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Abstract— Energy-ef ciency is imperative to enable the deploy-
ment of sensornetworks with satisfactory lifetime. Conventional

power managementin radio communication primarily focuses
independently on the physical layer, medium access control

(MAC) or routing and approachesdiffer dependingon the levels
of abstraction. At the physical layer, the fundamental trade-off

that exists between transmission rate and enemy is exploited.

This leads to the lazy scheduling approach, which consists of

transmitting with the lowest power over the longest feasible
duration. At MAC level, power reduction techniquestend to keep
the transmission as short as possible to maximize the radio's
power-off interval. Thosetwo approachesseemcon icting and it

is not clear which oneis the mostappropriate for a given network

scenario. In this paper, we proposea transmission strategy that

combines both techniques optimally. We presenta cross-layer

solution to determine the best transmission strategy taking into

account the transceiver power consumption characteristics, the

systemload and the scenarioconstraints. Basedon this approach,
we derive a low complexity, on-line scheduling algorithm that

can be usedto optimally organize the forwarding of the sensed
information from cluster headsto the data sink (uplink) in a hier-

archical sensornetwork. Results, considering Coded Frequency
Shift Keying (FSK) modulation, showv that depending on the
scenario, a 50% extra power reduction is achieved in a realistic
uplink data gathering context, compared to the casewhere only

transmission rate scaling or shutdown is considered.

I. INTRODUCTION

Wireless sensor networks are autonomous networks for
monitoring purpose, ranging from short-range, potentially
in vivo health monitoring [1] to wide-rangeernvironmental
suneillance [2]. Despitethe huge variety of their potential
applications, all sensor networks are severely constrained
in terms of enepgy. Sensornodes are small form factor
batterypowereddevices and size constraintdimit the battery
capacity In mostcasesthe densityof the network or thevaste
ervironment where they are deployed prohibits a periodic

replacementf the batteries.This makes enegy consumption
very critical.

In a generalway, the task of a sensornetwork consists
of measuringa variablethroughthe sensorseventually (pre-)
processingthis information (e.g. to decideto forward it or
not), and if opportune,transmittingthe datato a data sink.
It has already beenshavn in several design cases[3], [4]
that someof the mostcritical enegy consumersn a wireless
sensornode are the radio electronics. Reducingthe radio
power dissipationis hencecrucial to enablethe deployment
of sensometworks with satisactory lifetime.

Currently enegy-efcient radio communicationis tackled
differently dependingon the level of abstraction.At the
physical layer, one tendsto exploit the fundamentatrade-of
that exists betweentransmissionrate and enegy [5], [6].
The information theory has shavn that the capacity of the
wireless channelincreasesnonotonically with the signal to
noise ratio [7]. Hence, scaling dowvn the transmissionrate,
i.e. reducingthe requiredchannelcapacityallows decreasing
the signalto noiseratio and thereforethe signal power. This
leadsto the lazy scheduling approach[6], which consistsof
transmittingwith the lowest power over the longestfeasible
duration.

Fromthe network point of view, the lazy schedulingtranslates
into trading-of user bandwidth (in terms of transmission
time) for power. As a result, a schedule.enegy-optimal for
one user(i.e. which maximizesits time shareof the wireless
channel)might be heavily sub-optimalfor the network, since
othernodescontendindor the channelwill have to delaytheir
transmissionor speedit up if they have to meeta deadline.
Moreover, lazy schedulingonly optimizesthe transmitpower.



More speci cally, it minimizes only the contritution of the
electronicswhose power consumptionis proportionalto the
transmit power. Yet, in low- and middle-rangeradios, as
mostly consideredin sensornetworks, an important part of
the power dissipation(i.e. the contritution of the frequeng
synthesizerthe up-corversion mixers and the Iters) is not
proportional to the transmit power [8]. This motivates the
approachesasedon radio shutdavn that tend to minimize
the duty cycle of the radio circuitry, and thereforetransmit
as fast as possible. These approachegointly consider the
mediumaccessand routing (topology management]9], [10]
but neglect the physical layer aspects.

At rst issue, the lazy scheduling and the shutdevn

approachesseem con icting. In this paper we showv that
actually they correspondto two extreme casesand that
most often, the optimal transmissiorstrateyy in a multi-user
scenario consists of a cross-layer combination of both

approachesWe presenta solution to determinethe best
transmissionstratgy, taking into account the transcerer

power consumptioncharacteristicsthe systemload and the

scenario constraints (e.g. the number of nodes and their

distanceto the ClusterHead).Basedon this we derive a new

schedulingalgorithm that exploits jointly the enegy savings

that can be obtained from transmissionrate downscaling
and radio shutdevn. The proposedalgorithm is general:
dependingon thetrafc constraintsandon the relative impact
of the transmissiorpower to the circuit enegy consumption,
more transmissionscaling or shutdavn is considered.As

practical radio implementationsonly allow a discreteset of

transmissionschemesthe discretenature of the problemis

takeninto accountin the systemmodelandsolution.Although

centralcontrol is generallynot consideredor self-oiganizing
sensor networks, it suits naturally the data gathering or

monitoring applications.For instancethe proposedprotocol
canbe implementedo organizethe forwarding of the sensed
information from cluster headsto the data sink (uplink)

in a cluster of a hierarchical sensornetwork (Fig. 1). As

the schedulingoptimally adaptsto the distanceand current
numberof CL's, it achievesthe bestenegy savings for each
instanceof the hierarchicalrouting algorithm.

The remainder of the paper is organized as follows. In

Section Il, a detailed overview of related work is given

and the contributions and speci ¢ focus of this paper are
highlighted. Sectionlll elaborateson the sensorenegy and
performanceradio model. Taking into accountall overheads,
we presentin SectionlV the trade-of betweenrate scaling
and shutdavn. An algorithm is proposedin SectionV to

determinea close-tooptimal time allocationacrossall users
andgive resultsfor a multi-userscenarioFinally, conclusions
aredrawn in SectionVI.

data sink
i

cluster

micro-sensor

Fig. 1. Hierarchical wireless sensor network topology The proposed
schedulingalgorithmcanfor examplebe usedto organizethe dataforwarding
from the clusterheadgo the datasink. The schedulingalgorithmis computed
on the datasink terminal.

Il. BACKGROUND AND Focus

A. RelatedWork

The enegy constraintfor wirelesssensornodeshas already
triggereda lot of researchincluding low-power circuits for

analog front-end [11], power-aware digital circuitry and
embeddedsoftware [12] to enegy-efcient protocols for

mediumaccesscontrol [10], [13], topology managemen{9],

[14] and routing [15], [16]. Each of theseworks propose
solutionsthat may differ dependingpn the level of abstraction
considered.

At the physical layer, one tries to exploit the fundamental
trade-of that exists betweenthe transmissiorrate and signal
to noiseratio [7]. This leadsto the so-calledlazy scheduling
approachof Uysal-Biyikoglu et al. [6]. The approachhas
been extendedin [5] to encounter rst the discrete nature
of the radio settingsand secondthe non-proportionalityof

the radio circuitry consumptionwith the transmittedpower.

Discreterate scalingis achiezed by adaptingthe constellation
sizeof the modulation leadingto dynamicmodulationscaling
(DMS), or by changingthe coderate (dynamiccodescaling,
DCS).

From a network point of view, the lazy scheduling concept
translatesn trading off bandwidth(in termsof transmission
time) to power. To thatextent, it is nottrivial to generalizet to
the multi-user context. Uysal-Biyikoglu at al. have proposed
a generalizedversion of their algorithm (Right-Flow) for a
broadcasthannel(downlink) andto the multi-accesshannel
(uplink) assuming a centralized medium access control
protocol [17]. In [18], a practical multi-userlazy scheduling
scheme called L-CSMA/CA is proposed. This scheme
relies on a CSMA/CA distributed medium accesscontrol
and considersa nite discreteset of possibletransmission
rates. Raghunathanet al. proposein [19] a centralized
lazy scheduling algorithm, Enegy-Ef cient Weighted Fair



Queuing.The modulationis scaledbasedon the currentqueue
size, which aggreates bursty trafc, exploiting a trade-of
betweenaveragetrafc delay and enegy consumption.For
applicationswith periodic trafc and stringentinstantaneous
delayrequirementsreal-timeenegy aware paclet scheduling
for periodictrafc is proposedin [20], wherea shareof the
channelis allocatedto each ow dependingon its deadline
and worst-casedata requirementsDependingon its current
datarequirementseachnode should then male optimal use
of its own timeshare,and dovnscalethe transmissionrate
if possible.Although signi cant enegy gains are achieved,
this doesnot necessarilyresult in the most enegy-efcient
schedulegfrom a network point of view as multi-userdiversity
is not exploited.

Lazy schedulingschemedocus only on this contritution to
the nodeenegy consumptiorthatis relative to the transmitted
power. However, when consideringlow and middle range
radios, an important part of the power dissipationis not
proportionalto the transmitpower. To reducethis contritution,
the sole option is to minimize the duty cycle of the radio,
shutting down the RF front-end componentsas much as
possible(sleepmode). However, a node cannotreceve data
when turned off, hence effective use of the sleep mode
requiresa signi cant degree of coordinationbetweennodes.
To take careof this coordinationat the mediumaccesdevel,
both contention- and schedule-basedolutions have been
proposedPAMAS [13] is oneof the earliestcontention-based
enepgy-efcient protocols that avoids overhearing among
neighboringnodesby using out-of-bandpagingto coordinate

with at multihop routing. LEAH [15] is an alternatve
hierarchical approach,where cluster headsare selectedto
collect local information and forward it to the central data
sink. STEM [22] proposesa hybrid wakeup schemeto wake
up nodeswhen they have to participatein dataforwarding,
andcanbeusedfor both at andhierarchicakoutingschemes.

To our knowledge, the joint optimization of the a priori
contradictory lazy scheduling and duty cycle minimization
approacheshas not been studied yet in the multi-access
contet. Although, in [5], a generalframewvork is provided to
derive the operatingregions when a transceter shouldsleep
or use transmissionscaling, a solution to optimize both in
a dynamic multi-user scenariois not proposed.n [8], [23],
the transmissiorstratgy, combiningtransmissiorrate scaling
and sleepduration optimizationis studiedwith and without
coding. An off-line optimization algorithm is proposedbut
the scopeis limited to a single-usellink or a multi-userlink
with a x edtimesharefor eachuser In [24], it is shavn that
the x ed circuit power consumptiorhasa large impactwhen
optimizing the enegy consumptionacrossboth physical and
MAC layerin IEEE 802.11DCF wirelessLANs. However, no
shutdavn is takeninto accountin the optimization.A similar
cross-layeroptimization, neglecting the shutdevn mode, but
taking into accountthe 802.11PCF is donein [25].

B. Focus

In this paper we analyzethe trade-of that exists between
lazy schedulingandduty cycle minimizationin a multi-access
channel.Basedon that, we proposea schedulingalgorithm

the shutdevn. S-MAC, a single-frequeng contention-based that optimizes jointly the transmissionrate and the sleep

protocol, takes adwantage of the sparse data in sensor
networks and packsall messageto shortactive parts[10].
To organizethe active timeslotsacrosssensorsS-MAC needs
some synchronization,but not as much as TDMA based
protocols. Contention based schemesseverely suffer from
collisions when the load increases.This is especially the
casewhen consideringcluster heads,which aggrejate data
of mary sensors.This motivates the need for establishing
transmissiorscheduleghat allow nodesto transmitor receve
datawithout collisions. TRAMA is a time slotted, schedule
basedMAC that allows nodesto switch to a low power
mode when they are not transmitting or receving [21]. It
uses a distributed election scheme based on information
about the trafc at each node to determine which node
can transmit at a particular time slot. This is to avoid the
assignmentof time slots to nodeswith no trafc to send,
which can be very valuablefor partsof the network where
currently no events are monitored. When the density of
sensornodesis sufcient, only a small number of them
shouldbe on to monitor or to forward eventsevery time. To
take adwantageof this, topology managemenschemesare
introduced.They coordinatewhich nodesturn their radio off
and when, such that the data forwarding remainssufcient
while minimizing the total network enepgy dissipation.SFAN
[9] and GAF [14] have been proposedfor sensornetworks

period, consideringthe dynamictrafc requirementsof each
node. The total network enegy consumptionis minimized.
Other variations of the schedulingalgorithm could aim at
extending the network lifetime, and rst consider those
CL for enegy saving with the least battery power left.

The solution is general: basedon the relatve weight of

the transmissionpower to the x ed circuit powver, more
transmissiorscalingor shutdavn is consideredo achieve the
most enegy-efcient solution in each scenario.We assume
the channelis only divided in time, hencethe scheduling
algorithm computes the transmit opportunities (TXOP)

that should be allocatedto eachuser No spatial reuse or

interferenceare taken into account.ldeally, eachuseris only

awake when allocateda TXOPR, to sendits queuedtrafc.

Also, it is assumedthat sufcient synchronizationbetween
the usersis achiezed. The core of the schedulingalgorithm
consistsof computingper usera setof transmitopportunities
that representoptimally the trade-of betweenchanneluse
and enegy consumption.Then, these are combinedacross
usersto determinethe schedule(i.e. vector of transmission
grants)with the minimal network enegy consumptionBased
on the above considerationsye statethe problem explored
in this paper:Given a sensornetworkwith bursty data, in a

heteogenousand varying network topology, how does one
decideto allocate the time-shaed channel to minimize the



xed and transmissionenegy consumptionfor the network
as a whole while assuringa target degree of reliability?

It is important to develop and test the enepgy-efcient
schedule based on a realistic sensor network scenario.
Moreover, it is important that the proposedschemecan be
implementedwith minimal control overhead We hencestate
in more detail the applicationscenarioconsideredand stress
why the proposedoptimization is extremely valuable and
can be easily implementedonline. Most sensor networks
are deployed for data gatheringor for monitoring and state
forwardingto a centraldatasink (Fig. 1). This is the scenario
of interesthere. A hierarchicalrouting schemeis assumed:
Cluster Heads (CH) aggreate the senseddata and forward
it to the sink. Routing is not the focus of this paper and
forwarding pathsfrom simple sensornodesto cluster heads
are not considered We assumethe hierarchicalclustersare
formed by a higher layer routing scheme.The focus of this
contrikution is henceon the forwarding in a single cluster
e.g.thetop level clusterwheredatais forwardedfrom CL's to
the datasink. As such,the schemecould be extendedto take
into accountdata-dependencidsetweendifferent clusters,as
donein [26].

Depending on the range of the cluster the transmission
power is more or less dominant comparedto the x ed

circuit power. However, even for very shortdistanceg< 5m)

where transmissionscaling is less important, the proposed
scheme e xibly allocatesthe just required TXOP to each
node maximizing the possibilitiesto shutdevn. We consider
rangesfrom 5m to 35m in this paper which are realistic
distancesfrom CH to data sink, considering ervironment
monitoring (Fig. 1). We concludewith the following basic
obsenations motivating the proposedoptimization and its

online implementation:

1) The data streamis mainly uplink, from cluster heads
to the data sink. As a result, to communicate,the
sensornodes are mainly transmitting, motivating the
transmissiorscalingin the enegy optimization.

The wireless channelis time-sharedbetweena large
numberof sensomodesmotivating the transcerer shut-
down when other nodesare sendingdata.

The clusterheadsaggreate senseddata, which canbe
a lot whenthey cover a large cluster Due to this large
load,a schedule-basedlAC is preferreddueto collision
risk in contention-basegrotocols.

Optimally, eachclusterheadis awake only whensending
its own datatowardsthe centralsink, so no communi-
cationis possiblebetweenclusterheadswithout waking
themup betweerdatacommunicationgherewe abstract
the data aggreation that should also be done by the
clusterhead).

All CH communicatewith the centraldatasink. There-
fore, it is possibleto piggybackthe datarequirements
of eachclusterheadon its dataexchangetowards the

2)

3)

4)

5)
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Fig. 2. Asymptoticcoderateversuscodegain trade-of for BCH codeswith
n= 255.

central data sink. The central sink collects the data
requirementsacrossthe networks and decideson the
optimal allocation vector which is fed back using the
acknavledgementrom sink to clusterhead.

I1l. SYSTEM MODEL

Modulation scaling (MQAM) is usually consideredo enable
transmissiorrate scaling[8]. Yet, MQAM is not sucha good
choice for a wireless sensornode radio. Wang et al. have

shavn that radios basedon binary frequenyg shift keying

(2FSK) may be far more ef cient becausethey requireless
analog componentg27]. With less analog componentsthe
sensorsare much cheaperand consumeless circuit enegy.

Becauseof that, FSK is a promisingair interfacefor sensor
networks. To enablerate scalingin a 2FSK schemewith a
constantradio bandwidth,we rely on code scaling [5]. We

considera setof binary BCH codes.Binary BCH codesmay
be constructedwith following parameters:

n = 2" 1 (1)
n k m t (2
dmin = 2 t+1 (3)

where m and t are arbitrary positive integers. n is the
codevord size, k the codedimensionandd,;,, the minimum
Hamming distancebetweentwo codevords. The Hamming
distancedominatesthe code performance(coding gain). A
code with a higher Hamming distancewill have a higher
coding gain and hence less transmit power is required to
achive a given paclet error probability Typically a BCH
codecancorrectary patternof t errorsin a codevord.

BCH codes have a good performance for small block
sizesandare henceappropriatefor shortpaclet transmissions
in sensornetworks. We considera block size n = 255its
and vary the coderate assuminga setof valuesfor the code
dimensionk (Table I), which correspondto the number of
databits in a codeavord. From Eq. 2, one can obsene that



TABLE |
THE DIFFERENT PARAMETERS USED FOR THE MODEL.

| Enegy Model | PerformanceModel |  MAC model |
Pr,(dBm) [ 10t020](step0:5) A = 40dB L = 100Gits
k= [247239::;13 9] [29] K= 4 Tits= 5nB
Rs= 1e6 d = [5; 15, 25; 35; 45](m) Tack = 1008
P = 10MW KT = 174dBn¥Hz PER= 10e 3
Poec rx = 10mwW N; = 10dB Twatey = 10078
h =103 IL= 5dB walew = Pelec rx

thereis a trade-of betweenthe coderate R; = k=n and the
error correction performancet. Thus, varying k allows to
trade-of rate and enegy. In Fig. 2, the asymptoticcoding
gain 10log(R: d;,), which is an image of the transmit
power savings, is plotted as a function of the code rate.
Knowing the net bitrate and the symbol rate Rg(baud), the
time neededo senda paclet of L bits is:

Ln
KR (4)

Consideringthe abore BCH-FSK systemmodel, the power
consumptiorto transmitand recieve can be found as:

Ton=

Pon tx = Pelec tx+ I:)PA (5)
Pon rx = PidIe = Pelec rx; (6)
whereP, .. ;, representthepower neededy thedigital signal

processingto producethe base-bandsignal and the power
neededby the analog circuitry to modulate the signal on
the requiredfrequenciesThe power ampli er Py, drivesthe
currentto theantennaWe canassumehatP;, is, at rst order
proportionalto the transmitpower Pr,. We de ne h asthe PA
power ef ciency:

Prx. 0
P

Consideringthe recever, its electronic powver consumption
(P,jec rconsists of the low noise amplier (LNA) and
Iters to downcorvert the signal to the basebandwhere it

is processedby the receve digital signal processing(also
the coding). The sleep mode power P, is typically very
small when CMOS technology is used [28], so that we

neglect it in our model: P, = 0. Also, the recever enegy

consumptiorbeing dominatedby the analogpart, we assume
thatPy e = Pon rx:

Py =

Further performancemodels that re ect the behaior of
the FSK signaling schemeand the BCH coding are needed.
First, the signal to noise ratio per symbol at the recever
Es=N, has to be related to the transmitted power. This
requirestaking assumptionson the channel.In a wireless
sensornetwork, narrav-band at fading channelsare most
often encounteredAlso, as a consequencef the relative
stationary of the network topology and next to the small
paclet transmissiorduration,we canassumehat the channel
attenuation(due to the path loss and the fading) is constant

during a paclet transmissionHence,the channelis assumed
AWGN (additive white Gaussiamoise). The receved power

is typically expressedas a function of the distanced (see
Eq. 8). A, is the pathlossfor a distanceof 1m, K is the path

lossexponent,a is the randomshorttime fading gain andIL

representghe implementationloss. Es=N, is given by Eq. 9

where the thermal noise dependson the temperatureT, the

Boltzmanns constantk and the recever noise gure N;. W

is the bandwidth.

R = aAdCILP,, (8)
Es _ R
N, = 2WKTN; ®

In EqQ. 10, the FSK symbolerror probability is computedasa
function of the signal to noise ratio per bit E,=N,. Eq. 11
relatesthe symbol error probability to the codevord error
probability dependingon the parameter®f the code (n; k;t),
assuminga hard decisiondecoding.Finally Eq. 12 givesthe
paclet error rate if the paclet of size L is madeof several
codevords:

S
_ 1 E,
R, = Eerfc( N—O) (20)
g n - -
Rv = a R (1 R (11)
i=t+1
P = 1 (1 RYK (12)

IV. SYSTEM ENERGY VERSUS TRANSMIT OPPORTUNITY
TRADE-OFF

In the previous section, expressionswere given to compute
the enepgy to send(E,) andreceve (E;x) a unit of datal,

the expectederror ratefor this P, andthe time neededor this

transmissiorTon. Thesearea function of the outputpower Py,

and the scaling parameterk. In this sectionwe show, based
on theseexpressionshow to determinethe set of transmit
opportunities(TXOP) that can be allocatedto a ClusterHead
(CH) to transmita unit of data.EachpossibleTXOP allocation
corresponddo an expectedenepy that will be consumedby

the CH to sendits dataduring the grantedtransmissiortime.

The optimal Eneigy-TXOP trade-of curwe is derived for the
caseof codescaling,for a rangeof distances.
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Fig. 3. Timing of successfubndfailed uplink paclet transmissiorundera
MAC polling scheme.

A. Derivation of the Eneigy-TXOPtrade-of

The time and enepgy to senda paclet with given error rate,
dependingpn the settingof the modulationor outputpower, is
known. However, when consideringcommunicationn a real-
istic setup protocoloverheadshouldbetakeninto accountoo,
asconsideredn Fig. 3 for a centralizedMAC polling scheme.
Evenif we cansuppresshe overheadof the poll messagéif
the nodeis informed of the scheduleduring the previous data
exchangeand no stringenttime synchronizationis needed),
time spaceshetweentransmissiongIFS), acknavledgements
(ACK) for each data paclet should be taken into account
(SeeTablel). Moreover, the paclet error probability and the
resultingretransmissionshouldbe consideredThe overhead
to wake-upthe radio dependson the group of paclets,andis
notincludedin theperpacletanalysislt shouldbeaddedater.
This leadsto thefollowing expressiongor enegy andtime for
a successfulnd failed paclet transmissioh (not considering
the poll and wake-up overhead):

Egood: Ebad: ETX+ ((2 Tifs+ TACK)

Tgood =

Pon rX)
Toag= Tont (2 Tigg + Taok

Whentargetinga certaindegreeof reliability, i.e. Packet Error
Rate (PER) dependingon the speci ¢ application, potential
paclet retransmissionmustbe consideredn thetimeslot.The
resulting PER when sendinga paclet with error rate P, and
maximumm retransmissionss:

P(m) = Pt

(13)
(14)

(15)

Knowing the target degreeof reliability, the transmitopportu-
nity (TXOP) to beallocatedto a CH is determinedakinginto

accountthe worst casenumberor retransmissionsn needed
(Eg. 16).

(16)

This might resultin channelidle time if a retransmissioris
not needed.However, we want to determinein adwance a
schedulethat guarantee$or eachpaclet thetamget PER.As a
result, this potentialallocationof unneededransmissiortime
to a CH cannotbe avoided. Indeed,if probabilistic events
would causethe scheduleto vary, it would be impossible
to determinean optimal schedulein adwance and put the

TXOP(m) = Tgood+ m Ty

1E

good = Ebad becausehe assumptiorthatidle andreceve enegy arethe
same

*Pe ACK

on-tx ‘
TXOP

Pea

b - \
! TXOP

(a) 1 retransmission (b) No retransmission

Fig. 4. Expectedenegy consumptionand TXOP as a function of variable
and x ed enegy consumptionand the numberof retransmissions.

nodesto sleep? the time they are not allocated transmit
time (Fig. 4). Consideringthat the CH is only awake to
transmitor retransmita paclet, and sleepsimmediatelyafter
successfulransmissiorof all queuedpaclets,we cancalculate
the expectedenegy consumptiorfor one paclet. We consider
the expectedvalues,asthe numberof retransmissionthatwill
be neededs a randomvariable.Eq. 17 scalesthe enegy due
to retransmissionwith the probability a retransmissionvould
happenif the (j 1)th transmissiorfailed (Fig. 4).

E(m) = Egood(l P( m)) + Ebad(l P(O))

m

(AP D (iEypg+ (m+ HP(M) (17)

j=1
Determiningthe expectedenegy and worst case TXOP for
each con guration (k;Pr,), resultsin a cloud of discrete
pointsin the Enegy-TXOP plane (Fig. 5). However, we are
only interestedin those points that representthe optimal
trade-of betweenEnegy and TXOR i.e. the points that are
closestto the origin (lowest enegy and timeslot). Consider
e.g.point A on Fig. 5. It shouldnever be allocated,because
there exists a point B that needsa smaller share of the
channeland will resultin a lower enegy consumption.As
such,if point A canbe chosen,t will alwaysbe betterto use
point B instead.We approximatethis optimal trade-of with
the piecavise linear interpolation of the corvex minorant
of the cloud of points. The consideredtrade-of is then
the part of the minorant that is monotonically decreasing
(Fig. 5). This pruned piecavise linear interpolation of the
cornvex minorantwill be called the Enegy-TXOP trade-of
curve in the remainder of this paper Only the discrete
points can however be allocated,and in the next section
we proposea discrete optimization schemethat determines
the set of pointsthat achiese an enegy consumptionwithin
a x ed bound from the (unachi@able) optimum. We note
that the points of the optimal Enegy-TXOP trade-of curve
do representthe optimal trade-of betweenrate scaling and
shutdavn, asall effectsareconsideredo determinehevalues.

The enegy range spannedby this Enegy-TXOP curve
dependn the distance(which representshe relative impact
of the transmissionpower to the x ed power) (Fig. 6).
When the distanceis lower, the gain of scaling dovn the

2|t is possibleto shareretransmissioriime for pacletsof the samecluster
head.This additionaloptimizationis not consideredn this paper
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on the distance,signi cant sazings can be obtainedby applying BCH code
scaling.

transmit enegy is dominatedby the resulting increasein

transmit duration and hencecircuit enegy consumption.As

a result,the Enegy-TXOP trade-of curve for thesedistances
spansa much smaller rangein TXOP (i.e. downscalingis

not bene cial). On the other hand, when the circuit enegy

dissipationis small comparedto the tranmissionenengy, a

large gain in enegy can be achiered using different code
rates, hencethe trade-of curve spansthe whole range of

possible TXOPs. As a result, it should be clear that in a

scenariowhere the Cluster Headsare at different distances
from the centraldatasink (which is a realistic scenario) the

TXOP allocationto eachof themshouldre ect this difference
in distance.This not only optimizesthe aggreate network

enegy consumption,it also resultsin more enegy fairness
acrossthe ClusterHeads.

V. NETWORK OPTIMAL TRANSMISSION ALLOCATION

Basedon the Enegy-TXOP trade-of for eachcluster head,
we have to determinethe set of transmissionopportunities
that minimizes the total network enegy consumptionfor

the current aggregjate data requirementX, which denotes
the numberof L-sized paclets to be transmittedduring the
next schedulingperiod D. In a rst subsectiorwe derive an

algorithmto compute basedon the per paclet trade-of curwe,

a solution that deviatesby a small and boundedoffset from

the optimal solution. Second,we shav how the schemeis

communicatedn away thatenablesrodesto sleepmaximally.

Finally, someresultsare given.

A. Network TXOP Allocation

To determinethe transmissiorstrateyy for all nodeswe build
the aggrgjate Enegy-TXOP trade-of curve for the whole
network, taking into accountthe aggregjatetrafc load X and
the Enegy-TXOP trade-of curwe thatis relevant at that time
for eachCH. To know this load X and the currentdistance
(databaseandex to current optimal cune), the exchangeof
control information is needed,prior to the establishmenbf
the schedulelf the channelcoherencdime allows it, this can
happenduring the previous dataexchange asexplainedin the
next subsectionlf not, someadditional poll messageseed
to be included. Assumea network consistingof N Cluster
HeadsCH;, eachwith datarequirementX; (henceX = & X)).
EachCH, has, dependingon its distance,its own trade-of
cune, representing setof enegy versusTXOP points.Each
curve is a set of maximal Q (minimal 0) sggmentswith a
negative slope. Within a trade-of curwe, the sggmentsare
orderedaccordingto decreasingnegative slope,i.e. the enegy
thatcanbe gainedwhenincreasinghe allocatedtimeslotwith
a time unit decreasesThis is a resultof the corvexity of the
prunedtrade-of curve. Basedon the per CH; trade-of curves
and datarequirementsx; we determinethe network Enegy-
TXOP trade-of using the following greedy algorithm (See
Fig. 7 for X, = [1,2; 3] for 3 CHs with distance= [5;25;35]):

1) Allocateto eachCH;, the minimal requiredtransmittime,
which is the point from the trade-of curve with the
smallestTXOP and largest enegy, and multiply with
thetotalloadfor thisCH;: TXOPR.g = X TXOPR. i,
This correspondgo an expectedenegy consumption
Ei.qat = X TXOR.;,. We call Network TXOP Al-
location the vector f Ej.q,4; TXOR.,i,g resultingin a

total aggregjated time allocation TXOR, g, oicgart N
enegy consumptionE, g, ou.gart- 1he total numberof
points in the aggrejate curve, j° is 12 so far For
eachCH; the rst segmentto be considereds s;, and
the set of currentsegmentsis fCH;;s;9. CH; with no
such sggments; are removed out of the list, as their
minimal enegy TXOP (= TXOR,;,) hasalreadybeen
allocated.

SWe assumeit is always possibleto constructthis rst point, henceno
overloadis taken into account.



2) Searchacrossthe setof currentsggmentsthosewith the
largestnegative slopes, andaddtheir respectie CH; to
the set of bestsggmentsto be consideredduring this
passof the algorithm. Add, for eachCH,; in the best
set, the DE and DT XOP correspondingto this slope
s, until eachpaclet X; is dowvnscaled. Each DTXOP
increment can be understoodas increasingthe time
allocatedto one paclet of one Cluster Head, resulting
in a network enegy decreaseDE. This resultsin a
setof NetworkAllocation Vectors with lower aggreate
expectedenegy, but a larger time allocation:

(Enetwork;j;TXOPnawork;j);jo<k (j0+ é XI)
besCH
Enetwork;j Enawork;jo (J J(ﬁ DE
TXOPRgworkj = TXOPguoncjot (i i) DTXOP

where|' denoteghe numberof pointsafterthe previous
pass. The sum of the number of paclets acrossthe
selectedCHs correspondso the numberof pointsadded
in this pass.After adding all points in this pass,the
currentset of segmentsis updated.This meansthat for
eachCH thatwastreatedin this pass,the next sggment
of its trade-of curwe (if it exists)is considered.

Repeattep2 until all sgmentss for all CH; aretreated.
A network trade-of curve with maximumQ X points
is constructed,Q denoting the maximum number of
segmentsper Enegy-TXOP curve for eachCH;.

Based on the aggregjate Enegy-TXOP curve, the network

allocation vector correspondsto the point with the largest
aggregate TXOP thatis smallerthanthe schedulingperiodD,

asillustratedin Fig. 7 for D= 10ms It is clearthatfor larger
data requirements]ess downscalingis possible.The gure

represents setof aggrgjate Enegy-TXOP cunesfor 3 users
with distancesb; 25 and 35 and a datarequirementeachof 1

to 3 paclets. The compleity to constructthe aggr@ate curve
is O(NQIlog(N)), which is low as a meigesort is possible
thanksto the corvex propertiesof the cunes.

3)

It canbe shavn that solving this kind of discreteoptimization
problemswith a greedyapproach(e.g. accordingto steepest
decreasing slope) based on the corvex piecavise-linear
interpolation of the trade-of resultsin a solution that is
boundedsub-optimal[30]. This canbe understoodntuitively,
as shovn in Fig. 7. As the solution relies on the corvex
piecavise-linearinterpolation of the trade-of, eachdiscrete
point of the aggreate curve correspondsto an optimal
allocation, for a schedulingperiod D, that is exactly equal
to the aggregate transmissiontime of the discrete point.
However, most often, a point hasto be taken with a TXOR
that is slightly smallerthan D. The greedysearchbasedon
pruned corvex trade-of curves however doesnot guarantee
that there is no solution with TXOR, .., that is larger

4The exact order to add extra time for eachpaclet of different Mobile
Usersshouldbe randomto achieve fairness.
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Fig. 7. Aggregate Enegy-TXOP for 3 clusterheadswith distancesm; 25m
and 35m, datarequirementX; from 1 to 3 andschedulingperiod D=10ms.

than TXOPR but smallerthan D (and has a smaller enegy
consumption E;,)- However, due to corvexity, this
point hasto be above the piecevise linear trade-of cune.
Consequentlyit can be seenthat the worst casedifference
betweenE, i, and E; is boundedby the DEmax across
all sggments,which is relatively small and dependson the
granularityof the scalingk andthe paclet sizeL.

B. Delay Look-aheadmplementation

In generalfuturetrafc arrivals cannotbe predicted.This can
however be solved by introducinga look-aheadouffer, during

which trafc to be scheduledn the future, is captured.This

is indeed also the solution proposedin [6], [18]. However,

asshawvn in [18], to be practicalin a multi-usercontext, this

requiresa communicatiorstepafter eachlook-aheadoeriodto

communicateghe datarequirement®f eachuser It is obvious
thatwhen consideringshutdavn, this approachis not optimal

asit requiresusersto wakeup and communicatein between
data exchanges.t would however be much more practical,
consideringthe data gathering applicationwhere eachnode
communicatesvith the centralsink, to piggybackthe control

information on the periodic data and acknavledgementex-

change(seeFig. 8). The centralsink canthencollectthe data
requirementgrom eachnodeduring period[D; 2D] andtake a
schedulingdecisionfor all nodesattime 2D. Thedatasink can
communicatehe scheduleonly during the next dataexchange
for eachnode([2D; 3D]), aswake-upfor control information
only should be avoided. The schedulecan be piggybacled
on the ACK, sendfrom sink to Cluster Head when reliable
communications consideredThecommunicatedchedulecan
only be usedduring the next period ([3D;4D]). Eachdatais

hencedelayedby anamountrangingfrom 2D at the minimum
to 4D at the maximum.When large schedulingperiodsare
used,this canresultin a signi cant delay However, the delay
is boundedin all caseso 4D.
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C. Results

We have presented techniqueto optimally combinecoderate
scaling and shutdavn in a multi-user systemwith channel
(distance) and trafc diversity Depending on its current
situation (distanceand circuit power consumption)eachCH
hasa setof pointsthat represenits optimal working points.
Dependingon the currentdatarequirementof eachCH, the
centraldatasink determineghe optimaltimeslotfor eachCH.
As shavn in Fig. 6, eachnode can have a different optimal
cune dependingon its distance,and more time should be
allocated to those nodesthat can use it best to decrease
the total enegy consumption.This is taken into account
in the algorithm proposedin SectionV-A. Next, the gains
that can be achiezed by downscalingdependon the current
trafc. This is illustrated in Fig. 9, where for a scenario

400 500 600 700
Poisson load (packets/sec)

100 200 300 800 900 1000

Fig. 10. The enegy consumptionof 'Shutdonvn only' and'Shutdovn and
Scaling' for a rangeof load scenarics, 6 CH, d = 35m, D = 30ms

of 6 CH at a distanceof 35m the Poissonload (in L size
pakets=seq is varied. When shutdevn only is considered,
the enegy consumptionincreaseslinearly with the load.
However, consideringrate scaling, the enegy consumption
for the lower loadsis signi cantly lower (a factor2:6 for the
lowestload in this example).For higherloads, points should
be chosenwith a small TXOP which decreaseshe scaling
enegy gains.

The proposedalgorithm combinesthe gains that can be
achieved by scaling and shutdavn, as illustratedin Fig. 10
where the performanceis comparedto a scenariowhere no
enegy managemenis emplo/ed (i.e. where only transmit
power scaling is perfomedto adaptto the distance,but no
coderate scalingor shutdavn). When the load is extremely
low, shutting down the systemresultsin signi cant enegy
gains. For this low load case, scaling dovn however also
decreaseshe enegy consumptionsigni cantly. As a result,
the largestenegy gains are achieved for low load scenarics
(Fig. 9). For larger loads, the gains of scaling decreaseas
points with large TXOP are no longer schedulable.The
relatve gain is however always larger than 1, becauseof
the bursty Poissontrafc. For thoseloadsthe relative gains
of shutdavn also decreaseshut never reachesl as shutting
down is always bene cial in a multi-user scenario. The
proposedschemehowever optimally exploits the gains that
can be achiered by scalingand shuttingdown, over a range
of scenarios.

VI. CONCLUSIONS

In this paperwe proposeatransmissiorstrategyy thatcombines
closeto optimally lazy schedulingand shutdavn, two enegy
managementechniqueghat seemcontradictory The former
exploits thefundamentatrade-of betweerthetime andenegy
neededto senda unit of data, and hence maximizes the
transmissionduration to minimize the transmit enegy con-
sumption.The latter minimizesthe x ed circuit enegy con-
sumption,hencedecreasinghe transcerer on time as much



as possible.We shawv that the optimal transmissionstrateyy
in a multi-userscenariois a combinationof both approaches.
First, we derive a solutionto determinea transmissiorstratey
with a worst-casedeviation from the optimal stratgy that
is bounded.As practical radio implementationsonly allow
a discreteset of transmissionschemesthis discrete nature
of the problemis taken into accountin the systemmodel
and solution. The proposedalgorithm is general:depending
on the trafc constraintsand on the relative impact of the
transmissionpower to the circuit enegy consumption,more
transmissiorscalingor shutdavn is consideredWe shaw that
the algorithm indeedresultsin signi cant enegy savings for
a rangeof trafc loads and topologies.It e xibly combines
andtradesoff the gainsthat canbe achieved whenscalingor
shuttingdown only, andhencesigni cantly outperformsthose
enegy managementechniquesin each scenario.Moreover,
the algorithm can easily be implementedwhen considering
datagatheringapplications,makingit extremely valuablefor
deploymentin enegy-constrainegensometworks. Interesting
future work could be to extendthe schemeexploiting alsothe
degreesof freedomoffered by the routing algorithm.Also, in
constrasto this centrallycontrolledschemea fully distributed
solution could be developed.
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