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Abstract— We study sleep/wale schedulingfor low duty cycle
sensor networks. Our work is different from prior work in
that we explicitly consider the effect of synchronization error
in the design of the sleep/wale scheduling algorithm. In our
previous work, we have studied sleep/wale scheduling for single
hop communications, e.g, intra-cluster communications between
a cluster head and cluster members.We showed that the thereis
an inherent trade-off betweenenergy consumption and message
delivery performance (de ned as the messagecapture probabil-
ity). We proposedan optimal sleep/wale scheduling algorithm,
which satis es a messagecapture probability threshold(assumed
to be given) with minimum energy consumption.

In this work, we consider multi-hop communications. We
remove the previous assumption that the capture probability
thresholdis already given, and study how to decide the per-hop
capture probability thresholdsto meet the Quality of Sewices
(QoS) requirementsof the application. In many sensornetwork
applications, the QoS is decided by the amount of data delivered
to the base station(s), i.e., the multi-hop delivery performance.
We formulate an optimization problem, which aims to set the
capture probability thresholdat eachhop suchthat the network
lifetime is maximized, while the multi-hop delivery performance
is guaranteed. The problem turns out to be non-corvex and
hard to solve exactly. By investigating the unique structure of
the problem and using approximation techniques, we obtain a
solution that achieves at least 0.73 of the optimal performance.

|. INTRODUCTION

An importantclassof wirelesssensometwork applications
is theclassof continuousnonitoringapplicationsTheseappli-
cationsemploy a large numberof sensomodesfor continuous
sensinganddatagathering Eachsensorperiodically produces
a small amountof dataand reportsto one (or several) base
station(s).This applicationclassincludesmary typical sensor
network applicationssuchas habitatmonitoring [1] and civil
structuremonitoring [2].

Measurementshav that idle listening consumesa sig-
ni cant amountof enegy for sensordevices. An effective
approachto consere enegy is to put the radio to sleep
during idle times and wake it up right before message
transmission/receptiorThis requiresprecisesynchronization
betweerthe senderandthe recever, sothatthey canwake up
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simultaneouslyo communicatewith eachother The state-of-
the-artin sleep/vake schedulingassumeghat the underlying
synchronizatiorprotocol can provide nearly perfect(e.g., s
level) synchronization,so that clock disagreementcan be
ignored. However, in our previous work [3], we determined
thatthe impactof synchronizatiorerroris non-neligible. We
found that althoughexisting synchronizatiorschemeschieve
precisesynchronizationmmediatelafter theexchangeof syn-
chronizationmessagesthere is still randomsynchronization
error becauseof the non-deterministidactorsin the system.
Due to the synchronizatiorerror, clock disagreemengrows
with time and can be comparableto the actual message
transmissiontime. This meansthe design of an effective
sleep/vake schedulingalgorithm must considerthe impact of
synchronizationerror We shaved that there is an inherent
trade-of betweenenegy consumptionand messagelelivery
performancgde ned asthe messageaptureprobability). We
then proposedan optimal sleep/vake schedulingalgorithm,
which achieves a messagecaptureprobability threshold(as-
sumedto be given) with minimum enegy consumption.

In the above-mentionedwork, we focusedon single-hop
communicationsln this work, we considemmulti-hopcommu-
nications For illustration,we considera network thathasbeen
hierarchically clusteed We remove the previous assumption
that the capture probability thresholdis already given and
studyhow to decidethe perhop captureprobability thresholds
to meetthe QoSrequiremenbf theapplication.n mary sensor
network applicationsthe nodescllect sensingdataand report
to the basestation(s)(BS). Thereforethe QoSis decidedby
theamountof datadeliveredfrom thenodegto the BS,i.e., the
multi-hopdelivery performanceWe formulatean optimization
problemwhich aimsto setthe captureprobability thresholdat
eachhop suchthat the network lifetime is maximized,while
a minimum fraction of datais guaranteedo be deliveredto
the BS. The problemturns out to be non-corvex and hardto
solve exactly. Thereforewe useapproximatiortechniqguegnd
obtaina 0.73-approximatioralgorithm.

The remainderof this paperis organizedas follows. Sec-
tion Il reviewsrelatedwork. Sectionlll givesthesystemmodel
andbrie y describesur sleep/vake schedulingalgorithmfor
single hop communicationsSectionlV studieshow to assign
the thresholdsalong multi-hop pathsin the clusterhierarchy
SectionV concludesthe paper



Il. BACKGROUND AND RELATED WORK

We rst review previous work on sleep/vake schedulingin
sensometworks, thendiscussclusteringin sensometworks.

A. Sleep/\Vdke Schedulingfor SensorNetworks

MAC designs for wireless sensor networks can be
broadly classi ed as contention-basedr TDMA protocols.
In contention-basedlACs, overhearing,collisions, and idle
listening waste enegy. Hence, mechanismssuch as over-
hearing avoidancehave been proposedto save enegy with
contention-baseMACs[4]-[6]. Severalresearcherarguethat
TDMA protocols combinedwith sleep/vake schedulingare
more suited to sensornetwork applications (since TDMA
protocolsavoid enegy wastedueto contention).In this case,
the radio sleepsduring idle times, and wakes up right before
messagéransmission/receptioithis requiregprecisesynchro-
nization betweenthe senderandthe recever, sothatthey can
wake up at the sametime to communicatewith eachothetr
Most existing sleep/vake schedulingschemesssumehatthe
underlyingsynchronizatiorprotocolcanprovide nearlyperfect
(e.g., s level) synchronizationand that clock disagreement
is negligible at all times. This, however, is untruein practice.
Considertwo nodesthat have agreedto rendezwus on the
radio channelonce every 5 minutesto exchangea 30-byte
messageUsinga 19.2kbpsradio suchasRF Monolithics[7],
30 bytes can be transmittedin 12.5 ms. The radio must be
awakened early to compensatdor clock disagreementlLet
the relative clock skew be 5 ppm, i.e., the clocks of the two
nodesdrift away from eachother5 s eachsecond.After 5
minutes,the clockswill drift by 5 s 300= 1.5 ms, which
is non-ngligible comparedo the messagdransmissiortime.

B. Clusteringfor SensomMNetworks

Clusteringis generallyconsideredo be a scalablemethod
to managdarge sensometworks. Sensorswithin a geograph-
ical region are groupedinto a cluster The sensorsare then
locally managedby a clusterhead(CH) — a node electedto
coordinatethe nodeswithin the clusterandto be responsible
for communicationbetweenthe cluster and the BS or other
clusterheadsThis groupingprocessanberecursvely applied
to build a cluster hierarchy Sensornodes rst elect level-1
CHs, thenlevel-1 CHs electa subsetf themselesaslevel-2
CHs. Clusterheadsat levels 3;4; :: : areelectedin a similar
fashionto generatea hierarchyof CHs, in which ary level-i
CHisalsoaCHof level (i 1);(i 2);:::;1. Fig. 1 depicts
nodesorganizedin a three-level cluster hierarchywith each
numberrepresentinghe level of the correspondinghode.

Hierarchicalclusteringprovidesa corvenientframework for
resourcamanagemenandlocal decisionmaking.Moreover, it
canbeextremelyeffective for datafusion,i.e., sensinglatacan
be aggreyatedbefore being passednto the next higherlevel
in the hierarchy Hence hierarchicaklusteringis usedin mary
practicalsystemq?2], [9]. Due to this widespreadise,in this

1Accordingto the datasheedf Mica Motes[8], the clock skew with respect
to the standardclock is up to 50 ppm, thusthe relative clock skew between
two sensomodescanbe 100 ppmin the worst case.

work we choosethe clusterhierarchymodel as anillustrative
example.We assumehat the network hasbeenhierarchically
clusteredusing one of the popularclusteringtechniqueg10],

[11].
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I1l. SYSTEM MODEL

We considera clusterhierarchy whereeachclusterconsists
of a single clusterhead(CH) and multiple clustermembers.
Note that a node can be both the CH in one cluster and a
memberin anothercluster at a higher level, e.g.,in Fig. 1,
C is the CH of E, but is also a memberof A. Time is
divided into recurring epots with constantduration Te. As
in mary MAC protocolsfor sensornetworks [5], [6], each
epochbegins with a synchronizatiorinterval Ts followed by
a transmissioninterval (Fig. 2). During the synchronization
interval, the clustermemberssynchronizewith their CH and
no transmissionareallowed.During the transmissionnterval,
eachmembernode transmitsin a TDMA mannerand sends
onemessagéo the CH every T secondsThe messageonsists
of the aggreyateof its own sensingdata,andthe datacollected
from its membersf the nodeitself is a CH. Eachtransmission
interval containsone or more roundsof transmissionsj.e.,
Te=Ts+ NT;N 1. Thetransmissiongrom the different
membersare equispacedi.e., if M is the numberof cluster
membersthentransmissionsre separatedy ,&—

A. Assumptions

We male the following assumptiongboutour system:

(1) Orthogonal Frequency Channels We assumethat
neighboringclustersuse orthogonalfrequeny bandsand do
not interferewith eachother This is a reasonablessumption
sincethe datarate of sensometworksis usuallylow, typically
around 10 40 kbps. If we run the network in ISM-900
bands(902 928 MHz), thenthereare more than a thousand
frequeny channelgo choosefrom.

A nodethat is both a CH and cluster memberneedsto
communicatevith its membersandwith its CH, e.g.,in Fig. 1
node C needsto communicatewith both A and E. However,
A andE arein neighboringclusters;hencethey usedifferent
frequeny channels.Since every node has only one radio
interface, C hasto schedulecarefully to participatein each
cluster This can be achieved in the following manner The
BS rst decidesthe scheduleof the synchronizationnterval
and the transmissionschedulefor its members(A and B in
Fig. 1), then broadcastghis information to the members.A
and B, upon hearingthe broadcastwill resere the relevant
timesfor synchronizing/communicatingith theroot. Then,A




andB scheduldhe synchronizatiorandtransmission$or their
membersat differenttimes.Similarly, C will resere thetimes
to synchronize/communicatavith A, and choose different
timesfor its memberqgE and F) to synchronize/transmit.
(2) Data aggregation We adopta dataaggreyationmodel
similar to [12]. Considera clusterwith node 0 beingthe CH,

M. We
usethe following modelfor (Lo;:::Lwm), thelengthof the

aggrejatedmessage,

Li + c:
i=0
In this model, ¢ corresponddo the overheadof aggreyation,
whiler 1 is the compressiomatio. Note thatr canbeO0, in
which caseEq. (1) correspondso the casewhenall messages
can be combinedinto a single messagef x ed length. This
modelsthoseapplicationsvherewe wantupdatef type min,
max, and sum (e.g., event count).

The modelin Eq. (1) assumeghe samecompressiorratio
for messagefrom differentnodes.It canbe easily extended
to accounffor differentcompressiomatios,andthe resultsstill
apply. The detailscanbe foundin our technicalreport[13].

(3) Radio hardware: We assumethat the sendercan
preciselycontrolwhenthe messagés sentoutontothechannel
usingits own clock. This is reasonablesincein [14], system
measurementsave shavn that non-determinisnat the sender
is nggligible comparedto non-determinismat the recever.

For therecever, we assumehatif thereis anincomingmes-
sagejt canimmediatelydetecttheradio signal. Thisis a close
approximationof the real situation,sincemoderntranscerers
candetectincomingsignalswithin microsecond§l5]. Further
we assumehatoncethereceverdetectanincomingmessage,
it will stayactive until the receptionis completed.

(4) Collisions: We assumethat the separationbetween
transmissiongrom differentmembers,,\TA—, for a clusterwith
M membersis large enoughso that the collision probability
for transmission$rom differentmemberss negligible. This is
a reasonablessumptiorfor low duty cycle sensometworks.
Consider a large cluster of M 50 membersand each
membertransmitsto the CH every T 60 seconds.The
separationis ,\TA— = 1200 ms. For low duty cycle networks,
the messagesize is usually not large; hencethe transmission
time is much smaller than this separationMoreover, at the
beginning of eachepoch,the clustermemberse-synchronize
with the CH, so that the clock disagreementvill not become
large enoughto causesigni cant collision probability.

(5) Propagationdelay: Finally, becaus¢he communication
rangefor sensomodesis typically < 100 meters,the propa-
gationdelayis below 1 s . Thus,we considerthe propagation
delayto be nggligible andassumet to be zerofor simplicity.

(Lojiiilm)=r 1)

B. SyndtironizationAlgorithm

Time synchronizatiorfor wirelesssensometworks hasbeen
extensvely investigated[14], [16]-[20]. Clock disagreement
betweensensomodescanbe characterizedisingtwo factors:

phase offset and clock skew. Phaseoffset correspondsto

clock disagreemenbetweennodesat a given instant. Clock
skew meansclocks run at different speeds,i.e., the actual
frequeng deviatesfrom the expectedfrequeng. Thisis dueto

manufcturingimprecisionand aging effects. The maximum
clock skew is lessthanthan 100 ppm andis usually speci ed

by the manufcturer Besidesmanufcturingimprecisionand
aging,the frequeng is alsoaffectedby ervironmentalfactors
including temperature,pressure,and voltage [21]. Among
thesefactors temperaturdasthe mostsigni cant effect. When
temperaturesigni cantly changesthe variationin the clock
frequeng canbeupto severaltensof ppm,while the variation
causedy otherfactorsis far belov 1 ppm.Obsene, however,

that temperaturedoesnot changedramaticallywithin a few

secondsn typical sensorervironments.If the epochduration
Te is chosenaccordingto the temperaturechangeproperties
of the ervironment,we can assumethat the clock skew for

eachnodeis constanbver eachepoch.This is consistentvith

the empirical obsenationsin [20].

In this work, we adoptthe well-known RBS synchronization
scheme and study the sleep/vake schedulingproblent. The
schemeancludestwo steps(1) Exchangesynchronizationmes-
sagesto obtain multiple pairs of correspondingime instants;
and (2) Uselinear regressionto estimatethe clock skew and
phaseoffset.

At the beginning of eachepochj , the membersieedto syn-
chronizewith the CH. To this end,eachmemberi exchanges
several synchronizatioormessagewith the CH andobtainsN g
pairs of correspondingtime instants (C(j; k);ti(j; k)); k =

of the CH andof nodei in epochj respectiely.

Undertheassumptiorthatthe clock skew of eachnodedoes
not changeover the epoch,during a given epochj the clock
time of membernodei, t;, is a linear function of the CH
clocktime C, i.e.,tj(C) = a(j)C + b(j), wherea;(j); b (j)
denotethe relative clock skew and phaseoffset (respectiely)
betweenmembernodei and CH in epochj .

Becauseof the non-determinisnmin the messagexchange,
the obtainedtime correspondences not exactly accurateand
containsan error, i.e.,

ti(; k) = a()C3; k) + b(j) + e(; k); @)
whereg, (j; k) is therandomerror causedby non-determinism
in the system.Real system measurement$16] shav with
a high con dence level that g (j; k) follows a well-behaed

normal distribution with zero meanN (0; 3), and ¢ is on
the order of several tensof microseconds.

areobtainedvia exchangeof synchronizatioomessagesthen,
linear regressionis performedon theseNg pairs to obtain
estimatef a;(j ); b (j ), denotedby &; (j );ﬁ (j)- In thiswork,
we control the exchangeof synchronizationmessagesuch
that C(j; k) jTe + kg=ij
This can be achiesed by letting the CH initiate the message
exchangeandwe give the detailedexplanationin ourtechnical

report[13].

2This schemeis chosenfor illustration purposesonly. Our sleep/vake
schedulingsolution works with most synchronizatiorschemes.



C. The Optimal Sleep/\Vdke ScedulingProblem

We now summarizeour previous work [3] on sleep/vake
schedulingfor single hop intra-clustercommunications.

Assumethat during epochj, nodei hasa message to
sendat CH clocktime ,; wherejTe | (j + 1)Te. Node
i rst corverts  into its own clock time using the estimates
@& G):BG). ie.fi( p)=a() p+B() andthenit sends
out the messagant f} p) accordingto its own clock.

The CH clock time correspondingo f} ( p) is:

o_ fi(p) B _ |, @) a@)p+ha)

P a() P ai(j)

b ().
®)

From Eq. (2), random errors exist in the measurements.

Therefore, (8i(j):B(j)) is also randomand may not equal
(a(j);(j)). Asaresult,theactualarrival time r?Will deviate
from the scheduledarrival time . To accountfor this random
deviation and still “capture” (receve) the messagethe CH
needsto wake up earlier than , and stay active for some
time (Fig. 3), i.e., it usesa wake up intenal to capturethe
actualmessagerrival. This leadsto the following question:
Whenshouldthe CH walke up and how long shouldthe wake

up interval be?

Actual Msg Scheduled Msg
Arrival Arrival
|
i
( Py
\ )J
Wake Sleep t

Fig. 3. Wake up intenal to capturethe message

Obviously, if the CH wakes up much earlier than , and
stays active for a long time, the probability of capturing
the messagewould be high; however, waking up early and
staying active for a long time consumesmore enegy. In
order to reduceenegy consumption,yet still guaranteethe
messagedelivery performance we formulate the following
optimal sleep/vake scheduling problem which attemptsto
minimize the expectedenegy consumptionwith constraints
on the captureprobability.

Let p be a messagdrom nodei to arrive in epochj, i.e.,
scheduledarrival time 2 (j Te;jTe + Te). Let g be the
actual arrival time at which p arrives at the CH, as de ned
in Eq. (3). To capturep, the CH wakes up at w,, and waits
for the messageuntil s,. The goalis to determinew, ands;
to minimize the expectedenegy consumptiorasdescribedby
the following optimizationproblem:

RS(A) Min E = (s, wp) (Protf § 2 (wp;sp)g +
pf(x Wp) 1+ & rOf o(X)dX
suchthat Prokf 22 (Wp.Sp)g th;
where =, is the power consumption during

idle/receptiontime; L, is the length of the message;R

is the data rate; f o() is the probability density function
(PDF) of g, and th is the capture probability threshold,

0 < th < 1. Its valueis applicationspeci c and is assumed
to be given

To solve (A), we rst computethe PDF f o(x) By linear

regression[22], we nd that g|s normallyd|str|butedand

E()= p )

0 2 _ § 1 (p CG KN ..

VAR(p) 5 a?(j) Ns 1 C2(j; k) (C(; k))Z]’
PEsl C(jk). CZ(J, k)_ PDSIC ik ).

whereC(j; k) =
Subsututmg Eq. (4) into problem (A), and Iettmg

T _».g= , .e., ™ (w; s) arethe normal-

ized arrlval time and normahzed«vake up interval respectiely.

After simplealgebraicoperationsproblem(A) becomes:

Sp_»p

(A1) Min F(w;s) = (s W) p 1 [Q(w) Q(S)]S p I
+Hogw) 9s)] p 1+ QW) QIR .
suchthatQ(w) Q(s) th,

whereg( ) is the PDFfor the standarchormaldistribution, and
Q() is the complementarycumulative distribution function.

The main dif culty in solving (Al) is that the problemis
not a corvex optimization problem,which can be shavn by
computingthe Hessianmatrix. Due to the non-corvexity, we
cannotuse corventionalconvex optimizationtechniqueg23]
to nd the optimal solution.Hence,we looked into the struc-
ture of problem (A1) and proved the following proposition,
which shows that the optimal solution always appearsat the
boundaryof the region Q(w) Q(s) th.

Proposition1: For Problem (Al), ary optimal solution
(w ;s ) satisesQ(w ) Q(s) = th.

The equality Q(w ) Q(s ) = th meansthat underthe
optimal schedulingpolicy, the captureprobability is always
equalto the thresholdth. This is quite intuitive as we can
imagine that to guaranteea larger captureprobability, more
enegy will be consumed.

SubstitutingQ(w ) Q(s ) = th into F(w;s), we get

r: (5)

Substitutingeg. (5) into (Ale, we cansimplify the formulation
asfollows. First, becauséh &  doesnotdepencnw ands,
weremoveit from F (w; s). Secondall theremainingtermsof
F(w;s) have , |, sowe canextract , . Finally, because
Q(x) is monotonic,we expresss asa function of w, s(w) =
Q (Q(w) th). Now the formulationbecomes:

(A2) Min G(w) = (1 th)s(w) w+ g(w) g(s(w));
suchthats(w) = Q 1(Q(w) th) andw < Q I(th).
Hence,we have transformedthe original formulation (A)

into an equialent formulation (A2). We can see that the
minimum expectedenegy to receve the messages

Fw9) = [(L th)s we o) oS p 1 +th=?

r th; (6)

L
p | (th)+ﬁp

where
(th) = minfG(w):w< Q !(th)g @)

is the minimumvalueof the objectie functionin (A2). Eg. (6)
and (7) will be usedlaterin SectionlV.

Next, we solve (A2). The following propositionshavs that
G( ) is acorvex function, andgivesthe positionof the global
minimum.



Proposition2: (1) GOO(W) > 0

(2) Let wy betheglobalminimum,w, = Q 1(%);% =
min(0; Q 1(th)), thenwp 2 (w;;w), and is the unique
minimum on this interval.

Becausavy is theuniqueminimumon (w;; wy ), we canuse
the Golden Searchmethodto nd wg [24]. The compleity
of the Golden Searchmethodis O(log(1)), where is the
requiredprecision.Thus,it canbe efciently implemented.

After we obtainw ;s , we computethe optimal sleep/vake
scheduleas(w, = p+ W pisp= p+s p).

We simulated our sleep/vake scheduling scheme and
shaved that it outperformsschemeshat do not intelligently
considerthe synchronizatiorerror [13].

IV. THE CAPTURE PROBABILITY THRESHOLD
ASSIGNMENT PROBLEM

As describedn Sectionlll-C, our previouswork [3] focused
on single hop intra-clustercommunicationsand studiedthe
optimal sleep/vake schedulingproblemunderthe assumption
thatthe captureprobabilitythresholdvasalreadygiven In this
work, we studyhow to decidethe captureprobabilitythreshold
to meetthe QoSrequiremenbf the applicationand maximize
the network lifetime.

A. ProblemDe nition

Considera sensometwork deployed for ervironmentmon-
itoring. The network consistsof a setof sensomodesdenoted
by S, and one or more basestations(BSs), usually personal
computersThe network hasalreadybeenhierarchicallyclus-
teredusing one of theseclusteringtechniqueq10], [11]. We
assumehereis a single BS, denotedby B S. The formulation
can be easily extendedto the casewith multiple BSs.H (n)
denotesthe clusterheadof noden. M (n) denoteshe setof
nodesthat are membersof n. D (n) denotesthe setof nodes
that arethe descendantef n. M (n) andD (n) canbe empty
if noden is at level 0. d(n) is the hop distancefrom noden

to BS, i.e., H (M) (n) |—|(H(:::{J;|(n) :::)% = BS.

d(n

Each sensornode periodically re(pgnrtsto its CH. The CH
aggrejatesits own sensingdata and the datacollectedfrom
the membersover the last transmissiorperiod, then forwards
the aggreyateddata to its CH. The processcontinuesuntil
the messagenally getsto BS. Eachmessage&ontainssome
sensingdata and representertain amountof “information”
aboutthe ervironment.B S usesthe collectedinformationto
computecertainproperties.e.g., the chemicalcontaminantin
the area. The service quality is de ned as the accurag of
the computedproperties,which is decidedby the amount
of information collectedby BS, i.e., the more information
collected the betteraccurag. Hence the servicequality is not
decidedby the delivery performancet ary particularhop, but
by the multi-hopdelivery performancerom the nodesto B S.

However, collecting more information requireshigher en-
ergy consumptionand may lead to widely varying power
dissipationlevels acrossnodes,e.g., nodesat high levels in
the clusterhierarchyhave an excessve relaying burden. This
will resultin a shorterlifetime for some nodes,which can

leadto lossof coveragewhenthesenodesdepletetheir enegy.
This is theinherenttrade-of betweerapplicationperformance
and network lifetime. To maximizethe network lifetime and
still guaranteehe applicationperformancewe formulatethe
following optimizationproblem.

We de ne thenetwork lifetime T, asthetime until thedeath
of the rst sensomode.This de nition is widely usedin the
literature[4], [10], [25]-[27]. It mainly appliesto application
scenariosvith strict coveragerequirementswhereeachsensor
“covers”acertainareain theervironmentandprovidesequally
importantinformationto B S. To maintaincompletecoverage
andsave redeplymentcost,we mustensurethatall the nodes
remainup for aslong as possiblé.

Let z(n) be the capture probability threshold of H (n)
for messagesoming from n, i.e., node H (n) will capture
messagefrom noden with probability no lessthanz(n). The
goalis to choosez(n) to maximizethe network lifetime, and
still guarantedhat all information be deliveredto B S with a
prede ned probability

(B) Max T

suchthatQid:(g) LZ(HO (nY) :8n 2 S;

where is decidedby the QoSrequiremenbf the application.
For the datafrom noden to be receved by BS, it needs
to passthroughH @); H®@ (n);:::;HW®™ 1(n), Hencein
(B), the constraint %) * z(H () (n)) meansthe data
from n will be receved by BS with probability no lessthan
. Note that the datawill be aggrgyatedwith datafrom other
nodesat eachhop along the path.

B. Solution

In the cluster hierarchy if the multi-hop delivery perfor
manceof a leaf node (a level-0 node) is guaranteedthen
the delivery performancefor its ancestorsis guaranteedas
well, i.e., if the information from a leaf noden is delivered
to BS with probability no lessthan , then the information
from H(n);H®@ (n):::H WM D(n) will also be delivered
with probability no lessthan . Hence,in (B), the constraints
on the delivery performanceof non-leafnodesare redundant
andcanberemoved.Let LF denotethe setof leaf nodesWe
obtainthe following formulation:

(B) Max T

suchthatQid:(g) LZ(HO (n)) :8n 2 LF;

To obtainan explicit form of Problem(B), we characterize
the average power dissipationfor each sensornode when
z(m); m 2 S aregiven.During anepoch,a noden consumes
enegy for sensingsynchronizationandtransmitting/receiing
data messagesLet the sensingenegy and synchronization
enegy be "s(n), and "syn(n) respectiely. These do not
dependon the captureprobability thresholds.

Both the transmissionenegy and the receving enegy
dependon the capture probability thresholds.Let | be the

SHere,we assumethat we will lose the correspondingoverageif a node
dies,i.e., thereis no redundannode.If the network hasredundang we can
considerthe nodescovering the samearea (e.g., nodesnearthe samebird
nest) as a single nodewhoseinitial enegy equalsthe sum of enegy of all
therelevantnodesandthenthis de nition andthefollowing resultsstill apply



amountof sensingdatageneratedy eachsensorduring each andthetransmission/receptioenegy. CombiningEq. (8), (9)
transmissiorperiod T, and L& 9(n) be the average message and(11), the averagepower dissipatedn noden is given by
sizefrom n. Then, fsom the aggrgyationmodelin Eq. (1), "o(n) + "gyn(n) + "1(n) + ", (N)

!

L29(n) = r(l+ () Z()LRV9()) + c: (n;°z) T (12)
Recursvely applyingthe above formula, we have ° ,

a0y i) 1 = A(n)+ P(m;i) (z(i) +

X 2 ol _ i2M (n)
L¥9(n) =rl+c+ ‘ (rl+0 [rz(H® (i) X d(i) \(n) 1
om - ®) Q(n:i) 2(H®(0);

SinceN messagesre transmittedin eachepoch,the average 12D (n) k=0
transmissiorenegy in an epochis where

avg _ 1., " rl+c .

"(n) =N t(n)l‘ R(n); 9) A(n) = T_e[ s(n) + "syn(n) + N t(n)T].
P(n;i) =

where ((n) is the transmissiorpower of noden®. (n:1) Y _

We now computethe averagereceving enegy ", (n). For L X u 1 (Ts + .M('()nT)j +hT HENsTe)?
a node n with jM (n)j members,during a given epochj, T A §N—[1+ - Ve (T LRiT.)? —]
thesenodestransmitto n in turn. To decidethe transmission ® h=1 ® e P
sequence,noo!e n order.s the jM (n)j members,i.e., ea_ch _ 1IN (n)+N 4y d(n 1
membernodei 2 M (n) is assigneda sequencexumber (i) Q(n;i) = T R (rl+or :

e

from f1;2;:::;JM (n)jg, and different membernodeshave -
differentsequenc@umbersNodei is scheduledo transmitat L€t (1) betheinitial enegy of noden, thenProblem(B)
jTe+ Ts+ ()gremy + T:h= 112N, For givencapture canbe written as
probabilitythresholdsnoden will usethesleep/vakeschedule ~ Max T, Qum 1 _
describedin Sectionlll-C, as it is the optimal sleep/wak  suchthat iz(a) z(HM(n)) .8n 2 LF,
schedule Therefore,the average enegy usedto receive a (n;’z)  (N)=TL;8n2S.
messagescheduledto arrive at | is exactly the minimum Next, we introducea lifetime-penaltyfunction (1 =T, ) to
value of the objective function in Problem(A), whichis (by be a strictly corvex and increasingfunction (e.g., ( x) =
Eq. (6)) x2). Then, maximizing the network lifetime is equivalent

(th) + Lp th: to minimizing the lifetime-penalty function. We now use a

p | r . . .
R changeof variableu = 1=T, to give the network lifetime

Here,L, is themessagsize, , is computedrom Eq. (4),th maximizationproblemasthe following equivalentproblem:
is the requiredthreshold,and (th) is asgivenin Eq. (7). The :
averagereceving enegy ", (n) canbe computedoy summing (B) Min ( u)Q dn) 1 i

. : hthat ~ 507 *z(H M (n)) :8n 2 LF,
up the enegy usedto receve all messagefrom its members. suc i=0) )
As in Sectionlll-B, thesynchronizations controlledsuchthat (n;z) (nju;8n 2 S.
C@; k) jTe+ khT,—SS, SO The dif culty in solving (B) is that it is not a corvex
optimization problem. To see this, we obsenre that in the

C(j; k) jTe+ 1+ NSE; (10) second set 61‘ conaraints,the left side (n;'z) includes

2 N ; ; ; .

Py : 15N (z(i)) and ~ z(i). ~ z(i) maynotbecorvex, e.g.,z(1)z(2);

S0 (GO T0) e (ks SReTs)? for (z(i)), we numerically shav the curve in Fig. 4 which
(k) (CG k) N ' is clearly not corvex. Hence,the constraintregion is not a

corvex set,andProblem(B) is not corvex. Further we do not
have an explicit analyticalform for (z). This makesProblem
(B) hardto solve exactly. Next, we investigatethe structureof
the problemand obtain an approximatesolution.

Further recall thatthe maximumclock skew is no largerthan
100 ppm; hencein Eq. (4), therelative clock skew a; (j) 1.
Combiningthesetogether we have

r(n) rZ()—x—* (11 25
i2M (n) h=1 ) )
u ;

u _T L NsTsy2 . 15 15

. 1 (Ts+ memyr + T 75NS) S
G L e P P :
S k=1 N?\l 2Ng 'S 05 05
0 0

For noden, the averageenegy consumptionin an epoch 0 02 04 06 08 1
is the sum of the sensingenengy, the synchronizatioreneny, z z

4We assumehateachnodehasa x ednumberof transmissiompower levels Fig-4. (2) Fig. 5. Approximating (z)

(asin Mica2 motes),and canchoosethe appropriateone baseduponfactors . . .
suchas distanceand channelfading. The following propositioncharacterizes (z).



Proposition3: (1) Forz 0:86, (z) is strictly convex;

(2) For z 2 [0;0:99],1:86z2 < (z) < 2:52z.
We give the proofin the technicalreport[13]. Theideais that
althoughwe donothave anexplicit analyticalform of (z), we
have the boundsobtainedirom Proposition2(2). Thereforewe
compute {z); °{z) usingimplicit differentiationandbound
them.This propositionshavs that (z) is corvex in theregion
[0:86; 1); for the remaining region where (z) may not be
corvex, we canboundit fairly tightly.

Next, we approximate (z) with a corvex function. The

curve 2z + 0:001z2 intersects (z) atZo 0:95. Let
(2) = 22+ 0:001z2 0 z Zg
ner= (2) Zo z<1

The following proposition showvs that
approximationof (z).

Proposition4: (1) 0:929

(2) 1(z) is strictly convex.

This propositionis easily proved using Proposition3 [13].
Fig. 5 illustratesthat 1(z) is a good approximationof (z).
Now, we canobtainan approximatesolutionof (B). Consider
the following problem(B1):

(B1) Min ( ub
suchthat %) * z(H®(n))

1(2) is a cornvex

(2)= 1(z) 1:26

:8n 2 LF,

1(n; !z) = A(n) +

i2M (n)
X d(i) y(n) 1

Q(n;i)

i2D(n)
The only differencebetween(B) and (B1) is thatin (B1),
() isreplacedby 1(). Thefollowing propositionshows that

the solutionof (B1) is an approximatesolution of (B).
| Proposition5: Let (z ;u ) be the optimal solqtionto (B),
(z1;u;) be the optimal solujion to (B1), T.(z ) be the
network lifetime when using z as the capture probability
thresholds T, (z;) be the network lifetime whenusing z, as
the captureprobabilitythresholdsthenT, (z;) 0:73T.(z ).
Proof: From Proposition4, 0:929 (2) 1:26. Therefore,

1(2)
(n;'2)= 1(n;'2))

|
Becausg(z,; u,) is'the optimal solutionof (B1), we have

P(n;i) 1(z(i)) +

zH®@G@)  (Mu;8n2S:

k=0

0:929 1:26: (13)

1|(n; z,) (n)u1;|8n 2S:
Therefore, (n;z;) 1:26 1(n;z;) 1:26 (n)u;;8n 2 S.
Hence,
!
TL(z;) 1=(1:26u,): (14)

Also, as (!zl; u;) is the optimal solufion of (B1), there
must exist somenodei suchthat 1(i; z) (ujy. Oth-
erwise if |1(n z) < (nuy;8n 2 S; then let ul =
maxf 1(n; z )= (n)g. It can be easily veri ed that(z ul)

|s a solutionto (B1) and ul < u,, which is contradictoryto
the factthat (z, ; u,) is the optimal solution of (B1).

!
0:929 .(i;z)

!
For this node i, we hae (i;z)

0:929 (i)uy; thus T. qi ) 1=(0:92,). Combinedwith

Eq. (14),wehave T (z;) O73T (z). =

The intuition behi'ndthe proof is lthat 1()) approximating
() implies 1(n;°z) | (n;’z);8n 2 S. Hpnce
T|_(z ) = m|nf (n)=(n;z )g m|nf ()= 1(m; z )g,

andTL(zl) = m|nf (n)= (n; zl)g m|nf (n)= 1(m; zl)g

But z1 is the optimal solu'uon ,of (Bl), so
minf (n)= 1(n;'21)g minf (n)= 1(n;z )g. Therefore,
nzs, pZS

Tu(zy)
| |
T(z) 1(n; 2 )g.

Proposmon5 is importantasit shows that: zl is an approx-
imate solution of (B) with approximationratio 0:73.

As describedearlier (B) is a non-cotvex optimization
problem; henceit is dif cult to obtain the optimal solution
Z . However, Proposition5 shaws that if we can solve (B1)
and useits solution z; asthe captureprobability thresholds,
thenthe achieved network lifetime is no lessthan 73% of the
maximum.Next we solve (B1).

Usingthe variabletransformationv(i) = In(z(i)), problem
(B1) becomedhe following equivalent problem(B1"):

(B1) Min ( u
suchthat

minf (n)= 1(n; z;)g cannotbe muchsmallerthan

m|nf (n)=

o) lV(H>((”(n)) In ;8n2LF,

2(n; !V) = A(n) + P(n;i) 1(e"W) +
i2M (n)

Prag) o) 10 iy

Q(n;i)e «=0 (Nu;8n 2 S:

i2D(n)

In (B1"), obviously the optimizationgoal function is convex
andthe rst setof constraintorrespondso a corvex set.For
thesecondsetof constraintshecausdothexp() and () are
strictly convex andincreasingfrom the compositionrule [23],

1(exp()) is alsostrictly corvex. Therefore the secondsetof
constraintsalso correspondgo a corvex set,and (B1) is a
corvex equialentof (B1).

We solve (B1") via dual formulation. The dual problemis
I
 max C

where ;! are Lagrangemultipliers cqrrespondingo the

two setsof constraintsin (B1'), and ( ° ,! ) is the dual
function given by
1 X
(5')= mn (u+ W(n (1)
u ov<o0 n2LF
a1 , X |
v(H® (n)) + a( 2(n;v)  (nu):

i=0 n2s
We usethc? subgradienmethod[23] to solve the dual prob-

lem.Letu ;v bethem|n|m|zer|q Eq (15). Onesubgradient

of the negative dual function  ( ) is [23]
= 1 v (HOM) I ,8n 2 LF;
"n= (NMu O(n;v );8n 2 S;



where !# and* correspondo the dual variables! and’
respectiely.

To obtainthe optimaldualvariablesthe subgradienmethod
usesthe following updatesat the k" iteration

[ (k)
[ n(k)

where[]* denotesrojectiononthenonneative orthant®, and
$ « is the stepsize.Corvergenceto therl_p?timal dualvariables
is guaranteedf $ satises$! 0, ., $x=1 .

Hereis a physicalinterpretatiorof the dualvariables and

. Consider’ to be the price of vi|o|ating the requirement
on the delivery performance,and °, to be the price of
exceedingthe batterycapacity Then, # representshe saftFty
maugin beforebreakingthe performanceequirementand *
representshe excessbatterycapacity The updatesn Eq. (16)
will increasethe correspondingpricesif the performancere-
guirementis violatedor the averagepower dissipationexceeds
the capacity andreducethe pricesotherwise.

n(k+ 1)
n(k+ 1)

$ k#n(K)]";8n 2 LF;
$k' n(k)]";8n2S;

(16)

C. Implementation

In mary sensolystemg28], [29], the BSis a Pentiumlevel
PC, which hasa high computationakapability and sufcient
memorycomparedo the sensonodesFurther the BS is often
connectedo anunlimited power supply Henceiit is preferable
for us to take advantageof the computingcapabilitiesof the
BS andlet it performthe computation&

After the cluster hierarchy has been establishedthe BS
informs the nodesof the systemsparametersijncluding the
epochdurationTe, synchronizatiorintenal Ts, and message
frequeny T. EachnodethencomputesA(n); P (n;i); Q(n; 1)
and reportsto the BS. The transmissionis hierarchical:the
clustermemberscomputetheir A(n); P(n;i); Q(n;i) values,
and passthem onto the CH, then the CH combinesits own
parametewvalueswith thoseof the membersand passesonto
its own CH. To guaranteehat thesevaluesare receved by
the BS, reliable data delivery mechanismdike hop-by-hop
acknavledgmentscan be used.

The BS solwes (B1) using the subgradientmethod and
computeghe captureprobability thresholdstheninforms the
sensomodes.The nodesthendecidethe wake up scheduleas
describedn SectionllI-C.

We note that the computation of the optimal capture
probability thresholdsis done infrequently i.e., the capture
probability thresholdsare computedonly onceafter the clus-
ter hierarchyis constructed Hence, the additional message
overheadis insigni cant in the long run.

5Note that in Problem(B), because (n; !z) increaseswith 'z , it canbe
seenthat to guaranteea larger delivery probability higher power is needed
andthe lifetime will be reduced.Hence,the optim%solution(s)occursonly
whenthe delivery probabilitiesequal |, i.e., when idz(g) Lz (ny) =

;8n 2 LF . Thus,whenupdating n, the projection[:]* is unnecessary

6Note that this centialized schemeis effective becausethe BS is much
more powerful thanthe sensomodes.If the BS hassimilar performanceto
the sensomodes,a distributed implementationis desirable.

D. Reclustering

In our discussionghusfar, the network topologyis x edat
one particular cluster hierarchy In mary systems[10], [27],
periodic reclusteringis usedto balancethe load, and the
network topologyalternate@amongseveral clusterhierarchies.
In our technicalreport[13], we have shavn that the problem
formulationcanbe easily extendedto accountfor reclustering
andthe solutionstill holds after slight modi cations.

E. SimulationResults

We conductsimulationsto study our thresholdassignment
algorithm. For illustration, we considerthe clusterhierarchy
in Fig. 6. Theinitial enegy for all nodesis 1 Joule.Eachnode
will generatd = 4bytes of sensingdataduring eachtrans-
missionperiod. The dataaggreyation overheadc is 4 bytes;
the compressiorratio r 2 [0;1]. We set = 07, i.e., all
information shouldbe deliveredto the BS with probability
0:7. Other simulation parametersare speci ed in Table 2 in
our technicalreport[13].

For the giventopology we rst notethat sincethe BS has
unlimited power supply it can always stay awake. Thus, for
messagesoming from node 1, the BS will always “capture”
them, and we can directly set z(1) = 1. Further due to
symmetry the algorithm shouldsetz(2) z(3) andz(4)
z(5) :::z(11). Next we considertwo specialcases:

r = 1 correspondgo the casewithout ary compression.
In this case,node 1 is the bottlenecksince it hasthe
highestrelayingburden.Hence,z(2) andz(3) shouldbe
small suchthat node 1 spenddessenengy for receving.
Our algorithm sets z(2) z(3) 0:71 and z(4)
:::z(11)  0:99, correctlyidentifying the bottleneck.

r = 0 correspondso the casewherewe want updatesof
the type min, max, and sum. Here, transmissiorenegy
is the samefor all the nodes,and the receving enegy
decidesthe lifetime for eachnode. Thus, nodes2 and
3 becomethe bottlenecksincethey needto receve from
moremembemodes.Correspondinglyour algorithmsets

z(2) z(3) 0:999andz(4) :::z(11) 0:703
1.2
&) — P
T 1.15
§ 1.1 \
& 105 4
S 1
@ & 095

PN 0.9
@ @ 0O 02 04 06 08 1
. . )

Fig. 6. Simulationtopology Fig. 7. Performancegain

To illustrate the performancegain of our thresholdassign-
mentalgorithm,we comparewith a schemewhich setsequal
capture probability thresholdat ea?h_hop along the cluster
hierarchy z(2) = ::: = z(11) = . In Fig. 7, we vary
the value of r and shawv the performancegain, which is
de ned astheratio betweerthe network lifetime with the two
schemesWe obsene that our schemealwaysoutperformsthe
schemewith equal thresholds.As r increasesrom 0 to 1,



the gain rst decreasesnd thenincreasesThis is because,
from the above discussion,whenr = 0 nodes2 and 3

to be small and z(2); z(3) to be large. As r increasesrom
0, node 1 has a higher burden of relaying. To balancethe

anddecreaseg(2); z(3). Consequentlyour solutionbecomes
closerto the schemewith equalthresholdsWhenr = 0:5,
our solution almost overlapswith the other schemeand the
performanceainis relatively small.But asr increasegurther,
our solution divergesfrom the other schemeand achieres a
higher gain, which is as large as 19% whenr = 1. This
con rms that it is necessaryto adopt an intelligent scheme
to assignthe thresholdsandvalidatesthe effectivenessof our
scheme.

V. CONCLUSIONS AND FUTURE WORK

We have studiedsleep/vake schedulingfor low duty cycle
sensornetworks. Our work is different from most previous
work in that we explicitly considerthe effect of synchroniza-
tion error in the designof sleep/vake schedulingalgorithm.
In our previous work [3], we shaved that the impact of syn-
chronizationerror is non-ngligible, and studied sleep/vake
schedulingfor single hop communicationsWe proposedan
optimal sleep/vake schedulingalgorithm, which achieves a
given capture probability threshold with minimum enegy
consumption.

In this work, we considerednulti-hop communicationsWe
relaxed the assumptiorthat the captureprobability threshold
is already given and studiedhow to determinethe perhop
captureprobability threshold€o meetthe QoSrequiremenbf
the application.We obsene thatin mary sensometworks for
continuousmonitoringapplicationsthe QoSis decidedby the
amountof datadeliveredfrom the nodesto the basestation(s),
i.e., the multi-hop delivery performanceWe formulatean op-
timization problemthat setsthe captureprobability threshold
at each hop such that the network lifetime is maximized,
and yet the multi-hop delivery performanceis guaranteed.
The problem turns out to be non-corvex and hard to solve
exactly. However, by investigatingits unique structure,we
have obtaineda 0:73-approximationalgorithm. Simulations
shaw that our solution correctly identi es the bottleneckand
signi cantly extendsthe network lifetime.

In this work, we have x edthe synchronizatiorschemeand
only focusedon enegy conserationwith sleep/vake schedul-
ing. Synchronizationand schedulingare, however, closely
tied to each other and will both affect the overall system
performance.Therefore,it is necessaryto jointly consider
synchronizatiorand schedulingto improve the overall system
performance.Further the de nition of network lifetime in
this work mainly appliesto applicationscenarioswith strict
coveragerequirementsWe plan to extend our framework to
considerotherde nitions of network lifetime, e.g.,time until
network partitioning.
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