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Abstract. This paper presents a design and deployment tool for wireless local 

area networks (WLAN) based on the IEEE 802.11 standard. The problem for 

optimal WLAN deployment has been addressed using an evolutionary genetic 

strategy. The algorithm starts with an initial population of nodes defined within 

a map and tries to search the best location for access points (AP). The flexibility 

of the algorithm allows improving the distribution of APs based on the analysis 

of the RF signal loss by distance and obstacles as criteria. This algorithm has 

been fully integrated within a previous tool called WiFiSim, which allows to 

study various parameters and design problems in the PHY and MAC layers of 

the OSI model (e.g., the hidden node problem, throughput, channel utilization, 

frame collisions, delays, and jitter). This enables engineers to have a complete 

tool for the study, design and deployment of customized Wi-Fi networks.  

Keywords: Genetic algorithms, IEEE 802.11 modeling, Wi-Fi simulator, wire-

less network design, engineering education.   

1 Introduction 

Nowadays, wireless connectivity is established in all aspects and fields, offering flex-

ibility and mobility to users. With the proliferation of wireless devices in recent years, 

low cost services combined with high data rate transmission —such as for voice and 

video streaming— have made WLANs to be applied to different sectors. Thus, the 

need for large bandwidths makes critical time constraints, and requires robust and 

reliable networks to meet the needs for throughput. Consequently, the optimal design 

and implementation of WLANs is required for the proper transmission of information 

and to ensure that business needs are adequately covered [1]-[4]. 

In previous works [5, 6] the authors presented a new educational tool designed for 

the generic simulation and study of WLANs, the Wireless Fidelity Simulator 

(WiFiSim). This tool improved the teaching and learning of courses on computer 

networking by means of the simulation of the behaviour and performance of commu-

nication protocols based on the IEEE 802.11 standard. The interest of this educational 
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tool —tested by teachers, students and professionals on computer networks— lies in 

the realism of its simulations, which provide a high level of interactivity and visual 

information with easy-to-interpret results through a configurable and intuitive GUI. 

At present, there is a large number of commercial tools to address the design of 

wireless networks. This includes WiTunersTM [7], AirMagnet Survey® [8], ZonePlan-

nerTM [9], Ekahau Site SurveyTM [10], Red-Predict [11], LANPlanner® [12], Ring-

Master® [13], Cisco WCS® [14], and Cindoor [15], among others. Despite of the con-

siderable catalogue on tools, many of them lack an educational part to assist design-

ers. That is, a specific module for the study and simulation of the network operation.  

In this paper we propose a further step beyond the study and design of WLANs: 

the problem of optimally deploying APs to cover wireless clients within a network. 

To achieve this goal we propose an optimization algorithm based on evolutionary 

strategy, thus allowing to solve the weaknesses of the current study and design tools 

in the state-of-the-art. To this end, we have integrated the developed module into 

WiFiSim, now called WiFiSim Extension. On the one hand, it facilitates designers the 

implementation process and automatically provides optimal solutions closer to the 

best network design. On the second hand, the tool allows at the same time to study 

WLANs and avoid operation problems (e.g., the hidden node problem, throughput, 

channel utilization, frame collisions, packet delay, queue length and delay, medium 

access delay, and jitter). 

To do this, Section 2 describes the problem for the optimization in WLAN de-

ployment. Section 3 is devoted to describe the model developed for the optimization 

of AP locations based on a genetic algorithm. Section 4 develops a real case study and 

finally Section 5 presents some concluding remarks. 

2 Deployment of WLANs: the Optimization Problem  

There are many elements that need to be taken into consideration when undertaking 

the difficult task of designing a WLAN (e.g., environment configuration, power cov-

erage, number of users, flow data rate, site specific user demands, etc.). Consequently, 

the multitude of parameters that influence the WLAN design requires a wide study.  

In order to overcome the demanding tasks imposed by a network engineer, an ex-

tension to support the genetic algorithm into the original WiFiSim tool was developed 

in JavaTM with the Eclipse framework. WiFiSim is a software for the design and study 

of WLANs, not a tool for network deployment [5, 6]. WiFiSim Extension allows 

designers to graphically describe the environment where the WLAN is to be deployed 

and specify the user constraints. It is, at this point, where the new module takes care 

of automatically generating a set of possible AP positions to satisfy the user demands.  

2.1   Environment with User-Demand Specifications 

The most basic requirement prior to accomplish any automatic design and optimiza-

tion task is to specify where the WLAN should be deployed. This essentially consists 

in defining a building by its floor structure with minimal effort (i.e., rooms, doors, 



 

 

corridors, windows, etc.). Each floor plan is used as an input for a RF model that 

computes the electromagnetic propagation throughout the environment. The WLAN 

performance is highly dependent on its environment configuration, among other pa-

rameters. Therefore, the WLAN planning has a major impact on the network through-

put. For increased realism, walls can comprise various materials that influence signal 

attenuation as part of a large database (e.g., partition walls, concrete walls, joist, etc.). 

Hence, the WLAN environment can be conveyed by a combination of walls, roofs 

and even obstacles (Fig. 1). 

The next step is to specify additional constraints on the WLAN (e.g., number of 

APs, power signal, and position at walls or anywhere). As a complement, target areas 

and restricted areas can be defined by special materials or masks to specifically study 

areas of interest (e.g., hospitals, offices, shopping centres, etc.) where WLANs may 

interfere with other devices or suffer from security issues. 

 

Fig. 1. Example of an environment designed with WiFiSim Extension   

2.2   Grid Structure for AP Candidates 

Although WiFiSim Extension allows to manually insert several APs in a scenario, it is 

not feasible to expect the designer suggests all the possible candidate positions with 

success, especially in complex environments. To automatically find a solution for the 

WLAN design problem, all the possible combinations for the required APs should be 

evaluated. The potential search space for such a problem is enormous and the required 

computational time for such an approach would be unacceptable, especially in large 

installations. A study on the different techniques used for this optimization problem 

and the justification for why using a meta-heuristic approach can be found in [18].  

To automatically generate global optimal solutions, our algorithm considers the 

geometry of the environment and the specific user constrains. The algorithm is based 

on a cell structure where objects (i.e., APs, nodes and obstacles) not only have a phys-

ical position but also an associated RF signal power. This information is provided 
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from WiFiSim to the optimization process and used as part of the genetic algorithm to 

evaluate the quality of a suggested solution. In order to perform the grid structure, 

Wifisim Extension computes the signal attenuation by distance and obstacles for each 

cell, and the reachability between nodes for each possible location of the APs. 

Left side in Figure 2 shows an example of a square floor plan according to a 1:50 

scale where the tool computes the solution for the AP candidates at the walls. These 

are colored in red, whilst the pink circle is an optimal solution, green cells stand for 

areas where the wireless nodes need signal coverage, and white cells are non-

accessible areas. It is assumed that the client devices are evenly distributed within the 

requested area. 

3 Evolutionary Genetic Model for Optimal Deployment 

An approach based on a coding scheme has been exploited for one of the most used 

genetic algorithms (GA), a steady state GA [16, 17]. The basic principle is to begin 

with a selection of candidate solutions or individuals (i.e., positions for a specific 

number of APs) and evolve these solutions by using selection, crossover, mutation 

and replacement with subsequent generation improvements.  

The implemented algorithm automatically generates two grids. One grid with the 

possible physical positions throughout the environment where an AP can be placed. A 

second grid with the power coverage and level of each cell for all the possible place-

ments of APs based on the PHY layer of the IEEE 802.11a/b/g/n standard used and 

the signal loss due to obstacles and distance. Thus, each candidate AP not only has a 

physical position but also an associated coverage intensity map generated through the 

appropriate propagation model.  

Steady State Genetic Algorithm. The specific GA implemented for this research 

operates in steady state as opposed to generational GAs. The main difference is the 

number of members after each generation that are evaluated by the target function. 

For a generational GA, all of the members of a population are evaluated. Their fitness 

values are evaluated, sorted and then each member of the population is replaced by a 

crossover and mutation tournament scheme. All of the new members are evaluated 

again by the target function, except perhaps for the best performer if an elitism strate-

gy is employed. For a steady state GA, after evaluating the initial population by the 

target function, only one member is replaced by a tournament scheme using crossover 

and mutation for each generation. That new member is evaluated by the objective 

function and then it replaces the worst performer of the previous generation. This can 

lead to quick and very accurate convergence since that member immediately becomes 

part of the mating pool making possible an early shift toward an optimal fitness [17]. 

The main drawback of the steady state GA is that it does not have the large number 

of random guesses that the generational GA can obtain. For the steady state GA only 

one member of the gene pool is replaced for each generation and that member is the 

worst performer of the previous generation. Since the member that is created is com-

posed by two good members from the previous generation, the steady state GA can 



 

 

quickly converge to a good solution. However, if none of the members of the initial 

population are good members the steady state GA can only rely on the mutation of 

one member each generation to find a good fitness. For this reason, a specific strategy 

of selection and replacements, and two types of mutation were included to enable 

more exploration or exploitation for each new member. 

Coding Scheme, Population Size and Initial Population. Before starting, the algo-

rithm must know the details of the chromosome such as for example its size (right 

side in Fig. 2). In this paper, we used an integer coding scheme where m is the num-

ber of parameters Im (i.e., the number of APs requested by the user). Each integer 

takes values in the interval [1, n], being n the number of possible AP positions.   

 C = (I1, …, Im) | Im ∈ {1, n} (1) 

The population size will be generated as a function depending on the size of the 

building. This step is done before executing the algorithm as follows: 

 S = (a / m) * k  (2) 

where a stands for the number of accessible cells by APs, m stands for the chromo-

some size (i.e., the number of APs that users request), and k is a multiplication factor. 

In our case, this value was set to 3 and determined through experimentation. Once the 

population size is determined, the next step is to initialize the chromosome of the GA. 

The initial population obtains all genes randomized into the interval [1, n]. 

 

Fig. 2. Example of the grid structure (left) and chromosome (right) used to compute candidate 

positions for APs 

Objectives. The targets to maximize the algorithm are the followings: fitness_1, 

which consists of the sum of all the cells covered; fitness_2, meaning the sum of the 

power level reaching the cells. To determine the best individual of the population is as 

follows: one individual with better fitness_1 will be the best. If more than one indi-

vidual has the same fitness_1, the tiebreaker will be based on the best fitness_2. 

Selection. A tournament selection is used in order to select the parents. 
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Crossover and Mutation Operators. The crossover operator employed is a one-

point crossover. We keep in mind that a gene cannot be repeated in a chromosome. 

This way, two individuals are obtained by combining the two offspring generated 

from parents. For each of them, the mutation operator changes a gene value at random 

with probability Pm and determines other possibility in [1, n]. 

The genetic algorithm can use two possible types of mutations indicated by a user-

defined parameter. With the first mutation (i.e., disruptive) the process will be con-

ducted with a probability of 2%. The second mutation (i.e., non-disruptive) makes a 

special mutation with a probability of 10%. In this case, a random gene of the chro-

mosome is selected to change its value by a random value of ± 5% within the range 

[1, n]. 

The system determines two possible types of replacements also indicated by the 

user configuration: 1) by parents, where two children and two parents are evaluated 

and compete between them in order to keep the best individuals within the population; 

2) by tournament, where the children obtained will compete against the two worst 

individuals to keep the best two. The mechanism of selection, mutation and replace-

ment will allow managing the convergence of the algorithm (i.e., exploration and 

exploitation). The algorithm should stop after a number of iterations set by the user or 

by a stop button in the simulation tool. 

4 Case Study for the Deployment of a Wi-Fi Network 

The practical case regarding the optimum WLAN deployment was conducted in a 

typical office environment consisting of a 73 x 40 m2 building with rooms, corridors 

and halls (Fig. 3). The idea was to compare the proposed design obtained against the 

actual design. According to the floor plan, the building has three Cisco Aironet 1100 

APs (i.e., red circles in the picture) configured for the OpenUHU wireless LAN. 

 

Fig. 3. Methodology to obtain the real coverage of the building and the power levels 

An analysis on the APs distribution, their power levels and the type of obstacles 

involved (e.g., a loss signal of 95% because of external contour walls and 8% due to 

internal Pladur® walls) was conducted to obtain a coverage map. The followed meth-

odology consisted in using the Wifi Analyzer application to obtain the power levels at 

the building cells. They were classified from areas with excellent power signal (left 



 

 

plot) to areas with no coverage (central plot). Some other areas were covered even if 

the signal arrived with a low/medium power (right plot). As a result, we obtained a 

total coverage of 70.85% stating that the APs were not placed in the best location 

possible, therefore we faced a new WLAN design after a non-optimal solution. 

To this end, we conducted different tests with the WiFiSim Extension module on 

the experimental environment using a 1:100 scale, thus resulting in 132 cells and 24 

mini-cells. The tests consisted in finding better distributions for a WLAN composed 

by three and four APs at the walls (Fig. 4). The selected parameters were APs with 

the IEEE 802.11a/b technologies, both types of disruptive and non-disruptive muta-

tions, type of replacement set for parents and tournament size of 5%. 

The experiments were completed with an Intel® CoreTM i7 (2.6 GHz, 16 GB RAM) 

under Windows 64-bit operating system and the execution times were between 2s and 

20s, which increases exponentially for larger scales. The criterion to stop the simula-

tion was to press the stop button when reached a result with no better coverage after-

wards. In the worst case we obtained a solution with a coverage of 80% for three APs. 

Although this distribution reached more signal levels than the actual WLAN installa-

tion, it was not enough to reach all the areas of the building. So we tried different 

combinations of the GA settings to achieve better distributions by: 1) improving the 

APs deployment (82%, 89% and 93%), and 2) increasing the number of APs (98% 

and 100%). This suggests that although the algorithm may not always find the best 

solution, it would be very close to the optimum in most of the cases. 

 

Fig. 4. Solutions with different combinations of the steady state GA for three and four APs 

5 Conclusions 

Wireless communications have been widely imposed over conventional wired net-

works thanks to advantages such as the low cost, easy installation, mobility and range. 

However, Wi-Fi networks also have disadvantages such as the considerable decrease 

in signal power due to technology, distance and obstacles. 

This work is focused on the study of these factors to provide adequate and guaran-

teed designs in the planning, optimization and deployment of WLANs. To do this, we 

have implemented a complete design tool that obtains sub-optimal solutions very 
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close to the best —by using a genetic algorithm— considering the largest covered 

area and maximum strength signal as decision criteria. 

After an experimental analysis carried out on a real environment, the results show 

that our tool can be useful not only in the fields of engineering education but also for 

professionals in networking. That is, to consider how to optimally distribute APs and 

provide better coverage throughout a building. Videos and a downloadable free ver-

sion of the tool are available at www.uhu.es/tomas.mateo/wifisim/wifisim.htm. 
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