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Abstract— Lifetime maximization is one key element in the design of
sensor-network-basedsurveillanceapplications.Weproposea protocol for
node sleepschedulingthat guaranteesa bounded-delaysensingcoverage
while maximizing network lifetime. Our sleep scheduling ensures that
coveragerotatessuch that eachpoint in the environment is sensedwithin
some�nite interval of time, called the detection delay. The framework is
optimized for rare event detection and allows favorable compromisesto
be achieved betweenevent detectiondelay and lifetime without sacri�cing
(eventual) coveragefor eachpoint. We compare different sleepscheduling
policies in terms of averagedetection delay, and show that ours is closest
to the detection delay lower bound for stationary event surveillance. We
also explain the inherent relationship between detection delay, which
applies to persistent events, and detection probability, which applies
to temporary events. Finally, a connectivity maintenance protocol is
proposedto minimize the delay of multi-hop delivery to a base-station.
The resultingsleepscheduleachievesthe lowestoverall target surveillance
delay given constraints on energy consumption.

I . INTRODUCTION

Sensornetworks promisesurveillanceof large areaswith possibly
unprecedentedaccuracy. Currently, energy supplyis onefundamental
bottleneck.It is very expensive to replacesensornodebatteriesonce
they aredeployed,bothbecauseof thelargenumberof sensingnodes
andbecauseof the typically hazardousor unfriendly environmentin
which thesenodesaredeployed. Hence,prolongingbatterylife is a
prime considerationin network design.Current literatureadvocates
employing redundancy to allow some nodesto go to sleep with-
out jeopardizingsensorycoverage.Theseapproachesimply that a
minimum numberof nodesmust remainawake for the right degree
of coverageto remain satis�ed. A trade-off exists betweenenergy
savings and coverage. For example, in [1], [2] partial coverage
schemesare investigatedto increaseenergy saving gains. In these
efforts, both randomandsynchronizedsleepschedulesareproposed
andstudiedfor certainscenarios.Theformerrefersto thecasewhere
eachnode independentlychoosesrandomsleepand wakeup times.
The latter refers to the casewhereall nodesgo to sleepand wake
up togetherin a synchronizedfashion.

In contrast,we develop a near-optimal deterministicallyrotating
sensorycoverage.In this scheme,the areais only partially covered
at any point in time. However, any point is eventuallysensedwithin
a �nite delay bound. The energy/coverage trade-off is thus more
meaningfully expressedas one betweenenergy savings and the
averagedetectiondelay, de�ned astheaveragetime elapsedbetween
event occurrenceat a point andits detectionby a nearbysensor. It is
desiredto minimize averagedetectiondelay subjectto a constraint
on energy consumption(expressedas a duty-cycle constraint).The
goal of this paperis to develop a localizeddistributed protocol for
(near-optimally) solvingtheaforementionedconstrainedoptimization
problem while ensuringupper boundson the worst-casedetection
delay.

Thepaperalsoaddressessleepschedulingschemesfor minimizing
packet delivery latency to a commonbase-station.Observe that at
very low duty cycles,it is likely that sensornodesthat areawake at

any given time do not form a connectedgraphunlesstheir wakeup
timesareappropriatelysynchronized.Suchsynchronization,however,
may deviate from the optimal sleepschedulefrom the perspective
of minimizing averagedetectiondelay. We develop a heuristic that
provides partial synchronizationto reducedelivery latency without
signi�cantly impactingthe averagedetectiondelay.

The combinationof detectiondelay and packet delivery latency
is the perceived surveillancedelay, which refersto the time elapsed
from the occurrenceof an event in the systemto the time the event
is reportedto a base-station.Hence,the overall contribution of this
paperis to develop a protocol for minimizing the surveillancedelay
subjectto energy (namely, duty cycle) constraints.

Our protocolis optimizedfor detectionof rare(but urgent)events.
In suchapplications,network longevity is especiallyimportant,since
missionlifetime must be appropriatelylarge. Nodesoperateat very
low duty cyclesanddo not communicateunlessanevent is detected.
Therefore,we considersensingpower as the predominantenergy
drain over the system lifetime. Once detection occurs, a prompt
reactionmay be needed(e.g., activating a cameraor reporting an
emergency). Consider, for example,thedetectionof forest�res. There
are two naturalconcernswith this application:�rst, how long will
thenetwork lastoncedeployed?Second,how responsive will it be in
reactingto �re events?Our designtranslatesthesetwo questionsinto
two relateddesignparameters;namely, the energy consumptionrate
(i.e., the duty cycle which determineslifetime) and the surveillance
delay. Our protocoloffers a designspacein which the designercan
trade-off theseparametersin a near-optimal fashion.

The rest of the paperis organizedas follows. SectionII presents
the generalframework andassumptionsunderlyingour approach.A
localizeddistributedoptimizationalgorithmis presentedin SectionIII
to producea sleepschedulethatapproachestheoptimalon detection
delay. This algorithm is subsequentlyenhancedto reducedelivery
latency as well. Simulation results are presentedin Section IV.
We survey relatedwork in SectionV, and concludethis paper in
SectionVI with our summaryanddirectionsfor future work.

I I . GENERAL FRAMEWORK

We consideran areacovered by sensingnodes.Let someevent
(e.g., a �re) occur at one point in the area.The maximaldetection
delay for an event occurring at this point is de�ned as the longest
time that may elapsebeforethe event is detectedby a nearbynode.
The average detectiondelay for this point is de�ned as the average
time elapseduntil theevent is detected.Themaximaldetectiondelay
for theentireareais thelargestvalueof all maximaldetectiondelays
at points in the area.Similarly, the averagedetectiondelay for the
area,denoted� , is the averagevalue for all detectiondelaysof all
points.Trivially, whentheareais sensingcovered,both themaximal
detectiondelay and the averagedetectiondelay for the areaare � ,
sinceall eventsaredetectedimmediately.



Sensorsin the areaare duty-cycled. Most sensorshave a �nite
“warm-up” time ��� upon startup before reliable readingscan be
reported.Following thewarm-uptime, a sensortakesa sampleof the
environment,which itself takestime ��� (possiblyincluding repeated
sensorreadings).This maybefollowedby othernecessaryprocessing
(suchasdatalogging)which takestime �
	 . Hence,from theinstanta
nodeis poweredon, a minimum time interval, ���
����� ��� ��� � ��	 ,
must elapsebefore the node can go to sleepagain. Given a duty
cycle constraint � which de�nes the maximum percentageof time
a node can be awake, the node must sleepfor at least a duration

��� , where � �
����� � �
�

� ��������� . Hence,any event is detectedin at
most ��� � ����� time units.It is desiredto minimize theaverage event
detectiontime. We are especiallyinterestedin very low duty-cycle
operationwhere � �
�! " ��� .

We proposea two-level sleepschedulingframework. The�rst level
selectsa minimal subsetof all deployed nodes,called the primary
subset,such that sensingcoverageis maintainedusing the fewest
primarynodes.Weassumethatthereareenoughnodesin thenetwork
for sensorycoverageto beachieved.The remainingnodesareturned
off. This processis repeatedperiodicallyat a fairly largeperiod(e.g.,
of the order of tens of hours) to changethe set of primary nodes
so that their energy is not depleted.Algorithms for such rotation
have beenproposedin prior literatureandarenot consideredin this
paper. The secondlevel focuseson the current primary nodes.It
contributes further energy savings by duty-cycling thesenodesat a
higherfrequency (e.g.,secondsor minutes).That is to say, eachnode
in the primary subsetsleepsfor ��� then wakes up for ���
� , where

�
�
�����

�
�
�

�
�

�
�#�$� , the desiredduty cycle. Our purpose,in this

paper, is to coordinatetheduty cyclesof primarynodessuchthat the
averagedetectiondelay in the areais minimized.

One interesting remark is that although the maximum energy
savingsby �rst level schedulingareboundedby theneedto maintain
sensorycoverage,the secondlevel savings can be madearbitrarily
large by decreasingthe duty cycle of primary nodes.In principle,
there is no lower bound on energy consumptionafter the second
level scheduling.The only considerationis that lowering the duty
cycle increasesaveragedetectiondelay.

If the averagenumberof primary nodeswithin a sensoryradiusis
% , any point in the environment is sensedby % nodeson average.
Sinceeachnode sleepsfor ��� and wakes up for �

�
� , at low duty
cycles (i.e., when �����

 " 
��� ), a point is sensedon averageno

more than onceevery �
�&�

% time units. An event arriving randomly
betweensenseinstantswill thussuffer anaveragedetectiondelayno
lower than ���

��'

% . This valueestablishesa lower boundon detection
delaygiventhesensorwakeupperiod,�

�
� , andthechosendutycycle,
�(�)�

�
�����
�

�
�

�
����� , which uniquely determinethe minimum ��� ,

andhencethe minimum ���
��'

% .
On the other extreme,if all primary nodessleepand wake up in

unison, eachpoint is sensedonly once every ��� , and the average
detectiondelay for a randomlyarriving event is ���

�&' . Our purpose
is to designa sleepschedulingprotocol that approachesthe lower
bound, ���

�&'

% , on the averagedetectiondelay.
It can be shown that minimizing detectiondelay leadsto mini-

mizing the variancein detectiondelay as well. Intuitively, this is
becausethe sum of the squares(or higher powers) of numbersthat
add up to a constantis minimized when thesenumbersare equal.
Hence,equally spacingsensorwakeup times within an interval ���

leadsto minimizing both the meanandvarianceof detectiondelay.
The completeproof is omitted for spacelimitations.

Finally, observe a relationshipbetweendetectiondelay and de-
tection probability. An event with a short lifespan can be detected

as long as its lifespan intersectsany of the waking periods of
neighboringsensornodes.It is easyto show that the probability of
suchintersectionis maximizedwhenthe wakeupperiodsareequally
spaced.Thus,thesleepschedulingthatoptimizesthedetectiondelay
also maximizesthe detectionprobability of short-lived events.Next
we presenta protocol that producesa near-optimal sleepschedule.

I I I . SLEEP SCHEDULE OPTIMIZATION

In this section, we describe a sleep scheduling protocol that
outperformsboth randomand synchronizedschedulingin terms of
average detection delay. The protocol is distributed, and has the
favorablefeaturethat it guaranteeslocal optimality in thatevery node
ends up with a wakeup point that cannot be further improved in
terms of the averagedetectiondelay within its sensingrange.We
also presenta protocol for optimizing end-to-enddelivery latency.
Thecombinationof thesetwo protocolsis exploredto reduceoverall
surveillancedelay.

A. DetectionDelay Optimization

Our overall algorithm for minimizing detectiondelay is a three
stagetransitionprocess,shown in Figure1.
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Stage II: Each node re-calculates its 
wakeup time, exactly once in each 

iteration Tc, based on the most recently 
updated neighbor schedules. If one node 
does not receive any updates within an 
iteration and has not changed its own 

wakeup time, proceed to stage III.

Stage III: 
The wakeup time is 

finalized.
3
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Stage I: Each node chooses 
a wakeup time regardless of 

other nodes. 

Receive neighbor beacon, 
update neighbor wakeup 

time

Fig. 1. StateTransitionof OptimizationAlgorithm

We assumethat neighboringnodeshave approximatelysynchro-
nizedclocks.Protocolsfor clock synchronizationin sensornetworks
canbe found in [3]. Eachnode * startsat Stage1, whereit randomly
picksan initial wakeuptime, +-,/. �10 for itself on a commontimeline in
thecyclic interval [ �32-���

�
����� ). For thepurposesof this analysis,the

wakeuptime denotesthe instantat which the node's wakeupinterval
�

�
� starts.Theinitial selectionof thewakeuptimesof differentnodes
is completelyuncoordinated.Eachnodecommunicatesits randomly
chosenwakeup time to its neighbors,setsup an iteration timer to
�re at a period ��4 , andentersStage2. Observe that in this stageall
primary nodesare still awake (i.e., have not yet startedtheir duty-
cycling). Theperiod �

4 is calledthescheduleiteration period, which
is different from the period �

�
�

�
��� of the would-beduty cycles.

In Stage 2, each node undergoes multiple scheduleiterations.
Within a singleiteration,a nodemakesat mostoneadjustmentto its
wakeuptime to reducetheaveragedetectiondelay. Ultimately, a local



minimumis reachedwhereno morereductionscanbeobtained.More
speci�cally, when the iteration timer of node * �res, denoting the
beginningof a new scheduleiteration, 5 , thenodeconsidersadjusting
its wakeup time from + , . 57698:0 (the value chosenin the previous
iteration) to a new value, +-,-. 530 . This new valueshouldminimize the
averagedetectiondelay in the areawithin node * 's sensingrange,
denoted � , . 5;0 , given the updatedwakeup times received from * 's
neighborsin the last iteration.Note that by neighbors,we are only
referringto thosenodesthathave overlappingsensingrangeswith the
currentnode,sincefor the the currentnode,only the waking times
of thesesensingneighbors arerelevant. We will usecommunication
neighbor to speci�cally refer to the nodeswithin communication
range of the current node, and without further explanation, use
neighborto denotesensingneighbors.

In our discussion,we assumethat eachnode knows its sensing
range.This assumptionis supportedby our observationswith current
sensornodes.For example,in XSM2 [4] motesdevelopedby OSU
and CrossBow, a roughly circular sensingrangecan be measured
for the set of PIR sensorsbefore deployment. Each node can use
this knowledgeto determinewhetheror not a given point is located
within its sensingrange.

If thedifferencebetweentheold andnew detectiondelays( �<,-. 530
6

�
,

. 5"6=8:0 ) is larger thana presetthreshold,> , the new wakeuptime,
+

,
. 5;0 , is adoptedandthenodereportsthis new wakeuptime to all its

neighbors.Otherwise,theold wakeuptime, +-,/. 5?6@8:0 , remainsin place
andno updatesaresent.The nodethenwaits for the next invocation
of the iterationtimer �

4 to starta new iteration.If the nodedoesnot
receive any updateswithin an iterationandhasnot changedits own
wakeuptime, it entersStage3 in which it startsduty-cycling, phased
in accordancewith its computedwakeuptime. Onceall nodesreach
Stage3, we considerthedetectiondelayoptimizationcomplete.Note
that,sinceclocksdrift over time, theduty cycle period ���

�
����� must

be largeenoughto accommodatea fair amountof phasedrift without
theneedfor clock re-synchronization.Thisconstraintis metnaturally,
sinceweareinterestedin very low dutycycles( ���@A"AB���
� ) in which

��� mustbe reasonablylarge (of the orderof secondsor minutes).
The critical part of the above optimization processlies in the

localizedcomputationof the optimal wakeup time of an individual
nodeat Stage2 asa function of thoseof its neighbors.The problem
is formulatedas follows. Given a node, * , that is informed of all
the currentwakeup times of its neighbors,what wakeup time, +

,
. 5;0 ,

should it chooseto minimize the averagedetectiondelay, ��,/. 5;0 , in
the areawithin its sensingrange?

To answer this question, in the following, we �rst derive an
expressionfor the averagedetectiondelay within the sensoryrange
of node * as a function C

,

�
+/� of the node's unknown wakeup time

+ (and the known wakeup times of its neighbors).We then �nd the
wakeup time + that minimizesthis expression(i.e., for which C�,

�
+-�

is minimum). Finally, we presentan implementationthat computes
C

,

�
+/� andthe correspondingwakeup time ef�ciently at run-time.
1) Derivation of an Optimal Wakeup Time: To derive CD,

�
+-� ,

consideran arbitrary point E in node * 's sensingrange.Let point
E be locatedwithin the intersectionof thesensingrangesof F nodes
(including node * ). The averagedetectiondelay at point E is the
averagetime elapsedfrom theoccurrenceof aneventat E to thenext
time someneighboringnodewakesup andsamplestheenvironment.
It dependson therelative spacingof therespective samplingtimesof
the F neighbors.Sinceeachnodewill samplethe environmentonce
every duty cycle period, therewill be a total of exactly F samples
within eachinterval ���

�
�

�
� . Let the samplesof differentnodesbe
separatedby time intervals GIH , ..., G
� , where G3JLK�� for 8"MONPMQF .

Figure 2 shows an example of a duty cycle of length 8 , with
nodes RS8 , R ' and T , sampling the environment at times ��U '&V ,

��U W and + respectively. The intervals GIH , ..., G
X betweensuccessive
samplesare indicated.The circle in this �gure depictsa repeated
duty-cycle. The arrows indicatethe directionof the passageof time.
Observe that while a node might be awake for a �nite period of
time, ����� (which includessensorwarm-upanddatapost-processing
times), its samplingtime, for purposesof this analysis,refersto the
time instantat which the nodecompletesits environmentalreading.
In our model, this instant occursat a �x ed offset from the node's
wakeup time (namely, at offset ��� � � � de�ned in Section I).
However, it is straightforwardto extendouranalysisto thecasewhere
nodescontinuesamplingthe environmentfor somecontiguous�nite
duration.

Given inter-sampleseparationsG H , ..., G � , the averagedetection
delay Y atpoint E is givenby thesumof theaveragedetectiondelays
for event arrivals in an interval G3J (given by, G3J �&' ), eachmultiplied
by theprobabilityof arriving within that respective interval, which is

G3J ��� ��� � ���
� ). Hence, Y equalsthe sumof � G3J ��' �ZG3J ��� ��� � ���
��� ,
8"MONPMQF , which gives:

Y[�

G�\

H

�
U]U]U

�
G�\

�

'3�
���

�
�������
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Fig. 2. A Cyclic SleepSchedule

Sincenode* knows thewakeuptimesof all its neighbors,substituting
in Equation(1) we get a quadraticexpressionthat is a function only
of node* 's own wakeuptime.For example,substitutingwith intervals

G?H , G

\

and G
X , shown in Figure2, into Equation(1) wegetaquadratic
function of + that representsthe averagedetectiondelayat point E .
Observe that this quadraticfunction dependson the orderingof the
unknown wakeup time + with respectto the wakeup times of the
neighboringnodes.For example,Figure2 shows + to be in the range

��U W^M_+
 

8 . Substitutingin Equation(1) gives an expressionthat
is valid only for thecorrespondingrange.Similar expressionscanbe
derived for the other ranges.Putting the expressionsfor different
rangesof + together, we obtain a continuouspiecewise quadratic
equation that yields the averagedetectiondelay at point E as a
function of the unknown wakeuptime + anywherein the duty cycle.
We call it the optimality curvefor point E . The optimality curve for
point E shown in Figure2 is given in Figure3.

To minimize the averagedetectiondelayacrossthe entiresensing
rangeof somenode * , the quadraticoptimality curves of all points
in * 's sensingrange are added.The resulting piecewise quadratic
function is the soughtfunction C

,

�
+/� that is thensolved for a global
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Fig. 3. Optimality Curve for nodeO at point A

minimum. This conceptualprocedurelends itself to an ef�cient
implementationin view of the following two observations.

First, notethatpointscoveredonly by node * (andno othernodes)
will always have the sameaverage detectiondelay regardlessof
when * choosesto wake up. At low duty cycles, this delay is well
approximatedby ���

��' . Such points neednot be consideredin the
aforementionedsummationasthey do notchangetheoptimizationre-
sult. Second,notethatall pointsthat lie at the intersectionof sensing
rangesof thesamenodesleadto thesamequadraticoptimalitycurves.
Hence,it is enoughto computesuchcurvesonly once.For example,
node T in Figure 4 needsto consideronly � ve distinct optimality
curves correspondingto the � ve intersectionregions betweenits
sensoryrangeandthatof othernodes.Theequationfor eachcurve is
weightedby theareaof thecorrespondingintersectionandtheresults
addedup to obtain C

,

�
+-� .

It can be shown that the resulting overall function is piecewise
quadraticwith a numberof segmentsthat dependsonly on the total
numberof neighbors,̀ , of node * . Its global minimum can only
occurat oneof the local minimaof the individual segmentsor at the
pointsat which thesesegmentsarejoined. Inspectingthesepoints is
an T

�
`a� operation.Thealgorithmcanthereforeef�ciently determine

thepositionof theglobalminimum andhencethe new wakeuptime.
Next, we presenta detailed example of computing an optimality
curve, andour actualimplementationof the entirealgorithm.

2) Example: Computing the Optimality Curve: Consider again
node T in Figure 4. Node T has four neighborsdenoted RS8 to

Rcb . In this example,thereare� ve distinct sensorrangeintersection
regionswithin T 's sensingrangethatneedto beconsidered.Figure4
depictstheseregionsandthewakeuptimesof all neighboringnodes.
Point E exempli�es one region that lies at the intersectionof the
sensingrangesof nodes RS8 , R

' and T . In the duty cycle [ ��2:8 ),
thereare threecasesto considerfor the wakeup time + of node T ,
namely. �OMd+

 
��U

'&V , �3U
'&V

Md+
 

��U W and �3U W(M$+
 

8 , where
�3U

'&V and �3U W aretheknown wakeuptimesof neighborsRS8 and R
' .

Figure 2 depictsthe casewhere ��U WeMf+
 

8 . As seenin Figure 2,
the intervalsbetweensuccessive wakeuptimesare 8&U

'�V
6�+ , ��U g

V and
+:6#�3U W respectively. Substitutingin Equation(1), theaveragedetection
delay in this case is h

H-i

\-j�k
lnmporq�s

i X

jtouq

h

lvk
s

i w

mxo

\

, which evaluatesto
+

\
6L8&U y

V
+

�
8&U �

'�'&V . Similarly, wecandeterminethatfor �zM{+
 

�3U
'�V

theaveragedetectiondelayis given by +
\

6^8&U y
V

+
�

��U b
'�'&V , andthat

for �3U
'�V

M|+
 

�3U W it is given by +/\
�

�3U}8
V

+
�

�3U]81~
'�V . Together,
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Fig. 4. An OptimizationExample

the above threesegmentsconstitutethe optimality curve for point A
(shown in Figure3).

3) Ef�cient Implementation:In our implementation,a nodebuilds
a polynomialfunction tablefor eachoptimality curve, in which each
segmentof the function is storedas a three-elementtuple �n•

2-€�2-•r� ,
denotingthefunctionas C

�
+/�‚�

•
+

\

�
€
+

�
• , It alsostoresthestarting

andendingpoint of eachsegment.For theoptimality curve computed
above, the polynomial function table is shown in Table I.

A node also sorts the wakeup times of its ` neighbors to
determinethe `

�
8 intervals betweenthesewakeup times within

a duty cycle. It then initializes a new polynomial function table that
will hold the �nal function C1,

�
+-� for the areacoveredby node * . We

call it the result table.
To simplify computation,a node then considersa virtual grid

within its sensingrange.Pointson this grid are consideredsequen-
tially, eachwith thesameweight.For eachpoint, thealgorithmclas-
si�es this point basedon which nodesarelessthanonesensingrange
away from it. Then,the coef�cients of all segmentsof its optimality
curve are fetchedfrom the correspondingpolynomial function table
and addedto the coef�cients of the correspondingsegmentsin the
result table, which generatesan intermediatesegmentedquadratic
polynomialfunction.Whenall pointshave beenconsidered,theresult
function is complete.For example, the result table for point T in
Figure4, is shown in TableII. Thecorrespondingaggregatedfunction
is plotted in Figure 5. The optimal wakeup time can be decided
by �nding the lowest valueon the aggregatedfunction (which turns
out to be b�U b�8uW�W at +e�ƒ�3U g�y

V ). This can be done by inspecting
function values at segment boundariesand local minima (a local
minimum of a function •

+/\
�

€
+
�

• occursat +„�ƒ6…€
�&'1• ). The

time at which the lowest value occurs is the soughtwakeup time
+-,-. 5;0 of node * at iteration 5 . Oncethe wakeup time is determined,
the nodesendsout its decision.We now brie�y explain the content
of the decision packet. Each node keepsan incrementingcounter
as the current version of its wakeup time. It also keepsthe latest
versionsof its neighbors.Onceit makes a new adjustment,it sends
out its ID, its new wakeup time, the versioncounter, as well as the
version countersof its neighbors.The last piece of information is
necessaryto avoid non-serializablemodi�cations of wakeuptimesof
neighboringnodes.Suchmodi�cations may leadto endlessloops in
the adjustment.Therefore,oncetwo nodes�nd that they have each
adjustedtheir sleepingtimes independently, the nodewith lower ID



TABLE I
POLYNOMIAL FUNCTION TABLE FOR POINT A

Range Tuple Function
1 † ‡�ˆ‰‡�Š ‹�Œ
• Žn•rˆ‰‡�Š •
Œ1ˆ‰‡�Š •
•�‹:Œ�‘ ’

o�“

‡DŠ •
Œ�’

“

‡�Š •/•:‹�Œ

2 † ‡�Š ‹�ŒDˆ‰‡�Š ”/• Ž••uŠ ‡Dˆ
–�‡�Š —�ŒDˆ‰‡�Š ˜:‹:‹�Œ:‘ ’

o

–@‡�Š —�Œ�’

“

‡�Š ˜:‹:‹�Œ

3 † ‡DŠ ”Dˆt•-• Ž••uŠ ‡Dˆ
–™•uŠ —�ŒDˆt•uŠ ‡:‹:‹�Œ:‘ ’

o

–P•uŠ —�Œ�’

“

•uŠ ‡:‹:‹�Œ

TABLE II
RESULT TABLE

Range Tuple Function
1 † ‡�ˆ‰‡�Š ‹�Œ
• Ž••/ŒDˆ/–?˜DŠ Œ:Œ1ˆv˜DŠ —:š�‘ •/Œ�’

o

–�˜DŠ Œ:Œ�’

“

˜�Š —�š

2 † ‡�Š ‹�ŒDˆ‰‡�Š ”/• Ž••
ŒDˆ/–™•:•rŠ Œ:ŒDˆv”1Š ”�˜r‘ •
Œ�’

o

–„•�•uŠ Œ�Œ�’

“

”DŠ ”
˜

3 † ‡�Š ”Dˆ‰‡DŠ —
• Ž••
Œ1ˆ
–™•
—1Š Œ:Œ1ˆ-•-‡�Š —
˜r‘ •
Œ
’

o

–P•
—1Š Œ:Œ�’

“

•/‡DŠ —�˜

4 † ‡�Š —Dˆ‰‡DŠ š
• Ž••
Œ1ˆ
–?‹:”1Š Œ:Œ1ˆ-•/•DŠ ‹
˜r‘ •
Œ
’

o

–�‹:”1Š Œ:Œ�’

“

•
•1Š ‹�˜

5 † ‡DŠ šDˆt•-• Ž••
Œ1ˆ
–?›�˜DŠ Œ:Œ1ˆZ‹
˜�Š ˜�˜r‘ •
Œ
’

o
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revokesits prior decisionandrolls backto its last version.The same
rule appliesto more than two nodesas well. One nodealso needs
to roll back if its packet is lost in transmission.Therefore,we use
an acknowledgementbasedMAC layer. If one nodecannotreceive
the acknowledgementsfrom all neighbors,it shouldeitherrevoke its
prior decision, if it receives a parallel adjustmentfrom one of its
neighborsduring the time, or resendits decisionto all its neighbors.
Observe the fact that communicationrange in sensornetworks is
typically much larger than sensingrange.Therefore,we expect that
the sensingneighborsare typically locatedsuf�ciently nearby, and
connectedvia relatively reliable links to the currentnode.
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4) Algorithm Analysis: Cost Analysis We now consider the
computationalcostandrequirementson storageof thealgorithm.We
considerstoragerequirements�rst. For eachsamplingpoint covered
by F neighbors,the maximalnumberof segmentsis F

�
8 (thereis

F
�

8 becausewe treatthe �rst region andthe last region in Figure3
asdifferent functions).Therefore,for a nodewith ` neighbors,the
numberof segmentsfor theaggregatedfunctionis atmost `

�
8 , due

to the fact that pointsin the samepartitionsharethesamesegments.
Oncewe have aggregateda segmentfunction,thestorageit occupies
can be freed, therefore,at most `

�
8 entriesare neededin the

global result table,which is not memoryintensive. Second,asfar as
computationcostgoes,theoverall cost is proportionalto theproduct
of grid resolutionand the numberof neighbors,̀ . We can easily
controltheformerfactorto reduceoverall costto anacceptablevalue.
OurexperimentsonMICA2 nodesshow thatcomparablecomputation

load canbe well afforded.
On the Convergenceof the Algorithm We now show that the

overall optimizationprocessterminatesin a �nite numberof steps.
First, note that eachadjustmentof the wakeup time by onenodein
Stage2 decreasestheaveragedetectiondelaywithin thesensingrange
of this node,but doesnotaffect theaveragedetectiondelayoutsideits
sensingrange.Hence,the averagedetectiondelay for the areaalso
decreaseswith individual node adjustment.Also note that, in our
design,we have avoidednon-serializableadjustmentsof neighboring
nodes.Therefore,the whole processexhibits a contractive property.
Since the initial averagedetectiondelay for the whole area must
be �nite, and since the algorithm makes adjustmentsonly if they
decreasethe averagedetectiondelay(in somenode's sensingrange)
by someminimum �nite amount,the algorithmmust terminateafter
a �nite numberof adjustments.Note that during the process,it is
possiblethat the adjustmentof one node's schedulemay propagate
to its neighbors,however, such propagationwill only decreasethe
overall detectiondelay, which obviously will terminateafter a �nite
numberof steps.

To estimatethe convergence time of the algorithm in area, œ ,
supposeeachnodehasa sensingrange,• , andcommunicationrange,

ž

AŸ• . For eachadjustmentof one node in Stage2, the average
detectiondelaydecreasesby at least> in thesensingareaof thisnode.
Thus,eachadjustmentdecreasesthe averagedetectiondelay for the
wholeareaby at least  �¡

o

¢ƒ£

> . Rememberthat theaveragedetection
delay is upper-boundedby approximately���

��' and lower-bounded
by approximately���

��'

% . The maximumnumberof adjustmentsis
thereforeboundedby thedifferencebetweenthe two boundsdivided
by the adjustmentper step,which yields ¤D¥

\

�
8L6a8

�

%

�

¢

 &¡

o�¦

. Now
assumethat nodesoutsideeachother's communicationrange(and
henceoutsideeachother's sensingrange)can perform adjustments
in parallel.Thereare roughly

¢

 ¨§

o

suchnodes.Hence,the number
of roundsof adjustmentis roughly ¤D¥

\

�
8L6f8

�

%

�
§

o

¡

o
¦

, which takes
¤

¥
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�
8‚6S8

�

%

�
§

o

¡

o
¦

�
4 time units to complete.This estimate,of course,

is a quite relaxed bound:eachadjustmentmay decreasethe average
detectiondelaywithin onenode's sensingareawell beyondthelower
bound > . In practice,our simulationsshow that the systemalways
convergeswithin twenty rounds.

B. End-to-EndDelay Optimization

Next, we proposean optimization for end-to-enddelivery delay.
Observe thatat low duty cycles,the fraction of nodesthatareawake
at any given time do not necessarilyform a connectednetwork.
Delivering sensedevents to the base-stationrequiressynchroniza-
tion of waking times betweencommunicationneighborsalong the
path. We consider networks where the communicationrange is
relatively large comparedto the sensingrange.Hence,after �rst-
level scheduling(which determinesthe minimum numberof nodes
neededfor full sensorycoverage),the resultingprimary nodeshave
many neighborswithin their communicationrange. The problem,
of course,is that after the ensuingsecond-level scheduling,not all
neighborswill be awake at the sametime. From the perspective
of minimizing event delivery time to a base-station,it is desiredto
synchronizeduty cyclesof nodesinto a streamlinedsequenceto pipe
the dataef�ciently . This idea is not unlike the commonpracticeof
synchronizingtraf�c lights to turn green(wake up) just in time for
the arrival of vehicles(packets) from previous intersections(hops).
Observe that it is enoughfor eachnodeto synchronizeits duty cycle
with only oneneighborwithin its communicationrangethat is closer
to the basestation.Consequently, synchronizedroutesare formed to
expeditedatadelivery from any node.



An example of this type of coordinationis shown in Figure 6.
As shown in this example,packets deliveredfrom node � to © have
minimum delay. We call this techniquestreamlinedwakeup. In the
following, we proposeanoptimizationof delivery delaybasedon the
streamlinedwakeup technique.We focuson the mostcommoncase
whereeachsensorreportsto only onebase-station(althoughdifferent
partsof thenetwork might reportto differentlocalbase-stations).Our
algorithmworks as follows:
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Fig. 6. SchedulingExamplefor NodePipe

1) After �rst-level schedulingis complete,the base-station�oods
the network with a messagecontaining a hop count that is
incrementedat each hop (interest propagation).Each node
keepstrackof thelowesthop-countreceivedandmaintainsthat
numberasits hop countfrom the base-station.Sincethe base-
station is assumedto be always up, nodesone hop from the
base-station(i.e., its directneighbors)seta pipe �ag indicating
that they have a valid streamlinedpathto the destination.Any
nodethat setsthis �ag communicatesthis fact to its neighbors.

2) Nodes run the detection delay minimization algorithm de-
scribedearlier to computetheir wakeup times. In Stage3 of
this algorithm,insteadof actuallyimplementingtheduty cycle,
they executethe stepbelow.

3) Any nodewhoseneighborswith shorterhopcountsto thebase-
stationhave settheir pipe�ag, �nds theonesuchneighborwith
the closestwakeup time to its own. The node then overlaps
its wakeup interval with that neighbor's, effectively appending
itself to an establishedstreamlineddatapipe that is closestto
its ideal wakeup time. Observe that the numberof suchpipes
that may be establishedin the network is of the order of the
numberof theimmediatecommunicationneighborsof thebase-
station.The larger is this number, the lower (on average)is the
adjustmentneededto a node's wakeuptime to join a pipe.For
example,a base-stationwith a sensitive enoughantennato hear
all sensorswill enableeachnodeto be its own datapipe with
no additional synchronizationor adjustmentneeded.Having
joined a pipe, a nodesetsits pipe �ag andcommunicatesthis
fact alongwith its new wakeup time.

4) Any node that has set its pipe �ag and communicatedthis
information now entersthe duty-cycling phasein according
with its updatedwakeupschedule.

The above algorithm ensuresthat a synchronizationwave prop-

agatesoutwards from the base-station.When the wave reachesthe
outer perimeterof the network, all nodeswill have routes to the
base-stationwith appropriatelyoverlappedwakeup times.All nodes
will have enteredthe duty-cycle mode. The initialization is thus
complete.If the communicationrangeis large enough,it is easyto
�nd neighborswith closewakeuptimes to your own. The algorithm
thereforedoesnot have much impact on the optimality of average
detectiondelay in networks with a large communicationrange,as
will be demonstratedin the next section.

IV. EVALUATION

In this section,we verify the theoreticalresultsandoptimizations
given in the previous sectionvia extensive simulations.

A. SimulationSetup

We simulatea two-level schedulingframework. By default, the
area is 8r�&��ª

£

8r�&�Dª . Each node has a sensingrange of 8r��ª .
Initially more thanenoughnodesaredeployed to guaranteesensing
coverage.The �rst level schedulingis then appliedwhereas many
nodesas possibleare put to sleep without compromisingoverall
sensingcoverage.The remainingnodesform the basisfor evaluating
the protocolsdesignedin this paper, wheredifferentapproachesare
compared.

In practice, we deploy g&�&� nodes, followed by a �rst-level
schedulingprotocol to turn off redundantnodes.An averageof ~�W

nodesremain awake, so we generateten scenarioswith ~DW nodes
remainingas the basisfor secondlevel schedulingevaluation.Each
of thesedeployment scenariosguaranteesfull sensingcoverageand
no nodeis redundant.We simulateda simpleMAC layerwith packet
acknowledgement.In thesimulations,packet lossandretransmissions
appearto have very limited effect on the overall performance,since
we can adjust the pace of schedulereadjustmentsuf�ciently to
accommodatepacket retransmissions.

B. DetectionDelay Optimization

In this section,we focuson the optimizationof averagedetection
delay. For each scenario,we comparethe optimized and random
energy saving schedulesto the theoreticallower boundandtheupper
bound(the caseof a synchronizedschedule).The resultsareshown
in Figure7. The horizontalaxis variesthe ratio of the sleepinterval
to the waking interval, ���

�
�

��� , on a logarithmic scale,over two
ordersof magnitude.Thevertical axis shows thenormalizedaverage
detectiondelayover ���
� .
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Notice that the theoretical lower bound to which we compare
the resultsis over optimistic. No schedulingapproachcan achieve
this boundbecausedifferentnodesin an irregular network generally
cannotachieve perfectlyequalwakeup time spacingsimultaneously.
Thus, optimizing the averagedetectiondelay for one point usually
leads to sub-optimalschedulingfor neighboringpoints. While no
algorithm can achieve the optimistic lower bound,we observe that
oursdemonstratesconsiderableperformanceenhancementcompared
with both randomandsynchronizedsleepscheduling.

For example, from Figure 7, when �
���

�
���

� 8r� (or
«p¬D­

�
���

�
�����<�O�®8 ), the theoreticalaveragedetectiondelay lower

bound is '
U W , our algorithm achieves g3U

' , randomsleepscheduling
achieves g�U y , while synchronizedsleepschedulingis ashigh as V

U
V .

More generally, our protocol can reducethe gap betweenrandom
schedulingandtheoptimalboundin termsof averagedetectiondelay
by g��¨¯ to V

�¨¯ , andhasa absoluteaveragedetectiondelayreduction
over randomschedulingup to 8

V
¯ .

We also evaluate the notion of coverage ratio de�ned as the
percentageof coveredareain time and space.For the purposesof
this experiment,coveredarearefers to areain the rangeof at least
one sensorthat is awake at the time. Since each node is awake
during ����� , the aggregation of such coverage intervals re�ects a
measureof vigilance of the network. The resultsare presentedin
Figure 8. As shown, as the duty cycle decreases(by increasing

 0

 10

 20

 30

 40

 50

2 2.58 3.5 4.98 7.3 11 16.8 26.1 40.8 64 101

A
ve

ra
ge

 D
et

ec
tio

n 
D

el
ay

Expected Lifetime Extension

Synchronized
Random

Optimized
Lowerbound

Fig. 10. The Lifetime vs. Delay Trade-off

 0

 0.1

 0.2

 0.3

 0.4

 0.5

 0.6

 0.7

 0.8

 0.9

 1

 0  10  20  30  40  50

D
et

ec
tio

n 
P

ro
ba

bi
lit

y

Duration of Event(time units)

Theoretically Optimal
Optimized

Random
Lowerbound(Syncronized)

Fig. 11. Event DetectionProbability

���
�

�
�
� ), the coverageratio of random schedulingand optimized

schedulingconvergesquickly to theoptimal.This is expectedbecause
both randomschedulingand optimizedschedulingare not likely to
overlapthewakeupperiodsof neighboringnodes.Sincethecoverage
ratio is only relevant to theaggregatedwakingperiod,thesetwo sleep
schedulingpolicieseventually leadto the same(optimal) ratio.

Another important factor is the expectedextension in lifetime.
Figure 9 plots the relationshipbetweenthe ratio �

���
�

�
� and the
expectedlifetime extensionof the sensornetwork in multiplesof its
original lifetime (the onewhenall primary nodesarealwayson).

Combining Figure 9 with Figure 7, we quantify the trade-off
relationshipbetweenthe expectedlifetime extensionand the corre-
spondingincreasein theaveragedetectiondelayachievedby different
sleepschedulingalgorithms.This trade-off is expressedin Figure10.
As observed, our optimization algorithm clearly outperformsboth
synchronizedand random schedulingin the senseof achieving a
longer lifetime for the sameaveragedetectiondelay, or achieving
a lower averagedetectiondelay for the samelifetime. This �gure
clearlydemonstratesthe advantageof our approachfrom an applica-
tion's perspective.

At last, we presentthe performanceof different sleepscheduling
policies in detectingtemporaryevents. If events persistfor a short
time duration, sleep schedulinghas a profound impact on their
probability of detection.Figure 11 plots the relationshipbetween
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detectionprobability and event lifetime. The horizontal axis plots
the event durationnormalizedto ���
� , where ���
� is assumedto be

8 time unit. In this experiment, �±°7�
V

�1�
�
� . It is shown that our

optimized sleepschedulingalgorithm performsconsiderablybetter
thanbothsynchronizedandrandomschedulingin termsof improving
theprobabilityof shorteventdetection.This resultis dueto themore
even spreadof wakeup timesunderour approach.

C. End-to-endSurveillanceDelivery Latency

Figure 12 characterizesthe impact of optimizing packet delivery
latency on averagedetectiondelay. Themainfactorthatcharacterizes
that impact is the ratio betweenthe communicationand sensing
radius.Sincenodeson eachpathto thebase-stationmustbesynchro-
nized, their synchronizationincreasesthe averagedetectiondelay.
However, as the ratio betweencommunicationrange and sensing
rangesincreases,the numberof primary nodeswithin one's com-
municationrangeincreases,which makesit easierto �nd a neighbor
to synchronizewith. The negative effect of suchsynchronizationon
averagedetectiondelay is thus reduced.

At last, we want to emphasizethat while our algorithm is locally
optimal, it has left a gap betweenitself and the theoreticalglobal
optimal. More global coordinationof sleepschedulesmay improve
performancefurther. We believe, however, that it would be dif�cult
to beatthis performancewith other localizedalgorithms.

V. RELATED WORK

Minimizing energy consumptionhasbeena centraltopic in many
papersin recentyears.Effective techniqueshave beenproposedto put
nodesto sleepwhile maintainingfull coverageat a speci�ed degree
of redundancy [5], [6], [7], [8]. Thesesolutionscanbe conveniently
integratedas �rst level schedulingalgorithmsin our framework.

Researchon partial coveragebasedprotocols has received less
attention.Among the �rst publicationsare [2] and [1], which study
the problemof trackingmoving targets.Our work differs in that (i)
we focus on stationaryevent detection,and (ii) we aim at �nding
a localized algorithm that approachesthe minimum averagedelay
bound.

In studyingthe impact of partial sensingcoverage,we inevitably
facethe problemof connectivity. The work of [9] proposesremote
radio triggeredhardware,which extractsenergy from speci�c radio
signalswithout using an internal energy source,to provide wakeup
signals. This service can be used in our framework to forcefully
wake up additional nodesto form a connectednetwork when an

event of interestis detected.Sincewe focuson rare (but important)
events,wastingenergy whenaneventoccursis permissible.A similar
hardware is reported in [10], where a low-power VLSI wake-up
detectoris designedin an acousticsurveillancesensornetwork.

Also relevant to our analysisfor delivery latency is [11], which
addressesthis issuethrough an extensionof �rst passagepercola-
tion theoryfor completelyuncoordinatedscheduling.Similarly, [12]
addressesthis issuethrougha Markov modelbasedapproach,where
distribution of thedatadelivery delayis analyticallydetermined.[13]
usesa slottedapproachfor communicationscheduling,wherenodes
determinetheir wakeuptimesbasedon their relative positionsin the
aggregation tree.Our work is different from theseefforts primarily
in our streamlinedwakeupscheduling,asdiscussedin SectionIII-B,
wherethe delivery latency is considerablylower.

VI . CONCLUSION AND FUTURE WORK

In this paper, we have outlined,studiedandevaluatedtheproblem
of minimizing surveillance delay subjectto energy constraints.We
considerthis delay to be composedof detectiondelay and delivery
delay, and proposeoptimizations for both. The �nal outcome is
a �e xible framework in which application designerscan trade-off
energy versus latency of event detection.We focus on detection
of rare events, where the network is normally silent, except when
events occur. This is in contrast to data collection networks that
continuouslystreamperiodic data to a collection center. The study
reportedin this paper is a �rst step towards more generalmodels
thatoptimizeperformancein thepresenceof communicationaswell.
A generalstudyof optimizing detectiondelay for moving targetsis
anotherworthy extension.We expectto addresstheseissuesin future
publications.
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