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Abstract—Multicast is an important service in Wireless Local
Area Networks (WLANs) as it provides an efficient means to
send packets to multiple stations at the same time. Unfortunately,
the transmission of multicast packets in current WLANs is
bounded by the subscribing stations with the lowest data rate.
A key approach to improve multicast capacity is to deploy an
association control strategy that maximizes one of the following
objectives: multicast throughput or number of supported users.
However, past work has not consider the use of smart antennas
to minimize these objectives. In fact, they only consider grouping
stations according to the data rate afforded by omni directional
transmission from Access Points (APs). To this end, we consider a
unique association control algorithm that considers the coverage
and data rates afforded by smart antennas. Unfortunately, the
problem is NP-hard by a reduction from the Maximum Coverage
with Group Budget (MCG) problem. We, therefore, propose four
heuristics and provide an in-depth study of the best performing
heuristic via simulation. Our results show that the average load
of APs can be reduced by up to 36.1%, and number of satisfied
users can be increased by up to 237%. The average throughput
of APs can be increased by up to 57.1%.

I. I NTRODUCTION

Wireless Local Area Networks (WLANs) are now ubiqui-
tous, and play a critical role in meeting society’s demands
for anywhere, anytime, low-cost Internet connectivity. They
are deployed in most offices, homes, airports, and university
campuses to provide access to real time and non-real time
applications. In this paper, our focus is on applications, such
as audio/video streaming, that would benefit from the inherent
broadcast/multicast nature of the wireless channel. In this
respect, Access Points (APs) using IEEE 802.11 transmit
multicast packets at the base data rate. Unfortunately, this
means stations with better channel condition are unable to
receive multicast packets at a higher data rate. In other words,
IEEE 802.11 does not consider diverse channel conditions at
different stations when transmitting multicast packets.

Figure 1(a) shows a small enterprise WLAN. Assume that
both APs transmit multicast packets at the lowest data rate that
can be decoded by all associated users. That means ifu3 and
u4 are associated toAP1 or AP2, thenu1 to u4 will only be
able to receive their multicast packets at 1 Mbps. A possible
solution may be foru3 andu4 to associate toAP1 andAP2

respectively. The resulting multicast rate thus increasesto 2
Mbps. This observation has motivated the authors of work such
as [4] and [10] to propose association strategies that minimize
and balance the load of APs, or to maximize the number of

users. In a different work, Chandra et al. [1] introduce a novel
system called DirCast that treats multicast as unicast flows.
Similar to [4], they cast the association control problem as
an instance of the set cover problem and propose a greedy
heuristic to associate stations to APs.

Fig. 1. An example enterprise WLAN with six users subscribed tothe same
multicast group. Also shown is the data rate of each user.

This paper also proposes an association control strategy.
However, unlike past approaches, we consider the benefits and
limitations of smart antennas. In particular, our approachis
inspired by the work of [10]. Briefly, Sen et al. have proposed
to use smart antennas in the recovery of lost packets during
multicast transmissions. The approach entails two phases.
Initially, a high rate omni-directional multicast transmission
is used, which is then followed by one or more directional
transmissions to ‘make-up’ for any packet loss suffered by
poor stations. To see how this transmission model is able
to increase the capacity of multicast transmission, reconsider
our earlier example. Instead of using only omni-directional
transmission, both APs can first transmit at 5 Mbps, and
thereby ignoringu3 andu4. Hence, four multicast users will
receive the transmission at 5 Mbps. After that, see Figure 1(b),
both u3 and u4 can be serviced by a directional beam from
AP1 or AP2. This means if we have a 1024 bytes packet and
a directional beam capable of supporting 3 Mbps, the total
transmission time equates to 4369µs, as opposed to 8192µs if
all users receive the packet at 1 Mbps.



To date, no work has designed an association control that
takes advantage of directional antennas. In particular, Sen et
al. [10] did not consider how smart antennas can be used to
minimize multicast load amongstmultipleAPs or to maximize
the number of admitted users. More importantly, their solution
assumes stations are associated to an AP using the default
best signal strength policy. In addition, the aforementioned
works on association control such as [4] have not considered
the implications of smart antennas, and the possibility of
transmitting a multicast packet multiple times to a distinct
subset of stations as long as the total transmission time is less
than the time incurred to transmit the packet at the highest
data rate omni-directionally.

Henceforth, this paper outlines four novel heuristics that
consider association of stations and smart antennas simul-
taneously. In particular, these heuristics aim to maximize
either multicast throughput or number of supported users by
associating stations to the “best” AP. In addition, it presents a
reduction from the NP-hard, Maximum Coverage with Group
Budget (MCG) problem. Our results show that the heuristic
that considers all subsets of the ground set in each iteration
performs the best as compared to other heuristics. The average
load of APs can be reduced by up to 36.1%, and number of
satisfied users can be increased by up to 237%. The average
throughput of APs can be increased by up to 57.1%.

We like to note that our work is complementary to the
following studies: (i) lack of reliability, as multicast packets
are not acknowledged [1][13][9], (ii) lack of backoffs to ensure
fairness between unicast and multicast stations [6], and (iii)
poor use of high data rates [3][10]. Indeed, any of these
methods can be combined with ours to improve the quality
of service provided to subscribers/users.

The rest of the paper has the following structure. We first
make a reduction from the MCG problem before presenting
an example. Then, in Section III, we outline a greedy algo-
rithm which uses one of four heuristics to schedule multicast
transmissions. After that, we analyze our algorithm before
presenting the simulation methodology used to verify our
heuristics in Section IV. Our results and conclusions are
presented in Section V and VI respectively.

II. T HE PROBLEM

Recall that in the Set Cover problem, we are given a ground
set χ containing |χ| items. Also given, is a set of subsets
S = {S1, S2, . . . , Sm}, wherebySi=1,...,m are subsets ofχ.
The goal is to find the minimum number ofSi that covers all
|χ| items. In the cost version, eachSi has a costc(Si). Note, if
c(Si) = 1 for all i, then the problem is the original Set Cover
problem. The Maximum Coverage with Group Budget (MCG)
problem [2] is related to the Set Cover problem in that we are
given an integerd and the objective is to selectd subsets from
S such that they cover the most items inχ. In addition, we are
also given sets or groupsG = {G1, . . . , Gv}, each of which
is a subset ofS, and are not subset of one another. In the cost
version, each groupGj has a budgetBj and there is an overall
budgetB. The aim is to find a setH that maximizes coverage
whilst adhering to the following constraints: (i)H ⊆ Υ, (ii)

the total cost of sets inH is less than or equal toB, and (iii)
H ∩Gj ≤ Bj for j = 1, . . . , v. That is, the total cost of sets
drawn fromGj must be less thanBj .

We now show an instantiation of the MCG problem in
the context of WLANs with smart antennas. The ground
set χ corresponds to users or stationsu1 . . . u|χ|. Here, Sj

corresponds to the set of users covered by a given beamwidth
θ and data rater. For example, assuming IEEE 802.11a [7]
and a beamwidth of90◦, an AP will therefore have 40Sj sets,
each of which covers a subset of associated stations. For each
Sj , its costc(Sj) is defined asmaxu∈Sj

1
ru

, whereru is user
u’s data rate to a given AP; e.g., in Figure 1,r3 is 2 Mbps
if u3 is attached toAP1. Hence, the cost ofSj is governed
by the member/user with the lowest data rate. There is a set
S = {S1, S2, . . . , Sk} of subsets ofχ. We useG1, . . . , Gl to
denote a partition/subset ofS that corresponds to the group of
users reachable viaAP1 to APl respectively. Moreover, each
Gi has a budgetBi that corresponds to the lowest load incurred
by AP i if it transmits multicast packets omni-directionally. In
Figure 1, both APs need to transmit at 1 Mbps in order to
cover all their respective users. Hence, both of them have a
budget of one. Note, however, if an AP is able to cover all
stations at 54 Mbps omni-directionally, and hence has a low
budget, then it has no incentive to transmit directionally.Our
goal is to find a subsetH of S that covers allu ∈ χ such that
the total cost ofH ∩Gi is at mostBi, andmaxli=1 c(H ∩Gi)
is minimized.

In a nutshell, the problem is to find a transmission strategy
that is better than omni-directional transmission. Consider
Figure 1. To constructS, we have forAP1 or G1 the following
sets at each beamwidth: (i)θ = 360o, S1 = {u1, u2, u3, u4},
S2 = {u1, u2, u3}, S3 = {u1, u2}, and (ii) θ = 30o,
S4 = {u1, u2} and S5 = {u3, u4}. These sets have the
following cost: c(S1) = 1/1, c(S2) = 1/2, c(S3) = 1/5,
c(S4) = 1/7 and c(S5) = 1/3. For AP2, we have the same
respective beamwidth, which results in the following sets:(i)
S6 = {u3, u4, u5, u6}, S7 = {u4, u5, u6}, S8 = {u5, u6},
(ii) S9 = {u5, u6} andS10 = {u3, u4}. The budget of each
AP is B1 = 1/1 and B2 = 1/1. Their corresponding cost
are: c(S6) = 1/1, c(S7) = 1/2, c(S8) = 1/5, c(S9) = 1/7
andc(S10) = 1/3. An optimal solution isH = {S4, S8, S10}.
Notice that by using a beam that only coversu3 or u4, we can
have a better load distribution, i.e.,H = {S4, S8, S11, S12},
where the setS11 = {u3} andS12 = {u4} are the result of
a narrow beam originating fromAP1 and AP2 respectively.
If a solution cannot be found, i.e., one that covers all users
of AP i and has a budget of at mostBi, AP i defaults to
omni-directional transmission.

III. PROPOSEDSCHEDULER

Algorithm 1 shows the general structure of the proposed
scheduler. The algorithm finishes when all users are covered
by sets inH. A key part of the algorithm is the function
f(.), which implements one of the following heuristics for
determining thebestSj to include inH:



1) H1. Pick the setSj that includes the most users inX ′,
and has the lowest cost. In other words,

k = argmax
|Sj ∩X ′|

c(Sj)
, ∀Sj ∈ S (1)

2) H2. Pick the set that covers the most users and causes
minimum increase to the load of an AP as compared to
other APs. In other words, determine the groupG∆ that
satisfiesargmin cost((H ∪ Sj) ∩Gi) ∀Sj ∈ S. Similar
to the previous heuristic, we then determine theSk that
satisfies,

k = argmax
|Sj ∩X ′|

c(Sj)
, ∀Sj ∈ G∆ (2)

3) H3. Pick the setSj from the group that satisfiesG∆ =
argmin |H∩Gi| and also covers the most users. In other
words, an APi is given a higher preference if the number
of Sj ∈ Gi in H is less than all other APs.

4) H4. In this heuristic, we redefineG∆ of Eq. 2 to be the
group or AP that covers the most users inX ′. Specif-
ically, G∆ = argmax

∑l

m=1 |Sj ∩ X ′| ∀j ∈ Gm. In
other words, we preferentially schedule APs that cover
a high number of users.

Once Algorithm 1 finishes, one or moreGi may have their
budget exceeded; i.e.,cost(H ∩ Gi) ≥ Bi. In this case, we
setAPi to transmit omni-directionally at the highest possible
data rate, and remove all users that are only reachable from
APi; e.g.,u1 andu2 of AP1 in Figure 1. After that, we set
S = S \ Gi before calling Algorithm 1 again.

input : S
output: H

1 H = ∅;
2 X ′ = χ;
3 while X ′ 6= ∅ do
4 k = f(S,H,X ′);
5 if k then
6 H ∪ Sk;
7 X ′ = X ′ \ Sk;
8 end
9 end

10 returnH;
Algorithm 1: A generic greedy scheduler.

The proposed heuristics belong to a class of algorithms that
greedily picks the set that covers the maximum number of
users inX ′. Hence, as outlined in [2], givenn = |χ|, such
algorithms have a (lnn + 1) approximation to the set cover
problem. Lastly, the time complexity of our scheduler can be
shown to beO(|G||S||χ|), where|G| is the set of APs.

IV. SIMULATION METHODOLOGY

We used two simulators to evaluate our heuristics. The first
is a custom simulator implemented in Matlab that allows us
to study the impact of the proposed heuristics on AP load and
number of satisfied users. After that, we used Pamvotis v1.1
[12], a packet driven simulator that models all aspects of IEEE

802.11, to study the multicast throughput resulting from the
use of our heuristics in practical settings.

We randomly place APs and users in a500× 500 m2 area.
Each user can be covered by at least one AP. The number
of APs and stations ranges from eight to 20, depending on
the experiment. We assume both APs and stations operate
using IEEE 802.11a [7], and hence, they support the following
available data rates:{6, 9, 12, 18, 24, 36, 48, 54} Mbps. We
assume each AP operates on a different channel so that
they do not interfere with each other. In addition, we used
the receiver sensitivity values of the XA-622 mPCI WLAN
Module developed by Zcomax Technologies Inc [11]. We fix
all APs’ transmission power to 20 dBm. We used the 2-ray
ground radio model, and set the omni-directional antenna gain
to one, and the directional antenna gain to 2.14dB as per [5].
Lastly, we investigate the impact of the following beamwidths:
30, 45, 60 and 90 degrees.

For experiments using Pamvotis, we first determineH using
one of our heuristics. Then we set the transmission rate of
each Sj and associate stations as perH. For experiments
in Pamvotis, we measured the average throughput of each
AP. We also compare our heuristics against the Best Signal
Strength Method (BSSM) where associate users with the AP
that provides the best signal strength. On the other hand, for
Matlab experiments, we measure the average load of each
AP; i.e.,

∑
cost(H∩Gi)

v
, where v = |G| is the number of

APs. We also recorded the maximum load of each AP; i.e.,
max(cost(H∩Gi)). Apart from that, we measured the number
of satisfied users.

To measure the distribution of load amongst APs, we used
Jain’s fairness index [8], which takes the value between0 and
1. Lastly, our results obtained from Matlab are an average of
100 simulation runs. On the other hand, our each simulation
run in Pamvotis lasted for 60 seconds.

V. RESULTS

We begin by presenting results from Matlab. After that, in
Section V-F, we present results obtained from Pamvotis.

A. Number of Users

Figure 2 shows the average load of APs, and maximum load
of APs with respect to the number of users. We also fix the
number of APs to eight, and the number of users varies from
100 to 200. Also the directional antenna beamwidth is fixed
at 90 degrees. From the figure, the average AP load of all
heuristics and BSSM rises slowly with increasing number of
users. The reason is because of increasing number of users
with low data rates, which in turn increases the multicast
load of all APs. We see thatH1 has the best performance as
compared to others. This is because other heuristics only have
a limited selection ofSi sets. As a result, they lack opportunity
to choose the best set from all sets. In contrast,H1 selects
setsSk directly fromS. When the number of users is 100, the
average load when using BSSM is 0.0236, while the average
load withH1 is 0.0151, a reduction of 36.1%. In addition,H2
to H4 performed worse thanH1.
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Fig. 2. The impact on the average load of APs with increasing number of
users.

In Figure 3, the maximum AP load ofH1 is the lowest but
slightly higher than BSSM. This is because users associated
to APs using BSSM always has high data rate. However, our
heuristics aim to optimize the overall network capacity, which
we showed earlier to result in APs having a low average load.
Apart from that,H2 to H4 performed worse than H1 because
of their limitation in selecting the bestSk set.

100 120 140 160 180 200
0

0.02

0.04

0.06

0.08

0.1

0.12

0.14

0.16

0.18

0.2

M
ax

im
um

 L
oa

d 
of

 A
P

s

Number of Users

 

 
BSSM
H1
H2
H3
H4

Fig. 3. Maximum AP load versus number of users.

B. Number of APs

Figure 4 shows the average AP load with respect to the
number of APs. Here, there are 100 users, and we varied the
number of APs from four to 20. The beamwidth of directional
antenna remains at 90 degrees. We see that there is a rapid de-
crease on the average AP Load as the number of APs increases.
This is because there are more APs sharing the multicast load
in WLAN. Consequently, the WLAN experiences a decrease in
average AP load. Again,H1 outperforms all other heuristics
because it selects from a wider range ofSi sets. Similarly,
from Figure 5, BSSM results in the lowest maximum AP load
but at the expense of overall WLAN performance.
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Fig. 4. Average load of APs versus number of APs.
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Fig. 5. Maximum load of APs versus number of APs.

C. Beamwidth

Figure 6 shows the results from our experiment on the im-
pact of directional antenna beamwidths. We also have similar
results concerning maximum AP load, which we have omitted
due space constraint. Interestingly, in both results, we see that
beamdwidth has little effect on the average or maximum AP
load. In particular, we observed that changing the beamwidth
has the effect of changing the setSi chosen from a given group
but does not change overall performance. Consider that at
beamdwidthd, the setH containsSx = {u1, u2} from G1 or
AP1. After d is changed, we find that another setSy{u1, u2}
with a similar cost and same coverage from another AP, say
AP2, is included inH. As a result, the average AP load
remains the same, and there is a change in the AP with the
maximum load.

D. Number of Satisfied Users

Figure 7 and 8 show the number of satisfied users with
increasing multicast rates and varying beamwidth respectively.
In both experiments, there are a maximum of 200 users, and
the number of APs is set to four. We change the multicast rate
from five to 40 Mbps. We see that the number of satisfied users
decreases with increasing multicast rates because of higher
loads. We can observe thatH1 always has more satisfied users
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Fig. 6. Impact on the average AP load with changing beamwidth.

than other heuristics. Specifically, when the multicast rate is
25 Mbps,H1 has an average of 158.18 users, whereas BSSM
only has an average of 46.95 users. That is,H1 has 237%
more users than BSSM.
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Fig. 7. Number of satisfied users verus different multicast rates.

Figure 8 shows the number of satisfied users with different
beamwidth. There are 200 users, four APs and the multicast
rate is set to 20 Mbps. We then change the beamwidth of
directional antenna from 30 degrees to 90 degrees to see the
difference. As we can observe from the figure, all heuristics
are not influenced by beamwidth. Also we can see thatH1 has
the best performance.

E. Fairness

In our experiments, we place four APs and there are
100 users. The beamwidth of directional antenna is set to
90 degrees. We observe thatH2 is the fairest, with a Jain
fairness index of 0.86. This is becauseH2’s main objective
is to minimize the load of each AP.H1 and H3 also have a
high Jain’s fairness index, 0.71 and 0.73 respectively. This is
becauseH1 does not take an individual AP’s load into account,
but instead optimize for the overall AP load. So some APs may
have a high load, whilst others have a low load.H3 always
balances the number of sets that each AP serves, but it does
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Fig. 8. Impact of beamwidth on the number of satisfied users.

not focus on the load of each AP. We foundH1, H2 and H3
have higher Jain’s fairness than BSSM, which we recorded
to be at 0.61. On the other hand,H4 is worse than BSSM
with Jain fairness index of 0.49. This is becauseH4 does not
consider load balancing APs, but focuses on maximizing the
number of satisfied users.

F. Average Throughput

We now focus on results obtained via Pamvotis. Figure 9
compares the average throughput of users where the multicast
rate is set to 25 Mbps. In this experiment, we place four APs
and change the number of users from 100 to 200. Figure 10
shows the average throughput for 100 users with changing
multicast rates. Here, we fix users and APs and change the
multicast rate from five to 55 Mbps.

In both figures, our heuristics outperform BSSM. This is
because the AP is bounded by the user with lowest data rate.
For BSSM, if some users have high data rates, whereas a
few users have very low data rates, then the AP can only
multicast packets at the lowest data rate that can be decoded
by all users. For example, if there are four users associated
with a single AP, three with data rate of 54 Mbps, another
with data rate of 12Mbps. Then the AP can only multicast
packets at 12Mbps to all users. This is not fair to users with
high data rates, and thereby, reduces the average throughput
of all users significantly. However, our heuristics combine
directional with omni-directional antenna to enhance the data
rate of users, especially for users with low data rates. Thatis,
our heuristics will first allow an AP to cover users with low
data rates using its directional antenna before using its omni-
directional antenna for high rate users. Apart from that, BSSM
may overload an AP quickly. This is because BSSM does not
consider an AP’s load. Hence, in our experiments, we find
that a single AP is responsible for many users, while another
AP only covers a few users. In contrast, our heuristics always
choose the maximum set of users that have a high data rate.
In addition, as we can see,H1 outperforms other heuristics.
This is becauseH1 selects the best set of users fromS, while
others just select the best set of users from a single AP. In
other words,H1 has more choices, hence better opportunity



to select the best set of users. At multicast rate of 55 Mbps,
H1’s average throughput is 57.1% higher than BSSM.
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Fig. 9. Multicast rates versus number of satisfied users.

In Figure 10, we observe that the average throughput of
users increases as the multicast rate increases. As the mul-
ticast rate increases, the performance difference betweenour
proposed heuristics and BSSM becomes more distinct. This is
because our heuristics allow more users with high data ratesas
compared to BSSM. Therefore, when multicast rate increases,
the average throughput of users using BSSM reaches the upper
limit of average throughput quicker than those users using our
heuristics.
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Fig. 10. Multicast rates versus average multicast throughput.

Figure 11 compares all heuristics with changing beamwidth.
We fix the multicast rate to 35 Mbps and bound the number
of users to 200 and number of APs to four. As we can see,
there is no difference between different beamwidths withH1
resulting in the highest average throughput.

VI. CONCLUSION

This paper has proposed four heuristics that take advantage
of the increased gain and diverse coverage provided by smart
antennas. A key contribution is the use of multiple omni and
directional transmissions as opposed to one transmission at
the base rate. Also, we showed how scheduling the trans-
mission of a multicast session is equivalent to the NP-hard,
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Fig. 11. The impact of directional beamwidth on average multicast through-
put.

Maximum Coverage with Group Budget (MCG) problem.
Extensive simulation results show our heuristics to be effective
in reducing the multicast load of APs, have an increasing
average throughput and are not affected by varying beamwidth.
More importantly, we identified a simple heuristic that yields
high performance in terms of average AP load and number of
satisfied users.
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