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Abstract 
 

Context: Meta-heuristic algorithms have received considerable attention in the 

solution of spectrum assignment problems since they have proven to be efficient 

with lower computational load and complexity and fast execution time in complex 

applications. Genetic algorithms are meta-heuristic optimization models inspired 

in the process of genetics and evolution that can offer local or global optimal 

solutions; their implementation in cognitive radio has led to using old techniques, 

generate new models and formulate hybrid structures.  

Objective: This work proposes a spectral handoff prediction using evolutive 

algorithms and the multivariable approach of fuzzy feedback analytic hierarchic 

process (FFAHP). 

Method: To develop the proposed model, an availability matrix is generated 

through a genetic algorithm which is used as training strategy; the evaluation of 

the algorithm is performed for Wi-Fi technology with a 500-channel spectral 

occupation of real data and a transmission time of 10 minutes. 

Results: Results are summarized in five evaluation metrics: average number of 

accumulated failed handoffs, average number of successful handoffs, average 

bandwidth, cumulative average delay and cumulative average throughput.  
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Conclusion: According to the metrics obtained through simulations, the proposed 

strategy is efficient and improves performance in terms of spectral mobility in 

cognitive radio networks. 

 

Keywords: cognitive radio networks, genetic algorithms, meta-heuristics, spectral 

assignment, spectral handoff 

 

1. Introduction 
 

Cognitive radio (CR) is a wireless communication technology capable of 

dynamically assigning the radio-electric spectrum. The concept was defined by 

Mitola in 1999 [1] and various entities have generalized the definition. According 

to the International Telecommunications Union (ITU), the CR is a radio or system 

that detects and is aware of its surroundings and can be adjusted dynamically and 

autonomously according to its radio operation parameters; according to the 

National Telecommunications and Information Administration (NTIA), CR is a 

radio or system that detects the electromagnetic operation environment and may 

adjust dynamically and autonomously its radio operation parameters to modify the 

system’s functionality which leads to maximizing performance, reducing 

interference and facilitating interoperability [2]. 

 

In a wireless network, each user uses a segment or channel from the radio-electric 

spectrum to transmit and receive information. In CR, secondary users (SU), which 

are known for having a low priority under the licensed spectrum, can use a 

channel dynamically and opportunely when it is not being used by primary users 

(PU) and does not affect them [3]. The process in which the SU changes from one 

frequency channel to another is known as spectral handoff [4]–[6]. 

 

During a spectral handoff it is inevitable that communication is interrupted 

temporarily since it necessary to perform a spectral availability search process; the 

spectral assignment techniques allow the SU to change to a new spectral band 

with minimum degradation and reducing latency [7]–[10]. 
 

Meta-heuristic algorithms have been widely used to solve spectral assignment 

issues, and have proven to be efficient in assignment problems due to their low 

computational load and complexity and fast execution time in complex 

applications [11], [12]. The most analyzed meta-heuristic methods in literature are 

related to evolutive and swarm-based techniques [11], [13]. 

 

This work proposes a spectral handoff prediction based on an evolutive technique 

with the purpose of generating an availability matrix through a genetic algorithm 

and using it a training strategy. The algorithm is evaluated for Wi-Fi technology 

with a 500-channel spectral occupation of real data and transmission time of 10 

minutes. The smart selection of the frequency channels is achieved with a fuzzy  
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feedback analytic hierarchy process algorithm (FFAHP) [14]. The validation and 

evaluation of the proposed model is carried out with the Spectrum Mobility 

Analytical Tool software [15]. 

 

The article is structured as follows; the second section includes related work on 

the subject at hand, the third section describes the general features of genetic 

algorithms, the fourth section presents the adopted methodology, the fifth section 

details the results and, finally, the sixth section presents a set of conclusions. 

 

2. Related Work 
 

In literature, there is a high volume of studies that analyze and gather strategies 

for the assignment of the spectrum based on evolutive and swarm techniques.  

 

In  [16], various artificial intelligence techniques are presented that have been 

implemented in CR such as: artificial neural networks (ANN), meta-heuristic 

hidden Markov models (HMM), ontology-based systems (OBS) and case-based 

system (CBS). The document analyzes factors such as response capacity, 

complexity, safety, robustness and stability. Table 1 describes the features of 

different meta-heuristic techniques. 

 

Table 1. Features of some meta-heuristic techniques 

 

Algorithm Advantages Disadvantages 

Classification 

techniques 

Provides a globally optimal 

solution for convex 

optimization problems. Its 

convergence properties are 

well analyzed. 

 

It could produce undesirable 

solutions for ill-behaved 

functions (branch-and-bound, 

clustering) and techniques that 

access global information and 

computationally intensive. 
 

Genetic 

algorithms 

Widely studied in wireless 

applications. 

 

The convergence has not been 

fully researched and efficiency 

depends on the selection of 

parameters.  
 

Simulated 

annealing 

The method has a good 

classification which is easily 

scalable. It can predict based 

on experience. 

 

The convergence rate can be 

slow and it only converges to 

global optimal value a time 

approaches infinity for a finite 

search space. 
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Table 2. (Continued): Features of some meta-heuristic techniques 

 

Ant colony 
 

It easily adapts to changes in 

real-time. 
 

 

It is inferior to simulated 

annealing in local searches. 
 

Taboo search 
 

Asymptotically converges to 

an optimal solution with a 

probability of 1. Can be easily 

implemented. 
 

Efficiency relies on an 

appropriate selection of 

parameters. 

Source: Adapted from [16]. 

 

2.1. Meta-heuristic algorithms based on swarms 
 

Swarm techniques are intelligence artificial methods based on the study of 

collective behavior present of Nature systems which are applied to problems in 

diverse areas and can offer global or local optimal solutions. These strategies have 

been well received in CR and some of documents are now described where swarm 

techniques have been applied in CR. 

 

In [13], a strategy is proposed to minimize the required frequency spectrum for a 

given quality level of reception through the network. The author proposes a meta-

heuristic approximate non-deterministic tree search (ANTS) method that includes 

a model derived from ant colonies. 

 

In [11] an algorithm also inspired on ant colonies is defined to solve spectrum 

assignment issues obtained from coloration problems of NP-hard graphs. In [4], a 

solution to the cognitive radio spectrum problem is developed taken from the 

meta-heuristic Chemical Reaction Optimization (CRO) approach. 

 

In [17], an optimal solution for Quality of Service (QoS) parameters in cognitive 

radio is presented. The paper compares the evolutive optimization techniques 

Annealing (SA) and Genetic Algorithm (GA). Additionally, the led research 

proposes a swarm intelligence technique called Spider Monkey Optimization 

(SMO) that is inspired on the spider monkeys’ foraging behavior. The method is 

used to optimize the QoS parameters in terms of minimum energy consumption, 

minimum bit error rate (BER), maximum performance, minimum interference and 

maximum spectral efficiency. 

 

2.2. Evolutive meta-heuristic algorithms 
 

Genetic algorithms are optimization models inspired in genetic and evolution 

processes, and can offer global or local optimal solutions like swarm-based 

techniques do. Their implementation in CR has facilitated the use of previously 

defined techniques, generate new models and formulate hybrid structures. 
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In [18], it is analyzed how evolutive calculation methods such as the genetic 

algorithm (GA) are capable of designing new types of systems. A binary-coded 

genetic algorithm is used to optimize the geometry of an antenna to achieve the 

largest possible bandwidths with a minimum number of commuters. This has the 

purpose of increasing the bandwidth performance from a single CR antenna. 

 

In [19], a genetic algorithm is used as a strategy for optimal assignment of the 

radio-electric spectrum, guaranteeing a satisfactory quality of service. The 

document highlights the ability of handling multiple targets from genetic 

algorithms as a heuristic strategy. 

In [20], an optimal power assignment scheme is suggested using a genetic 

algorithm for a MIMO (multiple input multiple output) system in cognitive radio. 

The goal is to maximize the performance of the secondary user under interference 

restrictions in a system model with multiple pairs of SUs coexisting with multiple 

pairs of PUs. 

 

3. Genetic Algorithms 
 

3.1. Definition 

Genetic algorithms are optimization models based on genetic and evolutive 

processes. A simple model is composed by an initial population of individuals and 

a set of operations that interact over that population to obtain new generations of 

individuals. As seen in the optimization model described in equation (1), simple 

genetic algorithms are applied to the solution of optimization problems with 

continuous parameters [21]–[24]. 

 

 
1 2min  ( , ,... )

, ,   ,   1,...,

k k kn

ki i i i i i

f x x x

x l u l u n    
 (1) 

The population is constituted by a set of individuals represented through an 

equivalent number in binary. This binary representation is called Chromosome 

and each bit of the chromosome is called gen. In general, a genetic algorithm is 

characterized by five definitions or genetic equivalents described in Table 3. They 

are graphically represented for a specific population in Figure 1. 

 

 

Table 3. Genetic equivalents 

Genetic parameter Description 

Allele Each different state that gens can present in the same position. 

Gen The value of an allele in an array. 

Chromosome It is an array-formed collection of genes. 

Position It is the place occupied by gen in the chromosome. 

Index It is the place of the individual within a population. 

Source: [22] 
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Figure 1. Genetic equivalents for a specific population  

Source: Adapted from [22] 

 

3.2. Generations 

Generations or iterations from a systematic point of view allow the initial 

population to evolve into a new population with a better genetic code. This 

process is performed through three operators on the current population [21]. 

 

 Selection operator 

 Cross operator 

 Mutation operator 

 

3.2.1. Selection 

 

It is the operation with the highest impact and it is in charge of transmitting the 

genetic code from the most fitted individuals to future generations. A new 

population called intermediate is generated from the current population and it 

must have the same initial size. However, genetic structure must be diverse so it 

does not only take the best codes but it also transmits a number of codes with 

lower performance. Algorithmically, there are diverse selection methods [22]–

[25]: 

 

 Direct selection: The population is ordered from the most suitable 

individuals to the ones with lower performances and the cross is 

performed from the inferior index up to the superior index, allowing the 

ill-adapted individuals to interact with individuals that are better adapted. 

 Tourney selection: n individuals are randomly selected from the 

population and the ones with the highest fitness are chosen among them. 

The process is repeated until a new population is formed. 

 Proportional or roulette selection: Each individual has a proportional 

cross probability. A random array is generated with ascending  
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probabilities while keeping the same length as the population. Then, the 

selection probability of the individual is compared with the ascending 

array’s probability. If the value of the random array falls in the 

individual’s interval, then the individual is chosen. 

 

3.2.2. Cross or recombination 

 

The crossover or crossing operator selects two chromosomes called parents and 

assigns them a crossing point. The crossing is then performed between the 

selected individuals with the purpose of having new combinations that are called 

children. A sexed operator is known as being allowed to exchange genetic 

material to produce descendants. The central idea is to match parents with 

different genetic codes.  

Figure 2 shows the matching carried out by the crossing operator for two 

randomly selected individuals [26], [27]. 

 

 
Figure 2. Crossing operator 

 

3.2.3. Mutation 
 

The mutation operator for simple genetic algorithms with low mutation 

percentages is not relevant. The mutation is performed by randomly modifying the 

genes of a population by a certain percentage. Small mutation rates guarantee that 

new populations do not vary in comparison to the genetic code of previous 

populations [27], [28]. 
 

4. Methodology 
 

In this section, the description of the proposed model for spectral handoff 

evaluation is presented. Genetic algorithms such as evolutive techniques are used 

to present the general description of the model, the input data, the operators 

implemented for every generation (number of iterations), the channel selection 

methodology and the evaluation of metrics. 
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4.1. Proposed model 

 

Figure 3 presents the block diagram’s proposed model, the Occupation and 

Processing blocks are associated to the spectral occupation database for the Wi-Fi 

network and to the respective processing that allows the definition of the 

availability matrix for each channel; the proposed model has five sub-blocks and 

is assessed with the Spectrum Mobility Analytical Tool software. 

 

The model corresponds to the blocks enclosed by the discontinued line square, 

formed by five algorithms, the Selection algorithm and Channel selection blocks 

enable the selection of channel (number of columns) with two techniques: through 

the multivariable FFAHP or randomly. The parameterization variable corresponds 

to the number of channels (between 10 and 460). The blocks Initial population, 

Population operators and Final population construct the training matrix with 

genetic algorithms. First, a random initial population is established and its binary 

representation is adjusted according to the number of channels. The operations of 

direct selection, crossing and mutation (small mutation rate) are performed to 

create the final population equivalent to the training data. 

 

 

 
 

Figure 3. Proposed model 
 

4.2. Input data 

 

The Spectrum Mobility Analytical Tool software takes the information 

availability, bandwidth and channel ranking for the FFAHP handoff model. The 

database corresponds to the power information for high traffic in a Wi-Fi network 

in the city Bogotá, Colombia. The time steps of the validation availability matrix 

are adjusted according to the software’s database. 

 

Figure 4 presents the input and output data, the input information belongs to the 

software parameterization which requires the definition of the following variables: 

threshold, noise floor, bandwidth and multichannel [15]. 
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Figure 4. Input and output data 

 

 

4.3. Genetic algorithm 
 

A genetic algorithm is designed for the training matrix. The model establishes an 

initial random population which is verified by a transition function (transition 

matrix). The goal is to assure that the population has coherent values. The 

selection, crossing and mutation create the final population equivalent to the 

training data. The number of generations (iterations) is adjusted under 

performance parameters such as simulation which is a variable that is 

parameterized with a trial and error criterion. Figure 5 presents the flow diagram 

for the genetic algorithm. 

 

4.4. Selection of studied channels 

Figure 6 shows the block diagram for the selection of the number of channels 

(between 10 and 460). The selection involves two techniques: the FFAHP handoff 

model and a second method based on random selections that will allow the 

comparison of results. The number of channels variable adjusts the channels for 

the bandwidth, the availability validation matrix and the input condition for the 

initial population of the genetic algorithm.  

 

4.5. Evaluation of spectral handoff 
 

The evaluation of spectral handoffs is performed through the training and 

validation matrices. The Spectrum Mobility Analytical Tool software is used in 

Custom mode. The results correspond to the figures of bandwidth, handoff, failed 

handoffs, delay and throughput. Although it is not part of the evaluation, the 

following information of the genetic algorithm is collected: number of 

generations, initial population, mutation percentage, etc. Figure 7 shows the 

evaluation of diagram. 
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Figure 5. Flow diagram for the genetic algorithm 

 

 
 

Figure 6. Selection of studied channels, validation matrix and training matrix 
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Figure 7. Evaluation of the algorithm 
 

5. Results 
 

The evaluation of the spectral handoff algorithm using genetic algorithm for a 

high traffic Wi-Fi network is carried out with five metrics: number of cumulative 

failed handoffs, number of cumulative total handoffs, bandwidth average, the 

cumulative average delay and cumulative average throughput. The results 

obtained for each metric with a transmission time of 10 minutes are shown in 

Figures 8-12. 

 

Figure 8 presents the number of cumulative failed handoffs, the difference 

between the two strategies is 131 failed handoffs, where the FFAHP algorithm has 

the lowest number of failed handoffs (114). 

 

 
 

Figure 8. Number of cumulative failed handoffs for a Wi-Fi network with high 

traffic 
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Figure 9 presents the number of cumulative of handoffs. The results present high 

values in the 10 minutes of transmission for the random distribution algorithm 

with a final average value of 1044 and a total of 685 for the FFAHP. 

 

 
 

Figure 9. Number of cumulative total handoffs for a Wi-Fi network with high 

traffic 

 

 
 

Figure 10. Average bandwidth for a Wi-Fi network with high traffic 

 

Figure 10 presents the average bandwidth and there is no significant difference 

between the two selection strategies. However, the average bandwidth for FFAHP  
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is higher than for the random distribution during the 10 minutes of transmission. 

The highest value in both cases is obtained at 5 minutes and the average 

difference was 79.33 kHz. 

 

 
 

Figure 11. Average cumulative delay for a Wi-Fi network with high traffic 

 

 
 

Figure 12. Average cumulative throughput for a Wi-Fi network with high traffic 

 

Figure 11 presents the average delay for each algorithm during the 10 minutes of 

transmission. The delays correspond to the difference between the total handoffs  
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and failed handoffs. In general, the two strategies present an acceptable behavior 

with a lineal growth under 200 seconds; the lowest and the highest differences 

between the techniques is obtained in the extreme values of the data, 12.07 s for 

1000 kB and 60.3 s for 10000 kB. 

 

Figure 12 describes the average throughput with a standard 16QAM modulation; 

the cumulative average throughput is superior for the FFAHP distribution with 

4575 kbps. For the random distribution its value is 3594 kbps. 

 

Table 4 presents the results of the two selection strategies using as training matrix 

the population generated with the genetic algorithm. 

 

Table 4. Evaluation metrics 

 Failed 

handoffs  

Total 

handoffs 

Average 

bandwidth 

Average 

delay 

Average 

throughput 

FFAHP 114 685 771.05 139.5 4575 

Random 245 1044 691.72 199.8 3594 

 

6. Conclusions  
 

Meta-heuristic algorithms have been widely considered to solve spectrum 

assignation problems and have proven to be efficient in assignments problems. 

They are optimization models that can offer local or global optimal solutions. 

 

The spectral handoff prediction model using genetic algorithms, described in this 

article gave conclusive results for both channel selection methodologies. 

However, in contrast to the random strategy, the FFAHP algorithm assures 

repeatability in the results. According to the metrics obtained through simulations, 

the proposed method improves the performance of spectral mobility in cognitive 

radio networks. 
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