthisstrategy

can be computedof�ine and thus a nodecan executethe optimal cell selectiononly by a table

lookupprocedure.The lookuptablewill needto storetheoptimalcell selectionfor
�����	�

states,

andthe lookupcomplexity will alsobe
�����	�

> Now,
�

canbe large for real systems. Thus,we

believe that theprincipaluseof this optimum strategy will beasa “benchmark”for comparingthe

performanceof onlinesuboptimal strategieswith theoptimalenergies. For example,we proposea

simple suboptimal policy in SectionV which canbe usedto choosethe cell in an online fashion,

andsubsequentlyweusethecomputationpresentedhereto show thatthesuboptimalpolicy delivers

near-optimumenergy.

Even thoughthe computation complexity is linear in
� 9 �

itself canbe large for moderately

largevaluesof � and � (
�

�

� �

� @�B

� �

� D �GF#H @�B

� �

�

). However, we couldstill computethe

optimal strategy in orderof minutesfor � � H<�=�

9

� � H=>

9

� � H usingan Ultra-SPARC SUN

machine.Thestandardvalueandpolicy iterationtechniqueswereconsuming severalhours(more

than B2� hours)for the samenumbers.We could alsocomputethe optimal strategy for moderate

valuesof � and � for � �

�

>

The computationalframework andthe techniquepresentedheremake no assumption aboutthe
� Storagecanbesavedduringcomputationif

! " �&%'�

is not storedfor all thestates
%

all through thecomputation. Rather
!�" �&%'�

is

storedin primarystorageonly until it is requiredfor computing
!

"
�

0

�

for some0�-
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packetsizedistribution,exceptindependenceof thepacketsizesfrom slot to slot. Thus,thecompu-

tationscanbeusedfor alargenumberof differenttraf�c models.Wepresentresultsfor two different

sizedistributionsin SectionV andweobservethattheoptimal energy obtainedcanbequitedifferent

for differentsizedistributions. Notethat thepacket sizedependson thetransmissionpowerwhich

in turn dependson thetransmissionconditions, andthetransmissionconditionsmayhavedifferent

distributionsfor differentscenariosin thewirelesscase. Thus,it is importantto accommodatedif-

ferenttraf�c distributionsin theoptimal framework. Realistically, transmissionconditionsneednot

beindependentin differentslots.However, this techniquecanbegeneralizedto captureMarkovian

dependenciesin packet sizes.Thisstrategy canalsobeusedfor differentrecoveryprobabilities.

Finally, the framework andthe linear complexity computation techniquepresentedherearenot

restrictedto computation of the maximum energy. The samestrategy can be usedto obtain the

energy attainedby many othercell selectionpolicies.We illustratethis in thenext section.

V. A SIMPLE SUBOPTIMAL POLICY (MC)

Weconsiderasimpleschedulingpolicy whichaimsto ef�ciently choosethecell to bedischarged,

soasto approximatetheoptimal. Thechoiceof thecell dependsontheremainingchargeof all cells.

More speci�cally, theincoming packet is assignedto thecell with themaximumremainingcharge.

It is possible to instantlymonitor the level of charge in eachcell usingsmartbatterypackages[3].

We denotethis policy asthe“Maximum Charge” (MC) policy. We will show numericallythatMC

attainsnearmaximum lifetime by using the batterystateinformation in choosingthe cells in an

intuitive manner, andsigni�cantly improves uponthelifetime attainedby RR proposedin [3]. It is

worthwhileto notethatunlikeMC, RR doesnotusebatterystateinformationin choosingthecells.

Wecomputethetotalenergy deliveredby theMC strategy usingthetheoryof stochastic dynamic

programmingonceagain.We �rst introducetheconceptof stationarypolicies.A stationarypolicy

is onein which thecell selectionpolicy doesnotchangewith time,andtheactualselectiondepends

on time only throughthe statevalue,e.g., if the stateis the samefor two differentslots,thenthe

selectionwill also be the samefor theseslots undera stationarypolicy. Note that the optimal

policy whichsatis�es(5) is stationary. Let stationarypolicy � choosecell �

�

�

�

in state� > Fromthe

stochasticshortestpathframework [4], the energy obtainedby a stationary policy � startingfrom
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state� is givenby:
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where
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is givenin (3).

Next, arguingasin thederivationof (6) from Bellman'sequation,wehave
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This is similar to (6). Thus we usea techniquesimilar to Fig. 2 to compute 	

/

�

�

�

, for any

stationarypolicy � . Theonly modi�cation is to replaceblock1 by (9). Observe thattheMC policy

is stationaryandthuswe canusethis techniqueto computetheexpectedenergy 	

�

0

�

�

�

obtained

by thesystem,startingfrom state� .

The ideabehindMC is that it providesan ef�cient way to discharge the cells, sinceit allows

the “most discharged” cells to recover. Intuitively, it should perform closeto the optimal. We

corroboratethisobservationwith thenumericalresultspresentedin Figs.3 and4. Also, MC is easy

to implement,asit doesnotneedany tablelookupasopposedto theoptimal strategy.

We now describethenumericalandsimulation performanceevaluation of MC. We considerthe

performancemetric � which is theratiobetweenthetotalnumberof chargeunitsdelivered(A) and

the maximumnumberof charge units that canbe deliveredby a batteryof � cells, ( ��� � ), i.e.,

� �

�

�




0

.

We �rst describethe differenttraf�c modelswe will use. Firstly, we considera Poissontraf�c

model. Herethe probability thata packet of size � arrivesis �����������

&
	

���

, where 
 is the average

packet size. We alsoconsidera differenttraf�c model,wherepacketsarenormallyof size1 (with

probability �

�

����� ) but occasionallyhavea largersize
�

(“burst”) with probability ��� ���

�

BID �

�

.

Also, theprobabilityof zeroarrivals is ��
 � B D�� . This modelcorrespondsto a realisticscenario

wheretransmissionsareusuallygoodexceptoccasionally, dueto “f ading”. Whenthe channelis

good,only onecharge unit is requiredto transmit a packet. During fading,theenergy requiredto

transmita packetwill belargerandequalto
�

.

In Fig. 3 weconsiderPoissontraf�c. Wecomparetheperformanceratio � for theoptimal policy

andtheMC policy asafunctionof theaveragepacketsize 
 , for thecaseof � � H cells.Wechoose

theparametervaluesas �;� H<�=� and � � H=> , basedon theparameterchoicesin [3]. We alsogive
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the resultsfor � � H<�=�

9

� � B'H . As we canseein Fig. 3, MC closelyfollows the optimal. For

very small 
 , sincethecellsareallowedto restfor longerperiods,bothpoliciesperformwell. For


 ��� >




to � > @ , MC differsfrom theoptimalby atmost B2����> In otherranges,they areverycloseand

thecurvescannot bedistinguished.For larger 
 , theperformancefor bothpoliciesis signi�cantly

reduced.Especiallyafter 
 � B , � is lessthan0.5 for bothpolicies. This is becausewhena cell

recoversit canonly gainonechargeunit, but when 
 ��B morethanonechargeunitsaredischarged

for anaveragepacket.

In Fig. 4 we plot � asa functionof theprobabilityof zeropacket arrival ��
 for theoptimal and

MC, for “bursty” traf�c, where�A� � > �=> ,
�

�


 9

B , ����H<�=�

9

� � H=> and � � H . MC is performing

closeto theoptimal in general.Notethattheperformanceof bothMC andoptimal aresigni�cantly

worsefor
�

� B ascomparedto
�

�




. The performanceis alsoworsecomparedto the Poisson

traf�c. For example,for averagepacket size � > �=> the optimal gives � � � > DE> for Poissontraf�c,

� � � > B and � > @ for bursty traf�c, for
�

�




and
�

� B respectively. This canbeexplainedby the

fact that the probability of large packetsis higherfor bursty traf�c ascomparedto Poissonandit

increaseswith
�

.

Wenow comparetheperformanceof MC with RR presentedin [3] usingsimulation. In Figure5,

the resultsfor �;� H and �;�

�

aregiven for Poissontraf�c, while Figs. 6-7 presentthe results

for bursty traf�c, for
�

�




and
�

� B . In all caseswe choose� � H<�=� , � � B'H or � � H=> , and

weplot thepercentagedifference( �����

!

�

	
	

�

	
	

�IB2�=� ) asa functionof theaverageloadpercell
�


?F �

�

for Poissontraf�c andasa functionof �$
 for burstytraf�c. Whentheloadis low, thecell selection

is not critical andseveralpolicieswill performwell. On theotherside,whenthe loadis high then

the batterylifetime will be low, irrespective of the cell scheduling.Thus,thecritical region is for

intermediateload,wheretheappropriatecell selectioncanmakeadifferencein theattainedenergy.

MC signi�cantly outperformsRR in this region, for bothtraf�c models.In caseof Poissontraf�c,

the differencereacheshigh valuesfor � � H<�=�

9

� � B'H , e.g., the differenceis above 100%for

� �

�

andload 
?F � � � > @ (Fig. 5). The trendsaresimilar for � � H=> thoughthe percentage

differenceis smaller thanin thecaseof � � B'H .

In caseof bursty traf�c, the resultsin Figs. 6-7 show thatMC attainsan improvementof up to

35%when
�

�




andup to 165%when
�

� B . When
�

is large, theperformanceof RR decreases
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rapidly while MC still performswell, even for heavy load. This canbe explained by the fact that

whena packet of larger sizearrives, the RR policy may assignthe burst to a cell that is closeto

beingcompletelydischarged, thusquickly drainingoff all of its energy. However, MC carefully

assignsthe large burst to thecell with larger charge andthusit dischargesthe cells in a morefair

manner, allowing thema longerperiodto recover. In a sequelpaper[1]we investigateseveralother

sophisticatedsuboptimal batterymanagementpoliciesandshow thatMC out-performsall of them.

Weomit thedescriptionshereonaccountof spaceconstraints.
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VI . CONCLUSION AND FUTURE RESEARCH

In this paper, we obtainan optimal batterydischarge policy, for maximizingthe lifetime of the

power-limited wirelessterminals. We usegeneralresultsfrom stochasticdynamicprogramming

framework andalsoexploit speci�c characteristicsof thebatterymanagementproblemto designthe

optimal solution. Even thoughthe computationcomplexity of the optimal is linear in the number

of systemstates,thecomputation maybecomeprohibitive on accountof the largesizeof thestate

space.Next, wedesignacomputationallysimpledischargestrategy (MC) andshow thatthelifetime
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Fig. 8. Stochasticmodelof a batterycell

attainedby thispolicy is closeto thatof theoptimal.

Transmissionis themostenergy consuming actionof a wirelessdevice,andtransmissionenergy

requirements(packet sizein our notation)aredeterminedin theMAC andthephysical layers.An

interestingareaof futureresearchis to integratethebatterymanagementschemewith theselayers.

Conceptually, thearchitecturewill beasshown in Figure8. Thechallengeis to designthemessage

exchangesequencebetweenthe batterysoftwareand the MAC andphysical layers,andactually

implement sucha protocol in a wirelessdevice. This is likely to give rise to many new systems

issuesaswell, and is beyond the scopeof the currentpaper. Anotherpossibility is to decidethe

transmission power requirementsin thehigherlayerskeepingin mind thebatterydischargecharac-

teristics,which is againa researchareaby itself. Finally, it wouldalsobeinterestingto take a fresh

look at theroutingandscheduling strategiesin a network scenarioin view of thebatterydischarge
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characteristics.
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