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a b s t r a c t
In recent years IEEE 802.11 wireless local area networks (WLANs) have become increasingly popular.
Consequently, there has also been a surge in the number of end-users. The IEEE 802.11 standards do
not provide any mechanism for load distribution and as a result user quality of service (QoS) degrades
signiﬁcantly in congested networks where large numbers of users tend to congregate in the same area.
The objective of this paper is to provide load balancing techniques that optimise network throughput
in areas of user congestion, thereby improving user QoS. Speciﬁcally, we develop micro-genetic and standard genetic algorithm approaches for the WLAN load balancing problem, and we analyse their strengths
and weaknesses. We also compare the performance of these algorithms with schemes currently in use in
IEEE 802.11 WLANs. The results demonstrate that the proposed genetic algorithms give a signiﬁcant
improvement in performance over current techniques. We also show that this improvement is achieved
without penalising any class of user.
Ó 2009 Elsevier B.V. All rights reserved.

1. Introduction
The uptake in popularity of IEEE 802.11 wireless local area networks (WLANs) in recent years has been remarkable. WLANs are
now the most popular technology used to provide broadband access to IP networks such as extended home networks and internet
access in public locations [17]. The proliferation of WLANs has resulted in an ever-increasing number of end-users with heterogeneous quality of service (QoS) requirements. In addition these
users tend to congregate in certain areas of the network for various
reasons such as availability of favourable network connectivity,
proximity to power outlets and coffee shops [1]. Such behaviour
leads to congestion at particular areas within the network. Such
congestion creates an unbalanced load in the network and reduces
overall network throughput.
A WLAN typically provides a number of Access Points (APs) that
provide service to users in a particular geographical area. Users select access points based on the strongest received signal strength
indicator (RSSI) [17]. Thus although a congested area may be offered service by several APs, if the users are clustered together,
they will tend to be connected to the same AP. The more users that
are connected to a single AP, the less bandwidth they will receive.
For example, in the simple scenario depicted in Fig. 1, all users are
connected to AP B because it has the strongest signal strength for
each user. The resulting system imbalance can be easily rectiﬁed
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if users 1 and 3 migrate to AP A and users 5 and 6 migrate to AP
C. For the sake of illustration, we assume that the users depicted
in Fig. 1 have homogeneous demands.
The objective of this paper is to provide efﬁcient algorithms for
solving the WLAN load balancing problem: distribute users
amongst a set of APs to maximise the average bandwidth per user.
Therefore, the algorithms will assign each user to an AP as opposed
to each user making that choice independently. Since users connect to and disconnect from the network in real time, we are also
interested in efﬁciency with which the algorithms deliver effective
solutions.
We propose two genetic-based load balancing algorithms. The
ﬁrst is a standard genetic algorithm (GA), which we refer to as
MacroGA, while the second is a micro-genetic algorithm, which
we refer to as MicroGA. In the context of the WLAN load balancing
problem, GAs are attractive as candidate solutions because of their
ability to discover good solutions rapidly in difﬁcult high dimensional problems. We evaluate, via simulations, the performance
of the GAs and demonstrate that they provide signiﬁcant enhancements over the standard RSSI approach and other popular load balancing mechanisms. Further, we demonstrate that they do not
achieve this by penalising any obvious class of user. The rest of this
paper is structured as follows. Section 2 discusses background
knowledge and motivates the use of genetic algorithms as potential solutions. Section 3 provides a problem description. Section 4
presents the implementation details of MicroGA and MacroGA. Section 5 empirically analyses the performance of the proposed solutions. Finally, conclusions are drawn and future areas of research
are identiﬁed in Section 6.
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Fig. 1. A basic IEEE WLAN conﬁguration.

2. Motivation and background knowledge
GAs are population-based meta-heuristic optimization algorithms based on an analogy to biological evolution and have been
successfully applied to a broad range of real-world NP-Hard problems such as scheduling [13] and data-mining [11]. Standard GAs
generate a relatively large population of candidate solutions (there
may be several hundred) and iteratively evolve these solutions
over time. In contrast, a micro-GA algorithm has a small population
size that is periodically reinitialized. The idea of utilising a small
population GA was ﬁrst proposed by Goldberg [9]. He evolved
the population using normal genetic operators until it reached a
nominal convergence, that is until each individual in the population had the same or similar genotype. When convergence occurred, the ﬁttest individual from the population was copied into
a new empty population; the remaining places in the population
were ﬁlled by randomly generated individuals. The ﬁrst comparison between standard GAs and micro GAs was performed by Krishnakumar [12]. A micro GA similar to that proposed by Goldberg [9]
was proposed and compared with a standard GA. The result demonstrated that the micro GA actually outperformed the standard
GA on a number of problem sets. Subsequently, many other
researchers have developed applications of micro-GAs ranging
from multi-objective optimization [6] to constraint satisfaction
problems [7]. However, to the best of our knowledge, the current
paper is the ﬁrst attempt to apply a micro-GA or even a standard
GA to the WLAN load balancing problem.
As previously mentioned the ability of GAs to rapidly discover
good solutions in difﬁcult high dimensional problems make them
attractive as potential solutions to the load balancing problem,
which is an NP-hard problem [3]. Unlike many other local search
algorithms, GAs are intrinsically parallel, which allows them to
simultaneously explore different areas of the solution space. This
enables GAs to quickly identify good solutions and exploit synergies between solutions. It is this ability to quickly produce good results that makes GAs an attractive prospect from a network
operators perspective, where calculating the optimal user/AP conﬁguration is often a time critical operation. This is particularly evident in dynamic networks that exhibit a high degree of user
mobility, which causes the optimal user/AP conﬁguration to rapidly change over time. In an effort to satisfy end-user QoS requirements in such an environment, operators sacriﬁce solution
optimality in favour of the more practical option of obtaining good
solutions quickly.
Previous work on the WLAN load balancing problem can be subdivided into three categories: (i) user-controlled, (ii) network-centric and (iii) cell breathing. The user-controlled approach to load

balancing allows the end-user the autonomy to choose the AP to
which it wishes to connect. As mentioned in Section 1 the current
default method of association is RSSI. Some vendors have addressed the limitations of RSSI by incorporating load balancing features into network drivers and ﬁrmware for APs and wireless cards
[5]. Each AP broadcasts the number of users which it currently
serves to all users within its signal range. A user within range of
several APs will subsequently connect to the AP with the least
number of users. This technique is commonly referred to as least
loaded ﬁrst (LLF). We use LLF as one of the benchmark algorithms
against which we evaluate the proposed algorithms.
A number of other user-controlled techniques have been proposed in literature that aim to improve load balancing in WLANs.
Typically, these techniques consist of a (weighted) function that
incorporates multiple metrics such as the RSSI, LLF and other measures of link quality [8,15]. The distributed nature of user-controlled techniques make them attractive from a load balancing
perspective. There is no single point of failure. However, user-controlled techniques are limited in that each user views the connection problem from its own perspective. Consequently, an optimal
network conﬁguration cannot be guaranteed. This assertion is supported by the empirical results in Section 5.
Network-centric load balancing searches for the set of user/AP
connections that optimises some measure of network performance
(typically network throughput). This category of load balancing allows for complete control of user assignment and so it can realistically pursue an optimal solution. A number of network-centric
algorithms have been proposed in the literature [3,4,16]. Each of
these techniques demonstrated signiﬁcant improvements over
the standard RSSI approach. However, they are computationally
heavy and unlike the anytime genetic algorithms these approaches
are not applicable to the time critical network environments addressed in this paper. The algorithms proposed in this paper fall
into the network-centric load balancing category. The application
of evolutionary techniques to the WLAN load balancing problem
has not yet been investigated.
Finally, cell breathing techniques modify the dimensions of an
AP cell to control user/AP association. An AP can change the power
at which it broadcasts its signal, thus increasing or decreasing the
number of users that may select it. It is an interesting and worthwhile approach to load balancing that has received signiﬁcant research attention over the last few years [2,10]. Unlike many usercontrolled and network-centric load balancing techniques, cell
breathing does not require clients to possess appropriate wireless
cards. Client side software does not need to be modiﬁed and users
can continue to utilise the standard RSSI approach. The drawback
of cell breathing is that it does not provide the level of ﬁne-grained
control that is offered by network-centric algorithms. For example,
an AP cannot exclude a user at distance d from the AP without also
excluding all users that are at a distance of d or greater from the AP.

3. Problem description
We consider a problem environment consisting of an ordered
sequence of m access points A ¼ ha1 ; a2 ; . . . ; am i and n users
U ¼ hu1 ; u2 ; . . . ; un i. Each AP transmits an omni-directional signal
with a maximum transmission range of 150 m. The APs are arranged in a grid and are separated by a uniform distance of
100 m. A number of factors affect the bit rate that a user ui receives
from an AP at . One of the primary factors is the distance between ui
and at . The further ui ’s distance from ai , the smaller its achievable
bit rate. We assume that the maximum bit rate of a user within
50 m of the AP is 11 Mbps and we refer to this area as zone1. A user
between 50 and 80 m is in zone2 and can obtain a maximum of
5.5 Mbps. Users located between 80 and 120 m of the AP are in
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zone3 and can offer a maximum bit rate of 2 Mbps. Finally, zone4 is
between 120 and 150 m and a user located in this zone can obtain
a maximum bit rate of 1 Mbps from the AP. These ﬁgures are commonly adopted in literature [3].
The ﬁnal bit rate received by ui is also inﬂuenced by the type of
service it requires. For example, end-users running streaming
media, voice or data applications all require different levels of bandwidth. Therefore, we incorporate heterogeneous QoS requirements
into our problem description by deﬁning different categories of
users. We describe the category of a user ui 2 U by a weight wui , that
speciﬁes its service requirement. The weight is used to determine
the bit rate allocation bui that user ui is allowed to receive compared
to the other users within the same zone. For example, a user ui 2 U
is entitled to have a bandwidth bui ¼ wui =wuk of any other user
uk 2 U that occupies the same zone and is connected to the same
AP. This technique of categorising users was also used in Bejerano
et al. [3].
The following describes the mechanism used to distribute bit
rates amongst users connected to an AP. The initial step is to assign
an available bit rate to each of the zones. Initially, we identify the
number of connected users in each zone. We refer to a zone with
one or more connected users as an active zone. The maximum
bit rate of the AP, which was set to 10 Mbps, is divided amongst
the active zones so that each zone receives an available bit rate
that is proportional to the zones maximum bit rate. For example,
consider a problem with two active zones: zone1 and zone2, which
have a maximum bit rate of 11 and 5.5 Mbps, respectively. Given
that the bit rate of the AP is 10 Mbps, zone1 and zone2 would be
allotted 6.6 and 3.3 Mbps, respectively.
The available bit rate that is assigned to each zone must now be
divided amongst the users that populate the zone. The bit rate received by a user depends on the user’s weight and the weight and
number of other users within the zone. Consider the scenario
where 3 Mbps is the available bit rate in a zone populated by the
users, ui , with wui ¼ 2 and uj , with wuj ¼ 4. The user ui will receive
a bit rate of 1 Mbps and uj will receive a bit rate of 2 Mbps.
To incorporate congestion into our problem model we randomly locate users based on their polar coordinates generated uniformly at random (a user’s distance from the centre of the AP grid
and the polar angle are uniformly distributed between (0, 150) and
ð0; 2pÞ, respectively). Hence, user density at the centre of the AP
grid is higher than it is near the periphery. Again this is in keeping
with previous work [3,4].
The objective of the GAs proposed in this paper is to assign each
user ui to an AP at so that the sum of all user bit rates is maximised.

4. Genetic load balancing algorithms
Section 4.1 presents the implementation details of MicroGA,
while Section 4.2 describes MacroGA.
4.1. The MicroGA algorithm
The problem of representation in GAs can be described as determining a mapping from the phenotypes to the corresponding genotypes. In MicroGA and MacroGA a phenotype is a set of user/AP
connections, such that each user is connected to a single AP. We
map a given phenotype to an integer based genotype. We represent
a genotype as an ordered sequence of n integers hag1 ; ag2 ; . . . ; agn i
such that 8i 2 1; . . . ; n, agi 2 A and represents the AP to which user
ui is assigned. An example of the representation used is depicted
in Fig. 2, which shows a phenotype and its corresponding genotype.
The MicroGA algorithm presented in this paper is based on the
micro-GA described by Krishnakumar [12]. The initial stage of
the algorithm involves the random generation of a micro-popula-
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Fig. 2. A example phenotype and its corresponding genotype for a WLAN user/AP
conﬁguration.

tion of 5 individuals. We denote the population for generation
number x as px . An individual is constructed by randomly assigning
each user to an AP within the user’s range. Given the user/AP connection deﬁned by an individual, ﬁtness assignment involves calculating the sum of all individual user bit rates. The process of
determining the bit rate for each user, based on their AP connection, is described in Section 3. Other fair scheduling algorithms
have been proposed in Ni et al. and Buddhikot et al. [3,14]. MicroGA
employs a form of elitist strategy; upon completion of the ﬁtness
assignment phase the ﬁttest individual is copied to pxþ1 , the population for the next generation.
GAs have a tendency to converge toward a single solution. The
smaller the population size the quicker the algorithm will converge.
Therefore, ensuring population diversity in a micro-genetic algorithm is crucially important. Micro-genetic algorithms achieve
diversity by reinitializing the population if it is deemed to have converged. While there are a number of possible methods of checking
for convergence, MicroGA monitors the gradual improvement in
overall ﬁtness over multiple generations. Convergence occurs if a
number of generations expire without any improvement in ﬁtness
value. That is, if the ﬁttest individual in generation x has the same
ﬁtness level as the ﬁtness individual in generation x þ a. If the population does converge MicroGA randomly generates four individuals
and inserts them into the population pxþ1 . The algorithm subsequently commences the next generational loop. However, if the
algorithm has not converged, normal execution continues.
The next stage of the MicroGA algorithm involves the selection
of four parent individuals for the mating pool. This is achieved
through binary tournament selection of the population px . That
is, two parents are picked randomly from px and the ﬁtter of the
two is copied into the mating pool. The subsequent phase of the
algorithm is crossover. Two parent individuals are randomly selected from the mating pool. The crossover operator iterates
through each gene in the parents’ genotypes. If the probability of
crossover is true, the gene at index i of one parent is copied to index i of the second parent and vice versa. This method of crossover
was chosen because experimental evaluation showed that it consistently outperformed the standard n-point crossover for various
values of n. The resulting individuals are copied into the population
pxþ1 . Mutation was not performed on the population because reinitialization adds enough diversity to the population. Also the inclusion of a mutation operator did not demonstrate any improvement
in performance in the experimental evaluation.
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4.2. The MacroGA algorithm

5. Empirical evaluation
The objective of the empirical evaluation is to investigate the
performance of MicroGA and MacroGA compared to other common
load balancing techniques and also to perform a comparative
analysis of the proposed algorithms. Section 5.1 presents the experimental methodology. Section 5.2 presents the network throughput
achieved by each algorithm over time while Section 5.3 analyses
the distribution of bandwidth amongst users by the proposed
algorithms.
5.1. Experimental methodology
To evaluate the MicroGA and MacroGA algorithms, we compare
their performance with that of three other popular mechanisms:
RSSI, LLF and HLB (hybrid load balancing). HLB combines the RSSI
and LLF techniques. It connects each user to the least-loaded AP
within the user’s signal range, and in the event of a tie, it connects
the user to the AP with the highest signal strength.
The experimental evaluation considers a network populated by
20 APs, which are arranged in a 5 by 4 grid where the distance between adjacent APs is set to 100 m. The parameters for the two GAs
were selected during an initial evaluation period. The MicroGA convergence parameter a has a value of 5 and its crossover probability
is 50%. The population size of MacroGA is 200. Its crossover and
mutation probability are 50% and 0.5%, respectively.
The three results presented in Section 5.2 analyse the load balancing capability of all algorithms for the following scenarios: (i) a
relatively lightly loaded network of 50 users, (ii) a moderately
loaded network of 100 users and (iii) a heavily loaded network of
250 users. Each experimental result presented in this section is derived from the average of 30 independent experimental runs,
where a single run executes each algorithm for a ﬁxed period of
time on the same network/customer conﬁguration.
5.2. Network throughput results
The initial result obtained from running the algorithms in a network populated by 50 users is depicted in Fig. 3. Each algorithm
was allowed to run for a total of 10 s and every 0.1 s it reported
its best result. LLF exhibits the poorest performance, while the
two GAs signiﬁcantly outperform all other approaches.
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Fig. 3. Performance of all algorithms for a WLAN populated by 50 users.

On average MacroGA has achieved a network throughput that
constitutes an improvement of: (i) 36% over LLF, (ii) 33% over RSSI,
(iii) 20% over HLB and (iv) 4% over MicroGA. Therefore, for these
settings it represents a very signiﬁcant upgrade in performance.
It is interesting to note that MicroGA outperforms MacroGA for
the ﬁrst 2 s. After this point MacroGA is dominant. The MicroGA
has a small population size and can evolve it very quickly. Therefore, it can produce good results very quickly. In contrast, the MacroGA has a very large population, which evolves at a much slower
rate.
The second result, depicted in Fig. 4, compares algorithm performance in a moderately loaded network of 100 users. Again the
GAs signiﬁcantly outperform all other techniques with the MacroGA dominant after a few seconds. In contrast to the previous experiment LLF performs better than RSSI. This can be attributed to the
fact that LLF is better at distributing the load across APs. As the
number of users increase the ability to distribute users amongst
APs become critically important. On the other hand RSSI suffers because users connect to the AP with the strongest signal and in an
area of user congestion this will result in a large concentration of
users all connected to the same AP. The MacroGA algorithm outperforms: (i) RSSI by 31%, (ii) LLF by 30%, (iii) HLB by 18% and MicroGA
by 2%. It is interesting to observe that an increase in user numbers
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Network Bandwidth (Mbps)

Much of the functionality included in MicroGA is replicated in
the MacroGA algorithm. Therefore, to avoid repetition the following description provides a brief overview of the MacroGA genetic
algorithm. Through each generational loop the population will
ﬁrst undergo ﬁtness assignment. The MacroGA utilises the same
mechanism of ﬁtness assignment as the MicroGA algorithm. The
ﬁttest individual in the current population is copied to the population for the next generational loop. Binary tournament selection is used to populate the mating pool with parents. The
recombination phase consists of the two stages. The ﬁrst is crossover as described for MicroGA; the second is mutation. While
convergence in the MacroGA algorithm occurs at a slower rate
than in the MicroGA it is still necessary to ensure some sort of
diversity. The mutation operator in MacroGA performs this function. It picks each individual in turn and iterates through their
constituent genes. If the probability of mutation is true then
the gene at index i is replaced by a random gene. The gene at index i represents the AP to which user i is attached. Mutation
picks another random AP within signal range of the user and assigns it to index i.
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Fig. 4. Performance of all algorithms for a IEEE 802.11 WLAN populated by 100
users.
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Fig. 5. Performance of all algorithms for a IEEE 802.11 WLAN populated by 250
users.

improved the performance of MicroGA relative to MacroGA. This increase leads to a heavier computational load for both of the GAs.
However, having such a large population, MacroGA is more severely affected. For example, notice that as user numbers increase,
MacroGA takes progressively longer to produce an initial result.
Consequently, MicroGA becomes more competitive relative to
MacroGA.
The genetic algorithms are dominant yet again in Fig. 5, which
shows the results obtained for a congested network with 250
users. Also the patterns observed in Fig. 4 are even more pronounced in Fig. 5. The MicroGA outperforms MacroGA for, on average, the ﬁrst 8 s. The results also show that the LLF approach
signiﬁcantly outperforms the RSSI approach. Therefore, from the
above experiments we can conclude that the proposed genetic load
balancing algorithms do represent a very signiﬁcant improvement
over techniques currently used in IEEE 802.11 WLAN networks.
Our comparative analysis of the GAs reveal that MacroGA has a
clear advantage over MicroGA as it provides better results for smaller numbers of users and its performance is equal with that of MicroGA for large user numbers. However, in a time-critical setting,
MicroGA has a signiﬁcant advantage since it outperformed the
MacroGA in the early stages of each run. In fact as user numbers
increased this advantage became even more pronounced, to the
point where it outperformed the MacroGA algorithm for over 8 s
in a congested WLAN network of 250 users.
5.3. Bandwidth distribution results
This section investigates the distribution of user bandwidth by
the proposed algorithms. The objective of the analysis is to check
that the GAs do not achieve a high network throughput (as demonstrated in Section 5.2) by increasing the bandwidth of certain categories of users while severely restricting the bandwidth of other
categories of users. For example it may reduce the bandwidth of
users that already have low bandwidth in order to increase higher
end-users. In this section we compare the distribution of bandwidth amongst users by the proposed algorithms with that of the
RSSI, LLF and HLB techniques. As in the previous section this evaluation was carried out for population settings of 50, 100 and 250 to
simulate varying degrees of network congestion. Due to space limitations we only present the results for a WLAN with 50 users.
However, in the context of bandwidth distribution the results obtained for a WLAN with 100 or even 250 users is consistent with
that of 50 users.
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Fig. 6. Bandwidth Distribution of all algorithms for IEEE 802.11 WLAN with 50
users.

The distribution of user bandwidth by all algorithms is depicted
in Fig. 6. The Y-axis represents the per-user bandwidth and the Xaxis represents the bandwidth sorted in increasing order. The user
locations are different at each run, and therefore the bandwidth of
the user with the same x index actually indicates the average bandwidth of the x-lowest bandwidth user in each experimental run.
Notice that the distribution of bandwidth by the proposed genetic
algorithms represents a improvement over RSSI, LLF and HLB and
thus the ith ranked user in terms of bandwidth under either GA receives more bandwidth than the ith ranked user under the other
approaches, for all ranks. For the users with a lower bandwidth index the HLB technique is competitive with the genetic algorithms.
However, the HLB’s performance degrades and is signiﬁcantly outperformed by the genetic algorithms for users with a medium to
high bandwidth index. Although this is a favourable result for
the GAs, it should not be interpreted as meaning that the GAs guarantee an improvement in performance for all users in each experimental run. There may still be a signiﬁcant percentage of users
who experience a loss in bandwidth when using the GA. This of
course may not be revealed in Fig. 6 if the percentage increase in
performance experienced is much greater than the percentage
decrease.
Therefore, we also analysed the percentage of users that experienced an increase and decrease in performance for each experimental run. These ﬁgures were then averaged over all 30
experimental runs. Again for reasons of space we conﬁne our analysis to a comparison between MicroGA and RSSI, LLF and HLB. The
MicroGA results are comparable with those of MacroGA. The RSSI
comparison showed that 57% of users experienced an average increase in bandwidth of 270% when using MicroGA over RSSI. Also,
40% of users experienced an average bandwidth decrease of 45%.
The remaining 3% retained exactly the same bandwidth. A total
of 54% of users experienced an average increase in bandwidth of
473% when using MicroGA instead of LLF; 36% of users experienced
an average decrease of 54%. The bandwidth of the remaining 10%
was unchanged. When HLB is contrasted with MicroGA it reveals
that 46% of users experienced an average increase in bandwidth
of 372%, while 43% of users experience an average decrease in
bandwidth of 56%. The remaining 11% had the same bandwidth.
The results reinforce the view that HLB is the best of the standard
strategies. However, MicroGA still outperforms HLB and the average bandwidth increase experienced by a user opting for MicroGA
is vastly superior to the average decrease.
We were also interested in identifying patterns of behaviour by
the MicroGA. For example, were there patterns in the way the Mic-
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roGA treated particular weighted users? Did it reward users of a
certain weight more than others? Was there a pattern evident in
the way that MicroGA distributed users of a certain weight amongst
APs? We performed a comprehensive analysis of the experimental data. We looked for patterns and correlations based on user
bandwidth, user weight and user locations. In terms of user locations we looked at user distance to connected AP, as well as ratios
such as distance to nearest AP relative to distance to second nearest AP.
We were able to educe two main patterns from the experimental data. The ﬁrst, which was expected, is that MicroGA consistently
pushes users from the populated APs at the centre of the AP grid to
the less utilised peripheral APs. For example, we found that in environments consisting of 50 users the RSSI technique utilised an
average of 9 APs, while the MicroGA utilised an average of 19
APs. We found that there was no bias in this distribution of users
by MicroGA; that is, it did not tend to push users of a certain weight
out to the periphery more than others.
The other pattern identiﬁed was in relation to the percentage of
weighted users that could expect to receive an increase in bandwidth if the WLAN operator used MicroGA instead of RSSI. While
an operator who switches to using the MicroGA would see the
majority of users receive an increase in bandwidth, we also found
that the percentage of users that experience an increase varied
depending on the user’s weight. A larger percentage of low
weighted users receive an increase in bandwidth compared to high
weighted users. For example, we found that a larger percentage of
users with weight 2 would receive an increase in bandwidth compared with users of weight 3. This was consistent across all
weights. However, this pattern did not occur when MicroGA was
contrasted with LLF or HLB.
6. Conclusions
The objective of this paper is to provide load balancing techniques that improve network throughput and consequently provide customers with a better QoS. Towards that end we proposed
two genetic load balancing algorithms called MicroGA and MacroGA. Empirical evaluation demonstrated that both algorithms outperform the current WLAN techniques in terms of total network
throughput and distribution of user bandwidth. We show that on
average a user can expect to receive an increase in bandwidth if
it uses one of the proposed GAs. The GA performance improvement
is achieved without penalising any particular category of user. A
comparative analysis of the GAs reveals that MicroGA is more
applicable to a time-critical load balancing scenario. In future, we
aim to investigate the performance of the proposed algorithms
when supplemented with greedy initialisation strategies.
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