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Abstract

Supportfor ef cient multicastingin WLANscanenable
new servicessud as streamingTV channelsradio chan-
nels, and visitor's information. With increasingdeploy-
mentsof large-scaleWLANS, sud servicescan havea
signi cant impact. However, for a solutionto be viable,
the mutlicastservicesmustminimally impactthe existing
unicastserviceswhich are currently the core servicesof-
fered by mostWLANSs. This paperfocuseson three ob-
jective functionsmotivatedby different revenuefunctions
and networkscenarios: maximizingthe numberof usess
(MNU), balancingthe load amongAPs(BLA), and mini-
mizingthe load of APs(MLA). We showthat theseprob-
lemsare NP-had and presentcentialized approximation
algorithmsand distributedapproacesto solvethem.Us-
ing simulationswe evaluatethe performanceof theseal-
gorithms. We observethat the numberof useis can be
increaseduy up to 36:9%, andthe maximumAP load and
thetotal load canbereducedby up to 52:9% and 31:1%,
respectively

1 Intr oduction

The goal of anytime-arywhereconnectvity is becom-
ing a reality with increasingdeployment of large scale
campus-wideand even city-wide WirelessLANs. While
unicastservicesareessentiafor providing Internetaccess
to individual usersthrough WLANS, ef cient multicast
supportfrom the network canbeleveragedor distribution
of storedor live multimediacontent,suchaslocal news,
visitor's information, andlocal TV channels. While in-
troducing media-richmulticaststreamingin WLANSs, it
is critical to ensurethatthe multicastservicesusethere-
sourcesefciently andthe unicastserviceggetminimally
effected. However, the current IEEE 802.11 standard
can not efciently maximize resourceusage,since un-
controlledassociatiortausesnultiple accespoints(APS)
with overlappingregionsto redundantltransmitthesame
multicast paclets, therebywastingresourcedor unicast
services.In this paper we studyhow to provide efcient
multimediamulticastserviceto uses by contolling the
userto-APassociatiorin WLANS.

Although associatiorcontrol hasalreadybeenconsid-
eredby boththeresearcltommunityandtheindustry pre-
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vious researcton associatiorcontrolin WLANS primar

ily focusedon unicasttrafc [1, 5, 11]. In [5, 11], new

metricsare studiedto associatevith APs insteadof sig-
nal strengthfor only unicasttrafc. Theseworks do not
considerload-balancinghetweenAPs. Recentwork [1]

hasexploredtheideaof associatiortontrolto balancethe
network load andprovide max-minfairnessamongusers.
However, their studyis limited to unicasttrafc. To the
bestof our knowledg, we are the r stto studythe asso-
ciation contmol for enablingefcient multicaststreaming
sevicesin WLANS.

We studythreedifferentobjectves— 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 the WLAN serviceprovider dependingnthe ex-
pectednetwork scenario. We make the following con-
tributions. First, we shav the NP-hardnessf the three
problemseven if we restrictthe problem so that multi-
cast/broadcagpaclets 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,
logs (n) + 1 andIn(n) respectiely. Third, we present
distributedapproacheto solve the problemsalthoughwe
believe thatin smallerWLANSs (of the orderof 100 APS)
centralizedalgorithmsare still feasibleto execute. Note
that distributed solutionsare preferredin large networks,
ascentralizedsolutionswill leadto morefrequentchanges
in associationsausingncreasedignalingtraf c overthe
wirelesslinks. Fourth, throughsimulationswe studythe
performanceof the proposeddistributed and centralized
solutionsfor the threeobjectvesand comparethemwith
theoptimumsolutions.

Related Work: In 802.11networks usernodesoften
usesignalstrengthasthe key metricin selectingthe AP.
In [5, 11], new metricswerestudiedto selecta unicastAP
insteadof signal strength. Packet error rate and number
of userswereusedin [5]. Theauthorsshaveddeployabil-
ity androbustnesof their AP selectionarchitecture As-
sociationtime, systemload, andsignal/noiseratio (SNR)
togetherwere usedto initiate handof in [11]. The au-
thors argued that their approachcan provide Quality of
Service(QoS) guarantee.However, theseworks did not
considerload-balancinghetweenAPs. Recentwork [1]
hasexploredtheideaof associatiortontrolto balancehe



network loadandprovidedmax-minfairnessamongusers.
Theauthorsn [1] provedthatbalancingthe network load
is equivalentto achiezing the max-minfairnessandpre-
sentedalgorithmsthat achieve a constant-ctor approxi-
mationto max-minfair bandwidthallocation. However,
they primarily focusedon unicasttrafc. For broadcast
servicein wirelessMesh networks, the optimal associa-
tion algorithm was studiedin [6], where minimum cost
basedgreedyselectionof an AP candecreasehe size of
the broadcastree. The authorsproposedhe conceptof
multi-associationwherethe AP for unicasttraf c andthe
AP for broadcastraf c areindependentlychosenby ex-
ploiting multiple coverageshat are typical in meshnet-
works.

2 Preliminaries
2.1 Network Mo del

We considem WLAN with asetof userdJ andasetof
accespointsA. Themaximumpossibledatarateonalink
fromanAP ato auseru isdenoteddy r 5., . If anAP mul-
ticastspacletsto the usersassociatedvith it, the AP uses
thelowestrateamongtheseusers'maximumpossibledata
rateson the links to this AP. We assumehat MAC layer
multicast/broadcastan supportmulti-rate transmissioh.
However, if the basicdatarateis always usedfor multi-
cast/broadcastyiINU, BLA and MLA problemsare still
NP-hardbecauseur NP-hardnesgproofsfor theseprob-
lemsdo notrequiremulti-ratetransmission.

EachusernodeandeachAP hasa singleradio. We as-
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 supportsl12 non-overlapping
channelsn US/Canada.The APs are connectedisinga
wired LAN to oneor moregatevaysthatprovide connec-
tivity to the Internet.Eachusermayrequesbnemulticast
streamfrom the WLAN. Thisis similarto ourTV services
whereausertypically watchenly oneTV channehtary
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 ary othermaodi cation to the 80211 standardexcept
for thatthe associatioralgorithmof 80211 is replacedoy
our associatioralgorithmfor multicastusers.If ausercan
be both a unicastaswell asa multicastuser the network
framawork discribedin [6] canbeapplied,wherethe APs
aresynchronizedhroughatime-synchronizatioprotocol
and eachuserindependentlyselectsone AP for unicast
andanotheronefor multicastservices.

2.2 Objectiv e Functions

De nition 1 Multicast Load: themulticastload of an AP
is the fraction of time that the AP is busyin transmitting
multicast ows; thetotal multicastioad of a networkis the
sumof all APs' multicastload in the network.

Maximizing the Number of Users (MNU): When
thereis a heary demandor multicast o ws, all theusers
requestannotbemet. For suchscenarioswe de 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,the number
of satis eduserswill resultin higherrevenue.An example
revenuemodelis whentheunicastservicehave amonthly

chage,butthemulticastservicesarechagedbasednthe

time for which multicaststreamsaresenedto users.This

is like the Pay-perview serviceofferedby mostcableand

satelliteTV servicegoday Undersucha model,increas-
ing the numberof satis ed multicastuserswill increase
thetotal revenuefor the serviceprovider.

Balancing the Load among APs (BLA): In orderto
reducetheimpactof multicastservicesonunicasto ws, it
is critical to reducethe size of the multicastperiod. This
can be achievzed by balancingthe multicastload of the
APs. More preciselytheobjective hereis to minimizethe
maximummulticastload amongall APs. Considera rev-
enuemodelwhereonemulticast o w isincludedin theba-
sicmonthlychages.Assumethattherevenuefunctionfor
unicast o ws is corvex, i.e., maginally decreasingvith
increasingbandwidth.Corvex revenuefunctionsarewell
known for achieving fairnessamong o ws. Thenbalanc-
ing themulticastioadwill typically leadto fairnessamong
theunicast o wsandahighertotal revenue assuminguni-
form distribution of unicastusersacrosghe APs.

Minimizing the Load of APs(MLA) : In orderto free
up themaximumamountof totaltime for unicastservices,
thetotal multicastload needsto be minimized. Although
this canleadto unevendistribution of multicastload, for
somerevenuemodelsthis may be of interest. Consider
a revenuemodelwhereone multicast o w is includedin
the basicmonthly chages. However, the unicastservices
arechagedperbyte. In scenariosvherethereis a high
demandor unicastraf c, maximizingthetotalamountof
unicasttrafc will maximizethe revenuewhile satisfying
themulticastusers.

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

An Example: We usethe examplescenariocshovn in
Figure 1 to describethesethree problems. The WLAN

Themulticastsessionsequestedby eachuserandthedata
rates(in Mbps) betweenthe usersandthe APs areindi-
catedin the gure.

If themulticastdataratesof s; ands, areboth3 M bps
this WLAN cannot supportall the usersfor multicastbe-
causal; andu, canonly beassociateaith a;, anda; can
not provide multicastserviceto u; andu, simultaneously
If bothu; andu, aresupportedby a; thenthetotal load
onay will be2 + 2 > 1, whichis infeasible.In suchsce-
narios,the objective of maximizationof numberof users
(MNU) is relevant. One of the optimal solutionsis that
Up; Us; andus areassociatedvith a; andus is associated
with a,. Thisresultsin aload of f—1 atAP a; andaloadof
2 atAPa,.

Supposehe datarate of s; ands, areboth 1 M bps
andthe objective is to balancethe multicastload among



APs (BLA) by minimizing the maximummulticastload
amongthe APs. In the optimalsolutionus ; uy; andug are
associatedvith a;, andus andus areassociatedvith a,.
Theloadof a; will thusbe} + % = % andtheloadof a,
will be %

Supposehe datarate of s; ands; is 1 M bpsandthe
objectie is to minimizethetotal load of all APsfor mul-
ticast streams(MLA ). In the optimal solution all users
are associatedvith a;, which resultsin a total AP load

1 1 —
of3+ 2= 1z

Ug  Users

S,  Multicast Session

Figure 1. An example network scenario

3 Maximizing the Number of Users(MNU)

We shav that MNU is an NP-hardproblem,by show-
ing a reductionfrom the SubsetSum problem, which is
describedn [3]. Becauséhe SubsetSumproblemis NP-
hard, MNU problemis alsoNP-hard. Note that MNU is
trivially in P, if thereis only one multicastsessionn a
WLAN. For asinglesessionall APscanchoosego trans-
mit at the lowestrate that doesnot violate the maximum
multicastperiod.

3.1 Centralized MNU
In orderto solwe 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: Thee are m subsets
S1;Sy;:::; Sy of a groundset X. Ther are | sets

Ead G; is a groupandthe groupsare disjoint fromead
other. A costc(S;) is associatedvith each setS; . Fur-
ther, eadh group G; is givena budget B; and the over-
all budgetis B. The objectiveis to nd a subsetH of

H underthelimitation that the total costof the setsin H
is at mostB, and for any group G;, the total costof the
setsin H \ G; is at mostB,;.

Theorem1 MNU canbereducedo MCG problem.

Proof: The setof all usersbecomeghe setX in the
instanceof MCG. Correspondingo eachAP, we create
mj Sj subsetof X in MCG, wherem is the numberof
discretetransmissiorratesthat the WLAN supportsand
S is the setof multicastsessionsThus,eachsubsetorre-
sponddo anAP, asingletransmissiomate ,anda multicast
sessionThecostof asubsets theratio of thecorrespond-
ing multicastsessiors datarateandthetransmissionmate.
All suchsubsetghatarerelatedto AP a; form the group
Gj. ThebudgetB; for thegroupG; is the fractionof the

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

time AP a; spendson multicasttransmissions.For our
problem thereis nooverallbudgetimitation for thewhole
network, i.e.,B = 1 , aswe assumehatthe capacityof
thewired network is not the bottleneck. 2

Example — MNU: If the datarate of s; ands; is
3 M bpsin the WLAN shown in Figurel, we canreduce
the MNU problemfor the WLAN to the MCG problem
shavn in Figure2. Oneof the optimal solutionsfor this
MCG problemisH = f Sy; Ssg.

X =fug;uz;us;ug;usg

S1= fusg c(S1) = 3=4

Sy= fug;usg c(S2)=3=3=1
S3= fUzg C(S3) = 3=6= 1=2
S4= fuz;ug;usg c(S4) = 3=4

G1= fS1;S2; S3; Sag B; =1

Ss= fU3g C(Ss)z 3=5

Sg= fU4g C(Se): 3=5

S;,= fUA;U5g C(S7) =3=3=1
G,= fSs; Se; S79 B =1

GZ
Budget = 1

A Set in optimal solution

A Set

" Us  Elements

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

We usethe above reductionto reduceary arbitraryin-
stanceof MNU to aninstanceof theMCG problem.In [2],
theauthorspresente greedyalgorithmfor MCG asit is
an NP-hardproblem. Becausehereis no overall budget
limitation for our problem,we adaptthe algorithmin [2]
andpresenthemodi ed algorithmbelow.

Algorithm Centralized MNU

1.H ;X% X:

2. repeat

3 flag O

4 fori = 1;2;:::;ndo

5 if c((H\ Gj) < Bj then

6 Kk argmax; S0 (s 2 6
. g i 7e(s) ( j i)

7 Aj Sk

8 flag 1

9 elseA;

10. endfor

11. ifflag= Othen Breaok

12. r  argmax; ‘—AC‘(\AT) 1

13. H HI[ A X0 X0 A

14. if X9=  thenbreak

15endrepeat

16.0utput H

Figure 3. Centraliz ed solution for MNU

Thealgorithmgreedilypicksup subsetsvith minimum
costfor every additionalelementuntil eitherall elements
have beencoveredor until eachgroup's budgethasbeen
violated by the last selectedsubseftfor the group. In the
pseudo-codpresentedh Figure3, H representthesetof
selectedsubsetsat ary step. The setX ° denoteghe ele-
mentsof X which have not yet beencaover by the subsets



in H. Thestatementé&rom line 3 to line 14 arerepeatedly
executeduntil all thegroupbudgetsareexceededbr all el-
ementof X getcovered.Thevariable a g is usedfor this
purposen line 11. In thefor loop, CentralizedMNU nds
asetS; in every groupG; whosebudgethasnot beenex-
ceededandsS; is the setwhich is the mostcost-efective

setin the group G, i.e., ’Sé(‘ST()OJ = maxpag, ’DCETX)O’.
Thenin line 12, Centralized MNU nds the most cost-
effective setin the setsselectedn the for loop. This set
is addedinto H andthe elementsin this setis removed
from X %in line 13. Eventually we getthe outputH .

Obviously, H doesnot obey the groupbudgetrequire-
ments. We assumethe costof ary singlesetS; in ary
groupG; is not morethanthe budgetof G;. We partition
H into two subsetH; andH,. H, containsthosesets
S; which when addedto H causedthe budgetof some
groupG; to beviolated. H; = H  H;. Obsere that
H, andH, by themselesdo not violate the budgetcon-
straintsandoneof thesewo setsmustbecoveringatleast
1=2 thenumberof elementsoveredby H . Outof H; and
H,, we selectthe one which coversthe mostnumberof
elements.The nal solutiondirectly mapsto the solution
to the MNU problem.

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

Proof: De ne X (H) asthe numberof the elementscov-
eredby the subsetof X in H. Let OPT be some x ed
optimal solutionto the given probleminstance.In [2], it
wasprovedthatX (H) X (OPT). AseitherH; orH,
mustcontainatleasthalf theelementsoveredby H, Cen-
tralizedMNU is an 8-approximatioralgorithmfor MNU
problem. 2
Example — Centralized MNU: We run Centrlized
MNU algorithmon the MCG problemshawn in Figure2.
S, is selectedn the rst roundbecausédt hasthe maxi-

mumvalueof jsc“(\sf)oj = 2. = 4amongall S (1 i
7). After that,H = fS,g, X°= fu;;usg. In thesecond

round[;Sz is selectedecausé hasthemaximumvalueof
B Xl = 2= 2ande(H\ G1) = ¢(Ss) = 34< By =
1. After that,we getoutputH = fS,; S,g because ° =

.Now,c(H\ G1) = ¢(Sp)+c(S 4)=7=4>B; =1L
We divideH intoH; = fS4gandH, = fS,g. Eventu-
ally, we getoutputH, becauseH; cover more elements
thanH,. Thereforeu,; us; us areassociateavith a; and
3 usersget multicaststreams.If we usestrongessignal
basedapproachuy; u,; us canonly beassociateavith a;
andus; us canonly be associatedvith a,. If ui;uz are
associateavith APs rst, us; us; us cannotbeassociated
with APsbecausef the load limitation of APs. So,only
2 usergyetmulticastservice.

3.2 Distributed MNU

We provide asimpledistributedalgorithmto maximize
thenumberof users.Intuitively, becaus¢hetotal resource
of the network (APs) for multicastis x ed, every user
shouldincreasehetotalloadminimally in orderto attempt
increasinghetotal numberof users.Dueto lack of global

view, the distributedapproactasto take decisionsbased
only onlocalinformationobtainedrom the APs.

A userperiodically sendsa query messagéo eachof
its neighboringAPs. Then,eachAP respondsvith ames-
sagecontaininginformation about the current multicast
sessiondeingtransmittedandthe datarateof suchtrans-
missions.The useralsoknows the maximumdataratefor
thelink betweeritself andits neighboringAPs. If auseris
currentlyassociatedvith someAP a, this useralsoneeds
to know the loadof a if it leavesAP a. Accordingto the
informationfrom theneighboringAPs,theusercalculates
thetotalloadof its neighboringAPsif it canassociatsvith
it without violating the maximummulticastload for that
AP. Theuserthenassociatewith the neighboringAP that
resultsin minimumincreasen total load. If therearesev-
eral APsthatresultin the sameminimumincreasen total
load,theusercanassociatavith theonewith thestrongest
signal.

Example — Distrib uted MNU: Considerthatthe data
rate of s; ands; is 3 M bpsin the WLAN in Figure
1, and usersuse the distributed algorithm in the order
Up; Up; Us; Uy Us. Firstu, associatesvith a;. Then,u,
cannot associatawith a; becauseof the load limitation
of a;. After that, uz associatesvith a;, which resultsin
theminimumtotalload 1 of us's neighboringAPsa;; a;.
Similarly, us; us areassociateavith a,. Eventually 4 out
of the5 usersreceve their multicastservice.

Lemmal The algorithm Distributed MNU corverges
whenthe networkbecomestatic if the usess in an AP's
transmissiomange male their local decisionsoneby one

Proof. Becausdhe usersin an AP's transmissiorrange
make decisiononeby one, eachuseralwaysoperateon
the most up-to-dateinformation aboutthe multicastses-
sions. First, we considerthe scenariovherethereareno
new usersjoining the network. If a userhasbeenasso-
ciatedwith an AP andwantsto changeits associationit
shouldreducethetotal load of all of its neighboringAPs,
which alsomeanghetotalload of thewhole network will
bereduced As thenumberof discretelevelsof datarates,
numberof APs,andnumberof usersarelimited, thetotal
load of the whole network shouldbe eventually reduced
to a nal valuein nite steps. If a new userjoins the
network, the total load of the whole network alsoshould
reacha nal valuein limited steps.The network is static,
and the total numberof usersis nite. The numberof
new usergoining thenetwork is also nite. Thereforethe
distributedalgorithmconvergesfor a staticnetwork if the
usersmake decisiononeby one. 2

However, if the usersin an AP's transmissiorrange
make their local decisionssimultaneouslythe algorithm
Distributed MNU may not corverge. The examplesce-
nariois shovnin [3].

4 Balancingthe Load amongAPs (BLA)

We presenta reduction from Minimum Makespan
Schedulingproblem[10] to the BLA problem,which is
describedn [3], to prove the NP-hardnessf BLA. Based
on the reduction,BLA is NP-hardbecausehe minimum
makesparschedulingproblemis NP-hard.NotethatBLA
is a P problemif thereis only onemulticastsession.As



thereare constantnumberof discretetransmissiorrates,
eachof thesetransmissionratescan be checled in se-
guencefor feasibility of beingthe maximumtransmission
rate.For agivenvalueof thetransmissiomate,all APsare
assignedhe samerate (asthe optimizationfunction only
concernghemaximum).Amongall thetransmissiomates
the highestrate (whenassignedo all APs) that provides
serviceto all usersjs the solution.

4.1 Centralized BLA

In orderto solve the BLA problem,we presenta re-
ductionto the SetCover with Group Budgets(SCG)[2]
problem.

De nition 3 Set Cover with Group Budgets (SCG):
Ther is a setS =
ground set X .

setSj. The objectiveis to nd a subsetH of S sud
that all elementsof X are covered by setsin H and
max!_; ¢(H \ G;) is minimized.

Theorem 3 The problemof balancingload amongAPs
(BLA) canbereducedo SCGproblem.

Proof: Thereductionfrom BLA to SCGis similar to the
reductionfrom MNU to MCG in section3. We denote
the setof all usersasX . For eachAP, we createmultiple
subsetseachcorrespondingo a particularcombinatiorof
sessiomumberandtransmissiorrate. The costof each
subsets obtainedby dividing the rate of the correspond-
ing sessionby the transmissiorrate associatedvith that
subset. All of the subsetghatarerelatedto AP a; form
thegroupG;. 2

Example — BLA: If the datarate of s; and s, is
1 M bpsin the WLAN in Figure 1, we canreducethe
BLA problemfor the WLAN to the SCGproblemshownn
in Figure4. The optimal solutionof this SCG problemis
H =1S;; S35 S70.

X =fui;uz;us;us;Usg

Si1= fu3g C(Sl) = 1=4
S;= fui;usg c(Sz) = 1=3
S3= fuzg c(S3) = 1=6
Ss4= fuz;ug;usg c(S4) = 1=4
G,= fS1;S2;S3;S49

Ss= fU3g C(Ss) = 1=5
Sg= fuasg c(Se) = 1=5
S7= fug;usg c(S7) = 1=3

Ga= Ss; Se; S79

G, ‘ Set in optimal solution

A Set

Elements

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

SCGproblemis alsoNP-hard.In [2], the authorsgave
analgorithmfor the cardinalityversionof SCGbasedon
the greedyalgorithmfor MCG. Our algorithmis similar.
Thealgorithmis shavn in Figure5. Assumethe number
of theelementsn thegroundsetX isn.

Algorithm Centralized BLA

1. GuesgheoptimalvalueB andassumehereis anoptimal
coverH suchthatmax!_, ¢(H \ Gj) B

2. Createan instanceof MCG by having a budgetof B on
eachgroupG; . RunCentralizedMNU, which coversatleast
%th theelementdn X . Remave the coveredelementfrom
X andall subsetof X, andrun Centlized MNU again.
Iterating Centralized MNU logg=7n + 1 timesresultsin a
solutionthat coversall elements.Let H = fall sets S;
addedwhen repeating Centr alized M N Ug.

3. OutputH .

Figure 5. Algorithm centraliz ed BLA

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

Proof: In eachiteration of running Centalized MNU,
the total cost of the setsaddedfrom ary group G; is
boundedby B . Becausewe iterate Centrlized MNU
log-7n + 1 timesin algorithm Centralized BLA, the to-
tal costof the setsaddedfrom ary groupG; is bounded
by (log=7n + 1)B when all elementsin X are cov-
ered. Therefore,Centralized BLA is an (logg=7n + 1)-
approximatioralgorithmfor BLA. 2

To implementthe algorithm Centalized BLA, thereis
anissueof howtoguess8 . Letthemaximumcostamong
all subsetsof X in all groupsbe cnax - B alsoshould
be lessthan1. Thereforewe cantry several (a constant
number)valuesof B betweercnax and1l to getthebest
result.

Example — Centralized BLA: We run Centrlized
BLA algorithmon the SCG problemshawn in Figure 4.
LetB = 1=2 andcreateaninstanceof MCG problem.
Thenrun CentralizedMNU andgetthe outputf S;g. Af-
ter that, remove uy; us; Us from every S; (1 i 7
andcreatea new instanceof MCG problem.RunCentral-
izedMNUagain, andgetoutputf S,g. Thereforeall users
areassociateavith a; .

4.2 Distributed BLA

As the objective is to balancethe load amongAPs, a
usershouldattemptto minimizethe maximumload of the
neighboringAPs. The following is the distributed algo-
rithm for BLA.

A userperiodically sendsa query messagéo eachof
its neighboringAPs. Then,eachAP respondith ames-
sagecontaininginformation aboutthe multicastsessions
thatthis AP supportsandtheratesfor the supportednulti-
castsessionsTheuseralsoknows themaximumdatarate
for the link betweenitself andits neighboringAPs. If a
useris currentlyassociateavith someAP a, this useralso
needgo know theload of a if it leavesAP a. According
to theinformationfrom the neighboringAPs,the usercal-
culateghenew loadof aneighboringAP if it is associated
with this AP. For eachAP it computeghe new vectorof
loadsof neighboringAPsif it decidego join thatAP. Each
load vectoris sortedin non-increasingrderof the loads
of APsin thatvector Theuserthendeterminedo receve
the desired o w from the AP that locally minimizesthe
sortednew load vector (We de ne two sequencesvith
non-increasingrderto be equalif eachpair of valuesat
thesamepositionof thesetwo sequenceareequal.If two



sequencearenot equal,we comparethe rst pair of un-
equalelementsatthe samepositionandthe sequencevith
thesmallerelements smallerthanthe othersequence.)

Example — Distributed BLA: Assumethat the data
ratesof s; ands, areboth1 M bpsin the WLAN in Fig-
ure 1, andusersrun the distributedalgorithmin the order
Uq; Up; Us; Ug; Us. Firstuy; us is associateavith a;. After
that, us makesthe decision. If us is associatedavith a,,
it's neighboringAPs' load vectorin non-increasingrder
is (1=2; 0); if us is associatedvith a,, the load vectoris
(1=2; 1=5). Therefore,us is associatedavith a;. Next, if
U4 is associatedavith a;, its neighboringAPs' load vector
with non-increasingrderis (7=12, 0); if u, is associated
with ap, theloadvectoris (1=2; 1=5). Henceu, is associ-
atedwith a,. Similarly, us is associatedavith a,. Eventu-
ally, theloadof a; is 1=2 andtheloadof a; is 1=3, which
is alsothe optimalsolution.

Lemma 2 The distributed algorithm for BLA corvemges
whenthenetworkis staticif theusesin an AP'stransmis-
sionrange male decisiononeby one

Proof: Theproofis similarto the proof of Lemmal. If a
userhasbeenassociateavith an AP andwantsto change
its associationit shouldreducethe vectorof neighboring
APs'loads whichalsomeangheglobalvectorof all APs'
loadsin the network is reduced. Becausehe numberof
differentdatarates the numberof APs,andthe numberof
usersareall nite, thevectorof all APs' loadsin the net-
work will eventuallysettledovnto a nal valuein limited
numberof steps.If thereis a new userwho joins the net-
work, the sequencef all APs' loadsin the network also
shouldreacha nal valuein limited steps.Thereforethe
distributedalgorithmcorvergeswhenthe network is static
if the usersin an AP's transmissiorrangemake decision
oneby one. 2

However, if the usersin an AP's transmissiorrange
make their local decisionssimultaneouslythe distributed
algorithmfor BLA may not corverge. The examplesce-
nariois sameasthe scenaridor the distributedalgorithm
for MNU shown in [3].

5 Minimizing the Load of APs (MLA)

We showv that MLA is an NP-hardproblem,by shav-
ing areductionfrom the SetCover problem,which s de-
scribedin [3]. MLA is NP-hardassetcover problemis
NP-hard.

5.1 Centralized MLA

In orderto solve the MLA problem,we reduceit to the
SetCover problem.

Theorem5 The problemof minimizingthe load of APs
(MLA) canbereducedo setcover problem.

Proof: We regardthe setof all of the usersasthe ground
setX . The constructionis sameas the constructionin
the proof of Theorem3 exceptthat thereare no groups
sincewe areonly concernedhe total multicastload of a
network, noteachAP'sloadfor MLA problem. 2
Example — MLA: If the datarate of s; ands, are
1M bpsintheWLAN in Figurel, we canreduceghe MLA
problemfor theWLAN to thesetcover problemshownnin

X =fug;uz;us;ug;usg

S1= fusg c(S1) = 1=4
Sy= fug;usg c(S2) = 1=3
S3= fUzg C(S3): 1=6
S4= fuz;ug;usg C(S4) = 1=4
Ss= fusg c(Ss) = 1=5
Se= qug C(Se)z 1=5
S7= fus;usg c(S7) = 1=3

S1 S, S5 S, S5 S5 S, Sets

e ks fe ks pi 3

A Set in optimal solution

A Set

u u u, u, Ug Elements

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

Figure6. Theoptimalsolutionof this setcover problemis
H=fS,; S4g

Thegreedyalgorithmfor setcoveris well known. The
costversionof greedysetcover algorithmis describedn
[10], which canbe directly usedto solve MLA problem
afterreducingit to aninstanceof the setcover problem.

Example — Centralized MLA: We run CostSCal-
gorithm on the set caver problemcorrespondingo Fig-
ure 6. S, is selectedin the rst round becausat has

i S\ X% — 3 _
the maximumvalue of = 12 amongall

C(S4) 1=4

Si(1 i 7). Afterthat,H = £S4g, X %= fuy;usg.
In thesecondound,soz is selectedecausé hasthe max-
imum value of JSCZ(\S;’ = 2. = 6. After that, we get

outputH = fS,;S,g becauseX® = . Therefore,all
usersareassociateavith AP a;, whichis alsothe optimal
solution.

Thefollowing theorems proofis givenin [10].

Theorem6 The algorithm CostSCis an (Inn + 1)-
approximationalgorithmfor setcover problem.

5.2 Distributed MLA

Becausehe objective of MLA is to minimize thetotal
loadof the APsin thenetwork, intuitively, ausershouldbe
associateavith the AP whichincreaseshetotal load min-
imally. Thereforewe usethe samedistributedalgorithm
for MLA astheonefor MNU.

Example — Distrib uted MLA: Considerthatthe data
rate of s; ands, is 1 M bpsin the WLAN in Figure
1, and usersuse the distributed algorithm in the order
Uq; Uo; U3; Ug; Us. Firstug; us is associatedvith a;. After
that,us is associateavith a; becaus¢hetotalloadof us's
neighboringAPsa; anda, is § + § = 3 if uz is associ-
atedwith a; andthetotal loadis £ + 2 + 1 = L if ug
is associateavith a,. Similarly, us; us areassociateavith
a;. Eventually all usersareassociateavith AP a;, which
is alsothe optimalsolution.

6 PerformanceEvaluation

In this section we report on performancestudies
of the proposedassociationalgorithms for multicast
using simulationsin the Network Simulator ns2 [8].
The simulation source code can be downloaded from
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Figure 8. Maximum load among APs for multicast sessions

http://www.cse.ohio-state.eduthenai/ICDCS07/. The
simulationresultsshav the averageperformanceof our
algorithms, while our analysisin the previous sections
only shavstheperformancef ouralgorithmsin theworst
cases. We comparethe performanceof the three algo-
rithms, MLA, BLA, and MNU, with the signal strength
basedassociatioralgorithm (SSA), which always lets a
userassociatavith the AP providing the strongessignal
amongall the neighborAPs of this user We have simu-
lated the proposedalgorithmsover 1:2km? areawith up
to 200 APs and 400 usersrandomlylocatedin the area.
Theradiopropagtionrangeof both AP anduseris 200m.
The transmissiorratesand their distancethresholdsare
adoptedrom [7]. Theuserscollectinformationof neigh-
bor APs usingactive scanning[9]. Every userjoins one
multicastsession.The APs operatein IEEE 802.11ain-
frastructuremode. We use 0.9 asthe load limitation of
multicastfor every AP. Unlessotherwisespeci ed,we use
5 multicastsessionsEachuserselectoneof themulticast
sessionatrandom.Thesesimulationsettingsareusedfor
all algorithmsunlessmentionedtherwise.We depictthe
average min and max valuesfor 40 randomscenariosn
the gures.

Minimize Load of APs: Figure7 shawvsthetotal load
with respectto the numberof users,APs, and sessions,
respectiely. Figure 7(a) variesthe numberof usersfor
200APs,Figure7(b)changeshenumberof APswith 100
usersandFigure7(c) changeshe numberof sessiorwith
200 APs and 200 users. Figures7(a) and 7(c) shav that
thetotal AP loadincreasesasthenumberof usersandthe
numberof sessionsncreasebecausef increasednulti-
castdemand.Thetotal AP load, however, hasaninverse
relationshipto the numberof APs asshavn Figure 7(b).
The reasonis thatthe resultingincreaseddensityof APs
allowsfor highertransmissiomatebetweermAPsandusers.
We canobsere thatthe centralizedanddistributed MLA

algorithmsperform betterthan SSA throughsimulations
in Figure 7. The total multicastload of the centralized
MLA andthedistributedMLA perform31.1%and30.1%
betterthanthat of SSA at 400 users respectiely in Fig-

ure7(a). Thedistributedalgorithmperformsonly slightly

worse(up to 5%) thanthe centralizedalgorithm.

BalanceLoad amongAPs: Figure8 shawvs the maxi-
mumloadamongAPswith respecto thenumberof users,
APs, and sessionsyespectiely. Figure 8(a) variesthe
numberof usersfor 200 APs, Figure 8(b) changesthe
numberof APs with 100 users,and Figure 8(c) changes
the numberof sessiorwith 200 APs and 200 users. The
centralizedand distributed BLA algorithmshave up to
52.9%and50.5%lower maximumload than SSA at 400
users,respectrely (Figure 8 (a)). Moreover, unlike the
SSA algorithm, for the distributed and centralizedBLA
algorithms,the maximumload increaseslowly with the
numberof usersor sessiongFigures8 (a) and8 (c)). Fig-
ure 8 (b) shows thatthe maximumload decreasesasthe
numberof APsincreasessincethe multicastload canbe
sharedoy more APs. We obsene thatthe centralizedand
distributedBLA algorithmshave similar performance.
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Figure 10. The optimal solution of MLA, BLA, and MNU problems

Maximize Number of Users: Figure9 shavsthenum-
berof satis eduserswith respecto themulticastioadlim-

itationwith 400users,100APs,and18 multicastsessions.

We de ne themulticastloadin De nition 1. As themulti-
castloadlimitation increasesthe numberof satis eduser
increaseaswell. Thesatis ednumberof usersof thecen-
tralized and distributed MNU algorithmsare 36.9% and
20.2%higherthanthatof SSAattheloadlimitation 0.04.

Optimal Solutions: In Figure 10, we evaluatethe op-
timality of MLA, BLA, andMNU algorithmswith respect
to the numberof users. Becausdherehasbeenno other
researctwork consideringhe problemsmentionedn this
paper we have implementedILPs for MLA, BLA, and
MNU problemsbasedon the ILP of setcover problem
to computethe optimal solutions. Notethat MLA, BLA,
andMNU areNP-hardproblems.As ILP takesexponen-
tial time to arrive at solutions,we limit our evaluationto
small networks. 30 APs arerandomlylocatedin 600m?
area.In Figure10(c), the multicastload limitation of ev-
ery AP is 0.042.Thetotal AP loadsof the centralizedand
distributed MLA algorithmsare 25% and 22.2% higher
thanthe one of the optimal solutionat 30 usersin Figure
10 (a). The maximumloadsamongAPs of the central-
ized anddistributed BLA algorithmsare12% and22.6%
higherthanthe one of the optimal solutionat 40 usersin
Figure 10 (b). Although on averagethe MNU algorithm
performsmuch closerto the optimal algorithm than the
SSAalgorithm,themaximumnumberof unsatis edusers
for the centralizedanddistributedMNU algorithmsare5
and8 respectrely (Figure12(c),50 users) but for theop-
timal solutionit is 1. If networksaresmall, it is possible
in somescenariogor thedistributedalgorithmsto perform
evenbetterthanthe centralizedalgorithms(Figure12(a)).
The reasonis that in small networks, the distributed al-
gorithmshave relatively more global informationthanin
caseof largenetworks.

7 Conclusion

Motivated by recentreportsof densedeploymentsof
APsin WLANS, we studytechniquedor exploiting over-
lapping coveragefrom neighboringAPs to optimize per
formanceof multicastservices.Threeobjective functions
basedon differentrevenuefunctionsandnetwork scenar
ios arestudied: maximizingthe numberof users(MNU),
balancingheloadamongAPs (BLA) andminimizing the

3Thesedetailsare not visible in the graphdueto overlappingerror
bars

loadof APs(MLA). We shav thattheseproblemsareNP-
hard. We presentcentralizedapproximationalgorithms
anddistributedalgorithmsfor theseproblems.Using sim-
ulationswe evaluatethe performanceof theseprotocols
and nd thatcomparedvith multicastingfrom associated
APschoserbasedn strongessignal,the numberof users
canbe increaseddy up to 36:9%, andthe maximumAP
load and the total load can be reducedby up to 52:9%
and31:1%, respectiely. We concludethatthe impactof
multicastserviceson unicastservicesin WLANs canbe
effectively reducedby associatiortontrolmechanisms.

As partof futurework, we will explorelocal coordina-
tion mechanismdo guaranteeptimizationof the global
objectves,andextendour solutionsto explicitly consider
interferencdrom neighboringnodes.
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