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Abstract

Supportfor ef�cient multicastingin WLANscanenable
new servicessuch asstreamingTV channels,radio chan-
nels, and visitor's information. With increasingdeploy-
mentsof large-scaleWLANs,such servicescan havea
signi�cant impact. However, for a solutionto be viable,
themutlicastservicesmustminimally impacttheexisting
unicastserviceswhich are currently thecore servicesof-
fered by mostWLANs. This paper focuseson three ob-
jectivefunctionsmotivatedby different revenuefunctions
and networkscenarios:maximizingthe numberof users
(MNU), balancingthe load amongAPs(BLA), andmini-
mizingthe load of APs(MLA). We showthat theseprob-
lemsare NP-hard and presentcentralizedapproximation
algorithmsanddistributedapproachesto solvethem.Us-
ing simulationswe evaluatethe performanceof theseal-
gorithms. We observethat the numberof users can be
increasedby up to 36:9%, andthemaximumAP load and
thetotal load canbereducedby up to 52:9% and31:1%,
respectively.

1 Intr oduction
The goalof anytime-anywhereconnectivity is becom-

ing a reality with increasingdeployment of large scale
campus-wideandeven city-wide WirelessLANs. While
unicastservicesareessentialfor providing Internetaccess
to individual usersthrough WLANs, ef�cient multicast
supportfrom thenetwork canbeleveragedfor distribution
of storedor live multimediacontent,suchaslocal news,
visitor's information, and local TV channels. While in-
troducingmedia-richmulticaststreamingin WLANs, it
is critical to ensurethat themulticastservicesusethe re-
sourcesef�ciently andtheunicastservicesgetminimally
effected. However, the current IEEE 802.11 standard
can not ef�ciently maximize resourceusage,since un-
controlledassociationcausesmultipleaccesspoints(APs)
with overlappingregionsto redundantlytransmitthesame
multicastpackets, therebywastingresourcesfor unicast
services.In this paper, we studyhow to provide ef�cient
multimediamulticastserviceto users by controlling the
user-to-APassociationin WLANs.

Althoughassociationcontrolhasalreadybeenconsid-
eredby boththeresearchcommunityandtheindustry, pre-
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vious researchon associationcontrol in WLANs primar-
ily focusedon unicasttraf�c [1, 5, 11]. In [5, 11], new
metricsarestudiedto associatewith APs insteadof sig-
nal strengthfor only unicasttraf�c. Theseworks do not
considerload-balancingbetweenAPs. Recentwork [1]
hasexploredtheideaof associationcontrolto balancethe
network loadandprovide max-minfairnessamongusers.
However, their study is limited to unicasttraf�c. To the
bestof our knowledge, we are the �r st to studythe asso-
ciation control for enablingef�cient multicaststreaming
sevicesin WLANs.

Westudythreedifferentobjectives— Maximizing the
Number of Users(MNU), Balancing the Load among
APs (BLA) , and Minimizing the Load of APs (MLA)
— supportedby different revenuefunctionsthat can be
usedby theWLAN serviceproviderdependingon theex-
pectednetwork scenario. We make the following con-
tributions. First, we show the NP-hardnessof the three
problemseven if we restrict the problemso that multi-
cast/broadcastpackets are always transmittedat the ba-
sic rate. Second,we reducethe threeproblemsto other
known problemsand presentcentralizedapproximation
algorithms. For MNU, MLA and BLA, we presentap-
proximationalgorithmswith approximationfactorsof 8,
log8

7
(n) + 1 and ln(n) respectively. Third, we present

distributedapproachesto solve theproblems,althoughwe
believe that in smallerWLANs (of theorderof 100APs)
centralizedalgorithmsarestill feasibleto execute. Note
that distributedsolutionsarepreferredin large networks,
ascentralizedsolutionswill leadto morefrequentchanges
in associationscausingincreasedsignalingtraf�c over the
wirelesslinks. Fourth, throughsimulationswe studythe
performanceof the proposeddistributed and centralized
solutionsfor the threeobjectivesandcomparethemwith
theoptimumsolutions.

Related Work: In 802.11networks usernodesoften
usesignalstrengthasthe key metric in selectingthe AP.
In [5, 11], new metricswerestudiedto selectaunicastAP
insteadof signalstrength. Packet error rateandnumber
of userswereusedin [5]. Theauthorsshoweddeployabil-
ity androbustnessof their AP selectionarchitecture.As-
sociationtime, systemload,andsignal/noiseratio (SNR)
togetherwere usedto initiate handoff in [11]. The au-
thors arguedthat their approachcan provide Quality of
Service(QoS)guarantee.However, theseworks did not
considerload-balancingbetweenAPs. Recentwork [1]
hasexploredtheideaof associationcontrolto balancethe



network loadandprovidedmax-minfairnessamongusers.
Theauthorsin [1] provedthatbalancingthenetwork load
is equivalentto achieving the max-minfairness,andpre-
sentedalgorithmsthat achieve a constant-factorapproxi-
mation to max-min fair bandwidthallocation. However,
they primarily focusedon unicasttraf�c. For broadcast
servicein wirelessMesh networks, the optimal associa-
tion algorithm was studiedin [6], whereminimum cost
basedgreedyselectionof an AP candecreasethesizeof
the broadcasttree. The authorsproposedthe conceptof
multi-association,wheretheAP for unicasttraf�c andthe
AP for broadcasttraf�c areindependentlychosenby ex-
ploiting multiple coveragesthat are typical in meshnet-
works.

2 Preliminaries
2.1 Net work Mo del

WeconsideraWLAN with asetof usersU andasetof
accesspointsA. Themaximumpossibledatarateonalink
from anAP a to auseru is denotedby r a;u . If anAP mul-
ticastspacketsto theusersassociatedwith it, theAP uses
thelowestrateamongtheseusers'maximumpossibledata
rateson the links to this AP. We assumethat MAC layer
multicast/broadcastcansupportmulti-ratetransmission1.
However, if the basicdatarate is alwaysusedfor multi-
cast/broadcast,MNU, BLA andMLA problemsarestill
NP-hardbecauseour NP-hardnessproofsfor theseprob-
lemsdonot requiremulti-ratetransmission.

EachusernodeandeachAP hasa singleradio.Weas-
sumethat the radio channelsof the neighboringAPs are
con�gured suchthat they do not interfere,which is rea-
sonablesincethe newer IEEE 802.11astandardoperates
in the 5 GHz spectrumthat supports12 non-overlapping
channelsin US/Canada.The APs areconnectedusinga
wired LAN to oneor moregatewaysthatprovide connec-
tivity to theInternet.Eachusermayrequestonemulticast
streamfrom theWLAN. This is similar to ourTV services
whereausertypically watchesonly oneTV channelatany
time. A userrequestinga multicast(unicast)streamis re-
ferredto asa multicast(unicast)user. If a usercanonly
be a unicastuseror a multicastuser, we do not needto
do any othermodi�cation to the 802:11 standardexcept
for thattheassociationalgorithmof 802:11 is replacedby
ourassociationalgorithmfor multicastusers.If ausercan
bebotha unicastaswell asa multicastuser, thenetwork
framework discribedin [6] canbeapplied,wheretheAPs
aresynchronizedthrougha time-synchronizationprotocol
and eachuser independentlyselectsone AP for unicast
andanotheronefor multicastservices.

2.2 Ob jectiv e Functions
De�nition 1 Multicast Load: themulticastloadof anAP
is the fraction of time that the AP is busyin transmitting
multicast�ows; thetotal multicastloadof a networkis the
sumof all APs' multicastload in thenetwork.

Maximizing the Number of Users (MNU): When
thereis a heavy demandfor multicast�o ws, all theuser's
requestscannotbemet.For suchscenarios,wede�ne the

1Recent research [4] has implemented the multi-rate broad-
cast/multicast.

goal to be maximizationof the numberof usersthat get
multicastservicefrom thenetwork. Althoughthenetwork
revenuecan be a function of both unicastand multicast
�o ws, undertypical network revenuemodels,thenumber
of satis�eduserswill resultin higherrevenue.An example
revenuemodelis whentheunicastserviceshaveamonthly
charge,but themulticastservicesarechargedbasedonthe
time for whichmulticaststreamsareservedto users.This
is like thePay-per-view serviceofferedby mostcableand
satelliteTV servicestoday. Undersucha model,increas-
ing the numberof satis�ed multicastuserswill increase
thetotal revenuefor theserviceprovider.

Balancing the Load among APs (BLA) : In order to
reducetheimpactof multicastservicesonunicast�o ws,it
is critical to reducethesizeof themulticastperiod. This
can be achieved by balancingthe multicast load of the
APs.Moreprecisely, theobjectivehereis to minimizethe
maximummulticastloadamongall APs. Considera rev-
enuemodelwhereonemulticast�o w is includedin theba-
sicmonthlycharges.Assumethattherevenuefunctionfor
unicast�o ws is convex, i.e., marginally decreasingwith
increasingbandwidth.Convex revenuefunctionsarewell
known for achieving fairnessamong�o ws. Thenbalanc-
ing themulticastloadwill typically leadto fairnessamong
theunicast�o wsandahighertotal revenue,assuminguni-
form distributionof unicastusersacrosstheAPs.

Minimizing the Load of APs (MLA) : In orderto free
upthemaximumamountof total timefor unicastservices,
the total multicastloadneedsto beminimized. Although
this canleadto unevendistribution of multicastload, for
somerevenuemodelsthis may be of interest. Consider
a revenuemodelwhereonemulticast�o w is includedin
thebasicmonthlycharges.However, theunicastservices
arechargedper byte. In scenarioswherethereis a high
demandfor unicasttraf�c, maximizingthetotalamountof
unicasttraf�c will maximizetherevenuewhile satisfying
themulticastusers.

Note that solutionsto the BLA and MLA problems
will implicitly optimize maximuminterferencefrom an
AP andtotal interferencefrom all the APs, resultingdue
to multicasttransmissions.

An Example: We usethe examplescenarioshown in
Figure 1 to describethesethreeproblems. The WLAN
consistsof two APs,a1; a2, and,5 users,u1; u2; : : : ; u5.
Themulticastsessionsrequestedby eachuserandthedata
rates(in Mbps) betweenthe usersand the APs are indi-
catedin the�gure.

If themulticastdataratesof s1 ands2 areboth3 M bps,
this WLAN cannot supportall theusersfor multicastbe-
causeu1 andu2 canonlybeassociatedwith a1, anda1 can
notprovidemulticastserviceto u1 andu2 simultaneously.
If bothu1 andu2 aresupportedby a1 thenthe total load
ona1 will be 3

3 + 3
6 > 1, which is infeasible.In suchsce-

narios,the objective of maximizationof numberof users
(MNU) is relevant. Oneof the optimal solutionsis that
u2; u4; andu5 areassociatedwith a1 andu3 is associated
with a2. This resultsin a loadof 3

4 at AP a1 anda loadof
3
5 atAP a2.

Supposethe datarate of s1 and s2 are both 1 M bps
andthe objective is to balancethe multicastload among



APs (BLA ) by minimizing the maximummulticastload
amongtheAPs. In theoptimalsolutionu1; u2; andu3 are
associatedwith a1, andu4 andu5 areassociatedwith a2.
Theloadof a1 will thusbe 1

3 + 1
6 = 1

2 andtheloadof a2

will be 1
3 .

Supposethe datarateof s1 ands2 is 1 M bpsandthe
objective is to minimizethetotal loadof all APsfor mul-
ticast streams(MLA ). In the optimal solution all users
are associatedwith a1, which resultsin a total AP load
of 1

3 + 1
4 = 7

12 .

a1 a2

3 6 4 4 4

3
5

5
AP

User

u1 u2 u3 u4 u5 Users

s1 s2 s1 s2 s2 Multicast Session

Figure 1. An example network scenario

3 Maximizing the Number of Users(MNU)
We show thatMNU is anNP-hardproblem,by show-

ing a reductionfrom the SubsetSum problem,which is
describedin [3]. BecausetheSubsetSumproblemis NP-
hard,MNU problemis alsoNP-hard. Note that MNU is
trivially in P, if thereis only onemulticastsessionin a
WLAN. For a singlesession,all APscanchooseto trans-
mit at the lowestratethat doesnot violate the maximum
multicastperiod.

3.1 Cen tralized MNU
In orderto solve this problem,we presenta reduction

from the MNU problemto the Maximum Coveragewith
GroupBudgets(MCG)[2] problem.

De�nition 2 Maximum Coverage with Group Bud-
gets (MCG) - cost version: There are m subsets
S1; S2; : : : ; Sm of a ground set X . There are l sets
G1; G2; : : : ; Gl , each Gi beinga subsetof f S1; : : : ; Sm g.
Each Gi is a groupandthegroupsare disjoint fromeach
other2. A costc(Sj ) is associatedwith each setSj . Fur-
ther, each group Gi is given a budget B i and the over-
all budget is B . The objectiveis to �nd a subsetH of
f S1; : : : ; Sm g to maximizethesizeof theunionof setsin
H underthelimitation that thetotal costof thesetsin H
is at mostB , and for any group Gi , the total costof the
setsin H \ Gi is at mostB i .

Theorem1 MNU canbereducedto MCGproblem.
Proof: The set of all usersbecomesthe set X in the
instanceof MCG. Correspondingto eachAP, we create
m�j Sj subsetsof X in MCG, wherem is thenumberof
discretetransmissionratesthat the WLAN supportsand
S is thesetof multicastsessions.Thus,eachsubsetcorre-
spondsto anAP, asingletransmissionrate,andamulticast
session.Thecostof asubsetis theratioof thecorrespond-
ing multicastsession'sdatarateandthetransmissionrate.
All suchsubsetsthatarerelatedto AP ai form thegroup
Gi . ThebudgetB i for thegroupGi is thefractionof the

2If they arenot disjoint from eachother, we canmake themdisjoint
by makingcopiesof setsin S1 ; : : : ; Sm .

time AP ai spendson multicast transmissions.For our
problem,thereisnooverallbudgetlimitation for thewhole
network, i.e., B = 1 , aswe assumethat thecapacityof
thewirednetwork is not thebottleneck. 2

Example – MNU: If the data rate of s1 and s2 is
3 M bpsin theWLAN shown in Figure1, we canreduce
the MNU problemfor the WLAN to the MCG problem
shown in Figure2. Oneof the optimal solutionsfor this
MCG problemis H = f S4; S5g.

X = f u 1 ; u 2 ; u 3 ; u 4 ; u 5 g
S1 = f u 3 g c(S1 ) = 3=4
S2 = f u 1 ; u 3 g c(S2 ) = 3=3 = 1
S3 = f u 2 g c(S3 ) = 3=6 = 1=2
S4 = f u 2 ; u 4 ; u 5 g c(S4 ) = 3=4
G1= f S1 ; S2 ; S3 ; S4 g B 1 = 1
S5 = f u 3 g c(S5 ) = 3=5
S6 = f u 4 g c(S6 ) = 3=5
S7 = f u 4 ; u 5 g c(S7 ) = 3=3 = 1
G2= f S5 ; S6 ; S7 g B 2 = 1

S1 S2 S3 S4 S5 S6 S7

G2
Budget = 1

G1
Budget = 1

4
3

3
3

6
3

4
3

5
3

5
3

3
3

Sets

Set in optimal solution

Set

u1 u2 u3 u4 u5 Elements

Figure 2. The reduction from MNU problem
for the WLAN in Figure 1 to MCG problem

We usetheabove reductionto reduceany arbitraryin-
stanceof MNU to aninstanceof theMCG problem.In [2],
theauthorspresenteda greedyalgorithmfor MCG asit is
an NP-hardproblem. Becausethereis no overall budget
limitation for our problem,we adaptthealgorithmin [2]
andpresentthemodi�ed algorithmbelow.

Algorithm Centralized MNU

1. H  �; X 0  X :
2. repeat
3. f lag  0
4. for i = 1; 2; : : : ; n do
5. if c(H \ G i ) < B i then

6. k  ar gmax j
j S j \ X 0j

c( S j ) (Sj 2 G i )
7. A i  Sk
8. f lag  1
9. elseA i  �
10. endfor
11. if f lag = 0 then Break

12. r  ar gmax i
j A i \ X 0j

c( A i )
13. H  H [ A r ; X 0  X 0 � A r
14. if X 0 = � thenbreak
15.endrepeat
16.output H

Figure 3. Centraliz ed solution for MNU

Thealgorithmgreedilypicksupsubsetswith minimum
costfor every additionalelementuntil eitherall elements
have beencoveredor until eachgroup's budgethasbeen
violatedby the last selectedsubsetfor the group. In the
pseudo-codepresentedin Figure3, H representsthesetof
selectedsubsetsat any step. The setX 0 denotesthe ele-
mentsof X which have not yet beencover by thesubsets



in H . Thestatementsfrom line 3 to line 14arerepeatedly
executeduntil all thegroupbudgetsareexceededor all el-
ementsof X getcovered.Thevariable�a g is usedfor this
purposein line 11. In thefor loop,CentralizedMNU �nds
a setSj in everygroupGi whosebudgethasnot beenex-
ceeded,andSj is thesetwhich is themostcost-effective

set in the group Gi , i.e., jSj \ X 0j
c(Sj ) = maxD 2 G i

jD \ X 0j
c(D ) .

Then in line 12, Centralized MNU �nds the most cost-
effective set in the setsselectedin the for loop. This set
is addedinto H and the elementsin this set is removed
from X 0 in line 13. Eventually, we gettheoutputH .

Obviously, H doesnot obey thegroupbudgetrequire-
ments. We assumethe cost of any single set Sj in any
groupGi is not morethanthebudgetof Gi . We partition
H into two subsetsH1 andH2. H2 containsthosesets
Sj which when addedto H causedthe budgetof some
groupGi to be violated. H1 = H � H2. Observe that
H1 andH2 by themselvesdo not violate thebudgetcon-
straintsandoneof thesetwo setsmustbecoveringat least
1=2 thenumberof elementscoveredby H . Outof H 1 and
H2, we selectthe onewhich coversthe mostnumberof
elements.The�nal solutiondirectly mapsto thesolution
to theMNU problem.

Theorem2 The algorithm Centralized MNU is an 8-
approximationalgorithmfor MNU problemwith no total
budget limitation.

Proof: De�ne X (H ) asthenumberof theelementscov-
eredby the subsetsof X in H . Let OPT be some�x ed
optimal solutionto the given probleminstance.In [2], it
wasprovedthatX (H ) � 1

4 X (OPT). As eitherH1 or H2
mustcontainat leasthalf theelementscoveredby H , Cen-
tralizedMNU is an 8-approximationalgorithmfor MNU
problem. 2

Example – Centralized MNU: We run Centralized
MNU algorithmon theMCG problemshown in Figure2.
S4 is selectedin the �rst roundbecauseit hasthe maxi-
mumvalueof jS4 \ X 0j

c(S4 ) = 3
3=4 = 4 amongall Si (1 � i �

7). After that,H = f S4g, X 0 = f u1; u3g. In thesecond
round,S2 is selectedbecauseit hasthemaximumvalueof
jS2 \ X 0j

c(S2 ) = 2
1 = 2 andc(H \ G1) = c(S4) = 3=4 < B1 =

1. After that,we getoutputH = f S2; S4g becauseX 0 =
� . Now, c(H \ G1) = c(S2) + c(S� 4) = 7=4 > B1 = 1.
We divide H into H1 = f S4g andH2 = f S2g. Eventu-
ally, we get outputH 1 becauseH1 cover moreelements
thanH2. Therefore,u2; u4; u5 areassociatedwith a1 and
3 usersget multicaststreams.If we usestrongestsignal
basedapproach,u1; u2; u5 canonly beassociatedwith a1
andu3; u4 canonly be associatedwith a2. If u1; u3 are
associatedwith APs�rst, u2; u4; u5 cannot beassociated
with APsbecauseof the load limitation of APs. So,only
2 usersgetmulticastservice.

3.2 Distributed MNU
Weprovideasimpledistributedalgorithmto maximize

thenumberof users.Intuitively, becausethetotal resource
of the network (APs) for multicast is �x ed, every user
shouldincreasethetotalloadminimally in ordertoattempt
increasingthetotalnumberof users.Dueto lackof global

view, thedistributedapproachhasto take decisionsbased
only on local informationobtainedfrom theAPs.

A userperiodicallysendsa querymessageto eachof
its neighboringAPs.Then,eachAP respondswith ames-
sagecontaininginformation about the currentmulticast
sessionsbeingtransmittedandthedatarateof suchtrans-
missions.Theuseralsoknows themaximumdataratefor
thelink betweenitself andits neighboringAPs.If auseris
currentlyassociatedwith someAP a, this useralsoneeds
to know the loadof a if it leavesAP a. Accordingto the
informationfrom theneighboringAPs,theusercalculates
thetotalloadof its neighboringAPsif it canassociatewith
it without violating the maximummulticastload for that
AP. Theuserthenassociateswith theneighboringAP that
resultsin minimumincreasein total load. If therearesev-
eralAPsthatresultin thesameminimumincreasein total
load,theusercanassociatewith theonewith thestrongest
signal.

Example – Distrib uted MNU: Considerthat thedata
rate of s1 and s2 is 3 M bps in the WLAN in Figure
1, and usersuse the distributed algorithm in the order
u1; u2; u3; u4; u5. First u1 associateswith a1. Then,u2
cannot associatewith a1 becauseof the load limitation
of a1. After that,u3 associateswith a1, which resultsin
theminimumtotal load1 of u3 's neighboringAPsa1; a2.
Similarly, u4; u5 areassociatedwith a2. Eventually, 4 out
of the5 usersreceive theirmulticastservice.
Lemma 1 The algorithm Distributed MNU converges
whenthe networkbecomesstatic if the users in an AP's
transmissionrangemake their local decisionsonebyone.

Proof: Becausethe usersin an AP's transmissionrange
make decisiononeby one,eachuseralwaysoperateson
the mostup-to-dateinformationaboutthe multicastses-
sions. First, we considerthescenariowherethereareno
new usersjoining the network. If a userhasbeenasso-
ciatedwith an AP andwantsto changeits association,it
shouldreducethetotal loadof all of its neighboringAPs,
whichalsomeansthetotal loadof thewholenetwork will
bereduced.As thenumberof discretelevelsof datarates,
numberof APs,andnumberof usersarelimited, thetotal
load of the whole network shouldbe eventuallyreduced
to a �nal value in �nite steps. If a new user joins the
network, the total load of the whole network alsoshould
reacha �nal valuein limited steps.Thenetwork is static,
and the total numberof usersis �nite. The numberof
new usersjoining thenetwork is also�nite. Therefore,the
distributedalgorithmconvergesfor a staticnetwork if the
usersmake decisiononeby one. 2

However, if the usersin an AP's transmissionrange
make their local decisionssimultaneously, the algorithm
Distributed MNU may not converge. The examplesce-
nariois shown in [3].

4 Balancing the Load amongAPs (BLA)
We presenta reduction from Minimum Makespan

Schedulingproblem[10] to the BLA problem,which is
describedin [3], to prove theNP-hardnessof BLA. Based
on the reduction,BLA is NP-hardbecausethe minimum
makespanschedulingproblemis NP-hard.NotethatBLA
is a P problemif thereis only onemulticastsession.As



thereareconstantnumberof discretetransmissionrates,
eachof thesetransmissionratescan be checked in se-
quencefor feasibilityof beingthemaximumtransmission
rate.For agivenvalueof thetransmissionrate,all APsare
assignedthesamerate(astheoptimizationfunctiononly
concernsthemaximum).Amongall thetransmissionrates
the highestrate(whenassignedto all APs) that provides
serviceto all users,is thesolution.

4.1 Cen tralized BLA
In order to solve the BLA problem,we presenta re-

ductionto the SetCover with GroupBudgets(SCG)[2]
problem.

De�nition 3 Set Cover with Group Budgets (SCG):
There is a set S = f S1; S2; : : : ; Sm g of subsetsof a
ground set X . The set S is partitioned into groups
G1; G2; : : : ; Gl . A cost c(Sj ) is associatedwith each
set Sj . The objectiveis to �nd a subsetH of S such
that all elementsof X are covered by sets in H and
max l

i =1 c(H \ Gi ) is minimized.

Theorem3 The problemof balancingload amongAPs
(BLA)canbereducedto SCGproblem.
Proof: Thereductionfrom BLA to SCGis similar to the
reductionfrom MNU to MCG in section3. We denote
thesetof all usersasX . For eachAP, we createmultiple
subsets,eachcorrespondingto aparticularcombinationof
sessionnumberand transmissionrate. The costof each
subsetis obtainedby dividing therateof thecorrespond-
ing sessionby the transmissionrateassociatedwith that
subset.All of the subsetsthat arerelatedto AP ai form
thegroupGi . 2

Example – BLA: If the data rate of s1 and s2 is
1 M bps in the WLAN in Figure 1, we can reducethe
BLA problemfor theWLAN to theSCGproblemshown
in Figure4. Theoptimalsolutionof this SCGproblemis
H = f S2; S3; S7g.

X = f u 1 ; u 2 ; u 3 ; u 4 ; u 5 g
S1 = f u 3 g c(S1 ) = 1=4
S2 = f u 1 ; u 3 g c(S2 ) = 1=3
S3 = f u 2 g c(S3 ) = 1=6
S4 = f u 2 ; u 4 ; u 5 g c(S4 ) = 1=4
G1= f S1 ; S2 ; S3 ; S4 g
S5 = f u 3 g c(S5 ) = 1=5
S6 = f u 4 g c(S6 ) = 1=5
S7 = f u 4 ; u 5 g c(S7 ) = 1=3
G2= f S5 ; S6 ; S7 g

S1 S2 S3 S4 S5 S6 S7

G2
G1

4
1

3
1

6
1

4
1

5
1

5
1

3
1

Sets

Set in optimal solution

Set

u1 u2 u3 u4 u5 Elements

Figure 4. The reduction from BLA problem
for the WLAN in Figure 1 to SCG problem

SCGproblemis alsoNP-hard.In [2], theauthorsgave
analgorithmfor thecardinalityversionof SCGbasedon
the greedyalgorithmfor MCG. Our algorithmis similar.
Thealgorithmis shown in Figure5. Assumethenumber
of theelementsin thegroundsetX is n.

Algorithm Centralized BLA

1. GuesstheoptimalvalueB � andassumethereis anoptimal
cover H � suchthatmax l

i =1 c(H � \ G i ) � B �

2. Createan instanceof MCG by having a budgetof B � on
eachgroupG i . RunCentralizedMNU, whichcoversat least
1
8 th theelementsin X . Remove thecoveredelementsfrom
X and all subsetsof X , and run Centralized MNU again.
IteratingCentralizedMNU log8=7n + 1 times resultsin a
solution that covers all elements.Let H = f al l sets Si
added when r epeating Centr al iz ed M N Ug.

3. OutputH .

Figure 5. Algorithm centraliz ed BLA

Theorem4 The algorithm Centralized BLA is an
(log8=7n + 1)-approximationalgorithmfor BLAproblem.

Proof: In eachiteration of running Centralized MNU,
the total cost of the setsaddedfrom any group Gi is
boundedby B � . Becausewe iterateCentralized MNU
log8=7n + 1 timesin algorithmCentralizedBLA, the to-
tal costof the setsaddedfrom any groupGi is bounded
by (log8=7n + 1)B � when all elementsin X are cov-
ered. Therefore,Centralized BLA is an (log8=7n + 1)-
approximationalgorithmfor BLA. 2

To implementthe algorithmCentralizedBLA, thereis
anissueof how to guessB � . Let themaximumcostamong
all subsetsof X in all groupsbe cmax . B � alsoshould
be lessthan1. Therefore,we cantry several (a constant
number)valuesof B � betweencmax and1 to getthebest
result.

Example – Centralized BLA: We run Centralized
BLA algorithmon the SCGproblemshown in Figure4.
Let B � = 1=2 andcreatean instanceof MCG problem.
Thenrun CentralizedMNU, andget theoutputf S4g. Af-
ter that, remove u2; u4; u5 from every Si (1 � i � 7)
andcreateanew instanceof MCG problem.RunCentral-
izedMNUagain,andgetoutputf S2g. Therefore,all users
areassociatedwith a1.

4.2 Distributed BLA
As the objective is to balancethe load amongAPs, a

usershouldattemptto minimizethemaximumloadof the
neighboringAPs. The following is the distributedalgo-
rithm for BLA.

A userperiodicallysendsa querymessageto eachof
its neighboringAPs.Then,eachAP respondswith ames-
sagecontaininginformationaboutthe multicastsessions
thatthisAP supportsandtheratesfor thesupportedmulti-
castsessions.Theuseralsoknowsthemaximumdatarate
for the link betweenitself and its neighboringAPs. If a
useris currentlyassociatedwith someAP a, thisuseralso
needsto know the loadof a if it leavesAP a. According
to theinformationfrom theneighboringAPs,theusercal-
culatesthenew loadof aneighboringAP if it is associated
with this AP. For eachAP it computesthe new vectorof
loadsof neighboringAPsif it decidesto join thatAP. Each
load vectoris sortedin non-increasingorderof the loads
of APsin thatvector. Theuserthendeterminesto receive
the desired�o w from the AP that locally minimizesthe
sortednew load vector. (We de�ne two sequenceswith
non-increasingorderto be equalif eachpair of valuesat
thesamepositionof thesetwo sequencesareequal.If two



sequencesarenot equal,we comparethe �rst pair of un-
equalelementsat thesamepositionandthesequencewith
thesmallerelementis smallerthantheothersequence.)

Example – Distrib uted BLA: Assumethat the data
ratesof s1 ands2 areboth1 M bpsin theWLAN in Fig-
ure1, andusersrun thedistributedalgorithmin theorder
u1; u2; u3; u4; u5. Firstu1; u2 is associatedwith a1. After
that, u3 makesthe decision. If u3 is associatedwith a1,
it' s neighboringAPs' loadvectorin non-increasingorder
is (1=2; 0); if u3 is associatedwith a2, the load vectoris
(1=2; 1=5). Therefore,u3 is associatedwith a1. Next, if
u4 is associatedwith a1, its neighboringAPs' loadvector
with non-increasingorderis (7=12; 0); if u4 is associated
with a2, theloadvectoris (1=2; 1=5). Hence,u4 is associ-
atedwith a2. Similarly, u5 is associatedwith a2. Eventu-
ally, theloadof a1 is 1=2 andtheloadof a2 is 1=3, which
is alsotheoptimalsolution.

Lemma 2 The distributed algorithm for BLA converges
whenthenetworkis staticif theusers in anAP's transmis-
sionrangemakedecisiononeby one.

Proof: Theproof is similar to theproof of Lemma1. If a
userhasbeenassociatedwith anAP andwantsto change
its association,it shouldreducethevectorof neighboring
APs' loads,whichalsomeanstheglobalvectorof all APs'
loadsin the network is reduced.Becausethe numberof
differentdatarates,thenumberof APs,andthenumberof
usersareall �nite, thevectorof all APs' loadsin thenet-
work will eventuallysettledown to a �nal valuein limited
numberof steps.If thereis a new userwho joins thenet-
work, the sequenceof all APs' loadsin the network also
shouldreacha �nal valuein limited steps.Therefore,the
distributedalgorithmconvergeswhenthenetwork is static
if the usersin an AP's transmissionrangemake decision
oneby one. 2

However, if the usersin an AP's transmissionrange
make their local decisionssimultaneously, thedistributed
algorithmfor BLA may not converge. The examplesce-
nario is sameasthescenariofor thedistributedalgorithm
for MNU shown in [3].

5 Minimizing the Load of APs (MLA)
We show that MLA is an NP-hardproblem,by show-

ing a reductionfrom theSetCover problem,which is de-
scribedin [3]. MLA is NP-hardassetcover problemis
NP-hard.

5.1 Cen tralized MLA
In orderto solve theMLA problem,wereduceit to the

SetCoverproblem.

Theorem5 The problemof minimizingthe load of APs
(MLA) canbereducedto setcoverproblem.

Proof: We regardthesetof all of theusersastheground
set X . The constructionis sameas the constructionin
the proof of Theorem3 except that thereare no groups
sincewe areonly concernedthe total multicastload of a
network, noteachAP's loadfor MLA problem. 2

Example – MLA: If the data rate of s1 and s2 are
1 M bpsin theWLAN in Figure1,wecanreducetheMLA
problemfor theWLAN to thesetcoverproblemshown in

X = f u 1 ; u 2 ; u 3 ; u 4 ; u 5 g
S1 = f u 3 g c(S1 ) = 1=4
S2 = f u 1 ; u 3 g c(S2 ) = 1=3
S3 = f u 2 g c(S3 ) = 1=6
S4 = f u 2 ; u 4 ; u 5 g c(S4 ) = 1=4
S5 = f u 3 g c(S5 ) = 1=5
S6 = f u 4 g c(S6 ) = 1=5
S7 = f u 4 ; u 5 g c(S7 ) = 1=3

S1 S3S2 S4 S5 S6 S7 Sets

4
1

3
1

6
1

4
1

5
1

5
1

3
1

Set in optimal solution

Set

u1 u2 u3 u4 u5 Elements

Figure 6. Reducing MLA problem for the
WLAN in Figure 1 to the set cover problem

Figure6. Theoptimalsolutionof thissetcoverproblemis
H = f S2; S4g.

Thegreedyalgorithmfor setcover is well known. The
costversionof greedysetcover algorithmis describedin
[10], which canbe directly usedto solve MLA problem
afterreducingit to aninstanceof thesetcoverproblem.

Example – Centralized MLA: We run CostSCal-
gorithm on the set cover problemcorrespondingto Fig-
ure 6. S4 is selectedin the �rst round becauseit has
the maximumvalueof jS4 \ X 0j

c(S4 ) = 3
1=4 = 12 amongall

Si (1 � i � 7). After that,H = f S4g, X 0 = f u1; u3g.
In thesecondround,S2 is selectedbecauseit hasthemax-
imum valueof jS2 \ X 0j

c(S2 ) = 2
1=3 = 6. After that, we get

outputH = f S2; S4g becauseX 0 = � . Therefore,all
usersareassociatedwith AP a1, which is alsotheoptimal
solution.

Thefollowing theorem'sproof is givenin [10].

Theorem6 The algorithm CostSC is an (ln n + 1)-
approximationalgorithmfor setcoverproblem.

5.2 Distributed MLA
Becausetheobjective of MLA is to minimizethetotal

loadof theAPsin thenetwork, intuitively, ausershouldbe
associatedwith theAP which increasesthetotal loadmin-
imally. Therefore,we usethesamedistributedalgorithm
for MLA astheonefor MNU.

Example – Distrib uted MLA: Considerthat thedata
rate of s1 and s2 is 1 M bps in the WLAN in Figure
1, and usersuse the distributed algorithm in the order
u1; u2; u3; u4; u5. Firstu1; u2 is associatedwith a1. After
that,u3 is associatedwith a1 becausethetotal loadof u3's
neighboringAPsa1 anda2 is 1

3 + 1
6 = 1

2 if u3 is associ-
atedwith a1 andthe total load is 1

3 + 1
6 + 1

5 = 7
10 if u3

is associatedwith a2. Similarly, u4; u5 areassociatedwith
a1. Eventually, all usersareassociatedwith AP a1, which
is alsotheoptimalsolution.

6 PerformanceEvaluation
In this section we report on performancestudies

of the proposedassociationalgorithms for multicast
using simulations in the Network Simulator ns2 [8].
The simulation sourcecode can be downloaded from
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Figure 7. Total AP load for multicast sessions
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http://www.cse.ohio-state.edu/� chenai/ICDCS07/. The
simulationresultsshow the averageperformanceof our
algorithms,while our analysisin the previous sections
only showstheperformanceof ouralgorithmsin theworst
cases. We comparethe performanceof the threealgo-
rithms, MLA, BLA, and MNU, with the signal strength
basedassociationalgorithm (SSA), which always lets a
userassociatewith the AP providing the strongestsignal
amongall the neighborAPs of this user. We have simu-
latedthe proposedalgorithmsover 1:2km2 areawith up
to 200 APs and400 usersrandomlylocatedin the area.
Theradiopropagationrangeof bothAP anduseris 200m.
The transmissionratesand their distancethresholdsare
adoptedfrom [7]. Theuserscollect informationof neigh-
bor APs usingactive scanning[9]. Every userjoins one
multicastsession.The APs operatein IEEE 802.11ain-
frastructuremode. We use0.9 as the load limitation of
multicastfor everyAP. Unlessotherwisespeci�ed,weuse
5 multicastsessions.Eachuserselectsoneof themulticast
sessionsat random.Thesesimulationsettingsareusedfor
all algorithmsunlessmentionedotherwise.We depictthe
average,min andmax valuesfor 40 randomscenariosin
the�gures.

Minimize Load of APs: Figure7 shows thetotal load
with respectto the numberof users,APs, and sessions,
respectively. Figure 7(a) variesthe numberof usersfor
200APs,Figure7(b)changesthenumberof APswith 100
users,andFigure7(c)changesthenumberof sessionwith
200 APs and200 users.Figures7(a) and7(c) show that
thetotalAP loadincreases,asthenumberof usersandthe
numberof sessionsincreasebecauseof increasedmulti-
castdemand.The total AP load,however, hasan inverse
relationshipto the numberof APs asshown Figure7(b).
The reasonis that the resultingincreaseddensityof APs
allowsfor highertransmissionratebetweenAPsandusers.
We canobserve that thecentralizedanddistributedMLA

algorithmsperformbetterthanSSA throughsimulations
in Figure 7. The total multicast load of the centralized
MLA andthedistributedMLA perform31.1%and30.1%
betterthanthat of SSA at 400 users,respectively in Fig-
ure7(a). Thedistributedalgorithmperformsonly slightly
worse(up to 5%) thanthecentralizedalgorithm.

BalanceLoad amongAPs: Figure8 shows themaxi-
mumloadamongAPswith respectto thenumberof users,
APs, and sessions,respectively. Figure 8(a) varies the
numberof usersfor 200 APs, Figure 8(b) changesthe
numberof APs with 100 users,andFigure8(c) changes
the numberof sessionwith 200 APs and200 users.The
centralizedand distributed BLA algorithmshave up to
52.9%and50.5%lower maximumload thanSSAat 400
users,respectively (Figure 8 (a)). Moreover, unlike the
SSA algorithm, for the distributed and centralizedBLA
algorithms,the maximumload increasesslowly with the
numberof usersor sessions(Figures8 (a)and8 (c)). Fig-
ure 8 (b) shows that the maximumload decreasesasthe
numberof APs increases,sincethemulticastloadcanbe
sharedby moreAPs. We observe that thecentralizedand
distributedBLA algorithmshavesimilarperformance.
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Figure 10. The optimal solution of MLA, BLA, and MNU problems

Maximize Number of Users:Figure9 showsthenum-
berof satis�eduserswith respectto themulticastloadlim-
itationwith 400users,100APs,and18multicastsessions.
Wede�ne themulticastloadin De�nition 1. As themulti-
castloadlimitation increases,thenumberof satis�eduser
increasesaswell. Thesatis�ednumberof usersof thecen-
tralized and distributed MNU algorithmsare 36.9%and
20.2%higherthanthatof SSAat theloadlimitation 0.04.

Optimal Solutions: In Figure10, we evaluatetheop-
timality of MLA, BLA, andMNU algorithmswith respect
to the numberof users.Becausetherehasbeenno other
researchwork consideringtheproblemsmentionedin this
paper, we have implementedILPs for MLA, BLA, and
MNU problemsbasedon the ILP of set cover problem
to computetheoptimal solutions.Note thatMLA, BLA,
andMNU areNP-hardproblems.As ILP takesexponen-
tial time to arrive at solutions,we limit our evaluationto
small networks. 30 APs arerandomlylocatedin 600m2

area.In Figure10(c), themulticastload limitation of ev-
eryAP is 0.042.ThetotalAP loadsof thecentralizedand
distributed MLA algorithmsare 25% and 22.2%higher
thantheoneof theoptimalsolutionat 30 usersin Figure
10 (a). The maximumloadsamongAPs of the central-
izedanddistributedBLA algorithmsare12%and22.6%
higherthantheoneof theoptimalsolutionat 40 usersin
Figure10 (b). Although on averagethe MNU algorithm
performsmuch closerto the optimal algorithm than the
SSAalgorithm,themaximumnumberof unsatis�edusers
for thecentralizedanddistributedMNU algorithmsare5
and8 respectively (Figure12(c),50users3) but for theop-
timal solutionit is 1. If networksaresmall, it is possible
in somescenariosfor thedistributedalgorithmsto perform
evenbetterthanthecentralizedalgorithms(Figure12(a)).
The reasonis that in small networks, the distributed al-
gorithmshave relatively moreglobal informationthanin
caseof largenetworks.

7 Conclusion
Motivatedby recentreportsof densedeploymentsof

APsin WLANs, we studytechniquesfor exploiting over-
lappingcoveragefrom neighboringAPs to optimizeper-
formanceof multicastservices.Threeobjective functions
basedon differentrevenuefunctionsandnetwork scenar-
ios arestudied:maximizingthenumberof users(MNU),
balancingtheloadamongAPs(BLA) andminimizing the

3Thesedetailsarenot visible in the graphdueto overlappingerror
bars

loadof APs(MLA). Weshow thattheseproblemsareNP-
hard. We presentcentralizedapproximationalgorithms
anddistributedalgorithmsfor theseproblems.Usingsim-
ulationswe evaluatethe performanceof theseprotocols
and�nd thatcomparedwith multicastingfrom associated
APschosenbasedonstrongestsignal,thenumberof users
canbe increasedby up to 36:9%, andthe maximumAP
load and the total load can be reducedby up to 52:9%
and31:1%, respectively. We concludethat the impactof
multicastserviceson unicastservicesin WLANs canbe
effectively reducedby associationcontrolmechanisms.

As partof futurework, wewill explorelocal coordina-
tion mechanismsto guaranteeoptimizationof the global
objectives,andextendour solutionsto explicitly consider
interferencefrom neighboringnodes.
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