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Abstract—In wir eless ad hoc and sensor networks,
each node is capable of functioning using only its local
information about the envir onment. However, such a node
can reachonly locally optimal decisionsthat may prevent
the network fr om ever reaching the global optimum
performance for the given application. To avoid this
problem, eachnodeneedsto cooperatewith others to gain
knowledge about the overall network and envir onment
properties so that its decisioncontributes to the network' s
global objectives.

This paper models the cooperation between nodes by
measuring the level of information sharing between the
neighbors.If h-cooperationis applied, eachnodesharesits
information with all nodeswhich are at most h hop away
fr om it. As the cooperation level raises,knowledgeof each
individual node about its envir onment increases,thus, it
can make better decisionsin meeting the main objective
of the network application. On the other hand, it also
brings extra communicationcostand increasesthe network
operation complexity. Therefore, these two contradicting
aspectsof cooperation causea cost-quality tradeoff.

In this paper, we investigatethe effects of this tradeoff
and its possible solution in the context of thr ee differ ent
types of ad hoc and sensornetwork applications:(i)�nding
an ef�cient sleep schedule based on sensing coverage
redundancy (ii) routing in a network with failur e-prone
nodes(iii) routing in a network with a mobile sink node.
In all of these applications, we simulated differ ent levels
of cooperation and showed signi�cant impr ovements in
the overall system quality when the optimal level of
cooperation betweenthe network' s nodesis chosen.

I . INTRODUCTION

Recentadvancesin wirelesscommunicationsandelec-
tronicshave enabledthe developmentof low-power and
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small size sensor devices. Wireless sensor networks
(WSN) consistof a large numberof such tiny devices
capableof sensing in multiple modes. An emerging
trend in wirelesssensornetworks is to usecooperative
communicationandnetworking to achieve higherquality
of service.A sensornetwork employing suchcooperation
has many advantagesover conventional networks with
eithertotally localor fully centralizedmodeof operation.
Some of those advantagesinclude: (i) better decision
making thanksto sharingresourcesand informationvia
distributed transmissionand processing,(ii) increased
reliability of senseddata resulting from coordinated
sensing,and(iii) improvedef�ciency of operationthat is
achieved via carefulcoordinationof activities. However,
such cooperationcreatesa complex network structure
with increasedenergy cost and messagingoverhead.
Consequently, a cost-quality tradeoff arisesduring the
design of a sensornetwork and its applicationswhen
decidingthe level of cooperative networking.

In this paper, we study cooperationof sensornodes
in three different sensornetwork applications:(1) the
sleepschedulingbasedon nodes'coverageredundancy,
(2) routing in a network with failure-pronenodes,and
(3) routing in a network with a mobile sink node.

In the �rst application,the goal is to �nd the set of
sensorsnecessaryto cover themonitoreddomainandput
the other nodesinto sleepmode. A popular approach
to decide which nodes should be active is to check
whethereachnode's sensingarea is covered by other
nodesor not. If eachnode in the network knows the
globalnetwork topologywith thestatusof all nodes,then
the problem is easyand the only remainingchallenge
is to prevent messagecollisionswhile eachnodeis per-
forming thetest.However, in sensornetworks,thenodes
know directly only thestatusof their one-hopneighbors.
Hence,to minimize the numberof active nodes,each
node needs to collaborate with others to assessthe
currentcoverageof its sensingregion. In this paper, we
focuson this aspectof the sleepschedulealgorithmand
measurehow the quality of sleepingdecisionsimproves
with the level of collaborationinvoked.



In the secondapplication, we study the routing of
packets in a network with failure-pronenodes.More
precisely, when a time interval � t tends to zero, the
probability of a nodefailing in suchtime interval tends
to a failure rate that is characteristicparameterof the
network. We assumethat eachnode knows the whole
topology at the beginning. When a nodeneedsto send
data, it calculatesthe shortestroute to the sink using
its currentknowledgeof other nodesstatuses.Then, it
forwardsthe datato next hop on this path.However, if
any nodeon thepathto sink fails, thepacket is dropped.
For a node to keep the status of other nodes in its
local dataupdated,it needsto collaboratewith others.
Furthermore,whenthe cooperationlevel increases,each
node learns the statusof more nodes in the network
so that the shortestpath to the sink node is calculated
moreaccurately. In this paper, we studyhow the routing
performancein sucha network is affectedby different
cooperationlevels.

In the lastapplication,we again studyroutingbut this
time we assumethat nodesare stable but the sink is
mobile. We assumethat eachnodeknows the next hop
towardswhich it will forward the packets on their way
to the destination.However, in a network with a mobile
sink node,this informationneedsto be kept updated,so
that packets are forwardedquickly towards the current
position of the mobile sink node.To know the current
locationof sink node,thenodeneedsto collaboratewith
othernodesthatmight have theupdatedlocationof sink
node. When the cooperationlevel increases,the node
can learn the updatedknowledge of sink node more
quickly. But as in other applications,increasedlevel of
communicationbringsextra communicationcostwith it.
In this paper, we study the performanceof routing in
sucha network with different levels of cooperation.

The restof the paperis organizedas follows. In sec-
tion II we presentsomeof the relatedwork aboutcoop-
erative sensornetwork applications.Thenin SectionIII,
we elaborateon thethreeexampleapplicationsdiscussed
above. This sectionalso includesthe simulationresults
for all applications.Finally, we close the paper with
conclusionsanddiscussionsgiven in SectionIV.

I I . RELATED WORK

Therearemany applicationswheresensorscooperate
with each other to increasethe network functionality.
Yet, only a few papersdiscussthe bene�ts of coop-
eration for sensornetwork applicationsor analyzethe
advantagesanddisadvantagesof cooperation.

A certain level of cooperationis commonly usedin
target trackingapplications.Theobjective is to track the
location of an object within the rangeof somesensors.
Sensorsneedto cooperateto detect the object and its
movementsproperly and, more importantly, to ensure
continuoustracking.Nodescurrentlytrackingthe object
need also to alert others, especially those into range
of which the object is moving. The numberof sensors
trackingan objectaffects the trackingerrors.In [1], the
authorsstudy the sleepingschedulein a target tracking
applicationanddiscussthe tradeoff betweenthe energy
savings and the trackingerrorsthat result from keeping
asleepsomeof the sensorsin whosesensingrangethe
objectis present.They proposeef�cient sleepingpolicies
that optimize this tradeoff. [2] is anotherpaperwhere
energy-quality tradeoff for target tracking in wireless
sensornetworks is discussed.

Cooperationof nodesis also importantfor routing in
delaytolerantnetworkswheremostof thetime a speci�c
source-to-destinationpathdoesnot exist. In [3], authors
explore the effects of nodecooperationfor threewell-
known routing algorithms proposedfor delay tolerant
networkswith respectto themessagedelivery delayand
the transmissionoverhead.They refer to thecooperation
as a node's willingness in receiving or forwarding a
message.

To the best of our knowledge, there are no papers
discussingthebene�tsof cooperationfor theapplications
presentedin this paper. Somepapersimply thatintroduc-
ing cooperationbetweennodeschangestheperformance
of a network. Yet, they do not comparethe network
performancewith and without cooperation.The cost-
quality tradeoff in suchapplicationsseemsalsonot have
beenanalyzedin any previous work.

I I I . COOPERATIVE SENSOR NETWORKING

In this section,we �rst presentour cooperationmodel
then we discussthreedifferent cooperative applications
in detail. For each application, we also provide the
simulation resultsthat show the effects of cooperation
on the performanceof the application.

A. TheCooperation Model

Many ad hoc de�nitions of cooperationamongnet-
work nodeshave beencreated.Yet, all of them share
the common underlying idea of a help that a node
receivesfrom othernodes.This helpsometimesamounts
to information sharing,sometimesmeansa supportfor
another node's activity and sometimesresults in not
preventing other nodesfrom doing their duties. In this



paper, we model the cooperationas a function of the
rangeof a node's information sharing.In other words,
if h-cooperationis applied, each node broadcastsits
information to all other nodesthat are at most h hops
away. In this de�nition the information sharedbetween
nodesis applicationspeci�c and can contain locations
of nodes,their currentstatusor their knowledgeabout
the positionof othernodes(e.g.,sink).

In an ad hoc sensornetwork, cooperationbetween
nodescanimprove thenetwork's functionality, but it also
requiresextra communicationthat imposesan energy
cost on the network. Thereforea careful designof the
cooperationis neededto obtain overall optimal perfor-
manceof thenetwork. In ourcooperationmodel,thecost
of h-cooperationto a single nodecan be approximated
as follows:
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where N denotesthe total number of nodes in the
network, Si (m) standsfor the setof neighborsof node
m that is i -hopsaway, n(j ) denotesthe numberof one-
hop neighborsof the nodej , and j:::j returnscardinality
of its setargument.Finally, E r andE t denotethepower
neededto receive or transmitonemessage,respectively.
In the formula, the �rst term countsthe averagenumber
of recipientsof a node's broadcastsandthe secondterm
countstheaveragenumberof sendersof thosebroadcasts
for the neighborsat mosth hopsaway. Note that, if the
density of the network is known in advance,average
numberof neighborsof a nodecan be easily estimated
sothat� (h) canbecomputedoncefor theentirenetwork.
Then, this cost result can be usedlater throughoutthe
lifetime of the network to decidethe propercooperation
level that maximizesthe bene�t.

The improvementthat cooperationbrings to the net-
work's performanceis application speci�c. Therefore,
it is not possibleto �nd a generalformula that shows
the bene�t of cooperation.Moreover, it doesnot depend
only on the cooperationlevel but also on someother
parameters.For instancein �rst, secondandthird appli-
cation, theseparametersare coveragerangeof sensors,
percentageof failure-pronenodesand the speedrange
of the sink node,respectively.

B. Coverage RedundancyBasedSleepScheduling

Sensornetworksareusuallydeployedwith high densi-
ties(up to 20 nodes/m3 [4]) to extendnetwork reliability
andlifetime. However, simultaneousrunningof all nodes

can causeexcessive energy consumptionand more fre-
quentpacket collisions. In a densedeployment,sensing
areasof the sensornodesmay overlap and the same
datamaybesentto sink from differentsensornodes.To
avoid this redundancy, sleepschedulingalgorithmsare
commonlyappliedin sensornetworks.As a result,only
a necessarysetof sensorsstaysactive andtheremaining
sensorsareput into sleepmodeto conserveenergy. Some
examplesof sleepschedulingalgorithmsare presented
in [5], [6], [7].

In coverage redundancy basedsleep scheduling,a
nodeis put into sleepmodeif it is redundantin terms
of its sensingcoverage.In other words, if the sensing
areaof the node is also sensedby other nodesin the
network, thenode's sensinginput is not necessaryfor the
monitoreddomaincoverageandthisnodecango to sleep
mode to conserve its energy. There are two important
pointshere.The�rst oneis theorderin which thenodes
performthe coveragetestandthe secondoneis the hop
distanceat which a node is considereda neighborfor
the purposeof this test.The �rst issueis usuallysolved
by use of back-off delay to imposea unique order of
testing.The secondissuecreatesa cost-qualitytradeoff
for the test.In this paper, we focuson this secondissue
but interestedreadercanlook into our previouswork [9]
for more informationaboutback-off delaysolutionand
how it works.

Neighborhoodinformationusedin the testdependsof
courseon the neighbor's de�nition. In sensornetwork
algorithms,a neighboris de�ned most often as a node
that is just one hop away from the given node. Also
in the coveragetest, the sensingrangesof only one-
hop neighborsare typically considered.However, some
nodeswhosesensingareasoverlap the sensingareaof
the node in questionsmay require more than one-hop
to be reachedfrom that node. Excluding such nodes
from considerationin the coveragetest may changeits
outcome.Hence,it may be bene�cial to generalizethe
neighborde�nition to includeh-hop neighbors.

Consider the example illustrated in Figure 1. The
active nodesB ; C; andD areone-hopneighborsof the
nodeA, and the active nodesE; F; G; H are 2, 3, 4
and5 hop neighborsof nodeA, yet they have common
sensingareaswith it. If nodeA only considersits one-
hopactiveneighborswhile decidingwhetherit is eligible
for sleepor not, it mustdecideto be non-eligible,since
the sensingareaof nodeA is not totally coveredby its
active one-hopneighbors.However, if othernodesclose
to A are also considered,the sensingareaof node A
is totally coveredby active nodes.Hence,the coverage
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Fig. 1. NodeA's sensingareais totally coveredby neighborsonly
if nodeH is consideredin addition to the one-hopneighborsof A.

testwill bene�t from consideringall thenodeswhich are
closerto the sensornodethanits sensingareadiameter,
regardlessof their hop distanceto that node.

We have simulatedsucha sleepschedulingalgorithm
in the following con�guration. We deployed identical
sensornodeswith 100m sensingrange into a square
region of the size 500m by 500m. We assigneda
small node transmissionrange(30m) to emphasizethe
cooperationeffect. Such simulation setting is justi�ed
for two reasons.First, communicationrequires a lot
of power and createsinterferencein denselydeployed
sensornetworks.Second,passive sensingdoesnot cause
interference,so passive sensingmodesoften have large
sensingranges.Then,for differentnumbersof randomly
placednodes,we �nd a setof active nodesnecessaryto
sensethewholeregion by applyingcoveragetestto each
nodein a randomorderdictatedby the back-off delays.
To simplify the analysisof the results,we only run the
algorithmat the beginning of the network lifetime when
every nodehasthe sameenergy.

Let uh;s denotethe averagepercentageof the nodes
sleepingunder the sleepschedulewith h-hop neighbor
de�nition. By de�nition, it is a non-decreasingfunction
of h. UsingEq. 1, � (h)uh;s is easyto computeandgives
a pretty realistic approximationof the energy cost per
nodeof using the different numbersof hops,h, in the
neighborde�nitions. In the simulations,we useh as a
parameterde�ning the level of cooperation,varying it
from 1 to 3. For instance,if h = 2, then the nodesthat
are reachablein one or two hops from the given node
areconsideredin its coveragetest.

We ran each simulation scenario10 different times
with differentrandomnodedeploymentsover thesquare
region and took the average of the results. Figure 2
shows the averagenumberof nodesthat stay active for
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Fig. 2. The numbersof active nodes after running the sleep
schedulingalgorithm for the different neighborhop countsand the
differentnumbersof nodesdeployed in the region.
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Fig. 3. The averageenergy costsof running the sleepscheduling
algorithm with different neighborhop countsand different number
of nodesdeployed.

differentnodecountsdeployedin theregionanddifferent
neighborhopcounts.In eachcase,this numberdecreases
whenthe neighborhop count increases.Sinceincluding
the neighborsbeyond one-hopin the test requiresco-
operationwith other nodes,this indicatesthe bene�t of
cooperationin this application.However, as it is shown
in Figure3, theaveragecostof runningthecoveragetest
increaseswith the level of cooperation.Hence,thereis
a tradeoff betweenthe cost of the cooperationand the
cost of making suboptimalsleepschedulingselections.
With theproperlevel of cooperationmoreenergy canbe
saved than lost by it.

Let tduty be the interval betweentwo subsequentexe-
cutionsof coverageredundancy algorithm in a network
and Eactiv e be the energy cost of sensingper nodeper
time unit. Note that, � (h), the energy cost when h-
coordinationis applied,is equalto Eh;test which is the
energy cost of selectingnew duties(sleepor active) of
nodesin this speci�c application.Furthermore,as it is
indicatedabove uh;s denotesthe averagepercentageof
the nodessleepingunderthe sleepschedulewith h-hop
neighborde�nition. Then,thetotal energy usedpernode



per time unit, Eh;total , canbe computedas:

Eh;total = (1 � uh;s)Eactiv e + uh;s
Eh;test

tduty

It is clear that if tduty grows to in�nity , thenEh;total =
(1 � uh;s)Eactiv e. Therefore,the performancefor very
large tduty is a non-decreasingfunctionof h. If uh+1 ;s >
uh;s , in other words, if increasingthe hop distanceof
neighborsincreasesthe numberof sleepingnodes,then
we can computehow large tduty should be for h + 1
solution to be more ef�cient than h solution from the
inequality:

tduty >
Eh+1 ;test

Eactiv e
+

uh;s(Eh+1 ;test � Eh;test )
Eactiv e(uh+1 ;s � uh;s)

>
Eh+1 ;test

Eactiv e

For any valuesof duty periodsatisfyingthis inequality,
the algorithm with (h+1)-hop neighborde�nition uses
less energy than the algorithm with h-hop neighbor
de�nition. Consequently, when sensing,communication
costsandduty periodsfor a network aregiven,Eh+1 ;test

exceeding tduty Eactiv e can easily be found and the
optimal valueof h canbe calculated.

C. Routingin a networkwith failure-pronenodes

In an ad hoc sensornetwork, one of the signi�cant
challengesis routing of packets. This topic has been
studieddeeplyand many routing algorithmshave been
proposed.In this part of the paper, we will focus on a
conventionalroutingalgorithmandshow how its perfor-
mancecanbe improved by network nodecooperation.

Assume that we have a sensornetwork in which
eachnodecan fail or go to sleepat any time instance
with a probability given by the constantfailure rate f .
That is, when the time interval � t tends to zero the
probability that any given node breaksin this interval
tendsto f . In a real life sensornetwork, such failures
are very common becausethere may be obstacleson
the pathbetweenadjacentnodesor somenodesmay be
permanentlyunreachable(which hasthe sameeffect as
a failednodefor therestof thenetwork) for exampleby
periodically going to sleep.We assumethat eachnode
is given the whole network topology in the network set
up phaseandit usesthis informationfor routingpackets
via the shortestpath to the destination.All packetssent
by a nodeareassumedto follow the sameshortestpath
to thedestination.Sincenodesarefailure-prone,to route
correctly, the nodeneedsto know the currentstatusof
other nodesin the network. If any node on the path
to destinationnodeis not active, the packet is dropped.
Therefore,asa nodeincreasesthenumberof othernodes

of which it can keep the updatedstatus,the paths it
choosesfor routingbecomesmorereliable,sothathigher
delivery rate is achieved.

By h-cooperation,eachnodecanlearnthestatusof all
nodesthat are h hopsaway with extra communication
costde�ned by � (h). This introducesa tradeoff between
the delivery rate dependingon the reliability of path to
destinationnodeandtheenergy costof cooperation.Us-
ing the sameideapresentedin the previous application,
the proper level of cooperationcan be found, so that
maximumbene�t from the network canbe obtained.

To simulatesuch a network, we randomly and uni-
formly deployed60 identicalnodeswith communication
range100min a 500mby 500marea.In eachsimulation
round,eachnodecreatesa packet to a randomdestina-
tion and sendsit over the calculatedshortestpath. To
be able to �nd the shortestpath, each node assumes
by default that all other nodesare active. Depending
on the cooperationlevel, the nodeupdatestheir current
status.Let F denotea setwhich containsthe nodesthat
decidetheir statusat the beginning of eachsimulation
round and select to be either active or not, randomly,
as a result of failure or going to sleep. We set the
failure rate It is obvious that when the size of this set
increases,the network changesstatusof the nodesmore
frequently. We simulateddifferent sizes of set F and
different cooperationlevels. Furthermore,for eachpair
of theseparameters,we ran 10 differentsimulationsand
took the averageof results.Figure4 shows the average
delivery ratio obtainedin sucha network environment.
As it is seenclearly from the graph,whensizeof setF
increases,delivery ratio decreasesandwhencooperation
level increases,delivery ratio increases.This indicates
the bene�t of cooperationin this application.

Otherthansimulations,we have also�nd theexpected
delivery rate,D r , of thenetwork analytically. Let N l de-
notethenumberof all pathswith lengthl in thenetwork.
Sinceeachnodeselectsa randomdestinationandsends
a packet over the shortestpath to that destination,the
expecteddelivery ratecanbe formulatedby �nding the
expectedpath length and the probability that all nodes
on this path are active. Given the numberof nodesin
the network (N ), the size of set F and the cooperation
level (h), the expecteddelivery ratewhenh-cooperation
is in usecanbe denotedas:

E[D r ] =

0
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Here, Pa is the probability that a node is active and
lmax is the longestshortestpathbetweenany two differ-
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Fig. 4. The averagedelivery ratio obtainedwith different number
of failure-pronenodesin different levels of cooperation.

ent nodesin the network (measuredin inter-nodehops).
SincethesetF is selectedrandomlyamongall nodesin
thenetwork andfor thenodesin setF , it is possibleto be
active or sleepingwith sameprobability, expectedvalue
of Pa is calculatedas E[Pa]=( 1� F=2N ). To calculate
the value of E[D r ], we only needto �nd the valuesof
N l for all possiblel values in the network. It is easy
to �nd the expectedvalue of N1 with the parameters
given. However when h� 2, it is a dif�cult problem.
In somestudies,this problem has beenanalyzedfrom
differentperspectivesandattemptsto solve it werebased
on various ideas. For instance,in [11], authors uses
Effective Radius(ER) ideaandgive a generalformulato
�nd anapproximationof N l . Usingthat formula,we can
obtain the valuesof N l for all possiblevaluesof L and
calculateE[D r ]. For aneasyvalidationof thecorrectness
of this analysis,we obtainedinsteadthe valuesof N l

from thesimulationandusedit in our formulafor E[D r ]
calculation.We have observed that the resultsare very
closeto thoseobtainedfrom the presentedsimulations.

D. Routingin a networkwith mobilesink node

In this part, we again study a routing algorithm
and effects of cooperationon its performancemetrics.
However, in this casewe de�ne the network consisting
of stablenodesanda mobile sink node.Therearemany
examplesof such network environmentsfrom real life
in which a robot, a tank or an unmannedaerial vehicle
(uav) is sucha mobile sink node.

We assumethat each node in the network knows
the next hop to forward a packet towards the sink
node. However, since the sink is mobile, its location
information in a node's recordmay not be updated,so
that packet might be forwardedto a wrong neighbor. To
know more current location of the sink node, a node
needto collaboratewith othernodesandasktheir latest
informationaboutthesink's location.Themorenodesit

asksfor this information,the moreupdatedthe location
of sink node becomesin its records.Accordingly, the
delivery rate of all packets can be increasedand the
averagedelay of successfullydelivered packets can be
reducedthanksto increasedcooperation.

Our cooperationmodel enableseach node to learn
the updatedinformationof sink nodefrom othernodes.
As the cooperationlevel increases,the nodeslearn the
updatedknowledgeof the sink nodemore quickly. But
this brings extra communicationcost to the network.
Therefore,as in the two previous applications,there
existsa tradeoff betweenthedelivery rateandtheenergy
consumptionof the network. Similarly, we again can
�nd out the properlevel of cooperationwhich provides
maximum bene�t using the idea presentedin the �rst
application.

To simulate this application,we randomly and uni-
formly deployed one mobile sink node and 70 stable
sensornodeswith 60m communicationrangeon a 500m
by 500m torus. The sink nodemoves accordingto the
randomdirectionmobility modelde�ned in [10]. We did
two differentsimulationswith differentspeedrangesof
sinknode([2-10]m/sand[10-30]m/s).In eachsimulation
unit, the sink moves to its new location and sendsa
messageto inform the nodeswithin its rangeabout its
existence.All nodeswhich register the sink within their
rangeupdatetheir knowledge.That is, they changenext
hop to sink , hop count to destinationto 1 and time of
discovery to thecurrenttime.Weassumethatall nodesin
thenetwork createpacketswith anaverageinter-creation
time.At thebeginningof thenetwork lifetime, eachnode
�nds out how many hopsaway they are from the sink
andthenext hop(neighbor)to reachthesink.Weassume
the shortestroute,so next hop is basicallya neighborof
the nodewhich is the next nodeon this shortestpathto
destination.Eachnodecanlearnthis easilyby �ooding.
During the simulation,when a nodereceives a packet,
it forwardsit to this next hop. However as it is seenin
Figure 5, if the next-hop is sink node,accordingto the
currentknowledge,but the sink is not there,the packet
is dropped.

In each simulation unit, if h-coordination is used,
eachnode sendsits information (known hop count to
the destinationand the time of discovery) to all other
nodeswhich are at most h hops away. When a node
receives such messagesfrom neighbors,it selectsthe
most updatedone and updatesits knowledgeaccording
to it. Hence,when cooperationlevel increases,nodes
learnthenew locationof thesink quickly androutemore
packet using the correctpath.
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Fig. 6. The averagedelivery delay obtainedwith different speed
rangesof the sink with the different levels of cooperation.

Figure 6 shows the average delay obtained in the
network with different cooperation levels and speed
rangesfor the mobile sink node. Note that only the
successfuldeliveries contribute to the delay. When the
cooperationlevel increases,theaveragedelaydecreases,
as expected.Moreover, as it is seenin Figure 7, when
the cooperationlevel increases,delivery rate increases.
Additionally, we observe that thespeedrangeof thesink
nodealsoeffectsboth the delivery rateand the average
delay. At �rst glance,it seemsthatwhenvelocity rangeis
high andif this enablesthesink nodeenterothernodes'
rangesbeforethe packet delivery time, othernodescan
learn the sink's location more quickly. Thus, average
delay decreasesand delivery rate increases.However,
as a future work, we will study this effect and also
the effects of other parameterson the performanceof
applicationsin detail.

IV. CONCLUSIONS

Cooperative networking is an important method for
increasingquality of servicein thesensornetwork appli-
cations.In this paper, we analyzedthreedifferentadhoc
andsensornetwork applications,eachof which includes
one signi�cant aspectof wireless communication(i.e.
coverage,failure, and mobile sink). We simulatedall
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Fig. 7. The averagedelivery rate obtainedwith different speed
rangesof the sink with the different levels of cooperation.

applicationswith different levels of cooperationandob-
servedthatselectingtheproperoneleadsto a signi�cant
increasein the application's performance.On the other
hand,we alsonoticedthat the costof network operation
increaseswith the increasein the level of cooperation.
Therefore, we conclude that the cooperationamong
sensornodesin a sensornetwork should be carefully
designedconsideringthe cost-qualitytradeoff.
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