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Abstract— Energy-ef�ciency is imperative to enable the deploy-
ment of sensornetworks with satisfactory lifetime. Conventional
power management in 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 energy 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 most appropriate for a given network
scenario. In this paper, we proposea transmission strategy that
combines both techniques optimally. We present a 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 used to optimally organize the forwarding of the sensed
information fr om cluster headsto the data sink (uplink) in a hier-
archical sensornetwork. Results, considering Coded Frequency
Shift Keying (FSK) modulation, show 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-rangeenvironmental
surveillance [2]. Despite the huge variety of their potential
applications, all sensor networks are severely constrained
in terms of energy. Sensor nodes are small form factor
batterypowereddevicesandsizeconstraintslimit the battery
capacity. In mostcases,thedensityof thenetwork or thevaste
environment where they are deployed prohibits a periodic

replacementof the batteries.This makesenergy consumption
very critical.

In a general way, the task of a sensor network consists
of measuringa variablethroughthe sensors,eventually(pre-)
processingthis information (e.g. to decide to forward it or
not), and if opportune,transmittingthe data to a data sink.
It has already been shown in several design cases[3], [4]
that someof the mostcritical energy consumersin a wireless
sensornode are the radio electronics.Reducing the radio
power dissipationis hencecrucial to enablethe deployment
of sensornetworks with satisfactory lifetime.
Currently, energy-ef�cient radio communicationis tackled
differently dependingon the level of abstraction.At the
physical layer, one tendsto exploit the fundamentaltrade-off
that exists betweentransmissionrate and energy [5], [6].
The information theory has shown that the capacity of the
wirelesschannelincreasesmonotonicallywith the signal to
noise ratio [7]. Hence,scaling down the transmissionrate,
i.e. reducingthe requiredchannelcapacityallows decreasing
the signal to noiseratio and thereforethe signal power. This
leadsto the lazy schedulingapproach[6], which consistsof
transmittingwith the lowest power over the longestfeasible
duration.

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



More speci�cally, it minimizes only the contribution of the
electronicswhosepower 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 contribution of the frequency
synthesizer, the up-conversion mixers and the �lters) is not
proportional to the transmit power [8]. This motivates the
approachesbasedon radio shutdown that tend to minimize
the duty cycle of the radio circuitry, and thereforetransmit
as fast as possible.These approachesjointly consider the
mediumaccessand routing (topology management)[9], [10]
but neglect the physical layer aspects.

At �rst issue, the lazy scheduling and the shutdown
approachesseem con�icting. In this paper, we show that
actually they correspondto two extreme cases and that
most often, the optimal transmissionstrategy in a multi-user
scenario consists of a cross-layer combination of both
approaches.We present a solution to determine the best
transmissionstrategy, taking into account the transceiver
power consumptioncharacteristics,the 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 energy savings
that can be obtained from transmissionrate downscaling
and radio shutdown. The proposed algorithm is general:
dependingon the traf�c constraintsandon the relative impact
of the transmissionpower to the circuit energy consumption,
more transmissionscaling or shutdown is considered.As
practical radio implementationsonly allow a discreteset of
transmissionschemes,the discretenatureof the problem is
takeninto accountin thesystemmodelandsolution.Although
centralcontrol is generallynot consideredfor self-organizing
sensor networks, it suits naturally the data gathering or
monitoring applications.For instancethe proposedprotocol
canbe implementedto organizethe forwardingof the sensed
information from cluster heads to the data sink (uplink)
in a cluster of a hierarchical sensornetwork (Fig. 1). As
the schedulingoptimally adaptsto the distanceand current
numberof CL's, it achieves the bestenergy savings for each
instanceof the hierarchicalrouting algorithm.

The remainder of the paper is organized as follows. In
Section II, a detailed overview of related work is given
and the contributions and speci�c focus of this paper are
highlighted.SectionIII elaborateson the sensorenergy and
performanceradio model.Taking into accountall overheads,
we presentin SectionIV the trade-off betweenrate scaling
and shutdown. An algorithm is proposedin Section V to
determinea close-tooptimal time allocationacrossall users
andgive resultsfor a multi-userscenario.Finally, conclusions
aredrawn in SectionVI.
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Fig. 1. Hierarchical wireless sensor network topology. The proposed
schedulingalgorithmcanfor examplebeusedto organizethedataforwarding
from theclusterheadsto thedatasink. Theschedulingalgorithmis computed
on the datasink terminal.

I I . BACKGROUND AND FOCUS

A. RelatedWork

The energy constraintfor wirelesssensornodeshas already
triggereda lot of researchincluding low-power circuits for
analog front-end [11], power-aware digital circuitry and
embeddedsoftware [12] to energy-ef�cient protocols for
mediumaccesscontrol [10], [13], topology management[9],
[14] and routing [15], [16]. Each of these works propose
solutionsthatmaydiffer dependingon the level of abstraction
considered.

At the physical layer, one tries to exploit the fundamental
trade-off that exists betweenthe transmissionrate and signal
to noiseratio [7]. This leadsto the so-calledlazy scheduling
approachof Uysal-Biyikoglu et al. [6]. The approachhas
been extended in [5] to encounter�rst the discretenature
of the radio settingsand secondthe non-proportionalityof
the radio circuitry consumptionwith the transmittedpower.
Discreteratescalingis achieved by adaptingthe constellation
sizeof themodulation,leadingto dynamicmodulationscaling
(DMS), or by changingthe coderate (dynamiccodescaling,
DCS).

From a network point of view, the lazy scheduling concept
translatesin trading off bandwidth(in termsof transmission
time) to power. To thatextent,it is not trivial to generalizeit to
the multi-usercontext. Uysal-Biyikoglu at al. have proposed
a generalizedversion of their algorithm (Right-Flow) for a
broadcastchannel(downlink) andto the multi-accesschannel
(uplink) assuming a centralized medium access control
protocol [17]. In [18], a practicalmulti-user lazy scheduling
scheme called L-CSMA/CA is proposed. This scheme
relies on a CSMA/CA distributed medium accesscontrol
and considersa �nite discreteset of possible transmission
rates. Raghunathanet al. propose in [19] a centralized
lazy scheduling algorithm, Energy-Ef�cient Weighted Fair



Queuing.Themodulationis scaledbasedon thecurrentqueue
size, which aggregates bursty traf�c, exploiting a trade-off
betweenaveragetraf�c delay and energy consumption.For
applicationswith periodic traf�c and stringentinstantaneous
delayrequirements,real-timeenergy awarepacket scheduling
for periodic traf�c is proposedin [20], wherea shareof the
channelis allocatedto each�o w dependingon its deadline
and worst-casedata requirements.Dependingon its current
data requirements,eachnodeshould then make optimal use
of its own timeshare,and downscale the transmissionrate
if possible.Although signi�cant energy gains are achieved,
this doesnot necessarilyresult in the most energy-ef�cient
schedulefrom a network point of view asmulti-userdiversity
is not exploited.

Lazy schedulingschemesfocus only on this contribution to
thenodeenergy consumptionthat is relative to thetransmitted
power. However, when considering low and middle range
radios, an important part of the power dissipation is not
proportionalto thetransmitpower. To reducethis contribution,
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 nodecannotreceive data
when turned off, hence effective use of the sleep mode
requiresa signi�cant degreeof coordinationbetweennodes.
To take careof this coordinationat the mediumaccesslevel,
both contention- and schedule-basedsolutions have been
proposed.PAMAS [13] is oneof theearliestcontention-based
energy-ef�cient protocols that avoids over-hearing among
neighboringnodesby usingout-of-bandpagingto coordinate
the shutdown. S-MAC, a single-frequency contention-based
protocol, takes advantage of the sparse data in sensor
networks andpacksall messagesinto short active parts[10].
To organizetheactive timeslotsacrosssensors,S-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 aggregate data
of many sensors.This motivates the need for establishing
transmissionschedulesthat allow nodesto transmitor receive
data without collisions. TRAMA is a time slotted,schedule
basedMAC that allows nodes to switch to a low power
mode when they are not transmitting or receiving [21]. It
uses a distributed election scheme based on information
about the traf�c 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 traf�c to send,
which can be very valuablefor parts of the network where
currently no events are monitored. When the density of
sensor nodes is suf�cient, only a small number of them
shouldbe on to monitor or to forward eventsevery time. To
take advantageof this, topology managementschemesare
introduced.They coordinatewhich nodesturn their radio off
and when, such that the data forwarding remainssuf�cient
while minimizing the total network energy dissipation.SPAN
[9] and GAF [14] have beenproposedfor sensornetworks

with �at multihop routing. LEAH [15] is an alternative
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 data forwarding,
andcanbeusedfor both�at andhierarchicalroutingschemes.

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
context. Although, in [5], a generalframework is provided to
derive the operatingregions when a transceiver shouldsleep
or use transmissionscaling, a solution to optimize both in
a dynamic multi-user scenariois not proposed.In [8], [23],
the transmissionstrategy, combiningtransmissionratescaling
and sleepduration optimization is studiedwith and without
coding. An off-line optimization algorithm is proposedbut
the scopeis limited to a single-userlink or a multi-userlink
with a �x ed timesharefor eachuser. In [24], it is shown that
the �x ed circuit power consumptionhasa large impactwhen
optimizing the energy consumptionacrossboth physical and
MAC layer in IEEE 802.11DCF wirelessLANs. However, no
shutdown is taken into accountin the optimization.A similar
cross-layeroptimization,neglecting the shutdown mode,but
taking into accountthe 802.11PCF, is donein [25].

B. Focus

In this paper, we analyzethe trade-off that exists between
lazyschedulingandduty cycle minimizationin a multi-access
channel.Basedon that, we proposea schedulingalgorithm
that optimizes jointly the transmissionrate and the sleep
period, consideringthe dynamic traf�c requirementsof each
node. The total network energy consumptionis minimized.
Other variations of the schedulingalgorithm could aim at
extending the network lifetime, and �rst consider those
CL for energy saving with the least battery power left.
The solution is general: based on the relative weight of
the transmissionpower to the �x ed circuit power, more
transmissionscalingor shutdown is consideredto achieve the
most energy-ef�cient solution in eachscenario.We assume
the channel is only divided in time, hence the scheduling
algorithm computes the transmit opportunities (TXOP)
that should be allocated to each user. No spatial reuseor
interferenceare taken into account.Ideally, eachuseris only
awake when allocateda TXOP, to send its queuedtraf�c.
Also, it is assumedthat suf�cient synchronizationbetween
the usersis achieved. The core of the schedulingalgorithm
consistsof computingper usera setof transmitopportunities
that representoptimally the trade-off betweenchanneluse
and energy consumption.Then, theseare combinedacross
usersto determinethe schedule(i.e. vector of transmission
grants)with the minimal network energy consumption.Based
on the above considerations,we statethe problem explored
in this paper:Given a sensornetworkwith bursty data, in a
heterogenousand varying network topology, how does one
decide to allocate the time-shared channel to minimize the



�xed and transmissionenergy consumptionfor the network
as a wholewhile assuringa target degreeof reliability?

It is important to develop and test the energy-ef�cient
schedule based on a realistic sensor network scenario.
Moreover, it is important that the proposedschemecan be
implementedwith minimal control overhead.We hencestate
in moredetail the applicationscenarioconsidered,andstress
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) aggregate 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
contribution is henceon the forwarding in a single cluster,
e.g.the top level clusterwheredatais forwardedfrom CL's to
the datasink. As such,the schemecould be extendedto take
into accountdata-dependenciesbetweendifferent clusters,as
donein [26].

Depending on the range of the cluster, the transmission
power is more or less dominant compared to the �x ed
circuit power. However, even for very shortdistances(< 5m)
where transmissionscaling is less important, the proposed
scheme�e xibly allocatesthe just required TXOP to each
nodemaximizing the possibilitiesto shutdown. We consider
rangesfrom 5m to 35m in this paper, which are realistic
distancesfrom CH to data sink, considering environment
monitoring (Fig. 1). We concludewith the following basic
observations 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
transmissionscalingin the energy optimization.

2) The wireless channel is time-sharedbetweena large
numberof sensornodes,motivatingthetransceiver shut-
down whenothernodesaresendingdata.

3) The clusterheadsaggregate senseddata,which can be
a lot when they cover a large cluster. Due to this large
load,aschedule-basedMAC is preferreddueto collision
risk in contention-basedprotocols.

4) Optimally, eachclusterheadis awakeonly whensending
its own datatowardsthe centralsink, so no communi-
cationis possiblebetweenclusterheadswithout waking
themup betweendatacommunications(herewe abstract
the data aggregation that should also be done by the
clusterhead).

5) All CH communicatewith the centraldatasink. There-
fore, it is possibleto piggybackthe data requirements
of eachcluster headon its data exchangetowards the
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Fig. 2. Asymptoticcoderateversuscodegain trade-off 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
acknowledgementfrom sink to clusterhead.

I I I . SYSTEM MODEL

Modulationscaling(MQAM) is usually consideredto enable
transmissionratescaling[8]. Yet, MQAM is not sucha good
choice for a wireless sensornode radio. Wang et al. have
shown that radios basedon binary frequency shift keying
(2FSK) may be far more ef�cient becausethey require less
analog components[27]. With less analog components,the
sensorsare much cheaperand consumeless circuit energy.
Becauseof that, FSK is a promisingair interface for sensor
networks. To enablerate scaling in 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 = 2m � 1 (1)

n� k � m� t (2)

dmin = 2� t + 1 (3)

where m and t are arbitrary positive integers. n is the
codeword size,k the codedimensionanddmin, the minimum
Hamming distancebetweentwo codewords. 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
achieve a given packet error probability. Typically a BCH
codecancorrectany patternof t errorsin a codeword.

BCH codes have a good performance for small block
sizesandarehenceappropriatefor shortpacket transmissions
in sensornetworks. We considera block size n = 255bits
and vary the coderate assuminga set of valuesfor the code
dimensionk (Table I), which correspondto the number of
data bits in a codeword. From Eq. 2, one can observe that



TABLE I

THE DIFFERENT PARAMETERS USED FOR THE MODEL .

Energy Model PerformanceModel MAC model
PTx(dBm) [� 10to20](step0:5) A1 = � 40dB L = 1000bits

k = [247;239; :::;13;9] [29] K = � 4 Ti f s = 5ms
Rs = 1e6 d = [5;15;25;35;45](m) TACK = 10ms

Pelex� tx = 10mW kT = � 174dBm=Hz PER= 10e� 3
Pelec� rx = 10mW Nf = 10dB Twakeup = 100ms

h = 0:3 IL = � 5dB Pwakeup = Pelec� rx

there is a trade-off betweenthe code rate Rc = k=n and the
error correction performancet. Thus, varying k allows to
trade-off rate and energy. In Fig. 2, the asymptoticcoding
gain 10log(Rc � dmin), 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 Rs(baud), the
time neededto senda packet of L bits is:

Ton =
Ln
kRs

(4)

Consideringthe above BCH-FSK systemmodel, the power
consumptionto transmitandrecieve canbe found as:

Pon� tx = Pelec� tx + PPA (5)

Pon� rx = Pidle = Pelec� rx; (6)

wherePelec� tx representsthepowerneededby thedigital signal
processingto producethe base-bandsignal and the power
neededby the analog circuitry to modulate the signal on
the requiredfrequencies.The power ampli�er PPA drives the
currentto theantenna.WecanassumethatPPA is, at �rst order,
proportionalto the transmitpower PTx. We de�ne h asthePA
power ef�ciency:

PPA =
PTx

h
: (7)

Consideringthe receiver, its electronic power consumption
(Pelec� rx)consists of the low noise ampli�er (LNA) and
�lters to downconvert the signal to the baseband,where it
is processedby the receive digital signal processing(also
the coding). The sleep mode power Psl is typically very
small when CMOS technology is used [28], so that we
neglect it in our model: Psl = 0. Also, the receiver energy
consumptionbeingdominatedby the analogpart, we assume
that Pidle = Pon� rx.

Further, performancemodels that re�ect the behavior of
the FSK signalingschemeand the BCH coding are needed.
First, the signal to noise ratio per symbol at the receiver
Es=No has to be related to the transmitted power. This
requires taking assumptionson the channel. In a wireless
sensornetwork, narrow-band �at fading channelsare most
often encountered.Also, as a consequenceof the relative
stationary of the network topology and next to the small
packet transmissionduration,we canassumethat the channel
attenuation(due to the path loss and the fading) is constant

during a packet transmission.Hence,the channelis assumed
AWGN (additive white Gaussiannoise).The received power
is typically expressedas a function of the distanced (see
Eq. 8). A1 is the path lossfor a distanceof 1m, K is the path
lossexponent,a is the randomshort time fadinggain andIL
representsthe implementationloss. Es=No is given by Eq. 9
where the thermal noise dependson the temperatureT, the
Boltzmann's constantk and the receiver noise �gure Nf . W
is the bandwidth.

Pr = a A1dK ILPTx (8)
Es

N0
=

Pr

2WkTNf
(9)

In Eq. 10, the FSK symbolerror probability is computedasa
function of the signal to noise ratio per bit Eb=No. Eq. 11
relates the symbol error probability to the codeword error
probability, dependingon the parametersof the code(n;k;t),
assuminga hard decisiondecoding.Finally Eq. 12 gives the
packet error rate if the packet of size L is madeof several
codewords:

Pb =
1
2

er f c(

s
Eb

N0
) (10)

Pw =
n

å
i= t+ 1

�
n
i

�
� Pi

b � (1� Pb)n� i (11)

Pe = 1� (1� Pw)
L
k (12)

IV. SYSTEM ENERGY VERSUS TRANSMIT OPPORTUNITY

TRADE-OFF

In the previous section,expressionswere given to compute
the energy to send(Etx) and receive (Erx) a unit of data L,
theexpectederror ratefor this Pe andthe time neededfor this
transmissionTon. Thesearea functionof theoutputpower PTx
and the scalingparameterk. In this sectionwe show, based
on theseexpressions,how to determinethe set of transmit
opportunities(TXOP) that canbe allocatedto a ClusterHead
(CH) to transmitaunit of data.EachpossibleTXOPallocation
correspondsto an expectedenergy that will be consumedby
the CH to sendits dataduring the grantedtransmissiontime.
The optimal Energy-TXOP trade-off curve is derived for the
caseof codescaling,for a rangeof distances.
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Fig. 3. Timing of successfuland failed uplink packet transmissionundera
MAC polling scheme.

A. Derivation of the Energy-TXOPtrade-off

The time and energy to senda packet with given error rate,
dependingon thesettingof themodulationor outputpower, is
known. However, whenconsideringcommunicationin a real-
istic setup,protocoloverheadshouldbetakeninto accounttoo,
asconsideredin Fig. 3 for a centralizedMAC polling scheme.
Even if we cansuppressthe overheadof the poll message(if
the nodeis informedof the scheduleduring the previous data
exchangeand no stringent time synchronizationis needed),
time spacesbetweentransmissions(IFS), acknowledgements
(ACK) for each data packet should be taken into account
(SeeTable I). Moreover, the packet error probability and the
resultingretransmissionsshouldbe considered.The overhead
to wake-upthe radio dependson the groupof packets,andis
not includedin theperpacketanalysis.It shouldbeaddedlater.
This leadsto thefollowing expressionsfor energy andtime for
a successfuland failed packet transmission1 (not considering
the poll andwake-upoverhead):

Egood = Ebad = ETx + ((2� Ti f s+ TACK) � Pon� rx) (13)

Tgood = Tbad = Ton+ (2� Ti f s) + TACK (14)

Whentargetinga certaindegreeof reliability, i.e. Packet Error
Rate (PER) dependingon the speci�c application,potential
packet retransmissionsmustbeconsideredin thetimeslot.The
resultingPER when sendinga packet with error rate Pe and
maximumm retransmissionsis:

P(m) = Pm+ 1
e (15)

Knowing the target degreeof reliability, the transmitopportu-
nity (TXOP) to beallocatedto a CH is determinedtaking into
accountthe worst casenumberor retransmissionsm needed
(Eq. 16).

TXOP(m) = Tgood+ m� Tbad (16)

This might result in channelidle time if a retransmissionis
not needed.However, we want to determinein advance a
schedulethat guaranteesfor eachpacket the target PER.As a
result,this potentialallocationof unneededtransmissiontime
to a CH cannot be avoided. Indeed, if probabilistic events
would causethe scheduleto vary, it would be impossible
to determinean optimal schedulein advance and put the

1Egood = Ebad becausethe assumptionthat idle andreceive energy arethe
same

P

TXOP

Pon-tx

PPA

Psl

ACK
x Pe

(a) 1 retransmission

TXOP

Pon-tx

PPA ACK

(b) No retransmission

Fig. 4. Expectedenergy consumptionand TXOP as a function of variable
and �x ed energy consumptionand the numberof retransmissions.

nodes to sleep 2 the time they are not allocated transmit
time (Fig. 4). Considering that the CH is only awake to
transmitor retransmita packet, and sleepsimmediatelyafter
successfultransmissionof all queuedpackets,wecancalculate
theexpectedenergy consumptionfor onepacket. We consider
theexpectedvalues,asthenumberof retransmissionsthatwill
be neededis a randomvariable.Eq. 17 scalesthe energy due
to retransmissionswith theprobabilitya retransmissionwould
happenif the ( j � 1)th transmissionfailed (Fig. 4).

E(m) = Egood(1� P(m)) + Ebad(1� P(0)) �

(
m

å
j= 1

P( j � 1) � ( jEbad) + (m+ 1)P(m)) (17)

Determiningthe expectedenergy and worst caseTXOP for
each con�guration (k;PTx), results in a cloud of discrete
points in the Energy-TXOP plane(Fig. 5). However, we are
only interestedin those points that representthe optimal
trade-off betweenEnergy and TXOP, i.e. the points that are
closestto the origin (lowest energy and timeslot). Consider
e.g. point A on Fig. 5. It shouldnever be allocated,because
there exists a point B that needs a smaller share of the
channeland will result in a lower energy consumption.As
such,if point A canbe chosen,it will alwaysbe betterto use
point B instead.We approximatethis optimal trade-off with
the piecewise linear interpolation of the convex minorant
of the cloud of points. The consideredtrade-off is then
the part of the minorant that is monotonically decreasing
(Fig. 5). This pruned piecewise linear interpolation of the
convex minorant will be called the Energy-TXOP trade-off
curve in the remainder of this paper. Only the discrete
points can however be allocated, and in the next section
we proposea discreteoptimization schemethat determines
the set of points that achieve an energy consumptionwithin
a �x ed bound from the (unachievable) optimum. We note
that the points of the optimal Energy-TXOP trade-off curve
do representthe optimal trade-off betweenrate scaling and
shutdown, asall effectsareconsideredto determinethevalues.

The energy range spanned by this Energy-TXOP curve
dependson the distance(which representsthe relative impact
of the transmissionpower to the �x ed power) (Fig. 6).
When the distanceis lower, the gain of scaling down the

2It is possibleto shareretransmissiontime for packetsof the samecluster
head.This additionaloptimizationis not consideredin this paper.
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transmit energy is dominatedby the resulting increasein
transmit duration and hencecircuit energy consumption.As
a result,the Energy-TXOP trade-off curve for thesedistances
spansa much smaller range in TXOP (i.e. downscaling is
not bene�cial). On the other hand, when the circuit energy
dissipation is small comparedto the tranmissionenergy, a
large gain in energy can be achieved using different code
rates, hence the trade-off curve spansthe whole range of
possibleTXOPs. 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 optimizes the aggregate network
energy consumption,it also results in more energy fairness
acrossthe ClusterHeads.

V. NETWORK OPTIMAL TRANSMISSION ALLOCATION

Basedon the Energy-TXOP trade-off for eachcluster head,
we have to determinethe set of transmissionopportunities
that minimizes the total network energy consumptionfor
the current aggregate data requirementX, which denotes
the numberof L-sized packets to be transmittedduring the
next schedulingperiod D. In a �rst subsectionwe derive an
algorithmto compute,basedon theperpacket trade-off curve,
a solution that deviatesby a small and boundedoffset from
the optimal solution. Second,we show how the schemeis
communicatedin a way thatenablesnodesto sleepmaximally.
Finally, someresultsaregiven.

A. NetworkTXOPAllocation

To determinethe transmissionstrategy for all nodes,we build
the aggregate Energy-TXOP trade-off curve for the whole
network, taking into accountthe aggregate traf�c load X and
the Energy-TXOP trade-off curve that is relevant at that time
for eachCH. To know this load X and the current distance
(databaseindex to current optimal curve), the exchangeof
control information is needed,prior to the establishmentof
the schedule.If the channelcoherencetime allows it, this can
happenduring thepreviousdataexchange,asexplainedin the
next subsection.If not, someadditional poll messagesneed
to be included. Assumea network consistingof N Cluster
HeadsCHi , eachwith datarequirementXi (henceX = å Xi).
Each CHi has, dependingon its distance,its own trade-off
curve, representinga setof energy versusTXOP points.Each
curve is a set of maximal Q (minimal 0) segmentswith a
negative slope. Within a trade-off curve, the segmentsare
orderedaccordingto decreasingnegative slope,i.e. theenergy
thatcanbegainedwhenincreasingtheallocatedtimeslotwith
a time unit decreases.This is a resultof the convexity of the
prunedtrade-off curve. Basedon the perCHi trade-off curves
and datarequirementsXi we determinethe network Energy-
TXOP trade-off using the following greedy algorithm (See
Fig. 7 for Xi = [1;2;3] for 3 CHs with distance= [5;25;35]):

1) Allocateto eachCHi theminimal requiredtransmittime,
which is the point from the trade-off curve with the
smallestTXOP and largest energy, and multiply with
thetotal loadfor thisCHi : TXOPi;start = Xi � TXOPi;min.
This correspondsto an expectedenergy consumption
Ei;start = Xi � TXOPi;min. We call Network TXOP Al-
location the vector f Ei;start ;TXOPi;ming resulting in a
total aggregated time allocation TXOPnetwork;start and
energy consumptionEnetwork;start . The total numberof
points in the aggregate curve, j0, is 13 so far. For
eachCHi the �rst segment to be consideredis s1, and
the set of current segmentsis f CHi ;s1g. CHi with no
such segment s1 are removed out of the list, as their
minimal energy TXOP (= TXOPmin) hasalreadybeen
allocated.

3We assumeit is always possibleto constructthis �rst point, henceno
overloadis taken into account.



2) Searchacrossthesetof currentsegmentsthosewith the
largestnegative slopes, andaddtheir respective CHi to
the set of best segmentsto be consideredduring this
passof the algorithm. Add, for eachCHi in the best
set, the DE and DTXOP correspondingto this slope
s, until eachpacket Xi is downscaled4. Each DTXOP
increment can be understoodas increasing the time
allocatedto one packet of one ClusterHead,resulting
in a network energy decreaseDE. This results in a
setof NetworkAllocation Vectors with lower aggregate
expectedenergy, but a larger time allocation:

(Enetwork; j ;TXOPnetwork; j ); j0< k � ( j0+ å
bestCH

Xi)

Enetwork; j = Enetwork; j0� ( j � j0) � DE

TXOPnetwork; j = TXOPnetwork; j0+ ( j � j0) � DTXOP

where j' denotesthenumberof pointsafter theprevious
pass.The sum of the number of packets acrossthe
selectedCHscorrespondsto thenumberof pointsadded
in this pass.After adding all points in this pass,the
currentsetof segmentsis updated.This meansthat for
eachCH that wastreatedin this pass,the next segment
of its trade-off curve (if it exists) is considered.

3) Repeatstep2 until all segmentss for all CHi aretreated.
A network trade-off curve with maximumQ� X points
is constructed,Q denoting the maximum number of
segmentsper Energy-TXOP curve for eachCHi .

Based on the aggregate Energy-TXOP curve, the network
allocation vector correspondsto the point with the largest
aggregateTXOP that is smallerthanthe schedulingperiodD,
asillustratedin Fig. 7 for D = 10ms. It is clearthat for larger
data requirements,less downscaling is possible.The �gure
representsa setof aggregateEnergy-TXOPcurvesfor 3 users
with distances5;25 and35 anda datarequirementeachof 1
to 3 packets.The complexity to constructthe aggregatecurve
is O(NQlog(N)) , which is low as a mergesort is possible
thanksto the convex propertiesof the curves.

It canbeshown thatsolving this kind of discreteoptimization
problemswith a greedyapproach(e.g. accordingto steepest
decreasing slope) based on the convex piecewise-linear
interpolation of the trade-off results in a solution that is
boundedsub-optimal[30]. This canbe understoodintuitively,
as shown in Fig. 7. As the solution relies on the convex
piecewise-linear interpolationof the trade-off, eachdiscrete
point of the aggregate 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 TXOPi
that is slightly smaller than D. The greedysearchbasedon
prunedconvex trade-off curves however doesnot guarantee
that there is no solution with TXOPoptimal that is larger

4The exact order to add extra time for eachpacket of different Mobile
Usersshouldbe randomto achieve fairness.
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Fig. 7. AggregateEnergy-TXOP for 3 clusterheadswith distances5m;25m
and35m, datarequirementXi from 1 to 3 andschedulingperiodD=10ms.

than TXOPi but smaller than D (and has a smaller energy
consumption Eoptimal). However, due to convexity, this
point has to be above the piecewise linear trade-off curve.
Consequently, it can be seenthat the worst casedifference
betweenEoptimal and Ei is boundedby the DEmax across
all segments,which is relatively small and dependson the
granularityof the scalingk and the packet sizeL.

B. Delay Look-aheadImplementation

In general,future traf�c arrivalscannotbepredicted.This can
however be solved by introducinga look-aheadbuffer, during
which traf�c to be scheduledin the future, is captured.This
is indeedalso the solution proposedin [6], [18]. However,
asshown in [18], to be practicalin a multi-usercontext, this
requiresa communicationstepaftereachlook-aheadperiodto
communicatethedatarequirementsof eachuser. It is obvious
that whenconsideringshutdown, this approachis not optimal
as it requiresusersto wakeup and communicatein between
data exchanges.It would however be much more practical,
consideringthe data gatheringapplicationwhere eachnode
communicateswith the centralsink, to piggybackthe control
information on the periodic data and acknowledgementex-
change(seeFig. 8). The centralsink canthencollect the data
requirementsfrom eachnodeduringperiod[D;2D] andtake a
schedulingdecisionfor all nodesat time 2D. Thedatasink can
communicatethescheduleonly during thenext dataexchange
for eachnode([2D;3D]), aswake-up for control information
only should be avoided. The schedulecan be piggybacked
on the ACK, sendfrom sink to Cluster Head when reliable
communicationis considered.Thecommunicatedschedulecan
only be usedduring the next period ([3D;4D]). Eachdatais
hencedelayedby anamountrangingfrom 2D at theminimum
to 4D at the maximum. When large schedulingperiodsare
used,this canresult in a signi�cant delay. However, the delay
is boundedin all casesto 4D.
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Fig. 8. The three phasesof the delay look-aheadto obtain optimized
transmissionrate scaling and shutdown for multiple users:1. collect data
requirementsof all users[D;2D], 2. inform usersof schedule[2D;3D], 3.
receive data [3D;4D]. All control information exchangeis piggybacked on
the periodicdatatransferto eliminatecontrol communicationoverhead.
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Scaling' for a rangeof load scenario's, 6 CH, d = 35m, D = 15ms.

C. Results

We have presenteda techniqueto optimally combinecoderate
scaling and shutdown in a multi-user systemwith channel
(distance) and traf�c diversity. Depending on its current
situation(distanceand circuit power consumption),eachCH
hasa set of points that representits optimal working points.
Dependingon the currentdatarequirementsof eachCH, the
centraldatasink determinestheoptimal timeslotfor eachCH.
As shown in Fig. 6, eachnodecan have a different optimal
curve dependingon its distance,and more time should be
allocated to those nodes that can use it best to decrease
the total energy consumption.This is taken into account
in the algorithm proposedin Section V-A. Next, the gains
that can be achieved by downscalingdependon the current
traf�c. This is illustrated in Fig. 9, where for a scenario
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Fig. 10. The energy consumptionof 'Shutdown only' and 'Shutdown and
Scaling' for a rangeof load scenario's, 6 CH, d = 35m, D = 30ms.

of 6 CH at a distanceof 35m the Poissonload (in L size
packets=sec) is varied. When shutdown only is considered,
the energy consumption increaseslinearly with the load.
However, consideringrate scaling, the energy consumption
for the lower loadsis signi�cantly lower (a factor2:6 for the
lowest load in this example).For higher loads,points should
be chosenwith a small TXOP which decreasesthe scaling
energy gains.

The proposedalgorithm combines the gains that can be
achieved by scaling and shutdown, as illustrated in Fig. 10
where the performanceis comparedto a scenariowhere no
energy managementis employed (i.e. where only transmit
power scaling is perfomedto adapt to the distance,but no
coderate scalingor shutdown). When the load is extremely
low, shutting down the systemresults in signi�cant energy
gains. For this low load case,scaling down however also
decreasesthe energy consumptionsigni�cantly. As a result,
the largestenergy gains are achieved for low load scenario's
(Fig. 9). For larger loads, the gains of scaling decreaseas
points with large TXOP are no longer schedulable.The
relative gain is however always larger than 1, becauseof
the bursty Poissontraf�c. For thoseloads the relative gains
of shutdown also decreases,but never reaches1 as shutting
down is always bene�cial in a multi-user scenario. The
proposedschemehowever optimally exploits the gains that
can be achieved by scalingand shuttingdown, over a range
of scenarios.

VI . CONCLUSIONS

In thispaper, weproposea transmissionstrategy thatcombines
closeto optimally lazy schedulingandshutdown, two energy
managementtechniquesthat seemcontradictory. The former
exploits thefundamentaltrade-off betweenthetimeandenergy
neededto send a unit of data, and hence maximizes the
transmissionduration to minimize the transmit energy con-
sumption.The latter minimizes the �x ed circuit energy con-
sumption,hencedecreasingthe transceiver on time as much



as possible.We show that the optimal transmissionstrategy
in a multi-userscenariois a combinationof both approaches.
First,we derive a solutionto determinea transmissionstrategy
with a worst-casedeviation from the optimal strategy that
is bounded.As practical radio implementationsonly allow
a discreteset of transmissionschemes,this discretenature
of the problem is taken into account in the systemmodel
and solution. The proposedalgorithm is general:depending
on the traf�c constraintsand on the relative impact of the
transmissionpower to the circuit energy consumption,more
transmissionscalingor shutdown is considered.We show that
the algorithm indeedresultsin signi�cant energy savings for
a rangeof traf�c loads and topologies.It �e xibly combines
andtradesoff the gains that canbe achieved whenscalingor
shuttingdown only, andhencesigni�cantly outperformsthose
energy managementtechniquesin eachscenario.Moreover,
the algorithm can easily be implementedwhen considering
datagatheringapplications,making it extremely valuablefor
deploymentin energy-constrainedsensornetworks.Interesting
futurework couldbe to extendtheschemeexploiting alsothe
degreesof freedomofferedby the routing algorithm.Also, in
constrastto this centrallycontrolledscheme,a fully distributed
solutioncould be developed.
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