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a b s t r a c t

Support for efficient multicasting in WLANs can enable new services such as streaming of TV
channels, radio channels, and visitor’s information. With increasing deployments of large-
scale WLANs, such services can be made available to a large number of users. However,
any new multicast based services must minimally impact the existing unicast services
which are currently the core services offered by most WLANs. In this paper, we leverage
the flexibility of associating with different access-points (APs), which occurs often due to
overlapping coverage of APs, to optimize the network’s objective. Motivated by different
revenue functions and network scenarios, three different optimization objectives are con-
sidered which are: maximizing the number of admitted users (MNU), balancing the load
among APs (BLA), and minimizing the load of APs (MLA). We show that these problems
are NP-hard and present centralized approximation algorithms and distributed approaches
to solve them. These algorithms compute which AP a user should be associated with. Using
simulations we evaluate their performance and compare them to a naive approach in which
users associate to the AP with the best RSSI (Received Signal Strength Indicator).

� 2008 Elsevier B.V. All rights reserved.

1. Introduction

The goal of anytime-anywhere connectivity is becoming
a reality with increasing deployments of large scale Wire-
less LANs. Networks deployed in industrial campuses, aca-
demic campuses, and cities are some scenarios that
illustrate the scale at which WLANs are being deployed to-
day. The city-wide network in Chaska, Minnesota1 is one
such example that provides WLAN coverage in a 15 square
miles area since October 2004. A similar network is opera-
tional in Taipei2 that consists of 2300 APs and provides cov-
erage to 50% of the city’s population, and is planned to be
extended to provide coverage to 90% of the city’s population
in the near future.

While unicast services are essential for providing Inter-
net access to individual users through WLANs, efficient
multicast support from the network can be leveraged for
distribution of live or stored multimedia data. Such ser-
vices will enable distribution of multimedia rich content
such as local news, visitor’s information, and local TV
channels.

While introducing media-rich multicast streaming in
WLANs, it is critical to ensure that the multicast services
use the resources efficiently and the unicast services get
minimally affected.

However, the 802.11 standard [1] cannot efficiently
maximize resource usage, since uncontrolled association
causes multiple APs with overlapping regions to transmit
the same multicast packets, thereby wasting resources
for unicast services. In this paper, we study how to provide
efficient multimedia multicast service to users through
controlling the user-to-AP association in WLANs. Improv-
ing the efficiency of multicast services makes it feasible
to introduce multicasting support while minimally impact-
ing unicast users.

1389-1286/$ - see front matter � 2008 Elsevier B.V. All rights reserved.
doi:10.1016/j.comnet.2008.09.013

* Corresponding author. Tel.: +1 614 292 1531; fax: +1 614 292 2911.
E-mail addresses: chenai@cse.ohio-state.edu (A. Chen), leedon@

cse.ohio-state.edu (D. Lee), prasun@cse.ohio-state.edu (P. Sinha).
1 http://www.chaska.net.
2 http://english.taipei.gov.tw.

Computer Networks 53 (2009) 45–59

Contents lists available at ScienceDirect

Computer Networks

journal homepage: www.elsevier .com/ locate/comnet



Author's personal copy

Although association control has already been consid-
ered by both the research community and the industry,
previous research on association control in WLANs primar-
ily focused on unicast traffic [2–6]. The problem of unbal-
anced AP load under RSSI-based association is discussed in
[2]. In [3,4], metrics other than RSSI are evaluated for asso-
ciation with APs, but only for unicast traffic. These works
do not consider load-balancing between APs. Recent work
[5,6] has explored the idea of association control to balance
the network load and provide max–min fairness among
users. A short version of this paper [7] was the first to
study the problem of association control in WLANs. In a re-
cent work [8] the joint optimization problem of packet
scheduling along with association control in the context
of multicasting in WLANs was studied. It uses a network
model which constrains users to connect to APs in the
same channel. In contrast, our model allows a user to con-
nect to any neighboring AP by switching its channel. In
addition, the objectives as well as the algorithmic method-
ology used are also different.

Our study of association control considers three differ-
ent objective functions that are aimed to optimize typical
revenue models used by service providers. The objective
functions considered are as follows:

� Maximizing number of users (MNU): Under high load
scenarios, it may not be feasible to satisfy all the users’
multicast requests. In such cases, it may be critical to
maximize the number of admitted multicast flows. If
the service provider charges customers based on the
duration of the multicast flows, then this objective func-
tion will be of interest.

� Balancing load among APs (BLA): In case the users’
requests can be all met, it is critical to balance the mul-
ticast load so that the available fraction of time for uni-
cast is also balanced. More precisely, the objective here
is to minimize the maximum fractional time used by
an AP for multicast traffic. This will lead to fairer share
of the unicast bandwidth in case of uniform distribution
of users across APs. If the revenue function gives higher
weight to unicast traffic and the revenue function for
unicast traffic per user is concave, then BLA will likely
lead to improved overall revenue for the service
provider.

� Minimizing load of APs (MLA): The objective is to reduce
the sum of multicast load across all the APs in the
WLAN. This will maximize the total available time for
unicasting. Under revenue models where there is a flat
rate per byte of unicast data, and a scenario with a suf-
ficient number of users requesting unicast traffic, MLA
may be the desired objective function for the service
provider.

We make the following contributions in this paper.
First, we show the NP-hardness of the three problems even
if we restrict the problem so that multicast/broadcast
packets are always transmitted at the lowest rate sup-
ported by the physical layer. Second, we reduce the three
problems to other known problems and present central-
ized approximation algorithms. For MNU, MLA and BLA,
we present approximation algorithms with approximation

factors of 8; log8
7
ðnÞ þ 1 and lnðnÞ respectively. Third, we

present distributed approaches to solve the problems,
although we believe that in smaller WLANs (of the order
of 100 APs) centralized algorithms are still feasible to exe-
cute. Note that distributed solutions are preferred in large
networks due to their lower signaling complexity in the
wired network.

Fourth, through simulations we study the performance
of the proposed distributed and centralized solutions for
the three objectives. We also compare the performance
of MLA, BLA, and MNU algorithms with the optimal
solutions.

The presented formulations, NP-hardness proofs, and
solutions for problems MNU and BLA, also apply if we con-
sider unicast flows in place of multicast flows. However,
the problem MLA is not NP-hard if we only consider uni-
cast flows. For MLA with unicast flows only, the total load
of all APs is a summation of the load generated by each
user. The latter can be minimized by selecting APs based
on RSSI.

The rest of this paper is organized as follows: Section 2
summarizes relevant related work. Section 3 defines the
network model, the problems, the notations, and the ter-
minology used in the paper along with the solution frame-
work. The centralized and distributed algorithms for MNU,
BLA, and MLA are described in Sections 4–6, respectively.
Section 7 presents a detailed evaluation of our approach
and comparison with the RSSI-based approach using simu-
lations. The future work is described in Section 8. Finally,
Section 9 concludes the paper.

2. Related work

In this section, we outline related works in the areas of
MAC layer multicast/broadcast and controlled association
in wireless networks.

MAC layer multicast protocols: IEEE 802.11 MAC proto-
col implements multicast using broadcast. As the 802.11
broadcast is unreliable, several protocols [9–16] have been
proposed to improve reliability. Kuri and Kasera [9] pro-
posed a reliable multicast protocol for WLANs. Tang and
Gerla [10,11] proposed an 802.11 extension for ad hoc net-
works that confirms that at least one receiver has received
the broadcast packet. In [12], Tang and Gerla proposed the
BMW (Broadcast Medium Window) protocol which imple-
ments broadcast based on unicast and exploits overhearing
by receivers. In [13], Sun et al. proposed BMMM (Batch
Mode Multicast MAC) protocol to implement reliable
MAC layer multicast. Some MAC layer multicast/broadcast
protocols, such as BPBT [14], RMAC [15], and 80211MX
[16], use busy-tone to implement multicast reliability,
while Chaporkar et al. [17,18] proposed algorithms for
maximizing throughput for MAC layer wireless multicast
using busy tones. In contrast to these approaches, our solu-
tions are implemented above the MAC layer, and they can
co-exist with such MAC layer extensions for supporting
multicasting.

Association control: In 802.11 networks, user nodes of-
ten use RSSI as the key metric in selecting the AP. The prob-
lem of unbalanced AP load under RSSI based association
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was discussed in [2]. In [3,4], new metrics were studied to
select a unicast AP instead of signal strength. Packet error
rate and number of users were used in [3]. The authors
showed deployability and robustness of their AP selection
architecture. Association time, system load, and signal/
noise ratio (SNR) together were used to initiate handoff
in [4]. The authors argued that their approach can provide
Quality of Service (QoS) guarantee.

Recent works [5,6] have explored the idea of association
control to balance the network load and provided max–
min fairness among users. The authors in [5] proved that
balancing the network load is equivalent to achieving the
max–min fairness, and presented algorithms that achieve
a constant-factor approximation to max–min fair band-
width allocation. In [6], an analytical model was formu-
lated for AP selection as an optimization problem to
maximize different utility functions. The authors provided
the optimal association results for some simple cases.
However, these works primarily focused on unicast traffic.

In a recent work [8] the joint optimization problem of
packet scheduling along with association control in the
context of multicasting in WLANs was studied. However,
it uses a different network model in which all APs and
users use one common channel. In contrast, in this work
we allow users to switch to the channel of a neighboring
AP for association, and assume that adequate frequency
planning has addressed interference of nearby APs.

For broadcast service in wireless mesh networks, an
association control based solution was proposed in [19],
where minimum cost based greedy selection of an access
point was shown to decrease the size of the broadcast tree.
The authors also proposed the concept of multi-associa-
tion, where the AP for unicast traffic and the AP for broad-
cast traffic are independently chosen by exploiting
multiple coverages that are typical in mesh networks.

3. Preliminaries

In this section, we present the network model and out-
line the problems that are addressed in this paper.

3.1. Network model

We consider a WLAN with a set of users U and a set of
access points A. The cardinality of U is denoted by n and
the cardinality of A is denoted by m.

We use pa to denote the maximum load AP a 2 A is al-
lowed for multicast traffic. This parameter is used to limit
the resource allocation for multicast traffic and provide
protection to unicast traffic. Note that 0 6 pa 6 1. For
every user u 2 U, let Nu ¼ fa : a 2 A and a is an AP
that is in communication range of user ug.

We refer to an AP within the communication range of a
user as a neighbor AP. We define variables xu;a such that
xu;a ¼ 1 if u is associated with a; otherwise, xu;a ¼ 0. The
maximum possible data rate on a link from an AP a to a
user u is denoted by ra;u. The set of discrete values that
ra;u can take is denoted by R, where jRj ¼ d.

ra;u ¼ 0 if u is out of the transmission range of a. We use
S to denote the set of multicast sessions, and jSj ¼ l. Let bs

be the data rate of multicast session s 2 S. We use su 2 S to
denote the multicast session user u subscribes to.

If an AP transmits multicast packets to its associated
users, it uses the lowest rate among these users’ maximum
possible data rates on the links to this AP, to ensure recep-
tion by all users. We assume that MAC layer multicast/
broadcast can support multi-rate transmission3 although
in the current IEEE 802.11 MAC layer standard, broadcast
packets are always transmitted at the basic data rate. How-
ever, if the basic data rate is always used for multicast/
broadcast, the problems MNU, BLA and MLA are still NP-
hard because our NP-hardness proofs for these problems
do not require multi-rate transmission, and the proposed
algorithms are still applicable.

Each user node and each AP has a single radio. We as-
sume that the radio channels of the neighboring APs are
configured such that they do not interfere. Although IEEE
802.11b/g only has three non-overlapping channels, the
IEEE 802.11a standard operates in the 5 GHz spectrum that
supports 12 non-overlapping channels in US/Canada. The
APs are connected using a wired LAN to one or more gate-
ways that provide connectivity to the Internet. We assume
that users are quasi-static, which means that they often
tend to stay at one place for a relatively long time period
before changing their location. This assumption is sup-
ported by recent studies of user mobility patterns in de-
ployed WLANs [21,22].

Each user may request one multicast stream from the
WLAN.

A user requesting a multicast stream is referred to as a
multicast user, and a user requesting unicast service is re-
ferred to as a unicast user.

If a user can only be a unicast user or a multicast user,
we do not need to do any other modification to the
802.11 standard except for replacing the association algo-
rithm for multicast users.

If a user can be both a unicast as well as a multicast
user, the network framework described in [19] can be ap-
plied, where the APs are synchronized through a time-syn-
chronization protocol and each user independently selects
one AP for unicast and another one for multicast services.

3.2. Problem statement

This paper focuses on algorithms for selecting the opti-
mal AP for multicasting. We study three different objective
functions and propose approximation algorithms for solv-
ing them. The suitability of the objectives depends on the
user demands, user distribution, and the network provid-
ers revenue function. We first define the term multicast
load that is used by some of the objective functions.

Definition 1. Multicast load: the multicast load of an AP is
the fraction of time that the AP is busy in transmitting
multicast flows; the normalized multicast load of a
network is the average multicast load of an AP.

3 Recent research [20] has implemented the multi-rate broadcast/
multicast.
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Maximizing number of users (MNU): When there is a
heavy demand for multicast flows, all the multicast users’
requests can not be met. For such scenarios, we define
the goal to be maximization of the number of users that
get multicast service from the network.

An example revenue model is when the unicast services
have a monthly charge, but the multicast services are
charged based on the time for which multicast streams
are served to users.

Under this model, increasing the number of satisfied
multicast users will increase the total revenue for the ser-
vice provider.

Balancing load among APs (BLA): In order to reduce the
impact of multicast services on unicast flows, it is critical
to reduce the length of the multicast period. This can be
achieved by balancing the multicast load of the APs. Specif-
ically, the objective here is to minimize the maximum mul-
ticast load among all APs.

Consider a revenue model where one multicast flow is
included in the basic monthly charges. Assume that the
revenue function for unicast flows is concave, i.e., margin-
ally decreasing with increasing bandwidth. Concave reve-

nue functions are well known for achieving fairness
among flows [23]. Then balancing the multicast load will
typically lead to fairness among the unicast flows, and
therefore a higher total revenue.

Minimizing load of APs (MLA): In order to free up the
maximum amount of total time for unicast services, the to-
tal multicast load needs to be minimized. Although this
can lead to an uneven distribution of the multicast load,
for some revenue models this may be of interest.

Consider a revenue model where one multicast flow is
included in the basic monthly charges. However, the uni-
cast services are charged per byte. In scenarios where there
is a high demand for unicast traffic, maximizing the total
amount of unicast traffic will maximize the revenue, while
satisfying the multicast users.

An example: We use the example scenario shown in
Fig. 1 to describe these three problems. The WLAN consists
of two APs, a1; a2, and, 5 users, u1;u2; . . . ;u5. Suppose that
all traffic is multicast.

The maximum data rates to the five users u1;u2;u3;u4

and u5 from a1 are 3;6;4;4, and 4 Mbps, respectively. AP
a2 can communicate only with users u3;u4, and u5, and

Fig. 1. An example network scenario: users u1 and u3 request for multicast session s1, and users u2; u4; u5 request for multicast session s2. The dark lines
between the users and APs represent the associations. The dotted lines represent the remaining links.

48 A. Chen et al. / Computer Networks 53 (2009) 45–59
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the maximum data rates are 5;5, and 3 Mbps, respectively.
Suppose that users u1 and u3 request multicast sessions s1,
and users u2;u4, and u5 request for multicast session s2.

If the multicast data rates of s1 and s2 are both 3 Mbps,
this WLAN cannot support all users because u1 and u2 can
only be associated with a1, and a1 cannot provide multicast
service to u1 and u2 simultaneously. The reason is that if
both u1 and u2 are supported by a1 then the total load on
a1 will be 3

3þ 3
6 > 1, which is infeasible. In case of

RSSI-based association, users u2 and u5 can receive s2

transmitted at 4 Mbps from a1, and user u3 can receive s1

transmitted at 5 Mbps from a2. In such scenarios, the
objective of maximization of number of users (MNU) is rel-
evant. One of the optimal solutions is that u2;u4, and u5 are
associated with a1 and u3 is associated with a2. Thus, four
users can be supported instead of three with the
RSSI-based association.

Suppose the data rate of s1 and s2 are both 1 Mbps and
the objective is to balance the multicast load among APs
(BLA) by minimizing the maximum multicast load among
the APs. In the optimal solution u1;u2, and u3 are associ-
ated with a1, and u4 and u5 are associated with a2. The load
of a1 will thus be 1

3þ 1
6 ¼ 1

2 and the load of a2 will be 1
3.

Suppose the data rate of s1 and s2 is 1 Mbps and the
objective is to minimize the total load of all APs for multi-
cast streams (MLA). In the optimal solution all users are
associated with a1, which results in a total AP load of
1
3þ 1

4 ¼ 7
12.

3.3. Solution framework

In this section, we present the framework for the cen-
tralized and the distributed solutions. Our centralized solu-
tions are based on reductions of the three problems to
variants of the set cover problem. We present definitions
of two problems from [24] that are used in the reductions:

Definition 2. Maximum coverage with group budgets
(MCG) – cost version: There are k subsets S1; S2; . . . ; Sk of
a ground set X. There are l sets G1;G2; . . . ;Gl, each Gi being a
subset of {S1; . . . ; Sk}. Each Gi is a group and the groups are
disjoint from each other.

A cost cðSjÞ is associated with each set Sj. Further, each
group Gi is given a budget Bi and the overall budget is B.
The objective is to find a subset H of {S1; . . . ; Sk} to
maximize the size of the union of sets in H under the
limitation that the total cost of the sets in H is at most B,
and for any group Gi, the total cost of the sets in H

T
Gi is at

most Bi.

Definition 3. Set cover with group budgets (SCG): There is
a set S ¼ fS1; S2; . . . ; Skg of subsets of a ground set X. The set
S is partitioned into groups G1;G2; . . . ;Gl. A cost cðSjÞ is
associated with each set Sj. The objective is to find a subset
H of S such that all elements of X are covered by sets in H
and maxl

i¼1cðH
T

GiÞ is minimized.

For solving the three problems we use reductions to either
MCG or SCG. The main steps of the construction are outlined
below. The set of all users becomes the ground set X in the in-
stance of MCG or SCG. Corresponding to each AP, we create
jRj � jSj subsets of X in MCG, where jRj is the number of dis-

crete transmission rates that the WLAN supports and S is
the set of multicast sessions. Thus, each subset represents a
unique 3-tuple of an AP, a transmission rate, and a multicast
session. The cost of a subset is the ratio of the corresponding
multicast session’s data rate and the transmission rate.

All such subsets that are related to AP ai form the group
Gi. The budget Bi for the group Gi is the fraction of the time
AP ai is allowed to spend on multicast transmissions (pi).

For our problem, there is no overall budget limitation
for the whole network, i.e., B ¼ 1, as we assume that the
capacity of the wired network is not the bottleneck.

For the distributed solutions, each user periodically
sends a query message to each of its neighboring APs. As
the APs may be in different channels, the user may need
to query on all channels. However, this step can be signif-
icantly optimized by maintaining a cache of channels or by
learning about the candidate channels in the vicinity from
any AP. Each AP responds with a message containing infor-
mation about the ongoing multicast sessions and the cor-
responding data rate of such transmissions. The user also
learns the maximum data rate for the link from the neigh-
boring APs to itself. If a user is currently associated with an
AP a, this user also needs to know the resulting load of a if
it leaves AP a. Based on all this information, each user
determines the AP to associate with. Details of how this
information is used is provided in the corresponding sec-
tions that deal with the three problems.

The communication overhead on the wireless channel
for the distributed solution is dependent on the number
of neighboring APs for a user and the number of channels
(say c). In the worst case each round of query from a user
will incur mc messages, thus resulting in nmc messages
considering all users. The periodicity of querying will im-
pact the time to respond to mobility and changing channel
conditions. For the centralized solutions, the same infor-
mation has to be transmitted to a central network element
such as a gateway. Therefore, the complexity of messages
on the wireless channel will be of the same order. How-
ever, for centralized solutions there is additional overhead
of messages on the wired network and additional delay
due to collection, processing and dissemination of the solu-
tion at the gateway.

For our solutions to work in a real deployment, users
need to cooperate to reach the common goal on the net-
work’s side. In order to enforce such behavior, the network
can detect selfish users and penalize them either by reduc-
ing their quality of service or by dropping their requests. As
the centralized solutions are implemented by a network
entity such as the gateway, the APs can be made aware
of which users will be associated with which APs to help
detect selfish users. For the distributed solutions, the APs
can mimic the computation of the users based on channel
quality information obtained from nearby users and APs.
User associations that are repeatedly deviating from the
computations of the APs can used to identify selfish users.

4. Maximizing number of users (MNU)

In this section, we formulate the problem MNU, show
its NP-hardness, and present centralized and distributed
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algorithms. We present an ILP (integer linear program-
ming) for MNU to formalize the problem definition.

ðProblem MNUÞmaximize
X

u2U

X

a2A

xu;a ð1Þ

subject to qa;su
P

bsu

ru;a
xu;a; 8u 2 U; 8a 2 Nu ð2Þ

X

s2S

qa;s 6 pa; 8a 2 A ð3Þ
X

a2Nu

xu;a 6 1; 8u 2 U ð4Þ

xu;a ¼ 0; 8u 2 U; 8a R Nu ð5Þ
xu;a 2 f0;1g; 8u 2 U; 8a 2 A ð6Þ
qa;s P 0; 8a 2 A; 8s 2 S ð7Þ

Constraint 2 ensures that the load qa;s of a multicast ses-
sion s on AP a is determined by the user u with the mini-
mum rate ru;a, among all users that are associated with
AP a for multicast session s. Constraint 3 ensures that the
total load of an AP a for multicasting is not more than its
maximum allowable multicasting load. Constraint 4 forces
each user to associate with at most one neighboring AP.
Constraint 5 ensures that a user u can not be associated
with a non-neighboring AP. The restrictions on the possible
values for the variables xu;a and qa;s, are in Constraints 6
and 7.

We show that MNU is an NP-hard problem, by showing
a reduction from the decision version of bin packing prob-
lem (see Appendix B). As the decision version of the bin
packing problem is NP-complete [25], MNU is NP-hard.

Note that MNU is trivially in P, if there is only one mul-
ticast session in a WLAN. For a single session, all APs can
choose to transmit at the lowest possible rate so that the
maximum allowable multicast load on each AP is not
violated.

4.1. Centralized MNU

In order to solve this problem, we first construct an in-
stance of MCG from a given instance of MNU, as outlined in
Section 3.3. We illustrate the reduction through an
example.

Example – MNU: If the data rate of s1 and s2 is 3 Mbps in
the WLAN shown in Fig. 1, we can reduce the problem
MNU for the WLAN to the problem MCG shown in Fig. 2.
One of the optimal solutions for this problem MCG is
H ¼ fS4; S5g.

In [24], the authors presented a greedy algorithm for
MCG as it is an NP-hard problem. Because there is no over-
all budget limitation for our problem, we adapt the algo-
rithm in [24] and present the modified algorithm below.

The algorithm greedily picks up subsets with minimum
cost for every additional element until either all elements
have been covered or until each group’s budget has been
violated by the last selected subset for the group. In the
pseudo-code presented in Fig. 3, H represents the set of se-
lected subsets at any step. The set X0 denotes the elements
of X which have not yet been covered by the subsets in H.
The statements from line 3 to line 14 are repeatedly exe-
cuted until all the group budgets are exceeded or all ele-
ments of X get covered. The variable flag is used for this
purpose in line 11. In the for loop, Centralized MNU finds
a set Sj in every group Gi whose budget has not been ex-
ceeded, and Sj is the set which is the most cost-effective

set in the group Gi, i.e.,
jSj

T
X0 j

cðSjÞ
¼maxD2Gi

jD
T

X0 j
cðDÞ . Then in line

12, Centralized MNU finds the most cost-effective set in the
sets selected in the for loop. This set is added into H and the
elements in this set is removed from X0 in line 13. Eventu-
ally, we get the output H.

Obviously, H does not obey the group budget require-
ments. We assume the cost of any single set Sj in any group

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

Fig. 2. The reduction from problem MNU for the WLAN in Fig. 1 to problem MCG. The data rate of s1 and s2 is 3 Mbps. One of the optimal solutions for this
problem MCG is H ¼ fS4; S5g.

50 A. Chen et al. / Computer Networks 53 (2009) 45–59



Author's personal copy

Gi is not more than the budget of Gi. We partition H into
two subsets H1 and H2. H2 contains those sets Sj which
when added to H caused the budget of some group Gi to
be violated. H1 ¼ H � H2. Observe that H1 and H2 by them-
selves do not violate the budget constraints and one of
these two sets must be covering at least 1/2 the number
of elements covered by H. Out of H1 and H2, we select
the one which covers the most number of elements. The fi-
nal solution directly maps to the solution to the problem
MNU. This algorithm has an approximation factor of 8, as
shown in Appendix A.

The complexity of the algorithm is polynomial. The
number of sets is nmd. The repeat loop will be executed
at most n times, as at least one user is covered in each iter-
ation. The for loop is executed m times. The argmax oper-
ation in step 6 takes nmld time. Thus, the total time
complexity of the algorithm is Oðn2m2dlÞ.

Example – Centralized MNU: we run Centralized MNU
algorithm on the problem MCG shown in Fig. 2. S4 is se-
lected in the first round because it has the maximum va-

lue of
jS4

T
X0 j

cðS4Þ
¼ 3

3=4 ¼ 4 among all Sið1 6 i 6 7Þ. After that,

H ¼ fS4g, X 0 ¼ fu1;u3g. In the second round, S2 is selected

because it has the maximum value of
jS2

T
X0 j

cðS2Þ
¼ 2

1 ¼ 2 and
cðH

T
G1Þ ¼ cðS4Þ ¼ 3=4 < B1 ¼ 1. After that, we get output

H ¼ fS2; S4g because X 0 ¼ /. Now, cðH
T

G1Þ ¼ cðS2Þ
þcðS4Þ ¼ 7=4 > B1 ¼ 1. We divide H into H1 ¼ fS4g and
H2 ¼ fS2g. Eventually, we get output H1 because H1 cover
more elements than H2. Therefore, u2;u4;u5 are associated
with a1 and 3 users get multicast streams.

4.2. Distributed MNU

We present a distributed algorithm to maximize the
number of users.

As the total load of the APs for multicast is fixed, every
user should increase the total load minimally in order to
attempt increasing the total number of users. Due to the
lack of global view, the distributed approach has to take
decisions based only on local information obtained from
the APs.

Using the framework presented in Section 3.3, each user
computes the total load of its neighboring APs if it associ-
ates with it without violating the maximum multicast load
for that AP. The user then associates with the neighboring
AP that results in the least increase in the total load (with-
out considering this user), and ties are broken based on
RSSI. Observe that if a user changes its association, the total
load of the neighboring APs will go down.

Example – Distributed MNU: consider that the data rate
of s1 and s2 is 3 Mbps in the WLAN in Fig. 1, and users use
the distributed algorithm in the order u1;u2;u3;u4;u5. First
u1 associates with a1. Then, u2 can not associate with a1 be-
cause of the load limitation of a1. After that, u3 associates
with a1, which results in the minimum total load 1 of

Fig. 3. Centralized solution for MNU.

1 2 3 4

1111

1 2

Fig. 4. Negative example of convergence for simultaneous local deci-
sions: all users request the same multicast session. Users u1 and u2 are
associated with a1, and u3 and u4 are associated with a2. u2 and u3 always
make their local decisions simultaneously. The initial associations are
shown using solid lines.
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u3’s neighboring APs a1; a2. Similarly, u4 and u5 are associ-
ated with a2. Eventually, four out of the five users receive
their multicast service.

The algorithm Distributed MNU converges when the net-
work becomes static, if at any time only one user computes
its association and the resulting state is updated in all
nodes before the next user computes its association. In a
static network, a user’s change in association will result
in a reduction in total load of its neighboring APs, and
therefore the total network load. As there are finite num-
ber of APs, data rates, and users, and the total network load
is not increasing in each step, the solution will eventually
converge.

However, if the users in an AP’s transmission range
make their local decisions simultaneously, the algorithm
Distributed MNU may not converge. The example scenario
is shown in Fig. 4. AP a1 can communicate with u1;u2

and u3 with the rates 5, 4 and 4 Mbps, respectively; AP
a2 can communicate with u2;u3 and u5 with the rates 4,
4 and 5 Mbps, respectively. Users u1 and u2 are associated

with a1, and u3 and u4 are associated with a2. All users re-
quest the same multicast session s1 with the rate 1 Mbps.
So, the current total load of a1 and a2 is 1

4þ 1
4 ¼ 1

2. Now, u2

and u3 make the local decision simultaneously. If only u2

changes its association and it associates with a2, the total
load of a1 and a2 is reduced to 1

5þ 1
4 ¼ 9

20. If only u3 changes
its association and it associates with a1, the total load of a1

and a2 is reduced to 1
4þ 1

5 ¼ 9
20. Therefore, both u2 and u3

will change their associations, which actually does not
change the total load. Next, if u2 and u3 make local deci-
sions simultaneously again, u2 and u3 will be associated
with a1 and a2 respectively, again. Therefore, the algorithm
does not converge.

5. Balancing load among APs (BLA)

In this section, we prove the NP-hardness of the BLA
problem and present centralized and distributed algo-
rithms. The objective is to minimize the maximum load
among the APs.

Fig. 6. Algorithm Centralized BLA.

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

Fig. 5. The reduction from problem BLA for the WLAN in Fig. 1 to problem SCG. The data rates of s1 and s2 are both 1 Mbps. The optimal solution of this SCG
problem is H ¼ fS2; S3; S7g.
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We present a reduction from Minimum Makespan
Scheduling problem [26] to the BLA problem, which is de-
scribed in the Appendix B, to prove the NP-hardness of BLA.

Based on the reduction, BLA is NP-hard because the
Minimum Makespan scheduling problem is NP-hard. Note
that BLA is in P if there is only one multicast session. As
there are constant number of discrete transmission rates,
each of these transmission rates can be checked in se-
quence for feasibility of being the maximum transmission
rate. For a given value of the transmission rate, all APs are
assigned the same rate (as the optimization function only
concerns the maximum). Among all the transmission rates
the highest rate (when assigned to all APs) that provides
service to all users, is the solution.

The ILP for BLA is similar to the ILP for MNU. The objec-
tive function and the Constraints 4 and 5 are different,
which are described below:

ðProblem BLAÞ minimize Z ð8Þ
X

a2Nu

xu;a ¼ 1; 8u 2 U ð9Þ
X

s2S

qa;s 6 Z; 8a 2 A ð10Þ

ð3Þ ð6Þ and ð7Þ ð11Þ

Constraint 9 ensures that every user u is associated with
exactly one of the neighboring APs. Constraint 10 forces Z
to be higher than the load of all APs. The objective function
minimizes Z which leads to minimization of the maximum
load.

5.1. Centralized BLA

We solve BLA by reducing it to an instance of the SCG
problem using the construction presented earlier in Sec-
tion 3.3.

Example – BLA: If the data rate of s1 and s2 is 1 Mbps in
the WLAN in Fig. 1, we can reduce the problem BLA for the
WLAN to problem SCG shown in Fig. 5. The optimal solu-
tion of this SCG problem is H ¼ fS2; S3; S7g.

SCG is also NP-hard. In [24], the authors gave an algo-
rithm for the cardinality version of SCG based on the gree-
dy algorithm for MCG. Our algorithm is similar (Fig. 6). It
has an approximation factor of ðlog8=7nþ 1Þ, as shown in
the Appendix A.

To implement the algorithm Centralized BLA, there is an
issue of how to guess B�.

Let the maximum cost among all subsets of X in all
groups be cmax. B� also should be less than 1. Therefore,
we can try several (a constant number) values of B� be-
tween cmax and 1 to get the best result.

The algorithm requires log8=7nþ 1 executions of the
solution for MNU. So the complexity is Oðn2m2ld logðnÞÞ.

Example – Centralized BLA: We run Centralized BLA
algorithm on the problem SCG shown in Fig. 5. Let
B� ¼ 1=2, and create an instance of problem MCG. Then
run Centralized MNU, and get the output fS4g. After that, re-
move u2;u4;u5 from every Sið1 6 i 6 7Þ and create a new
instance of MCG. Run Centralized MNU again, and get out-
put fS2g. Therefore, all users are associated with a1.

5.2. Distributed BLA

As the objective is to balance the load among APs, a user
should attempt to minimize the maximum load of the
neighboring APs. The following is the distributed algorithm
for BLA.

Using the distributed solution’s framework presented in
Section 3.3, each user calculates the resulting sequence of
loads of neighboring APs for each choice of association
with a neighboring AP. Each load sequence is sorted in

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

Fig. 7. The reduction from MLA problem for the WLAN in Fig. 1 to the set cover problem. The data rate of s1 and s2 is 1 Mbps. The optimal solution of this set
cover problem is H ¼ fS2; S4g.
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non-increasing order, and the user joins the AP with the
lexicographically smallest sorted load sequence.

Example – Distributed BLA: Assume that the data rates
of s1 and s2 are both 1 Mbps in the WLAN in Fig. 1, and
users run the distributed algorithm in the order
u1;u2;u3;u4;u5. First u1 and u2 are associated with a1. After
that, u3 makes the decision. If u3 is associated with a1, it’s
neighboring APs’ load vector in non-increasing order is
(1/2, 0); if u3 is associated with a2, the load vector is
(1/2, 1/5). Therefore, u3 is associated with a1. Next, if u4

is associated with a1, its neighboring APs’ load vector with
non-increasing order is (7/12, 0); if u4 is associated with a2,
the load vector is ð1=2;1=5Þ. Hence, u4 is associated with
a2. Similarly, u5 is associated with a2. Eventually, the load
of a1 is 1=2 and the load of a2 is 1/3, which is also the
optimal solution.

The distributed algorithm for BLA converges when the
network is static if in an AP’s transmission range, only
one user runs the algorithm at a given time and all infor-
mation is updated before the next user computes its asso-
ciation. This follows from the observation that each action
by a user reduces the vector of neighboring APs’ loads and
therefore the global vector.

However, if the users in an AP’s transmission range
make their local decisions simultaneously, the distributed
algorithm for BLA may not converge. The example scenario
is same as the scenario for the distributed algorithm for
MNU shown in Fig. 4.

6. Minimizing the load of APs (MLA)

In this section, we prove the NP-hardness of MLA and
describe our centralized and distributed algorithms. The
objective of MLA is to reduce the total network load. The
constraints of the ILP for MLA are same to the constraints
of the ILP-BLA except that Inequality 10 is not needed.

The MLA problem is formally defined as follows:

ðProblem MLAÞ minimize
X

a2A

X

s2S

qa;s ð12Þ
X

a2Nu

xu;a ¼ 1; 8u 2 U ð13Þ

ð2Þ ð3Þ ð6Þ and ð7Þ ð14Þ

We show that MLA is an NP-hard problem, by showing a
reduction from the Set Cover problem, which is described
in the Appendix B. MLA is NP-hard as set cover problem
is NP-hard [25].

6.1. Centralized MLA

In order to solve MLA, we reduce it to the set cover
problem using the construction presented in Section 3.3
except that there are no groups since we are concerned
with the total multicast load of a network. The load on each
AP is not of concern.

Example – MLA: If the data rates for s1 and s2 are 1
Mbps in the WLAN in Fig. 1, we can reduce problem MLA
for the WLAN to the set cover problem shown in Fig. 7.
The optimal solution of this set cover problem is
H ¼ fS2; S4g.

We use the greedy solution [26] to the set cover prob-
lem in our simulations. However, it should be mentioned
that the layer algorithm, which is bounded by a constant,
can also be used if for any user the number of APs that it
can associate with is bounded by a constant [26]. The cost
version of the greedy set cover algorithm is shown in Fig. 8,
which can be directly used to solve MLA after reducing it to
an instance of the set cover problem. As the number of sets
is mdl, the time complexity of the algorithm is OðnmdlÞ.

Example – Centralized MLA: We run CostSC algorithm
on the set cover problem corresponding to Fig. 7. S4 is se-
lected in the first round because it has the maximum value
of

jS4

T
X0 j

cðS4Þ
¼ 3

1=4 ¼ 12 among all Sið1 6 i 6 7Þ. After that,
H ¼ fS4g, X 0 ¼ fu1;u3g. In the second round, S2 is selected

because it has the maximum value of
jS2

T
X0 j

cðS2Þ
¼ 2

1=3 ¼ 6. After

that, we get output H ¼ fS2; S4g because X0 ¼ /. Therefore,
all users are associated with AP a1, which is also the opti-
mal solution. The algorithm CostSC is a ðln nþ 1Þ-approxi-
mation algorithm for the set cover problem as proven in
[26] and stated in the theorem in Appendix A.

6.2. Distributed MLA

Because the objective of MLA is to minimize the total
load of the APs in the network, intuitively, a user should
be associated with the AP which increases the total load
minimally. Therefore, we use the same distributed algo-
rithm for MLA as the one for MNU.

Example – Distributed MLA: Consider that the data rate
of s1 and s2 is 1 Mbps in the WLAN in Fig. 1, and users use
the distributed algorithm in the order u1;u2;u3;u4; u5. First
u1;u2 is associated with a1. After that, u3 is associated with
a1 because the total load of u3’s neighboring APs a1 and a2

is 1
3þ 1

6 ¼ 1
2 if u3 is associated with a1 and the total load is

1
3þ 1

6þ 1
5 ¼ 7

10 if u3 is associated with a2. Similarly, u4;u5

Fig. 8. Algorithm CostSC [26].
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are associated with a1. Eventually, all users are associated
with AP a1, which is also the optimal solution.

7. Performance evaluation

In this section we report on performance studies of the
proposed association algorithms for multicast using simu-
lations in the Network Simulator ns2 [27].4 The simulation
results show the average performance of our algorithms,
while our analysis in the previous sections only shows the
performance of our algorithms in the worst cases. We com-
pare the performance of the three algorithms, MLA, BLA, and
MNU, with the RSSI-based association algorithm (RSSI). We
have simulated the proposed algorithms over 1.2 km2 area
with up to 200 APs and 400 users randomly located in the
area. The radio propagation range of both AP and user is
200 m. The transmission rates and their distance thresholds
are shown in Table 1. The users collect information of neigh-
bor APs using active scanning [28]. Every user joins one mul-
ticast session. The APs operate in IEEE 802.11a infrastructure
mode. We use 0.9 as the load limitation of multicast for
every AP. Unless otherwise specified, we use five multicast
sessions. Each user selects one of the multicast sessions at
random. We assume nearby APs use different channels and
there is no interference among their transmission with
users. These simulation settings are used for all algorithms
unless mentioned otherwise. We depict the average of 40
random scenarios in the figures, along with the 95% confi-
dence interval. In order to clearly depict the graphs with
the confidence intervals, we slightly offset the curves for
our algorithms (other than RSSI) on the x-axis. The x-axis
values shown for the RSSI curves are the true x-axis values.

Minimizing load of APs: Fig. 9 shows the normalized
load with respect to the number of users, APs, and sessions,
respectively. Figs. 9a and c show that as the number of
users and the number of sessions increase, the total AP
load increases, because of increased demand for multicast
traffic. In Fig. 9a we observe that for higher number of
users, the improvement in normalized AP load is higher.
In case of RSSI, with increasing number of users, a large
number of APs end up transmitting a large number of ses-
sions at low data rates as the multicast transmission rate
caters to the associated user with the lowest data rate.

The normalized multicast load for the centralized MLA
performs 25% better than that of RSSI for 400 users
(Fig. 9a). For low user-to-AP ratio (50 users, 200 APs), our
algorithms perform similar to RSSI, as there are few oppor-
tunities for taking advantage of simultaneous reception of
multicast packets by multiple users. The normalized AP
load, however, has an inverse relationship to the number
of APs as shown in Fig. 9b. The reason is that the resulting
increased density of APs allows for higher transmission
rate between APs and users.

The distributed algorithm performs similar to the cen-
tralized algorithm.

Due to poor frequency planning, high density of deploy-
ment, or scarcity of available channels, interference from

nearby APs may reduce the maximum possible load of an
AP. For example, in dense scenarios with as many as 200
APs, an AP may observe a large number of interfering APs
in its vicinity which will lead to interference. One way to
address interference is to modify the definition of ‘‘load”
to include the fractional time that an AP’s channel is busy
due to interference from nearby APs. However, this model
does not differentiate between interference at a user loca-
tion and at the AP. Another approach is to consider the
joint optimization problem of frequency planning and load
optimization. Extending our work while considering inter-
ference is left as future work. In a related work [8], a differ-
ent WLAN model that considers only binary interference
between APs is considered. However, in that work a differ-
ent objective of determining a schedule for transmissions
from APs to multicast users is studied. For simplicity, in
this evaluation we assume that there is no interference
from nearby APs, or alternately there are an unlimited
number of channels.

Balancing load among APs: Fig. 10 shows the maximum
load among APs with respect to the number of users, APs,
and sessions, respectively. The centralized BLA algorithm
has 26% (50 users) to 49% (400 users) lower maximum load
than RSSI (Fig. 10a). Moreover, unlike the RSSI algorithm,
for the distributed and centralized BLA algorithms, the
maximum load increases slowly with the number of users
and sessions (Figs. 10a and c). Fig. 10b shows that the max-
imum load decreases as the number of APs increases, since
the multicast load can be shared by more APs. We observe
that the centralized and distributed BLA algorithms have
similar performance.

Maximizing number of users: Fig. 11 shows the number
of satisfied users with respect to the multicast load limita-
tion. As the multicast load limitation increases, the number
of satisfied users increases as well.

The centralized algorithm increases the number of
admitted users by 4% (load 0.16) to 40% (load 0.04). The
distributed algorithm increases the number of admitted
users by 4% (load 0.16) to 18% (load 0.08). For higher mul-
ticast load limit per AP, fewer users will be constrained and
hence the scope for improvement by association control is
reduced.

Overloaded hotspots: In Fig. 12, we evaluate the perfor-
mance for busy hotspots such as airports and malls, where
there are few APs but a large number of users. The user-to-
AP ratio is of the order of 10–100. In such cases the reduc-
tion in normalized AP load and the maximum AP load is
not significant compared to sparser scenarios shown in
previous graphs. Due to the large number of users with
varying data rates to different APs, and varying multicast
demands, each AP needs to transmit a large number of
sessions at low data rates, leaving little room for
improvement.

Optimal solutions: In Fig. 13, we evaluate the optimality
of MLA, BLA, and MNU algorithms by comparing them with

Table 1
Transmission rate vs. distance threshold [29]

Rate (Mbps) 6 12 18 24 36 48 54

Distance threshold (m) 200 145 105 85 60 40 35
4 The simulation source code can be downloaded from http://www.cse.

ohio-state.edu�chenai/ICDCS07/.
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the corresponding optimum solutions obtained by using an
ILP solver.

Note that MLA, BLA, and MNU are NP-hard problems.
The solver takes an excessive amount of time for finding
the optimal solutions. So, we limit our evaluation only to
small networks. We observe that our algorithms improve
the performance under all scenarios studied when com-
pared to RSSI. However, there is still a gap between the
optimum algorithm and our algorithms.

Although the centralized algorithms have global infor-
mation, they are approximation algorithms. The distrib-
uted algorithms leverage the local information for
making decisions. The comparable performance of the cen-
tralized and distributed algorithms in most scenarios stud-
ied implies the localized nature of the problem.

In summary, we observe that our centralized and dis-
tributed algorithms bring about the most improvement

in performance for medium user-to-AP ratio (on the or-
der of 1–2). For very low user-to-AP ratios (0.25–0.5)
and for very high user-to-AP ratios (10–100), the
improvement is not significant. In the former case the
sparsity of users presents few opportunities for leverag-
ing ‘‘multicasting” for conserving network resources.
Whereas in the latter case, due to the large number of
users with varying data rates to different APs, and vary-
ing multicast demands, each AP needs to transmit a large
number of sessions at low data rates, leaving little room
for improvement. The average performance is better than
RSSI-based association under all scenarios studied. The
centralized algorithm and the distributed algorithms
have comparable performance, which indicates the
‘‘mostly local” nature of the problem. In small network
scenarios, we observe that our algorithms are much clo-
ser to optimum than RSSI based association, although
there is still room for improvement.

8. Discussions and future work

In this section, we outline some open issues that we are
current investigating.

Distributed convergence: We have shown that in some
cases, simultaneous association decisions by multiple
nodes may not necessarily result in global optimization
of the objective functions. We are currently working on lo-
cal coordination mechanisms to guarantee optimization of
the global objectives at each step. An idea that we are cur-
rently exploring uses explicit locks from neighboring APs
before committing to a change in association. We are
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Fig. 10. Maximum load among APs for multicast sessions. (a) Varies the number of users for 200 APs, (b) varies the number of APs with 100 users, and (c)
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exploring issues such as deadlocks, communication over-
head and delayed association for such approaches.

Adaptive power control: Adaptive power control pro-
vides an additional degree of flexibility that has not been
explored in this work. We are currently working on
approximation algorithms based on a generalized network
model that allows nodes to choose from a finite set of dis-
crete power levels.

Explicit interference modeling: The approximation
algorithms need to be modified to explicitly account for
interference from neighboring users and APs. In addition,
along with such explicit interference models, it is neces-
sary for the nodes to dynamically maintain a list of inter-
fering nodes. To keep track of interfering sources, naive
solutions proposed in the literature use explicit beaconing
at high power levels, which adds extra overhead. We are
currently investigating extensions to our work that use ex-
plicit interference modeling along with practical ways to
keep track of interfering sources.

9. Conclusion

Multicast services must be deployed with minimal im-
pact to existing unicast services in WLANs. The problem
of enabling multicast based streaming services in large-
scale WLANs has not received attention in the past. Moti-
vated by recent reports of dense deployments of APs in
WLANs, we study techniques for exploiting overlapping

coverage from neighboring APs to optimize performance.
Three objective functions motivated by different revenue
functions and network scenarios are studied: maximizing
the number of users (MNU), balancing the load among
APs (BLA) and minimizing the load of APs (MLA). We show
that these problems are NP-hard. We present centralized
approximation algorithms and distributed algorithms for
these problems. Using simulations we evaluate the perfor-
mance of these protocols and find that compared with the
RSSI-based approach, the number of users, the maximum
load, and the normalized load can be improved when the
user-to-AP ratio is of the order of 1–2. For very low user-
to-AP ratios (0.25–0.5) and for very high user-to-AP ratios
(10–100), the improvement is not significant. The central-
ized approximation algorithms and distributed algorithms
have comparable performance in most scenarios studied.
Due to the lower signaling complexity and comparable
performance, the distributed algorithms are a clear choice
for large networks.
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Fig. 13. The optimal solution of MLA, BLA, and MNU with respect to the number of users with 30 APs randomly located in 600 m2 area: (a) total AP load, (b)
maximum AP load among all APs, and (c) the number of unsatisfied users with multicast budget 0.042. Number of sessions is 3.
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Appendix A. The proofs of approximation factors

Theorem 9.1. The approximation factors for the centralized
algorithms are as follows: (a) The algorithm Centralized MNU
is an 8-approximation algorithm for problem MNU with no
total budget limitation. (b) The algorithm Centralized BLA is
an ðlog8=7nþ 1Þ-approximation algorithm for BLA problem.
(c) The algorithm CostSC is an ðln nþ 1Þ-approximation
algorithm for set cover problem.

Proof. (a) Define XðHÞ as the number of the elements cov-
ered by the subsets of X in H. Let OPT be some fixed opti-
mal solution to the given problem instance. In [24], it
was proved that XðHÞP 1

4 XðOPTÞ. As either H1 or H2 must
contain at least half the elements covered by H, Centralized
MNU is an 8-approximation algorithm for problem MNU.

(b) In each iteration of running Centralized MNU, the
total cost of the sets added from any group Gi is bounded
by B�. Because we iterate Centralized MNU log8=7nþ 1 times
in algorithm Centralized BLA, the total cost of the sets added
from any group Gi is bounded by ðlog8=7nþ 1ÞB� when all
elements in X are covered. Therefore, Centralized BLA is an
ðlog8=7nþ 1Þ-approximation algorithm for BLA.

(c) It is proven in [26]. �

Appendix B. The proofs of NP-hardness

This section presents the proofs for NP-hardness for
the three problems discussed in the paper. For problems
MNU and BLA, the proofs consider unicast users only,
which is a special case of multicasting. For unicast users
only, the problem MLA can be solved by associating based
on RSSI. However, for multicast users, problem MLA is
also NP-hard.

B.1. Reducing the bin packing problem to the MNU problem

The decision version of bin packing problem is defined
as follows.

Definition 4. Bin packing: Given a finite set of natural
numbers U ¼ fg1; g2; . . . ; gmg, and two positive integers B
and K, decide if there is a partition of U into disjoint sets
U1;U2; . . . ;UK such that

P
gi2Uj

gi 6 B for any 1 6 j 6 K .

Theorem 9.2. The decision version of bin packing problem
can be reduced to the MNU problem.

Proof. We present a reduction from an arbitrary instance
of the bin packing problem. We construct a WLAN with K
APs. The maximum load every AP can support for multicast
traffic is B. The WLAN supports m multicast sessions
s1; s2; . . . ; sm, where session si creates a load of gi when
transmitted at unit data rate. Corresponding to each ses-
sion si we add one user requesting session si. So, there
are m users in the WLAN. Each user has a link of unit data
rate to all APs. If the maximum number of users this WLAN
can support for multicast traffic is m, the bin packing prob-
lem has a positive answer; otherwise, it has a negative
answer. Note that the maximum value of the load of an

AP is 1 according to Definition 1 while B can be any natural
number. However, we can make them less than 1 by divid-
ing the maximum load B of every AP and the load gi of
every multicast session si by a large enough number. �

B.2. Reducing the Minimum Makespan scheduling problem to
the BLA problem

Definition 5. Minimum Makespan scheduling: Given pro-
cessing times for n jobs, p1; p2; . . . ; pn, and an integer m,
find an assignment of the jobs to m identical machines so
that the completion time, also called the makespan, is
minimized.

Theorem 9.3. The Minimum Makespan scheduling problem
can be reduced to the BLA problem.

Proof. We construct a WLAN with m APs. Every AP only
provides one transmission rate to users. The multicast ses-
sions supported by this WLAN are s1; s2; . . . ; sn. All APs can
provide service to all users. The load requirement for a mul-
ticast session si is pi (1 6 i 6 n). The objective is to minimize
the maximum value of an AP’s load among all APs under the
limitation that all users get multicast service. �

B.3. Reducing the set cover problem to the MLA problem

We first define the Set Cover problem, and then present
a reduction from the set cover problem to MLA problem to
show that MLA is an NP-hard problem.

Definition 6. Set cover: There are m subsets S1; S2; . . . ; Sm

of a ground set X ¼ fu1;u2; . . . ;ung. A cost cðSjÞ is associate
with each set Sj. The objective is to find a subset H of
S ¼ fS1; . . . ; Smg which covers all elements of X and has the
minimum total cost. If the cost of every subset Sj is a same
value c, the set cover problem is a cardinality version.

Theorem 9.4. The cardinality version of set cover problem is
reducible to MLA.

Proof. We construct a WLAN with m APs, a1; a2; . . . ; am, and
n users, u1;u2; . . . ;un. In this WLAN, all users request for the
same multicast stream session with load requirement c. AP
aj can provide service to users in subset Sjð1 6 j 6 mÞ. The
link between the AP and the user has a unit data rate. The
objective is to minimize the total load of all APs under the
limitation that all users receive multicast service. �
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