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Abstract— We study sleep/wake scheduling for low duty cycle
sensor networks. Our work is differ ent fr om prior work in
that we explicitly consider the effect of synchronization error
in the design of the sleep/wake scheduling algorithm. In our
previous work, we have studied sleep/wake scheduling for single
hop communications,e.g., intra-cluster communicationsbetween
a cluster head and cluster members.We showed that the there is
an inherent trade-off betweenenergy consumption and message
delivery performance (de�ned as the messagecapture probabil-
ity). We proposedan optimal sleep/wake scheduling algorithm,
which satis�es a messagecapture probability thr eshold(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
thr eshold is already given, and study how to decide the per-hop
capture probability thr esholds to meet the Quality of Services
(QoS) requirementsof the application. In many sensornetwork
applications, the QoS is decidedby 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 thr esholdat eachhop such that the network
lifetime is maximized, while the multi-hop delivery performance
is guaranteed. The problem tur ns out to be non-convex and
hard to solve exactly. By investigating the unique structur e of
the problem and using approximation techniques, we obtain a
solution that achieves at least 0.73 of the optimal performance.

I . INTRODUCTION

An importantclassof wirelesssensornetwork applications
is theclassof continuousmonitoringapplications.Theseappli-
cationsemploy a largenumberof sensornodesfor continuous
sensinganddatagathering.Eachsensorperiodicallyproduces
a small amountof dataand reportsto one (or several) base
station(s).This applicationclassincludesmany typical sensor
network applicationssuchashabitatmonitoring [1] andcivil
structuremonitoring [2].

Measurementsshow that idle listening consumesa sig-
ni�cant amount of energy for sensordevices. An effective
approachto conserve energy is to put the radio to sleep
during idle times and wake it up right before message
transmission/reception.This requiresprecisesynchronization
betweenthesenderandthe receiver, so that they canwake up
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simultaneouslyto communicatewith eachother. The state-of-
the-art in sleep/wake schedulingassumesthat the underlying
synchronizationprotocol can provide nearly perfect (e.g., � s
level) synchronization,so that clock disagreementcan be
ignored.However, in our previous work [3], we determined
that the impactof synchronizationerror is non-negligible. We
found that althoughexisting synchronizationschemesachieve
precisesynchronizationimmediatelyafter theexchangeof syn-
chronizationmessages,there is still randomsynchronization
error becauseof the non-deterministicfactorsin the system.
Due to the synchronizationerror, clock disagreementgrows
with time and can be comparableto the actual message
transmissiontime. This means the design of an effective
sleep/wake schedulingalgorithmmustconsiderthe impactof
synchronizationerror. We showed that there is an inherent
trade-off betweenenergy consumptionand messagedelivery
performance(de�ned asthe messagecaptureprobability).We
then proposedan optimal sleep/wake schedulingalgorithm,
which achieves a messagecaptureprobability threshold(as-
sumedto be given) with minimum energy consumption.

In the above-mentionedwork, we focusedon single-hop
communications.In this work, we considermulti-hopcommu-
nications.For illustration,we considera network thathasbeen
hierarchically clustered. We remove the previous assumption
that the captureprobability thresholdis already given, and
studyhow to decidetheper-hopcaptureprobability thresholds
to meettheQoSrequirementof theapplication.In many sensor
network applications,the nodescllect sensingdataandreport
to the basestation(s)(BS). Therefore,the QoS is decidedby
theamountof datadeliveredfrom thenodesto theBS, i.e., the
multi-hopdeliveryperformance.We formulateanoptimization
problemwhich aimsto setthecaptureprobability thresholdat
eachhop suchthat the network lifetime is maximized,while
a minimum fraction of data is guaranteedto be deliveredto
the BS. The problemturnsout to be non-convex andhard to
solveexactly. Therefore,we useapproximationtechniquesand
obtaina 0.73-approximationalgorithm.

The remainderof this paperis organizedas follows. Sec-
tion II reviewsrelatedwork. SectionIII givesthesystemmodel
andbrie�y describesour sleep/wake schedulingalgorithmfor
singlehop communications.SectionIV studieshow to assign
the thresholdsalong multi-hop pathsin the clusterhierarchy.
SectionV concludesthe paper.
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I I . BACKGROUND AND RELATED WORK

We �rst review previous work on sleep/wake schedulingin
sensornetworks, thendiscussclusteringin sensornetworks.

A. Sleep/Wake Schedulingfor SensorNetworks

MAC designs for wireless sensor networks can be
broadly classi�ed as contention-basedor TDMA protocols.
In contention-basedMACs, overhearing,collisions, and idle
listening waste energy. Hence, mechanismssuch as over-
hearingavoidancehave beenproposedto save energy with
contention-basedMACs[4]–[6]. Severalresearchersarguethat
TDMA protocolscombinedwith sleep/wake schedulingare
more suited to sensornetwork applications(since TDMA
protocolsavoid energy wastedueto contention).In this case,
the radio sleepsduring idle times,andwakesup right before
messagetransmission/reception.This requiresprecisesynchro-
nizationbetweenthe senderandthe receiver, so that they can
wake up at the sametime to communicatewith eachother.
Most existing sleep/wake schedulingschemesassumethat the
underlyingsynchronizationprotocolcanprovidenearlyperfect
(e.g., � s level) synchronization,and that clock disagreement
is negligible at all times.This, however, is untruein practice.
Considertwo nodesthat have agreedto rendezvous on the
radio channelonce every 5 minutes to exchangea 30-byte
message.Usinga 19.2kbpsradiosuchasRF Monolithics [7],
30 bytes can be transmittedin 12.5 ms. The radio must be
awakened early to compensatefor clock disagreement.Let
the relative clock skew be 5 ppm1, i.e., the clocksof the two
nodesdrift away from eachother 5 � s eachsecond.After 5
minutes,the clockswill drift by 5 �s � 300= 1:5 ms, which
is non-negligible comparedto the messagetransmissiontime.

B. Clusteringfor SensorNetworks

Clusteringis generallyconsideredto be a scalablemethod
to managelarge sensornetworks.Sensorswithin a geograph-
ical region are groupedinto a cluster. The sensorsare then
locally managedby a clusterhead(CH) – a nodeelectedto
coordinatethe nodeswithin the clusterand to be responsible
for communicationbetweenthe cluster and the BS or other
clusterheads.Thisgroupingprocesscanberecursively applied
to build a cluster hierarchy. Sensornodes�rst elect level-1
CHs, thenlevel-1 CHs electa subsetof themselvesaslevel-2
CHs. Clusterheadsat levels 3; 4; : : : are electedin a similar
fashionto generatea hierarchyof CHs, in which any level-i
CH is alsoa CH of level (i � 1); (i � 2); : : : ; 1. Fig. 1 depicts
nodesorganizedin a three-level cluster hierarchywith each
numberrepresentingthe level of the correspondingnode.

Hierarchicalclusteringprovidesa convenientframework for
resourcemanagementandlocal decisionmaking.Moreover, it
canbeextremelyeffectivefor datafusion,i.e.,sensingdatacan
be aggregatedbeforebeing passedonto the next higher level
in thehierarchy. Hence,hierarchicalclusteringis usedin many
practicalsystems[2], [9]. Due to this widespreaduse,in this

1Accordingto thedatasheetof Mica Motes[8], theclock skew with respect
to the standardclock is up to 50 ppm, thus the relative clock skew between
two sensornodescanbe 100 ppm in the worst case.

work we choosethe clusterhierarchymodelasan illustrative
example.We assumethat the network hasbeenhierarchically
clusteredusingoneof the popularclusteringtechniques[10],
[11].
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I I I . 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 member of A. Time is
divided into recurring epochs with constantduration Te. As
in many MAC protocols for sensornetworks [5], [6], each
epochbegins with a synchronizationinterval Ts followed by
a transmissioninterval (Fig. 2). During the synchronization
interval, the clustermemberssynchronizewith their CH and
no transmissionsareallowed.During thetransmissioninterval,
eachmembernodetransmitsin a TDMA mannerand sends
onemessageto theCH everyT seconds.Themessageconsists
of theaggregateof its own sensingdata,andthedatacollected
from its membersif thenodeitself is a CH. Eachtransmission
interval containsone or more roundsof transmissions,i.e.,
Te = Ts + N T; N � 1. The transmissionsfrom the different
membersare equispaced,i.e., if M is the numberof cluster
members,then transmissionsareseparatedby T

M .

A. Assumptions

We make the following assumptionsaboutour system:
(1) Orthogonal Frequency Channels: We assumethat

neighboringclustersuseorthogonalfrequency bandsand do
not interferewith eachother. This is a reasonableassumption
sincethedatarateof sensornetworks is usuallylow, typically
around 10� 40 kbps. If we run the network in ISM-900
bands(902� 928 MHz), then thereare more thana thousand
frequency channelsto choosefrom.

A node that is both a CH and cluster memberneedsto
communicatewith its membersandwith its CH, e.g.,in Fig. 1
nodeC needsto communicatewith both A and E. However,
A andE are in neighboringclusters;hencethey usedifferent
frequency channels.Since every node has only one radio
interface,C has to schedulecarefully to participatein each
cluster. This can be achieved in the following manner. The
BS �rst decidesthe scheduleof the synchronizationinterval
and the transmissionschedulefor its members(A and B in
Fig. 1), then broadcaststhis information to the members.A
and B, upon hearingthe broadcast,will reserve the relevant
timesfor synchronizing/communicatingwith theroot.Then,A
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andB schedulethesynchronizationandtransmissionsfor their
membersat differenttimes.Similarly, C will reserve thetimes
to synchronize/communicatewith A, and choosedifferent
times for its members(E andF) to synchronize/transmit.

(2) Data aggregation: We adopta dataaggregationmodel
similar to [12]. Considera clusterwith node0 beingthe CH,
andwith M members,i = 1; : : : ; M . The lengthof messages
from node i is L i , i = 0; : : : ; M . Thus, the length of the
aggregatedmessageis a function of L i ; i = 0; : : : ; M . We
usethe following model for � (L 0; : : : L M ), the lengthof the
aggregatedmessage,

� (L 0; : : : L M ) = r
MX

i =0

L i + c: (1)

In this model, c correspondsto the overheadof aggregation,
while r � 1 is the compressionratio. Note that r canbe 0, in
which caseEq. (1) correspondsto thecasewhenall messages
can be combinedinto a single messageof �x ed length.This
modelsthoseapplicationswherewe wantupdatesof typemin,
max, andsum(e.g.,event count).

The model in Eq. (1) assumesthe samecompressionratio
for messagesfrom different nodes.It can be easily extended
to accountfor differentcompressionratios,andtheresultsstill
apply. The detailscanbe found in our technicalreport [13].

(3) Radio hardware: We assumethat the sender can
preciselycontrolwhenthemessageis sentoutontothechannel
using its own clock. This is reasonablesincein [14], system
measurementshave shown thatnon-determinismat thesender
is negligible comparedto non-determinismat the receiver.

For thereceiver, weassumethatif thereis anincomingmes-
sage,it canimmediatelydetecttheradiosignal.This is a close
approximationof the real situation,sincemoderntransceivers
candetectincomingsignalswithin microseconds[15]. Further,
weassumethatoncethereceiverdetectsanincomingmessage,
it will stayactive until the receptionis completed.

(4) Collisions: We assumethat the separationbetween
transmissionsfrom different members,T

M , for a clusterwith
M membersis large enoughso that the collision probability
for transmissionsfrom differentmembersis negligible. This is
a reasonableassumptionfor low duty cycle sensornetworks.
Consider a large cluster of M = 50 membersand each
membertransmits to the CH every T = 60 seconds.The
separationis T

M = 1200 ms. For low duty cycle networks,
the messagesize is usually not large; hencethe transmission
time is much smaller than this separation.Moreover, at the
beginning of eachepoch,the clustermembersre-synchronize
with the CH, so that the clock disagreementwill not become
large enoughto causesigni�cant collision probability.

(5) Propagationdelay: Finally, becausethecommunication
rangefor sensornodesis typically < 100 meters,the propa-
gationdelayis below 1�s . Thus,we considerthe propagation
delayto be negligible andassumeit to be zerofor simplicity.

B. SynchronizationAlgorithm

Time synchronizationfor wirelesssensornetworkshasbeen
extensively investigated[14], [16]–[20]. Clock disagreement
betweensensornodescanbe characterizedusingtwo factors:

phase offset and clock skew. Phaseoffset correspondsto
clock disagreementbetweennodesat a given instant.Clock
skew meansclocks run at different speeds,i.e., the actual
frequency deviatesfrom theexpectedfrequency. This is dueto
manufacturing imprecisionand aging effects. The maximum
clock skew is lessthanthan100 ppm andis usuallyspeci�ed
by the manufacturer. Besidesmanufacturingimprecisionand
aging,the frequency is alsoaffectedby environmentalfactors
including temperature,pressure,and voltage [21]. Among
thesefactors,temperaturehasthemostsigni�cant effect.When
temperaturesigni�cantly changes,the variation in the clock
frequency canbeup to severaltensof ppm,while thevariation
causedby otherfactorsis far below 1 ppm.Observe,however,
that temperaturedoesnot changedramaticallywithin a few
secondsin typical sensorenvironments.If the epochduration
Te is chosenaccordingto the temperaturechangeproperties
of the environment,we can assumethat the clock skew for
eachnodeis constantover eachepoch.This is consistentwith
the empiricalobservationsin [20].

In thiswork, we adoptthewell-known RBSsynchronization
scheme,and study the sleep/wake schedulingproblem2. The
schemeincludestwo steps:(1) Exchangesynchronizationmes-
sagesto obtainmultiple pairsof correspondingtime instants;
and (2) Use linear regressionto estimatethe clock skew and
phaseoffset.

At thebeginningof eachepochj , themembersneedto syn-
chronizewith the CH. To this end,eachmemberi exchanges
severalsynchronizationmessageswith theCH andobtainsN s

pairs of correspondingtime instants(C(j; k); t i (j; k)) ; k =
1; : : : ; Ns, whereC(j; k); t i (j; k) denotethe k th time instant
of the CH andof nodei in epochj respectively.

Undertheassumptionthattheclock skew of eachnodedoes
not changeover the epoch,during a given epochj the clock
time of membernode i , t i , is a linear function of the CH
clock time C, i.e., t i (C) = ai (j )C + bi (j ), whereai (j ); bi (j )
denotethe relative clock skew andphaseoffset (respectively)
betweenmembernodei andCH in epochj .

Becauseof the non-determinismin the messageexchange,
the obtainedtime correspondenceis not exactly accurateand
containsan error, i.e.,

t i (j; k) = ai (j )C(j; k) + bi (j ) + ei (j; k); (2)

whereei (j; k) is the randomerrorcausedby non-determinism
in the system.Real system measurements[16] show with
a high con�dence level that ei (j; k) follows a well-behaved
normal distribution with zero meanN (0; � 2

0), and � 0 is on
the orderof several tensof microseconds.

At each epoch j , pairs (C(j; k); t i (j; k)) ; k = 1; : : : ; Ns

areobtainedvia exchangeof synchronizationmessages.Then,
linear regressionis performedon theseNs pairs to obtain
estimatesof ai (j ); bi (j ), denotedby âi (j ); b̂i (j ). In this work,
we control the exchangeof synchronizationmessagessuch
that C(j; k) � j Te + k Ts

N s
; j = 1; : : : ; 1 ; k = 1; : : : ; Ns.

This can be achieved by letting the CH initiate the message
exchange,andwegivethedetailedexplanationin our technical
report [13].

2This schemeis chosenfor illustration purposesonly. Our sleep/wake
schedulingsolutionworks with mostsynchronizationschemes.
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C. TheOptimal Sleep/Wake SchedulingProblem

We now summarizeour previous work [3] on sleep/wake
schedulingfor singlehop intra-clustercommunications.

Assumethat during epoch j , node i has a messagep to
sendat CH clock time � p; wherej Te � � p � (j + 1)Te. Node
i �rst converts � p into its own clock time using the estimates
(âi (j ); b̂i (j )) , i.e., t̂ i (� p) = âi (j )� p + b̂i (j ), andthenit sends
out the messageat t̂ i (� p) accordingto its own clock.

The CH clock time correspondingto t̂ i (� p) is:

� 0
p =

t̂ i (� p) � bi (j )
ai (j )

= � p+
(âi (j ) � ai (j )) � p + b̂i (j ) � bi (j )

ai (j )
:

(3)
From Eq. (2), random errors exist in the measurements.
Therefore,(âi (j ); b̂i (j )) is also randomand may not equal
(ai (j ); bi (j )) . As aresult,theactualarrival time � 0

p will deviate
from thescheduledarrival time � p. To accountfor this random
deviation and still “capture” (receive) the message,the CH
needsto wake up earlier than � p and stay active for some
time (Fig. 3), i.e., it usesa wake up interval to capturethe
actualmessagearrival. This leadsto the following question:
Whenshouldthe CH wake up and how long shouldthe wake
up interval be?

t

Scheduled Msg 
Arrival

Actual Msg 
Arrival

( )
Wake Sleep

Fig. 3. Wake up interval to capturethe message

Obviously, if the CH wakes up much earlier than � p 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 energy. In
order to reduceenergy consumption,yet still guaranteethe
messagedelivery performance,we formulate the following
optimal sleep/wake schedulingproblem which attempts to
minimize the expectedenergy consumptionwith constraints
on the captureprobability.

Let p be a messagefrom nodei to arrive in epochj , i.e.,
scheduledarrival time � p 2 (j Te; j Te + Te). Let � 0

p 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 wp, and waits
for the messageuntil sp. The goal is to determinewp andsp

to minimize theexpectedenergy consumptionasdescribedby
the following optimizationproblem:

(A) Min E = (sp � wp)� I Probf � 0
p =2 (wp; sp)g +Rsp

wp
f (x � wp)� I + L p

R � r gf � 0
p
(x)dx

suchthat Probf � 0
p 2 (wp; sp)g � th;

where � I =� r is the power consumption during
idle/reception time; L p is the length of the message;R
is the data rate; f � 0

p
(�) is the probability density function

(PDF) of � 0
p; and th is the capture probability threshold,

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

To solve (A), we �rst computethe PDF f � 0
p
(x). By linear

regression[22], we �nd that � 0
p is normally distributedand

E(� 0
p) = � p; (4)

V AR(� 0
p) � � 2

p =
� 2

0

a2
i (j )

1
Ns

[1 +
(� p � C(j; k))2

C2(j; k) � (C(j; k))2
];

whereC(j; k) =
P N s

k =1 C ( j;k )
N s

; C2(j; k) =
P N s

k =1 C 2 ( j;k )
N s

:
Substituting Eq. (4) into problem (A), and letting �̂ =

� 0
p � � p

� p
; w = wp � � p

� p
; s = sp � � p

� p
, i.e., �̂ ; (w; s) are the normal-

izedarrival time andnormalizedwake up interval respectively.
After simplealgebraicoperations,problem(A) becomes:

(A1) Min F (w; s) = (s � w)� p � I � [Q(w) � Q(s)]s� p � I

+[ g(w) � g(s)]� p � I + [Q(w) � Q(s)] L p

R � r ,
suchthat Q(w) � Q(s) � th,

whereg(�) is thePDFfor thestandardnormaldistribution,and
Q(�) is the complementarycumulative distribution function.

The main dif�culty in solving (A1) is that the problemis
not a convex optimizationproblem,which can be shown by
computingthe Hessianmatrix. Due to the non-convexity, we
cannotuseconventionalconvex optimizationtechniques[23]
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 (A1), any optimal solution
(w� ; s� ) satis�es Q(w� ) � Q(s� ) = th.

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

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

F (w; s) = [(1� th)s� w+ g(w) � g(s)]� p � I + th
L p

R
� r : (5)

SubstitutingEq.(5) into (A1), we cansimplify theformulation
asfollows.First,becauseth L p

R � r doesnotdependonw ands,
we remove it from F (w; s). Second,all theremainingtermsof
F (w; s) have � p� I , so we canextract � p � I . Finally, because
Q(x) is monotonic,we expresss asa function of w, s(w) =
Q� 1(Q(w) � th). Now the formulationbecomes:

(A2) Min G(w) = (1 � th)s(w) � w + g(w) � g(s(w)) ;
suchthat s(w) = Q� 1(Q(w) � th) andw < Q� 1(th).

Hence,we have transformedthe original formulation (A)
into an equivalent formulation (A2). We can see that the
minimum expectedenergy to receive the messageis

� p � I 
 (th) +
L p

R
� r th; (6)

where


 (th) = minf G(w) : w < Q� 1(th)g (7)

is theminimumvalueof theobjective functionin (A2). Eq. (6)
and(7) will be usedlater in SectionIV.

Next, we solve (A2). The following propositionshows that
G(�) is a convex function,andgivesthepositionof theglobal
minimum.
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Proposition2: (1) G
00
(w) > 0;

(2) Let w0 betheglobalminimum,wl = Q� 1( 1+ th
2 ); wu =

min(0; Q� 1(th)) , then w0 2 (wl ; wu ), and is the unique
minimum on this interval.

Becausew0 is theuniqueminimumon(wl ; wu ), we canuse
the Golden Searchmethodto �nd w0 [24]. The complexity
of the Golden Searchmethodis O(log( 1

� )) , where � is the
requiredprecision.Thus, it canbe ef�ciently implemented.

After we obtainw� ; s� , we computetheoptimalsleep/wake
scheduleas(w�

p = � p + w� � p; s�
p = � p + s� � p).

We simulated our sleep/wake scheduling scheme and
showed that it outperformsschemesthat do not intelligently
considerthe synchronizationerror [13].

IV. THE CAPTURE PROBABIL ITY THRESHOLD

ASSIGNMENT PROBLEM

As describedin SectionIII-C, ourpreviouswork [3] focused
on single hop intra-clustercommunications,and studiedthe
optimal sleep/wake schedulingproblemunderthe assumption
thatthecaptureprobabilitythresholdwasalreadygiven. In this
work, westudyhow to decidethecaptureprobabilitythreshold
to meettheQoSrequirementof theapplicationandmaximize
the network lifetime.

A. ProblemDe�nition

Considera sensornetwork deployed for environmentmon-
itoring. Thenetwork consistsof a setof sensornodesdenoted
by S, and one or more basestations(BSs),usually personal
computers.The network hasalreadybeenhierarchicallyclus-
teredusing oneof theseclusteringtechniques[10], [11]. We
assumethereis a singleBS, denotedby B S. The formulation
can be easily extendedto the casewith multiple BSs.H (n)
denotesthe clusterheadof noden. M (n) denotesthe set of
nodesthat aremembersof n. D (n) denotesthe setof nodes
that are the descendantsof n. M (n) andD(n) canbe empty
if noden is at level 0. d(n) is the hop distancefrom noden
to B S, i.e., H (d(n )) (n) � H (H (: : : H (n) : : :))

| {z }
d(n )

= B S.

Each sensornode periodically reportsto its CH. The CH
aggregatesits own sensingdataand the datacollectedfrom
the membersover the last transmissionperiod, then forwards
the aggregateddata to its CH. The processcontinuesuntil
the message�nally getsto B S. Eachmessagecontainssome
sensingdataand representscertainamountof “information”
aboutthe environment.B S usesthe collectedinformation to
computecertainproperties,e.g., the chemicalcontaminantin
the area.The service quality is de�ned as the accuracy of
the computedproperties,which is decided by the amount
of information collectedby B S, i.e., the more information
collected,thebetteraccuracy. Hence,theservicequality is not
decidedby thedelivery performanceat any particularhop,but
by themulti-hopdeliveryperformancefrom thenodesto 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 excessive relayingburden.This
will result in a shorter lifetime for somenodes,which can

leadto lossof coveragewhenthesenodesdepletetheir energy.
This is the inherenttrade-off betweenapplicationperformance
and network lifetime. To maximizethe network lifetime and
still guaranteethe applicationperformance,we formulatethe
following optimizationproblem.

Wede�ne thenetwork lifetime TL asthetimeuntil thedeath
of the �rst sensornode.This de�nition is widely usedin the
literature[4], [10], [25]–[27]. It mainly appliesto application
scenarioswith strict coveragerequirements,whereeachsensor
“covers”acertainareain theenvironmentandprovidesequally
importantinformationto B S. To maintaincompletecoverage
andsave redeploymentcost,we mustensurethatall thenodes
remainup for as long aspossible3.

Let z(n) be the capture probability threshold of H (n)
for messagescoming from n, i.e., node H (n) will capture
messagesfrom noden with probabilityno lessthanz(n). The
goal is to choosez(n) to maximizethe network lifetime, and
still guaranteethat all informationbe deliveredto B S with a
prede�nedprobability � :

(B) Max TL

suchthat
Q d(n ) � 1

i =0 z(H ( i ) (n)) � � ; 8n 2 S;

where� is decidedby theQoSrequirementof theapplication.
For the data from noden to be received by B S, it needs

to passthrough H (n); H (2) (n); : : : ; H (d(n ) � 1) (n). Hencein
(B), the constraint

Q d(n ) � 1
i =0 z(H ( i ) (n)) � � meansthe data

from n will be received by B S with probability no lessthan
� . Note that the datawill be aggregatedwith 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 guaranteed,then
the delivery performancefor its ancestorsis guaranteedas
well, i.e., if the information from a leaf noden is delivered
to B S with probability no lessthan � , then the information
from H (n); H (2) (n) : : : H (d(n ) � 1) (n) will also be delivered
with probabilityno lessthan� . Hence,in (B), theconstraints
on the delivery performanceof non-leafnodesare redundant
andcanbe removed.Let LF denotethesetof leaf nodes.We
obtain the following formulation:

(B) Max TL

suchthat
Q d(n ) � 1

i =0 z(H ( i ) (n)) � � ; 8n 2 LF ;

To obtainan explicit form of Problem(B), we characterize
the average power dissipation for each sensornode when
z(m); m 2 S aregiven.During an epoch,a noden consumes
energy for sensing,synchronization,andtransmitting/receiving
data messages.Let the sensingenergy and synchronization
energy be " s(n), and " sy n (n) respectively. These do not
dependon the captureprobability thresholds.

Both the transmissionenergy and the receiving energy
dependon the captureprobability thresholds.Let l be the

3Here,we assumethat we will lose the correspondingcoverageif a node
dies,i.e., thereis no redundantnode.If the network hasredundancy, we can
considerthe nodescovering the samearea(e.g., nodesnear the samebird
nest)as a single nodewhoseinitial energy equalsthe sum of energy of all
therelevantnodes,andthenthis de�nition andthefollowing resultsstill apply.
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amountof sensingdatageneratedby eachsensorduring each
transmissionperiod T, and L av g(n) be the average message
size from n. Then,from the aggregationmodel in Eq. (1),

L av g(n) = r (l +
P

i 2 M (n ) z(i )L av g(i )) + c:
Recursively applying the above formula, we have

L av g(n) = r l + c +
X

i 2 D (n )

(r l + c)
d( i ) � d(n ) � 1Y

k=0

[r z(H (k ) (i ))] :

(8)
SinceN messagesare transmittedin eachepoch,the average
transmissionenergy in an epochis

" t (n) = N � t (n)
L av g(n)

R
; (9)

where� t (n) is the transmissionpower of noden4.
We now computethe averagereceiving energy " r (n). For

a node n with jM (n)j members,during a given epoch j ,
thesenodestransmitto n in turn. To decidethe transmission
sequence,node n orders the jM (n)j members,i.e., each
membernodei 2 M (n) is assigneda sequencenumber� (i )
from f 1; 2; : : : ; jM (n)jg, and different membernodeshave
differentsequencenumbers.Nodei is scheduledto transmitat
j Te + Ts + � (i ) T

jM (n ) j + hT; h = 1; : : : ; N . For given capture
probabilitythresholds,noden will usethesleep/wakeschedule
describedin Section III-C, as it is the optimal sleep/wake
schedule. Therefore, the averageenergy used to receive a
messagescheduledto arrive at � p is exactly the minimum
value of the objective function in Problem(A), which is (by
Eq. (6))

� p � I 
 (th) +
L p

R
� r th:

Here,L p is themessagesize,� p is computedfrom Eq. (4), th
is the requiredthreshold,and
 (th) is asgiven in Eq. (7). The
averagereceiving energy " r (n) canbe computedby summing
up the energy usedto receive all messagesfrom its members.
As in SectionIII-B, thesynchronizationis controlledsuchthat
C(j; k) � j Te + k Ts

N s
, so

C(j; k) � j Te +
1 + Ns

2
Ts

Ns
; (10)

C2(j; k) � (C(j; k))2 �

P N s
k=1 (k Ts

N s
� 1+ N s

2N s
Ts)2

Ns
:

Further, recall that the maximumclock skew is no larger than
100 ppm; hencein Eq. (4), the relative clock skew ai (j ) � 1.
Combiningthesetogether, we have

" r (n) �
X

i 2 M (n )

NX

h=1

� r z(i )
L av g(i )

R
+ (11)

� I 
 (z(i ))

vu
u
u
t � 2

0
1

Ns
[1 +

(Ts + � ( i )T
jM (n ) j + hT � 1+ N s

2
Ts
N s

)2

P N s
k =1 (k T s

N s
� 1+ N s

2N s
Ts )2

N s

]:

For noden, the averageenergy consumptionin an epoch
is the sumof the sensingenergy, the synchronizationenergy,

4Weassumethateachnodehasa �x ednumberof transmissionpower levels
(as in Mica2 motes),andcanchoosethe appropriateonebaseduponfactors
suchasdistanceandchannelfading.

andthe transmission/receptionenergy. CombiningEq. (8), (9)
and(11), the averagepower dissipatedin noden is given by

� (n; �!z ) =
" s(n) + " sy n (n) + " t (n) + " r (n)

Te
(12)

= A(n) +
X

i 2 M (n )

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

X

i 2 D (n )

Q(n; i )
d( i ) � d(n ) � 1Y

k=0

z(H (k ) (i )) ;

where

A(n) =
1
Te

[" s(n) + " sy n (n) + N � t (n)
r l + c

R
];

P(n; i ) =

1
Te

NX

h=1

� I

vu
u
u
t � 2

0
1

Ns
[1 +

(Ts + � ( i )T
jM (n ) j + hT � 1+ N s

2
Ts
N s

)2

P N s
k =1 (k T s

N s
� 1+ N s

2N s
Ts )2

N s

];

Q(n; i ) =
1
Te

rN � t (n) + N � r

R
(r l + c)r d( i ) � d(n ) � 1:

Let � (n) be the initial energy of noden, thenProblem(B)
canbe written as

Max TL

suchthat
Q d(n ) � 1

i =0 z(H ( i ) (n)) � � ; 8n 2 LF ,
� (n; �!z ) � � (n)=TL ; 8n 2 S.

Next, we introducea lifetime-penaltyfunction 	(1 =TL ) to
be a strictly convex and increasingfunction (e.g., 	( x) =
x2). Then, maximizing the network lifetime is equivalent
to minimizing the lifetime-penalty function. We now use a
changeof variable u = 1=TL to give the network lifetime
maximizationproblemasthe following equivalentproblem:

(B) Min 	( u)
suchthat

Q d(n ) � 1
i =0 z(H ( i ) (n)) � � ; 8n 2 LF ,

� (n; �!z ) � � (n)u; 8n 2 S.

The dif�culty in solving (B) is that it is not a convex
optimization problem. To see this, we observe that in the
second set of constraints, the left side � (n; �!z ) includes

 (z(i )) and

Q
z(i ).

Q
z(i ) maynot beconvex, e.g.,z(1)z(2);

for 
 (z(i )) , we numericallyshow the curve in Fig. 4 which
is clearly not convex. Hence,the constraintregion is not a
convex set,andProblem(B) is not convex. Further, we do not
have anexplicit analyticalform for 
 (z). This makesProblem
(B) hardto solve exactly. Next, we investigatethestructureof
the problemandobtainan approximatesolution.

 0
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 0  0.2  0.4  0.6  0.8  1
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z

Fig. 4. 
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Fig. 5. Approximating
 (z)

The following propositioncharacterizes
 (z).
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Proposition3: (1) For z � 0:86, 
 (z) is strictly convex;
(2) For z 2 [0; 0:99]; 1:86z < 
 (z) < 2:52z.

We give theproof in the technicalreport[13]. The ideais that
althoughwedonothaveanexplicit analyticalform of 
 (z), we
havetheboundsobtainedfrom Proposition2(2).Therefore,we
compute
 0(z); 
 00(z) usingimplicit differentiationandbound
them.This propositionshows that 
 (z) is convex in theregion
[0:86; 1); for the remaining region where 
 (z) may not be
convex, we canboundit fairly tightly.

Next, we approximate
 (z) with a convex function. The
curve 2z + 0:001z2 intersects
 (z) at Z0 � 0:95. Let


 1(z) =
�

2z + 0:001z2 0 � z � Z0


 (z) Z0 � z < 1

The following proposition shows that 
 1(z) is a convex
approximationof 
 (z).

Proposition4: (1) 0:929� 
 (z)=
 1(z) � 1:26;
(2) 
 1(z) is strictly convex.
This propositionis easily proved usingProposition3 [13].

Fig. 5 illustratesthat 
 1(z) is a goodapproximationof 
 (z).
Now, we canobtainan approximatesolutionof (B). Consider
the following problem(B1):

(B1) Min 	( u)
suchthat

Q d(n ) � 1
i =0 z(H ( i ) (n)) � � ; 8n 2 LF ,

� 1(n; �!z ) = A(n) +
X

i 2 M (n )

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

X

i 2 D (n )

Q(n; i )
d( i ) � d(n ) � 1Y

k=0

z(H (k ) (i )) � � (n)u; 8n 2 S:

The only differencebetween(B) and (B1) is that in (B1),

 (�) is replacedby 
 1(�). Thefollowing propositionshows that
the solutionof (B1) is an approximatesolutionof (B).

Proposition5: Let (
�!
z� ; u� ) be the optimal solutionto (B),

(
�!
z�

1 ; u�
1) be the optimal solution to (B1), TL (

�!
z� ) be the

network lifetime when using
�!
z� as the captureprobability

thresholds,TL (
�!
z�

1 ) be the network lifetime whenusing
�!
z�

1 as
thecaptureprobabilitythresholds,thenTL (

�!
z�

1 ) � 0:73TL (
�!
z� ).

Proof: From Proposition4, 0:929� 
 (z)

 1 (z) � 1:26. Therefore,

0:929� � (n; �!z )=� 1(n; �!z )) � 1:26: (13)

Because(
�!
z�

1 ; u�
1) is the optimal solutionof (B1), we have

� 1(n;
�!
z�

1 ) � � (n)u�
1; 8n 2 S:

Therefore,� (n;
�!
z�

1 ) � 1:26� 1(n;
�!
z�

1 ) � 1:26� (n)u�
1; 8n 2 S.

Hence,

TL (
�!
z�

1 ) � 1=(1:26u�
1): (14)

Also, as (
�!
z�

1 ; u�
1) is the optimal solution of (B1), there

must exist somenode i such that � 1(i;
�!
z� ) � � (i )u�

1. Oth-
erwise if � 1(n;

�!
z� ) < � (n)u�

1; 8n 2 S; then let u
0

1 =
max
n 2 S

f � 1(n;
�!
z� )=� (n)g. It can be easily veri�ed that (

�!
z� ; u

0

1)

is a solution to (B1) and u
0

1 < u�
1, which is contradictoryto

the fact that (
�!
z�

1 ; u�
1) is the optimal solutionof (B1).

For this node i , we have � (i;
�!
z� ) � 0:929� 1(i;

�!
z� ) �

0:929� (i )u�
1; thus TL (

�!
z� ) � 1=(0:929u�

1). Combinedwith
Eq. (14), we have TL (

�!
z�

1 ) � 0:73TL (
�!
z� ).

The intuition behindthe proof is that 
 1(�) approximating

 (�) implies � 1(n; �!z ) � � (n; �!z ); 8n 2 S. Hence,
TL (

�!
z� ) = min

n 2 S
f � (n)=� (n;

�!
z� )g � min

n 2 S
f � (n)=� 1(n;

�!
z� )g,

and TL (
�!
z�

1 ) = min
n 2 S

f � (n)=� (n;
�!
z�

1 )g � min
n 2 S

f � (n)=� 1(n;
�!
z�

1 )g.

But
�!
z�

1 is the optimal solution of (B1), so
min
n 2 S

f � (n)=� 1(n;
�!
z�

1 )g � min
n 2 S

f � (n)=� 1(n;
�!
z� )g. Therefore,

TL (
�!
z�

1 ) � min
n 2 S

f � (n)=� 1(n;
�!
z�

1 )g cannotbe muchsmallerthan

TL (
�!
z� ) � min

n 2 S
f � (n)=� 1(n;

�!
z� )g.

Proposition5 is importantasit shows that
�!
z�

1 is an approx-
imatesolutionof (B) with approximationratio 0:73.

As describedearlier, (B) is a non-convex optimization
problem; henceit is dif�cult to obtain the optimal solution
�!
z� . However, Proposition5 shows that if we can solve (B1)
and useits solution

�!
z�

1 as the captureprobability thresholds,
thenthe achieved network lifetime is no lessthan73% of the
maximum.Next we solve (B1).

Usingthevariabletransformation:v(i ) = ln(z(i )) , problem
(B1) becomesthe following equivalentproblem(B1'):

(B1') Min 	( u)
suchthat

P d(n ) � 1
i =0 v(H ( i ) (n)) � ln � ; 8n 2 LF ,

� 0
1(n; �!v ) = A(n) +

X

i 2 M (n )

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

X

i 2 D (n )

Q(n; i )e
P d ( i ) � d ( n ) � 1

k =0 v(H ( k ) ( i )) � � (n)u; 8n 2 S:

In (B1'), obviously the optimizationgoal function is convex
andthe�rst setof constraintscorrespondsto a convex set.For
thesecondsetof constraints,becausebothexp(�) and
 1(�) are
strictly convex andincreasing,from thecompositionrule [23],

 1(exp(�)) is alsostrictly convex. Therefore,thesecondsetof
constraintsalso correspondsto a convex set, and (B1') is a
convex equivalentof (B1).

We solve (B1') via dual formulation.The dual problemis

max
�!
� � 0;�!� � 0

�(
�!
� ; �!� );

where
�!
� ; �!� are Lagrangemultipliers correspondingto the

two sets of constraintsin (B1'), and �(
�!
� ; �!� ) is the dual

function given by

�(
�!
� ; �!� ) = min

u� 0;�!v < 0
	( u) +

X

n 2 LF

� n (ln � � (15)

d(n ) � 1X

i =0

v(H ( i ) (n))) +
X

n 2 S

� n (� 0
1(n; �!v ) � � (n)u):

We usethesubgradientmethod[23] to solve thedualprob-
lem. Let u� ;

�!
v� be theminimizer in Eq. (15). Onesubgradient

of the negative dual function � �(
�!
� ; �!� ) is [23]

#n =
P d(n ) � 1

i =0 v� (H ( i ) (n)) � ln � ; 8n 2 LF ;
' n = � (n)u� � � 0

1(n;
�!
v� ); 8n 2 S;
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where
�!
# and �!' correspondto the dual variables

�!
� and �!�

respectively.
To obtaintheoptimaldualvariables,thesubgradientmethod

usesthe following updatesat the k th iteration

� n (k + 1) = [� n (k) � $ k #n (k)]+ ; 8n 2 LF ; (16)

� n (k + 1) = [� n (k) � $ k ' n (k)]+ ; 8n 2 S;

where[:]+ denotesprojectionon thenonnegativeorthant5, and
$ k is thestepsize.Convergenceto theoptimaldualvariables
is guaranteedif $ k satis�es $ k ! 0;

P 1
k=1 $ k = 1 .

Hereis a physicalinterpretationof thedualvariables
�!
� and

�!� . Consider
�!
� to be the price of violating the requirement

on the delivery performance,and �!� to be the price of
exceedingthe batterycapacity. Then,

�!
# representsthe safety

margin beforebreakingthe performancerequirement,and �!'
representstheexcessbatterycapacity. Theupdatesin Eq. (16)
will increasethe correspondingpricesif the performancere-
quirementis violatedor theaveragepower dissipationexceeds
the capacity, andreducethe pricesotherwise.

C. Implementation

In many sensorsystems[28], [29], theBS is a Pentiumlevel
PC, which hasa high computationalcapability andsuf�cient
memorycomparedto thesensornodes.Further, theBS is often
connectedto anunlimitedpowersupply. Hence,it is preferable
for us to take advantageof the computingcapabilitiesof the
BS and let it performthe computations6.

After the cluster hierarchy has been established,the BS
informs the nodesof the systemsparameters,including the
epochdurationTe, synchronizationinterval Ts, and message
frequency T. EachnodethencomputesA(n); P(n; i ); Q(n; i )
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
parametervalueswith thoseof the membersandpassesonto
its own CH. To guaranteethat thesevaluesare received by
the BS, reliable data delivery mechanismslike hop-by-hop
acknowledgmentscanbe used.

The BS solves (B1) using the subgradientmethod and
computesthe captureprobability thresholds,theninforms the
sensornodes.The nodesthendecidethe wake up scheduleas
describedin SectionIII-C.

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

5Note that in Problem(B), because� (n; �!z ) increaseswith �!z , it can be
seenthat to guaranteea larger delivery probability, higher power is needed
and the lifetime will be reduced.Hence,the optimal solution(s)occursonly
whenthe delivery probabilitiesequal� , i.e., when

Q d( n ) � 1
i =0 z(H ( i ) (n)) =

� ; 8n 2 LF . Thus,whenupdating� n , the projection[:]+ is unnecessary.
6Note that this centralized schemeis effective becausethe BS is much

more powerful than the sensornodes.If the BS hassimilar performanceto
the sensornodes,a distributed implementationis desirable.

D. Reclustering

In our discussionsthusfar, thenetwork topologyis �x edat
one particularclusterhierarchy. In many systems[10], [27],
periodic reclusteringis used to balancethe load, and the
network topologyalternatesamongseveralclusterhierarchies.
In our technicalreport [13], we have shown that the problem
formulationcanbeeasilyextendedto accountfor reclustering
and the solutionstill holdsafter slight modi�cations.

E. SimulationResults

We conductsimulationsto study our thresholdassignment
algorithm. For illustration, we considerthe clusterhierarchy
in Fig. 6. Theinitial energy for all nodesis 1 Joule.Eachnode
will generatel = 4bytes of sensingdataduring eachtrans-
missionperiod. The dataaggregation overheadc is 4 bytes;
the compressionratio r 2 [0; 1]. We set � = 0:7, i.e., all
informationshouldbe deliveredto the BS with probability �
0:7. Other simulationparametersare speci�ed in Table 2 in
our technicalreport [13].

For the given topology, we �rst note that sincethe BS has
unlimited power supply, it can always stay awake. Thus, for
messagescomingfrom node1, the BS will always “capture”
them, and we can directly set z(1) = 1. Further, due to
symmetry, the algorithm shouldset z(2) � z(3) and z(4) �
z(5) � : : : z(11). Next we considertwo specialcases:

� r = 1 correspondsto the casewithout any compression.
In this case,node 1 is the bottlenecksince it has the
highestrelayingburden.Hence,z(2) andz(3) shouldbe
small suchthat node1 spendslessenergy for receiving.
Our algorithm sets z(2) � z(3) � 0:71 and z(4) �
: : : z(11) � 0:99, correctly identifying the bottleneck.

� r = 0 correspondsto the casewherewe want updatesof
the type min, max, and sum. Here, transmissionenergy
is the samefor all the nodes,and the receiving energy
decidesthe lifetime for eachnode. Thus, nodes2 and
3 becomethe bottlenecksincethey needto receive from
moremembernodes.Correspondingly, our algorithmsets
z(2) � z(3) � 0:999 andz(4) � : : : z(11) � 0:703.

BS
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3

7. . . 8 11. . .

Fig. 6. Simulationtopology
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Fig. 7. Performancegain

To illustrate the performancegain of our thresholdassign-
mentalgorithm,we comparewith a schemewhich setsequal
captureprobability thresholdat each hop along the cluster
hierarchy, z(2) = : : : = z(11) =

p
� . In Fig. 7, we vary

the value of r and show the performancegain, which is
de�ned astheratio betweenthenetwork lifetime with the two
schemes.We observe thatour schemealwaysoutperformsthe
schemewith equal thresholds.As r increasesfrom 0 to 1,
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the gain �rst decreasesand then increases.This is because,
from the above discussion,when r = 0 nodes 2 and 3
are the bottlenecks;henceour schemesets z(4); : : : ; z(11)
to be small and z(2); z(3) to be large. As r increasesfrom
0, node 1 has a higher burden of relaying. To balancethe
energy consumption,our schemeincreasesz(4); : : : ; z(11)
anddecreasesz(2); z(3). Consequently, our solutionbecomes
closer to the schemewith equal thresholds.When r = 0:5,
our solution almost overlapswith the other schemeand the
performancegainis relatively small.But asr increasesfurther,
our solution diverges from the other schemeand achieves a
higher gain, which is as large as 19% when r = 1. This
con�rms that it is necessaryto adopt an intelligent scheme
to assignthe thresholds,andvalidatestheeffectivenessof our
scheme.

V. CONCLUSIONS AND FUTURE WORK

We have studiedsleep/wake 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/wake schedulingalgorithm.
In our previous work [3], we showed that the impactof syn-
chronizationerror is non-negligible, and studiedsleep/wake
schedulingfor single hop communications.We proposedan
optimal sleep/wake schedulingalgorithm, which achieves a
given capture probability threshold with minimum energy
consumption.

In this work, we consideredmulti-hopcommunications.We
relaxed the assumptionthat the captureprobability threshold
is already given, and studiedhow to determinethe per-hop
captureprobability thresholdsto meettheQoSrequirementof
the application.We observe that in many sensornetworks for
continuousmonitoringapplications,theQoSis decidedby the
amountof datadeliveredfrom thenodesto thebasestation(s),
i.e., the multi-hop delivery performance.We 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-convex and hard to solve
exactly. However, by investigatingits unique structure,we
have obtaineda 0:73-approximationalgorithm. Simulations
show that our solution correctly identi�es the bottleneckand
signi�cantly extendsthe network lifetime.

In this work, we have �x edthesynchronizationschemeand
only focusedon energy conservationwith sleep/wake schedul-
ing. Synchronizationand schedulingare, however, closely
tied to each other and will both affect the overall system
performance.Therefore, it is necessaryto jointly consider
synchronizationandschedulingto improve theoverall system
performance.Further, the de�nition of network lifetime in
this work mainly appliesto applicationscenarioswith strict
coveragerequirements.We plan to extend our framework to
considerotherde�nitions of network lifetime, e.g., time until
network partitioning.
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