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Abstract  
Cognitive Radio Network (CRN) has an important role in next generation wireless 
networks; it can potentially provide higher performance of wireless communication 
networks in terms of reliability, scalability, stability and spectrum efficiency. 
Cognitive radio networks are on the basis of radio nodes equipped with a cognitive 
engine (CE); it can manage spectrum and change transmission parameters using 
artificial intelligence methods in particular bio-inspired optimization methods.  
 
This study investigates spectrum management problem in cognitive ad hoc network 
in particular mobile ad hoc network with cognitive nodes. The spectrum 
management problem can be summarized as channel allocation and cluster 
formation problems that are both multi-objective combinatorial optimization 
problems, which can be addressed with bio-inspired optimization algorithms, i.e., 
genetic algorithms and swarm intelligence methods. In this thesis the focus are on 
the convergence characteristics and multi-objective functions.  
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1 Introduction  
Next generation wireless networks will be based on cognitive radio technology that   
provides high performance wireless communication networks (i.e. reliability, 
scalability, stability and spectrum efficiency). A wireless network with cognitive 
radio nodes has the capability to adjust the radio transmission parameters 
according to the changes of the environment. Thus, it has the ability to enhance its 
stability and prevent performance degradation caused by situational changes. In a 
cognitive radio node, the cognitive engine (CE) makes the decision to change its 
functionality. It utilizes machine learning methods to adopt to environmental 
changes, create its own knowledge base and adjust its functionality to changes [1]-
[3].  
 
A Mobile Ad Hoc Network (MANET) can be deployed with cognitive radio nodes to 
improve scalability, stability and reliability. The cognitive engine may apply 
stochastic optimization algorithms (e.g. bio-inspired methods) to find desirable 
solutions for the challenging tasks (e.g. resource management). 
This work addresses two challenging tasks: resource allocation and cluster formation; 

they have been considered as multi-objective combinatorial optimization problems 
that are NP-hard problems and in this thesis these problems are addressed with bio-
inspired algorithms which are types of evolutionary algorithms. 

1.1 Motivation  

Recent advances in wireless communication networks and their applications lead to a 

significant need for bandwidth. Unfortunately, the spectrum is a very limited resource, 

thus; it will require very high spectral utilization efficiency of these systems, and high 

utilization efficiency can only be achieved by an efficient spectrum management i.e. 

spectrum allocation. Thus, the motivation behind this work is to suggest bio-inspired 

algorithms for spectrum management channel allocation and cluster formation in order to 

address the spectrum scarcity issue.  

1.2 Contribution  

This thesis work contributes as follows:  

1. Three bio-inspired algorithms: genetic algorithm (GA), ant colony 
optimization (ACO), and imperialist competitive algorithm (ICA) is suggested 
for spectrum management in MANETs. In addition, ICA is suggested for 
spectrum management in CRNs. These methods can be applied to solve other 
combinatorial problems in MANETs and CRNs.  

2. Designing multi-objective functions for solving the underlying multi-
objective optimization problems is another contribution of this research 
work.  

1.3 Problem Definition  

Spectrum management has been identified as a fundamental problem in wireless ad hoc 

networks. So far different methods have been proposed to solve channel allocation 
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problems (e.g. power control channel assignment, interference aware channel assignment, 

etc.) and the cluster formation problem. These problems are classified as NP hard 

problems, which are not solvable in polynomial time. Thus, meta-heuristic methods e.g. 

bio-inspired algorithms have been applied to solve the problems. In addition, these 

problems are multi-objective optimization problems; thus, designing feasible multi-

objective functions is essential to find Pareto optimal solutions. The main objective of 

this thesis is to investigate the convergence characteristics and the time complexity of the 

suggested population based methods in solving optimization problems in MANETs.  

1.4 Organization   

The rest of this research is organized as follows: in Chapter 2 cognitive radio 
networks, mobile ad hoc networks, channel assignment and cluster formation are 
briefly reviewed. Chapter 3 suggests three bio-inspired methods and illustrates how 
the cluster formation and channel allocation schemes are implemented on the basis 
of the above methods. Chapter 4 reports the obtained results from examining the 
suggested methods in several scenarios. My conclusions are in Chapter 5.  

 
 
 
 
 
 
 
 
 
 
 
 
 



Spectrum Management in Cognitive Radio Ad Hoc Networks 

 3 



Spectrum Management in Cognitive Radio Ad Hoc Networks 

 4 

 

2 Background 

2.1 Methods 

This work is an aggregation of several case studies that are based on discrete event 
simulations. The suggested algorithms have been applied to solve different 
spectrum management issues in the simulated case studies. Quantitative analysis 
has been applied on the obtained results from the case studies. The performance 
evaluation is conducted in the sense of comparison of the convergence 
characteristics and time complexity of different algorithms and objective functions, 
the results are also compared and put into the context of previous studies.  

2.2 Cognitive Radio Network  

Cognitive radio networks (CRNs) have been suggested on the basis of radio nodes 
that have the capabilities of making intelligent decisions to alter their transmission 
parameters, i.e., the parameters of Physical Layer (PHY) and Medium Access Layer 
(MAC) with regard to the changes in environment [1]-[3]. The main functionality of 
Cognitive Radio (CR) nodes is to configure/control a waveform so that it maximizes 
the efficiency of communication and minimizes the resource consumption on the 
basis of environmental information [2]. This functionality is typically based on some 
form of machine learning methods that are integrated into the cognitive engine (i.e., 
the core part of the cognitive radio node). Thus, the main step in the design of a CR 
node is to implement its cognitive engine using feasible learning methods. By using 
learning methods e.g. ‘Expert systems, evolutionary algorithms and case based 
reasoning methods’ [3] a CR node can sense the spectrum holes, analyze the 
obtained information, and make a decision about how to utilize the available 
spectrum resources.  
 
The cognitive radio ad hoc network (CRAHN) is the basis for next generation 
military networks, i.e., replacing legacy analog or digital voice based combat radio 
networks [5].  Due to the lack of infrastructure in these kinds of networks the 
information exchange will be based on the cooperation of the radio nodes. 
Generally, a CRAHN includes two types of networks: ‘primary network’ and 
‘cognitive radio network’ [6]. A CRAHN might consist of CR nodes and a central 
access point to manage the node’s functionality. Such a CRN can be referred to as a 
centralized cognitive radio ad hoc network that is suitable for providing 
communication for a low mobility case [7].  
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2.2.1 Spectrum Management in Cognitive Network  

Spectrum management in particular spectrum allocation is one of the most 
important functionalities in a CRN. This is commonly done in four steps: spectrum 
sensing, spectrum decision, spectrum sharing and spectrum mobility.  

A suitable scheme allocates the spectrum to the CR node ‘while maximizing 
spectrum efficiency and avoiding interference to other spectrum blocks assigned to 
other users [2], [8]. Thus, such a scheme should have the capability to deal with 
issues such as: interference and quality of service (QoS) and it is important to 
understand that its function also has a significant effect on the overall performance 
of the network (i.e., increasing the satisfaction level of users). Generally, the 
spectrum allocation schemes can be differentiated by the framework, the CR node’s 
characteristics, the applied optimization techniques and the environmental context.  
 
One possible classification of spectrum allocation scheme is to divide these schemes 
into ‘centralized’ and ‘distributed’. In a centralized framework, the nodes can behave 
in cooperative or no cooperative manner. In cooperative environment, evolutionary-
based optimization methods can be used as the centralized-cooperative schemes. 
The objective functions can for example be formulated as max-sum throughput, 
max-min-throughput and max-proportional-fair [8].  

In a distributed environment, there is no centralized controller or any global state of 
knowledge, so each node makes its own decision on the basis of local state 
information.  Due to the lack of a central controller, nodes have to cooperatively or 
non-cooperatively collect and process the information about spectrum availability. 
Cooperative-distributed channel allocation schemes use game theory-based 
optimization methods, admission control mechanisms and distributed genetic 
algorithms to converge to a near optimal solution. In contrast, the CR networks with 
non-cooperative behavior are selfish and only consider its own interest; thus, the 
game theory-based optimization method can be used for finding an individual 
feasible solution [2], [8]. 
  

2.3 Mobile Ad Hoc Networks  

MANETs have been defined as infrastructure-less networks; a MANET (see Figure 
2.1) is a collection of mobile nodes with self-organizing capability (i.e., neighbor 
discovery) [9]. In MANET, nodes play several roles such as a transmitter, receiver 
and router [9]. The infrastructure-less characteristics of MANET makes it a suitable 
network structure for quick deployment (e.g. military application and emergency 
networks). Stability, scalability and spectrum scarcity are the main challenging 
problems in MANETs; creating a clustered structure has been proposed as one of 
solutions for the scalability and scalability problems of MANETs.  So far different 
clustering algorithms have been proposed to form a manageable and scalable 
heretical structure of MANET. Efficient channel allocation schemes have been 
proposed to address spectrum scarcity issues.    
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Figure 2.1 A schematic of a MANET 

 

2.3.1 Cluster Formation in Ad Hoc Network 

As was mentioned earlier, in general, a clustering algorithm partitions the flat 
network topology into a hierarchical network topology to increase the scalability, 
stability and the manageability of the MANET. In addition, routing algorithms, 
power control mechanisms and spectrum management methods also take 
advantage from a clustered network structure [9]. In a clustered MANET (see 
Figure. 2.2) three different groups of nodes are presented: cluster head, gateway and 
ordinary node. The cluster head, the master of a cluster, is responsible for 
coordinating the intra-cluster and inter-cluster communication. The gateway node is 
a common node between two or more clusters. The ordinary nodes determine the 
boundary of a cluster, which is dependent on the transmission range of the cluster 
head and the density of nodes [10]-[12]. An optimal clustered topology should be 
load balanced, scalable, and stable. Hence, forming clusters, in particular choosing 
cluster heads is a type of multi-objective optimization problem.  
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            Cluster Head

Ordinarey Node

Gateway Node
 

Figure 2.2 A schematic of a Clustered Structure 
 

So far many different clustering algorithms with different objectives have been 
proposed. They can be classified as distributed and centralized methods. Some 
distributed clustering schemes can be summarized as follows:  

1. Identified-based scheme: Two popular algorithms of this class are Lowest-ID 

(LID) and Max-Min D-cluster. In these algorithms, the cluster head selection is 

done on the basis of the node’s ID. They aim at reducing the communication 

control overhead and maximizing the stability of the clusters in terms of 

prolonging the lifetime of cluster heads [10]-[14]. 

2. Connectivity-based scheme: A simple algorithm of this class is the highest 
connectivity clustering (HCC). It has the objective to minimize the number of 
cluster heads (dominating set) [14] while satisfying the load balancing 
constraint. It uses the degree of node as the criteria for cluster heads 
selection [10]-[14].  

3. Mobility-aware scheme: Algorithms of this class form the clusters using the 
mobility metric and aim at stabilizing the intra-cluster connection (i.e., 
minimizing the rate of re-affiliations). An instance of a mobility-metric based 
algorithm, is MOBIC that uses the local mobility information to select cluster 
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heads [10]-[14].  
4. Combined–weight based clustering scheme: In this type of algorithm, each 

node is assigned a weight, which is defined as a summation of several 
metrics. The algorithm selects the nodes with the minimum weight as the 
cluster head. The metrics are dependent on the objective of the clustering 
algorithms. In the weighted clustering algorithm (WCA) the weight is based 
on:  the degree, the mobility, the transmission power and the battery power. 
This algorithm aims at minimizing the number of clusters and the control 
communication overhead. Other types of WCA use different metrics to 
satisfy different objectives [10]-[15].  

5. Metaheurstics-based clustering scheme: as was mentioned earlier, forming 
clusters with minimum number of cluster heads is equivalent to solving the 
dominating set problem in graph theory. Since it is an NP-hard problem, 
population-based clustering scheme, e.g. methods on the basis of GA and 
ACO have been examined for solving it. These algorithms aim at finding a 
feasible solution in polynomial time [16]-[25]. Some GA-based and ACO–
based methods for cluster formation are:   
5.1. GA-based clustering scheme: In [16]-[18], the GA-based methods have 

been proposed to modify the performance of WCA. In [17], a genetic 
algorithm was proposed to minimize the dominating set. The 
suggested algorithm encodes a sequence of the selected cluster nodes 
to a chromosome and defines the fitness function as the summation 
of the node’s metrics. The genetic algorithm of [18] has an objective 
to maximize the connectivity. The node with the minimum value of 
the fitness function, which is defined on the basis of the node’s 
metric, is a more desirable choice as a cluster head. A distributed 
WCA on the basis of GA has also been examined for forming clustered 
topology. This method finds a local solution for clustering while 
satisfying the control communication overhead. In the GA-based 
distributed method, the cluster heads selection is done only using the 
local information [16]. In comparison with the centralized clustering 
schemes, the distributed clustering methods, especially GA-based 
methods have proven to be efficient methods in reducing control 
communication overhead.  

5.2. ACO-based clustering scheme: the combination of ant colony 
optimization (ACO) and a weighted-combined clustering algorithm 
has been proposed for cluster formation [18]-[21]. The algorithm of 
[18] calculates a probability function for each node. The node with 
higher probability is the more desirable one to be selected as the 
cluster head. The probability function is a normalized summation of 
two metrics: the degree and pheromone intensity. This algorithm has 
the goal to minimize the number of clusters. Examining this method 
for different sizes of networks proves that it has the ability to find the 
minimum number of cluster heads while satisfying the connectivity 
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and time complexity of the selection procedure.  Another instance of 
ACO-based clustering algorithms has been suggested in [18]. It 
defines a new metrics, ‘computing power’ [19] and combines the 
WCA and the ACO to improve the performance of WCA in terms of 
forming clusters, selecting cluster heads and maintaining the clusters. 
This algorithm forms the clusters to maximize the throughput and the 
load balancing and minimizes the delay and the number of re-
affiliations. In [20], an ACO-based clustering algorithm was proposed 
to improve the performance of the clustered network. This algorithm 
has been named ‘CAACO’ [20] and it stands for Clustering Algorithm 
based on Ant Colony Optimization. This algorithm assigns a metric to 
each node. This metric shows the level of the node’s pheromone 
intensity. The probability function for each node is defined based on 
this new metric; thus, a node with the highest probability is selected 
as a cluster head. The CAACO aims to reduce the control 
communication overhead as well as maximize the scalability and the 
inter-cluster stability.  

2.3.2 Channel Allocation in Ad Hoc Networks 

One of the challenging tasks in wireless communication systems is to efficiently 
assign time, frequency and code-based channels to the radio nodes. This task is 
referred as to the channel allocation problem that has been generalized for time, 
frequency and code-division multiplexed systems [22]. The channel assignment 
problem was early defined as a problem in cellular communication systems [23]-
[24], it has been described as finding a channel assignment scheme that maximizes 
the utilization of a spatially reused frequency while satisfying interference 
constraints (e.g. co-channels interference constraint). 
 
Most studies of channel assignment have been related to the cellular network. Other 
types of wireless networks (e.g. wireless local area network (WLAN), wireless mesh 
network (WMN), mobile ad hoc network (MANET) and cognitive radio network 
(CRN)) also require effective channel assignment schemes. For these different types 
of networks, a large number of algorithms have been proposed for finding an 
efficient channel assignment scheme; they can be classified as centralized or 
distributed, cooperative or non-cooperative, measurement or non-measurement 
methods [22]-[33]. 
 
For networks with non-cooperative radio nodes, game theoretic-based approaches 
(e.g. Nash equilibrium and strong dominated strategy equilibrium) have been 
proposed [1]. In contrast, for cooperative networks, measurement schemes e.g. 
greedy allocation, genetic algorithms (GA) and ant colony optimization (ACO) have 
been suggested [22]-[33] to find an efficient channel assignment scheme.   
 
It should be noted that for a flat network topology, the channel allocation schemes 
suffer from the hidden terminal problem [32]. Cluster formation has been proposed 
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as a way to avoid the hidden terminal problem. For such a clustered network 
structure, a cluster-based channel assignment problem should be proposed. 
Heuristic methods (e.g. greedy and genetic algorithm) have been applied to solve 
this problem, which earlier has been referred to as a ‘cluster based coloring 
algorithm’ [34]. In fact, to solve the hidden problem, orthogonal channels should be 
assigned to ‘neighbor clusters’ and ‘neighbor cluster neighbors’ [34].  
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3 Bio-inspired Algorithms   
As was previously mentioned, the most optimization problems of MANETs (e.g.  
channel allocation and cluster formation) are classified as NP-Hard problems that 
cannot be solvable within polynomial time by using the deterministic optimization 
method. However, stochastic methods such as genetic algorithms (GAs) and ant 
colony optimization methods (ACOs) can effectively find an optimal or near optimal 
solution of this type of problem. In this section, I focus on using three meta-heuristic 
algorithms that are population based methods for two optimization problems of 
MANETs. 
 

3.1 Genetic Algorithms  

Genetic algorithm has been defined as an evolutionary algorithm and a population-
based method that finds a near-optimal solution through conducting a random 
search. GA is a type of stochastic optimization methods that randomly searches the 
solution space to find a solution [40].  GA represents each solution by a chromosome 
that consists of genes, one for each dimension of solution space and generates an 
initial population, a set of chromosomes (i.e., individuals) with a random value for 
each gene. Then, a fitness function is applied to evaluate the individuals and selects 
some of them for genetic operators (i.e., crossover and mutation). These operators 
result in generating a new set of individuals, which is referred to as a set of 
offspring. The selecting operator is also applied to choose a set of individuals as the 
next generation. The general steps of GA can be summarized as following [35]: 
 

1. Encoding solutions of problem into chromosomes. 

2. Creating an initial population, set of chromosomes. 

3. Evaluating chromosomes, individuals, ‘in terms of their fitness’ in order to select 

parents to produce a new set of individuals.  

4. Using genetic operators, crossover and mutation in order to reproduce new 

chromosomes, offspring. 

5. Evaluating the new population, combination of parents and offspring, to select 

next generation. 

Iterating the above procedure, GA has the capability to converge to a near optimal 
solution. In cluster-based MANETs, we suggest GA-based channel allocation 
schemes to assign the different channels to the adjacent clusters minimizing the 
number of assigned channels, while satisfying co-channel interference. Thus; the 
neighbor clusters should be assigned by different channels. 
 

3.2 Grouping Genetic Algorithm 

In cluster-based MANETs, the Grouping genetic algorithm (GGA) which was 
proposed for grouping optimization problems [35] e.g. bin packing and graph 
coloring is suggested as a centralized channel allocation scheme.  GGA divides each 
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chromosome into two parts: object part and group part. The genes of the object part 
show a group label in contrast the genes of the group part represent the label that 
can be used (see Figure 3.1). 

 

  
)(

642135

)(

15614132 :

annelFrequecyChGroupdClusterheaObject

ffffffffffffff  

Figure 3.1 Grouping representation of chromosome 

Three genetic operators of GGA are crossover, mutation and inversion that are 
different from the standard GA. The function of GGA can be summarized as follows 
[35]:  

1. Initialize population using grouping representation;  
2. Evaluate population, sort the population;  
3. Select the best population using roulette wheel selection;  
4. Apply crossover operation;  
5. Apply mutation operation;  
6. Apply inversion operation;  
7. Evaluate population;  
8. Stop, if the termination condition is satisfied. 

 

The operators change the order of genes in the group part and the object part is 
adjusted to the changes. The function of crossover operator of GGA is according to 
[35]: 

 
1. Selecting at random two crossing sites, delimiting the crossing section site, in each of 

two parents. 
2. Injecting the contents of the crossing section of the first parent at the first crossing site 

of the second parent. 
3. Overwriting the object part of parent two such that the membership of the newly 

inserted groups is enforced. 
4. If necessary, adapt the resulting groups, according to the constraints and the 

optimization function. 
5. Repeating the same procedure (step 2-4) for the two parents with their roles permuted 

to generate the offspring. 

The mutation operator [35] has a similar procedure to the crossover operator. The 
following steps explain the mutation operator: 

1. A chromosome is selected for mutation and a number of labels in the group 
part are deleted (see Figure 3.2). 

2. The genes of the object part that have taken the deleted group labels, would be 
unlabeled, which means they would lose the taken group labels.    

3. According to the constraints and the cost function, the remaining group labels 
are assigned to unlabeled genes.  

4. If the constraints are not satisfied, a new label is added to assign the object part 
. 
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Figure 3.2 Mutation operator for channel assignment problem.

 Inversion operator is the additional operator which is introduced for grouping 
representation scheme. This operator is only applied on the group part of the 
chromosome [35]. Two points of the chromosome in the group part are randomly 
marked and then the order of the genes between these two points is reversed (see 
Figure 3.3).  
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Figure 3.3 Inversion operator for channel assignment problem. 
 

3.3 Imperialist Competitive Algorithm  

Imperialist Competitive Algorithm (ICA) is a type of population-based algorithms 
that is inspired by “imperialist competition” [36]. ICA defines the term ‘country’ [42] 
to encode the optimization problems. An initial population of ICA is a set of 
countries; each country is a vector of the optimization parameters. The population is 
classified into two groups: the colonies and the imperialists. The countries that have 
the higher power are considered as the imperialists and start to take possession of 
the countries with the lower power, which are referred to as colonies. In this way, 
each imperialist creates its empire. The steps of creating empires and its 
formulations are explained as follows: 

1. First, the cost of each country (it is equivalent to the fitness function in GAs) is 
calculated. The countries with minimum values of cost (in minimization 
problems) is chosen as the imperialists 

2. The imperialists take procession of the colonies based on the normalized 

power ip  is calculated as equation (3.1).  







pop

i
i

i
i

tN

tN
p

1

cos_

cos_

                                                                                                                      (3.1)  
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)min(coscos_ COST ii ttN
                                                                                                (3.2) 

 
3. The normalized cost as equation (3.3), for each imperialist is calculated. It should 

be noted that this equation is corresponding to the minimization problems. The 

parameter COST is a set of costs as  ,...cos..., itCOST .  The number of colonies 

that are joined to each imperialist is determined by using equation (3.3). 

)(, colony
Niicolony proundN                                                                                                           (3.3)  

 

The parameters: colonyN and 
icolony

N
,

show the total number of colonies and the 

numbers of colonies have been joint to the i th imperialist, respectivly.  

4. After forming the empires, the movement of colonies toward the imperialists is 
started (assimilation operator). If a colony reaches to a higher power than its 
imperialist, the position of the colony and its imperialist must be exchanged 
(evolution operator).  

5. Finally, the imperialists start a competition to take the possession of the 
weakest colonies of the weakest empires. During the competition, the weakest 
colony from the weakest empire is picked and joined to the most powerful 
imperialist. The weakest empires, whose colonies are joined to other empires, 
will be eliminated.  

The algorithm is converged to a global optimum when there is one empire [36].  
 
The evolutionary operators of ICA are summarized as following:  

1. Assimilation operator: This operator updates the cost function of the colonies 

by moving them to their corresponding imperialists.  

2. Revolution operator: This operator updates the cost function of colonies by 

changing the elements of colonies. The goal of the revolution operator is to 

change some parameters of the individual in order to prevent the algorithm 

from falling into local suboptimal solutions. 

3. Exchange operator: It updates the position state of colonies and imperialists. 

4. Competition operator: It updates the position of the colonies by picking it 

from one imperialist and joining it to another. 

So far, the ICA has been applied for optimizing some benchmarks [36]. The results 
have shown that it has the ability to converge to the global minimum of problem in a 
short time. Thus, it is interesting to define a channel assignment scheme on the basis 
of ICA.     

3.3.1 ICA-based Channel Allocation Scheme for CRNs   

In CRNs, ICA has been suggested as a dynamic spectrum allocation scheme which is 
a combinatorial optimization problem.  



Spectrum Management in Cognitive Radio Ad Hoc Networks 

 15 

Here a country is represented by a vector as (3.4). The parameter
),(, jikf is an integer 

number that shows that k th frequency channels are allocated to both node i and j . 

Each
),(, jikf is heuristically selected from jiH , which is an intersection set of the 

available channels of node i and j .  

 ,......,
),(, jik

fCountry                                                                                                                  (3.4)  

The other steps of this algorithm are similar to the standard model of ICA; however, 
the assimilation operator and the revolution operator have been redefined for an 
integer vector-based representation. The steps of the assimilation operator are as 
follows: 

1. For each empire, the number of colonies is chosen by using a uniform 

distribution on the interval 0,β Ncolony,i  for the assimilation operator,. 

Where 
icolony

N
,

 is the number of colonies of empire i th and  is a random 

value between zero and one.     
2. For the selected colony, the number of features

 
is chosen using a uniform 

distribution on the interval diffi(0,β N ) . These selected features of colony, are 

assimilated by the value of the similar features of the corresponding 

imperialist. Here, the parameter
diff

N shows the number of different features 

between the colony and its corresponding imperialist.   
 
The revolution operator performs in two steps: 

1. At first step, a random number of colonies, )(xround , is generated, where, x  

is chosen from a uniform distribution using equation (3.6). The 

parameter 1

revR is the first revelation rate.  

)U(0,Rx rev

1                                                                                                                                 (3.6)  

2. At the second step, if there is no change in the cost functions after some 
iterations, a random number of features, )(xround , is selected and their 

values have been changed. Here, x is chosen from a uniform distribution as 

(3.7).  The parameter
2

rev
R  is the second revelation rate. 

)U(0,Rx rev

2                                                                                                                                 (3.7)  

3.3.2 ICA-based Channel Allocation Scheme for MANETs   

Here, a new representation of ICA is suggested for the channel assignment problem 
in cluster-based MANETs. It is referred to as the grouping imperialist competition 
algorithm (GICA), in which, a country is divided into the two parts, which are 
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defined as province and resource. The GICA representation for the channel 
assignment problem has been shown as equation (3.8).  

  
)(Re

213

)(Pr

11213132 :

annelFrequecyChsourcdClusterheaovince

fffffffffff                                                                                           (3.8) 

In cluster-based MANET, the province part contains information of the assigned 
channels to the clusters and the resource part contains the available channels in a 
permutation order. The constraint of this problem is that the adjacent clusters 
should be assigned by the different channels (here frequency). At initialization state, 
the channels of the resource part heuristically assign to the element of the province 
part using a heuristic function. Thus, a feasible solution is initiated. The evolutionary 
operators of GICA are applied on the resource part, and then the province part is re-
assigned according to the available channels of the resource part. The evolutionary 
operators of GICA are similar to the evaluation operators of ICA and just the 
assimilation and the revolution operators have been changed. In GICA, for each 
empire, the weaker colonies that have lower power are selected to assimilate using 
the following procedure:  

   
1. One element of the imperialist’s resource part is randomly selected.  
2. The selected element is injected as the first element of the colony’s resource 

part.  
3. The province part of the colony is overwritten by the new element according 

to the province part of its imperialist.  
4. Because of the second and the third step, there are some elements of the 

resource part of the colony that lose their assignment. These elements are 
removed from the resource part. Consequently, the province part should be 
reassigned using the remained elements in the resource part to satisfy the 
constraints.  

5. The steps two to five are repeated for each colony that is chosen for 
assimilation.  

In GICA, the revolution operator has two levels, which are explained as follows:  

 
1. First level: Colonies with the lower power are selected, and then some 

elements of their resource parts are removed. Then, the fourth step of 
assimilation operator is repeated.   

2. Second level: Additional elements are added to the resource part of 
imperialist. The province part should be reassigned using the remaining 
elements in the resource part to satisfy the constraints.  

As was mentioned, after each level, the province part is reassigned according to the 
resource part. As a result of these operations, in one population the length of 
countries is variable.  
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As was discussed, the GICA seeks a solution to assign the channels to the clusters in 
order to minimize the number of assigned channels and avoiding inter-cluster 
interference. For solving the channel assignment problem with GICA, we suggest 
two types of objective functions: a single-objective function and a multi-objective 
function. The next sub-section explains these objective functions. 

3.4 Ant Colony Optimization  

Ant colony optimization meta-heuristic (ACO_MH) is a collection of algorithms 
which are inspired by the ‘foraging behavior of real ants’ [37]. Real ants start from 
the nest and use both local and global knowledge to construct the shortest path to 
the food. An ACO-based algorithm imitates this behavior to find an optimal sequence 
of nodes between a source node and a destination node, i.e., the path which has 
optimal cost [20]. To solve an optimization problem using an ACO algorithm, the 

problem should be represented by a graph, )','(' EVG   which consists of the 

nodes, 'V , and the links, 'E . The nodes represent the components of the problem 

and the links show the transition between the nodes to construct a sequence of 
nodes (a solution).  The ACO-based algorithm is an instance of population-based 
algorithms and is mostly applicable for the combinatorial optimization problems 
[37]-[38].  ACO-based algorithm has the following components: 

 
1. A population of ants that memorize the traversed paths.    
2. A graph to represent the optimization problem.  
3. An initial state which is independently assigned to each ant and determines 

the starting node.   

A ‘probabilistic transition rule’ as equation (3.9) is used by each ant to make a 

decision to move to the next node. The probabilistic transition rule,
k

ijp , defines the 

probability to choose the node j  by the k th  ant at node i ; and it is defined on the 

basis of heuristic information,
 

)(tij , and pheromone intensity, )(tij .  




 )(

)()(

)()(
)(

tNu
ijij

ijijk

ij

k
i

tt

tt
tp







                                                                                                              (3.9) 

                                                                    

 
The parameters of  and are positive values and determine the influence of 
pheromone intensity and heuristic function respectively. 
 

1. Heuristic function, which is ‘problem dependent function’ [37], to indicate 
the desirability of the node to select.   

2. Pheromone intensity calculates the desirability of a path from the 
perspective of ants.  
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To show the effect of the previously deposited pheromones, an updating rule as 
equation (3.10) has been defined. The updating rule has been defined according to 
‘ant colony system’ [37].  Hence, the pheromone is updated by the best global ant.  

ij ij ij( t 1) (1 p ) ( t ) ( t )                                                                                                 (3.10) 

 

))((

1
)(

txf ij

tij                                                                                                                          (3.11)  

In equation (3.9), k

iN  shows a set of feasible nodes, from the perspective of ant k at 

node i . Using this set, the ants avoid a loop during the path construction.  

 
1. A termination condition for each ant that shows the ant has traversed a 

complete path.  
2. A cost function is assigned to each complete path. It shows how profitable 

the path is. 
As was mentioned earlier, ant colony optimization based algorithms (ACO) have 
been widely used in MANETs.  

3.4.1 ACO-based Channel Allocation Scheme  

Ant colony optimization meta-heuristic (ACO_MH) is a collection of algorithms 
which are inspired by the ‘foraging behavior of real ants’ [37]. Real ants start from 
the nest and use both local and global knowledge to construct the shortest path to 
the source of food (see Figure 3.4). The ACO-based algorithms imitate this behavior 
to solve optimization problems.     

Nest of ants

Source of 
food  

Figure 3.4 the ant behaviors to find the source of food 

For an ACO-based algorithm, the problem is represented by a graph, 
( , )G V E where, the nodes,V , represent the components of the problem and the 

links, E , show the transition paths (i.e. partial parts of the solution) between the 
nodes.  An optimal solution is a sequence of nodes with minimum cost function. The 
general components of the ACO-based algorithm are summarized as follows [37]-
[38]: 
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1. A graph that represents the optimization problem.  

3. A population of ants,
1,..., antnantN ant ant , where antn determines the 

number of ants that traverse the graph; they memorize the traversed 
paths.  

4. A set of feasible nodes, in order to avoid forming a loop during the path 

construction. This set is represented as k

iN ; it determines the feasible 

nodes from the perspective of ant k when it is placed on i th node.  

5. Initial states which are assigned to ants and determine the source nodes 
for the ants (each ant can start from a different node).  

6. A ‘probabilistic transition rule’ [37] is used by each ant to make a decision 
to move to the next node. It is defined on the basis of the heuristic 
information and the pheromone intensity.  

7. A Heuristic function, which is a ‘problem dependent function’ [37], to 
indicate the desirability of the selected node.  

8. Pheromone intensity that represents the desirability of the selected path 
(i.e. the path between the current node and the next node) from the 
perspective of other ants.  

9. A cost function that is assigned to each ant that constructs a complete 
path from the source node to the destination node.  The cost function is 
defined on the basis of the optimization problem and can be utilized to 
evaluate the performance of that ant. 

10. An updating rule for pheromone intensity that is used to determine the 
effect of the previous deposited pheromones which is defined on the basis 
of the cost function. 

 

To solve the channel assignment problem using ACO, a graph of the problem is 

represented as ( , )G V E , whereV  represents the cluster heads and E  represents 

the adjacency between the clusters, i.e. they have common nodes with each other (see 

Fig. 3.5).  Thus, the number of nodes in G determines the number of clusters, cN .   
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Figure 3.5 The G is depicted by the red lines.  

The steps of this algorithm are similar to the steps of the ACO-based graph coloring 

algorithm, i.e. channels are equivalent with colors. At initialization state, ants are placed 

on the nodes ofG ; they are preferably placed on nodes that have more adjacent nodes, 

i.e. higher degree. This parameter, ,nei iN , calculates the number of adjacent nodes of 

node i Then, each ant is assigned a set of feasible channels,
1,..., k

ch

k

ch n
N ch ch , that is 

randomly chosen from the available set of channels, 
1_ ,...,

chnAvaialble channelN ch ch . The 

parameters 
k

chn and chn determine the number of available channels for k
th

 ant and the 

number of available channels for the problem. The set of feasible channels is updated 

when an ant selects a specific channel for the current node. Using the probabilistic 

transition rules as equations (3.10) and (3.11), ants choose the next node and assign a 

channel to that node. The ants traverse the graph and assign channels to the nodes of the 

graph satisfying the co-channel interference requirement.  

The two heuristic functions are defined as equations (3.12) and (3.13), respectively. The 

heuristic function ij is defined for choosing nodes and is determined by the equation 

(3.12). When an ant is at node i , the heuristic value for choosing the next node j is 

calculated according to equation (3.12).  

_ ,

,

1

1

un nei i

ij

nei i

N

N
                                                                                                                         (3.12) 

Parameter ,

k

unallocated iN  calculates the set of neighbors of node i  that have not been 

allocated channels from the perspective of k th ant. The equation (3.12) defines the 

heuristic function )(tij  that is used for choosing the channel for the current node. 
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The equation (3.12) calculates the desirability of choosing a channel, jch , when the 

ant is placed on node i .  

The parameter chdiffn   is calculated as the maximum number of different channels for the 

set { ,, k

j ch ich N }. The parameter ,

k

ch iN determines a set of feasible channels from the 

perspective of k th
 ant, when it is placed at node i . The parameter k

simi chn  calculates the 

maximum number of similar channels for the set _ ,, k

j Assigned channel ich N , where, 

_ ,

k

Assigned channel iN is the number of the assigned channels to the neighbors of i  from the 

perspective of k th
 ant.  

As mentioned in the previous section, two rules are utilized to update the pheromone. The 

first rule is utilized to choose a node and the second rule is used for choosing a channel 

(i.e., color). The updating rules of nodes are defined according to equation (3.13). The 

parameter, Best

ij
F , represents the cost function of the globally best ant, Best, for the path 

between node i  and node j . The parameter
Best

iN represents the set of feasible nodes from 

the perspective of the globally best ant at node i  . 

 

 ,

Best

ij

i j Best

i

F

N
                                                                                                              (3.13)  

 

Another updating rule is defined as equation (3.14). The parameter 
Best

simi chn is the number 

of similar channels in
_ ,, Best

j Assigned channel ich N .  

 
Best

simi ch
ij Best

i

n

N
                                                                                                               (3.14) 

 

Assuming a channel assignment scheme by ant k is determined as
k

x ; it is an 

_Availablc e chN N   matrix. If channel qch  is assigned to the cluster p , 1pqx otherwise it is 

0. The optimization function can be formulated according to equation (3.15), where, 

simi chS  is defined as (3.16) and, CHN  is the number of cluster heads. 

_

_

1 1

arg max
Available ch c

N N

pq simi ch

p q

x S                                                                                                    (3.15) 
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1

_

1

max { }
c

p

Availab
N N

simi ch pq

le ch

q

S x                                                                                 

(3.16) 

 

3.4.2 ACO-based Clustering Algorithm  

Centralized ACO-based algorithms to form clustering are described. The general 
characteristics of these algorithms are as follows:  

 
1. The completed path is a sequence of nodes which are selected as the cluster 

heads and satisfy the proposed constraints.  
2. Ants construct the solution by incrementally choosing one node as a cluster 

head. 
3. The node that is selected as the cluster head and its members are removed 

from the feasible set.   
4. During forming clusters, the topology of the network does not change. Also, 

all of the nodes of the network have the same transmission power that is 
fixed during the clustering algorithm.  

5. The algorithm seeks an optimal dominating set. 

The set, DS  is a set of dominating sets of 'V and x  is one dominating set from DS . 
In the following, three ACO-based clustering algorithms with different objective 
functions are explained. The dominant set s is a subset of the graph’s nodes such 
that ( )

v S

N v V , where ( )N v is the set of neighbors of v . A cluster head selection 

algorithm is equivalent to form a dominant set of G . Each node of the formed 
dominant set is a cluster head. As equation (3.17) defines, the clustering algorithm 

seeks an optimal dominant set, 
x , to optimize (minimize) the defined objective 

function )(xf . Here, is  is i th dominant set and sn shows the number of dominant sets. 

  arg min ( )
ns

i

i=1

x S

fx x                                                                                                                      (3.17) 

 The objective function, )(xf , can be defined as equation (3.18), where x  is a feasible 

solution, and can be represented as a vector with V elements, where 1px  

indicates  that the p th node has been selected as the cluster head, otherwise 0px .  

1

1
( )

V

p

p

f x x
V

                                                                                                                          (3.18) 
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The aim is to find an optimal dominant set that satisfies the connectivity constraints 
as equation (3.19).  

1 1

1
. . 2

CH CHn n

pq CH

p q p qCH

s t y n
n

                                                                                                        (3.19) 

Thus, for each feasible solution, x , a matrix, Y , with CH CH
n n

 can be defined. Where, 

CH
n is the number of nodes in the corresponding dominant set s or simply the 

number of cluster heads. This matrix is used to represent the connectivity between 
the nodes of the dominant set. If 1pqy , then the p th node and q th node of the 

dominant set has a connection otherwise 0pqy .  

Another constraint is avoiding the potential interference between the cluster heads. 
Thus, for each feasible solution and its corresponding dominant set, an interference 
matrix, Z , with 

CH CH
n n  is  defined. If 1pqz , then the p th node and q th node of the 

dominant set are mutual within the interference range of each other, otherwise 
0pqz . According to this constraint, a feasible solution should contain the nodes 

that are spatially as far away as possible. This constraint can be formulated as 
(3.20).  

2
1 1

1
. . 0

CH CHn n

pq

p qCH

s t z
n                                                                                                               (3.20) 

Assume a MANET with 
MANET _ Sizen mobile nodes with unique IDs, the ACO-based 

clustering algorithm is applied to form clusters by selecting the nodes.  A completed 
path is a sequence of nodes which are selected as cluster heads and satisfies the 
problems’ constraints (see Figure 3.6).  
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Figure 3.6 The red graph show an instance of the completed path. 

As a matter of fact, the suggested ACO-based clustering algorithm aims to form a 
clustered network topology minimizing the objective function that is defined as 
equation (3.18). The characteristics of the ACO-based clustering algorithm can be 
summarized as follows:    

The graph of problem, )','(' EVG  , is constructed using the node’s ID. Thus, the 

graph nodes, 'V , represent the node’s ID and the links, 'E , represent the transition 
between nodes. Each ant can start from a graph node and incrementally selects one 
node in order to be a cluster head; it continues until it reaches to the termination 
condition.  

3.4.2.1  Encoding and Initialization of Population 

As was mentioned erlier, ants are placed on different source nodes that are chosen 
according to the node’s degree. Thus, the m  ants are placed on the m nodes with the 
highest degree. The degree of each node, vd , is calculated as equation (3.21).  

( )vd N v                                                                                                                                     (3.21) 

The node is selected as the cluster head using their nodes’ IDs. The selected nodes 
and their members are removed from the feasible set.  

 

3.4.2.2  Cost Function  

We define two cost functions: the first one is a single objective function as equation 
(3.22) and is defined to find a minimum dominant set; the second one is a multi-
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objective function as equation (3.23) that is defined as a combination of the 
optimization function of equation (3.18) and its constraints as equations (3.19) and 
(3.20).  

 

1

1

1
( )

V

p

p

f x x
V                                                                                                                           (3.22)                                                                                                                                                                                    

2 2
1 1 1

1 1

1 1 1
( )

CH CH

CH CH

V n n

p pqn n

p p qCH
pq

p q p q

f x x z
V n

y

                                                                     (3.23)                                                                                    

 

As was discussed earlier, the objective function can be defined as equation (3.18), 

where x  is a feasible solution, and can be represented as a vector with V elements. 

Here,
px is a binary variable. If 1px the p th node has been selected as a cluster 

head, otherwise 0px .  

As was mentioned earlier, we also define, a matrixY with 
CH CHn n , The number of 

cluster heads is determined by 
CHn  . This matrix is used to represent the 

connectivity between the nodes of the clustered structure. If   1pqy , then the p th 

node and q th node of the dominant set has a connection otherwise 0pqy  . 

Another matrix is the interference matrix, Z , with 
CH CH

n n . If 1pqz , then the p th 

node and q th node of the dominant set are mutual within the interference range of 

each other, otherwise 0pqz . Thus, a feasible solution should contain the IDs of the 

nodes that are spatially as far away as possible. This constraint can be formulated as 
(3.20).  
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4 Numerical Results 

The suggested bio-inspired algorithms have been examined for several scenarios 
[39]-[44].  The scenarios are different (see Table I); however, the assumptions are 
similar: 

1. All simulations are run in MATLAB. 
2. To simulate the model, we assume that N nodes are placed in m m  meter 

square. The position of each individual node has coordinates, x and y , that 

are drawn from a uniform distribution (0, )U m . 

 

TABLE I.  CHARACTERISTICS OF DIFFERENT SCENARIOS.  

Optimization 

Method  

Specifications 

Communication 

 Range  

Interference 

range  
Number of nodes  

Number of 

available 

Channels  

Clustering Algorithm  

GA 
 

500 250 25-125 4-15 LID 

ICA for 

CRNs 

 

500 250 5,20,25 20 ---- 

ICA for 

MANET 

 

500 250 100 4-20 LID 

ICA for 

MANET 

 

500 250 55,75,95 4-20 LID 

ACO for 

MANET  
100,200,300 

200,400,600 75 ---- 3,13,31 

ACO for  

MANET  
500 

250 100,200,300,400 ---- ACO and  LID 

 

4.1 GA-based Channel Allocation Schemes 

As the first experiment, grouping genetic algorithm (GGA) [40] is applied to address 
channel assignment problems in cluster-based MANETs. As was mentioned earlier, 
two optimization problems are considered: first, a single-objective optimization 
problem and second a multi-objective optimization problem. 

The single-objective optimization problem seeks a solution to assign the available 
channels in order to maximize the spectral efficiency while satisfying the co-channel 
constraint.  

The multi-objective optimization problem seeks a solution to assign the channels in 
order that that spectral efficiency becomes maximum and the average inter-cluster‘s 
interference becomes minimum. Due to the conflict between the objectives, finding a 
best solution that optimizes both objective functions might be impossible; thus, we 
have to choose a ‘best- compromised solution’ among the set of ‘Pareto optimal 
solutions’ [40]. In contrast, in the case of single-objective function, finding a solution 
that is best solution is more possible. 
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To address this problem, the characteristics of GGA are as follows: 
 

1. The grouping representation is on the basis of the integer representation. 
2. The first part, the object part, represents the assigned channels to the 

clusters while the second part has the permutation order of the available 
channels. 

3. The population size is chosen between 50 and 250, and the maximum size 
of generation is 1000. The population is randomly initialized satisfying 
the co-channel constraints.  

 
The GGA is tested for MANETs with the different nodes. The characteristics of the 
suggested scenarios are summarized in Table I. The communication range and 
interference range are assumed to be 250 meters and 500 meters respectively. The 
clustering algorithm is the lowest ID clustering algorithm [16].  The number of 
nodes differs from 25 to 125. The minimum number of channels is set to 4 and the 
maximum available number of channels is set to 15. 

 

Figure 4.1 Cost functions values versus the number of nodes 
 

Figure 4.1, depicts the minimum and the average values of single-objective and 
multi-objective functions versus the different number of nodes. I also calculate the 
value of single-objective function for a random channel assignment method. As can 
be seen, using the multi-objective optimization the average value of fitness function 
is converged to its minimum value. However, applying GGA for single-objective 
function average and minimum values of fitness function differs to some extent. It 
can be concluded that, from the perspective of convergence, using the multi-
objective functions is better than applying a single-objective function. The result of a 
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random channel assignment scheme also shows using GGA for channel assignment 
has better results from the perspective of spectrum efficiency. 
 

 

Figure 4.2 The average of inter-cluster interference inside the network versus the number of 
nodes. 

A comparison of the results presented in the graphs in Figure 4.2 describes the 
obtained values for the inter-cluster interference inside the network using GGA and 
random channel assignment scheme. It clearly indicates that when the number of 
nodes increases the values for the inter-cluster interference increases. However, it is 
noticeable that the difference between interference powers using the different 
objective functions is about 10 dB; using the multi-objective causes a reduction in 
the interference power of a network. Thus, in the case which is interference 
constrained, using the multi-objective function is more desirable than using a single-
objective function. Using a single-objective function for a GGA-based channel 
assignment scheme performs less effectively than a random channel assignment 
scheme in terms of interference power [40].  
  

4.2 ICA-based Dynamic Spectrum Allocation for CRNs 

In this section, an ICA-based combinatorial optimization algorithm [41] is applied as 
a channel assignment scheme for some scenarios for CRNs.  Similar to [39] the area 
of the square is based on the number of nodes. The characteristics of the suggested 
scenarios are summarized in Table I.  Each node senses 20 channels with the same 

capacity and selects iC  channels as a set of the available channels. The upper limit 

and the lower limit for the number of selected channels are 2 and 8 respectively.  
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Table II and Table III present the average of maximum values of objective function 
and the number of iterations for the different number of nodes. The simulation was 
repeated 10 times for each scenario.  

TABLE II.  DIFFERENCE BETWEEN THE OBJECTIVE FUINCTION OF ICA AND GA FOR CHANNEL ALLOCATION PROBLEM IN 

CRAHNS WITH DIFFERENT NODES  

Methods  
5 Nodes 20 Nodes 25 Nodes 

ICA[41] 8.6 
25.84 26.24 

Island_GA[39] 9.0 
18.09 21.62 

 

TABLE III.  DIFFERENT  NUMBER OF ITERATIONS FOR ICA AND GA FOR CHANNEL ALLOCATION PROBLEM IN CRAHNS WITH 

DIFFERENT NODES 

Methods 
Number of nodes 

5 Nodes 20 Nodes 25 Nodes 

ICA[41] 5 
19.5 21.5 

Island_GA[39] 1 
29.6 29.2 

Figure 4.3 shows the values of the objective function during the iterations for CRNs 
with 20 nodes and 25 nodes. It indicates the robustness of ICA and shows how ICA 
converges to the maximum value already after 27th iteration for different networks. 
The number of possible solutions is near to 1.5E+08 [39] which is a large space to 
search. Thus, a heuristic method is required for a random  search. However, ICA 
shows a flexible characteristic in searching for a near-optimal solution among such a 
huge solution space. 
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Figure 4.3: The value of cost function versus number of iterations, for networks with 20 nodes 
(dashed line) and 25 nodes (dotted line). 

 

Here a channel allocation scheme on the basis of ICA is examined for several 
scenarios. Each simulation scenario has been run 20 times. I assumed a simple 
model with N nodes that are placed in a 1000 1000meters square. The position of 

each individual node has two coordinates, x and y , that are drawn from a uniform 

distribution (0,1000)U . The performances of two suggested channel assignment 

schemes are evaluated by calculating two factors: the average number of the 
assigned channels, the average level of inter-cluster interference.  

First, a MANET with 20 clusters is examined; the clustering method is Lowest ID. 
Figure 4.4 depicts the convergence characteristics of the suggested schemes (single-
objective and multi-objective scheme). It can be observed that the multi-objective 
function converges after 50 iterations by applying GGA, while using GICA it 
converges after 150 iterations (see Figure 4.5). However, the average and minimum 
values of objective functions using GGA differ to a large extent and a greater number 
of iterations is required by GGA to converge to the global minimum. In contrast, the 
GICA has the ability to reach to the global minimum after 150 iterations, which 
means that it can converge faster than GGA. The convergence characteristic of GGA 
for a single-objective function is similar to the multi-objective function.  However, 
for GICA, the convergence occurs after 60 iterations (see Figure 4.4).   
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Figure 4.4: The minimum and mean values of  the multi-objective functions versus the number 
of iterations. 

 

Figure 4.5: The minimum and mean values of single-objective functions versus the number of 
iterations  

As the second experiment, the GICA and GGA are tested for MANETs with the 
different number of nodes, 55, 75 and 95 nodes. Table IV lists the number of 
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required iterations for single-objective and multi-objective optimization methods, 
GICA and GGA. It indicates that the GICA performed better than the GGA in terms of 
the time complexity.  

 

TABLE IV.  A COMPARISON BETWEEN THE NUMBER OF REQUIRED BY GGA AND GICA 

Number of 

Nodes 

Number of iteration 

Multi-

objective 

GA 

Single-

objective  

GICA  

Multi-

objective  

GICA 

Single-

objective  

GICA 

55 Nodes 

25.8 

 
3.8 

 

5.3 

 

9.2 

75 Nodes 57.8 
9.5 

19.8 6.3 

 

95 Nodes 52.6 
11.5 36.4 21.7 

 

4.3 ACO-based Channel Allocation for MANETs 

First, we consider the MANETs that consist of 75 nodes with different transmission 
range (TR) (i.e. TR=100, 200 and 300 meters) and transmission powers (i.e. 2, 4 and 
6 mill watt). Using lowest ID the number of clusters are 31, 13 and 3 respectively. It 
should be noted that lowest ID clustering algorithm provide a clustered structure on 
the basis of the transmission range of nodes. It means that for a MANET that the 
transmission range of nodes is equal to 300 meter, the number of clusters is equal to 
3; however, if the transmissions range of the nodes is set to 100 meter, the number 
of clusters becomes equal to 31. The number of allocated channels using ACO and 
GA is depicted in Figure 4.6.  It becomes clear that the number of required channels 
is dependent upon the number of clusters and the topology of the network. 
However, for the same topology, the number of assigned channels is smaller for ACO 
than GGA.  (See Figure 4.6 the black and grey bars). It can also be observed that the 
number of assigned channels do not significantly change when the number of 
clusters increases.  Thus, this method would be scalable for a large sized MANET. 
Figure 4.7 presents the obtained interference power using an ACO-based scheme 
and GA-based scheme. In the MANET with 31 clusters (i.e. TR=100), the ACO-based 
method has smaller value of interference power in comparison with the GA-based 
method. Using GA-based method in MANET with a small number of clusters, the 
interference power becomes very low. In this case, using a GA-based channel 
assignment scheme, each cluster has been assigned a different channel [42].  

As the second test, the convergence behavior of the ACO algorithm is evaluated for 
the MANET with 31 clusters (the scenario is similar to the previous scenario, here 
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we focus on the number of iterations to achieve a near optimal solution). We 
compare the results of the ACO with GGA during 200 iterations; while the size of 
population is considered as 15.  Figure 4.8 depicts the average and minimum values 
of the objective function. It shows that the ACO-based method converges after 
approximately 10 iterations, while the GGA converges after 120 iterations.  It is also 
noticeable that the average and minimum values of objective functions using the 
GGA differ to a large extent and it needs a greater number of iterations to converge 
to the global minimum.           
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Figure 4.6: The average number of assigned channels and clusters for a network with 75 
nodes.  
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Figure 4.7:  Demonstrates the interference power between cluster heads for MANETs with 
different numbers of clusters. 
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Figure 4.8 The minimum and average of objective functions for a network with 30 clusters. 
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4.4 ACO-based Clustering Schemes for MANETs 

In order to evaluate the suggested clustering method three factors are considered: 
the connectivity factor, load balancing factor and the number of potential interfering 
cluster heads factor [43]-[44]. These factors can be defined as follows:  

1. The connectivity factor is defined as the ratio of the number of connected 
cluster heads to the number of clusters.  

2. The load balancing factor defines a quantity to measure how the mobile 
nodes are distributed among the clusters. A well balanced clustered topology 
has a high value for the load balancing factor.  

3. The number of potential interfering cluster heads factor is defined as the 
number of clusters that have interference with each other after assigning a 
similar channel to all of them. 

In this experiment, MANETs with: 100, 200, 300 and 400 nodes are considered.  
Table I lists the characteristics of this scenario. The nodes are uniformly distributed 
in a 1000 x 1000 meter square area. The transmission range and interference range 
of the nodes are fixed and set to 250 meters and 500 meters, respectively. Table V 
lists the obtained results from the ICA-based clustering method, the lowest-ID (LID) 
and ACO-based clustering algorithms that have been applied as the cluster heads 
selection in [15].  

Figure 4.9 (a) shows, an increase in the number of nodes causes a decrease in the 
load balancing factor for all clustering methods. However, the ACO-based clustering 
algorithms have higher values for this factor than the ICA-based methods. The 
connectivity between the formed clusters are depicted in Figure 4.9 (b); it shows 
that the connectivity increase as the number of nodes rises. It is noticeable the 
connectivity factors of ACO-based method are similar for single-objective and multi-
objective function. However, the obtained connectivity factor from the single-
objective clustering algorithm is higher than the corresponding value of the multi-
objective algorithm. Using the single-objective function to form clusters increases 
the number of potential interfering cluster heads, Figure 4.9 (c). 
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Table V. Comparison between different Clustering algorithms 

Method 

Characteristic  

Algorithm 
Specification  

No. of 
Nodes 

No. of 
Cluster No.of 

Population  

No.of 
Iterati
on 

ACO: 

Single-
objective [44]  

7 50 100 12.8 

7 70 200 11.85 

12 100 300 12.45 

12 150 400 13.3 

ACO: 

Multi-
objective[44]  

7 50 100 13.10 

7 70 200 14.4 

15 100 300 15 

15 150 400 14.95 

LID  

-- -- 100 5 

-- -- 200 6 

-- -- 300 8 

-- -- 400 9 

WCA- based 
ACO[15] 

-- -- 100 5 

-- -- 200 10 

-- -- 300 15 

-- -- 400 20 
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 (c) 

Figure 4.9 The curves of different performance factors for ACO-based clustering algorithm; 
(a). Load balancing factor; (b).  The connectivity; (c). Average number of interfering cluster 

heads. 

 
 

The convergence characteristics of the ACO-based clustering algorithm using the 
single-objective and multi-objective function are given in Figure 4.10. Using the 
ACO-based algorithm, the multi-objective function is converging faster than the 
single-objective function, Figure 4 the dashed black line and the solid blue line.  
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Figure 4.10 The convergence behavior of ACO-based methods for a MANET with 400 nodes. 
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5 Conclusion  

This study presents the preliminary steps for spectrum management in CRNs. In this 
work, I focused on two main problems (dynamic channel allocation problems and 
cluster formation) of spectrum management. Different multi-objective functions are 
designed to investigate the underlying multi-objective optimization problems of 
spectrum management. Three bio-inspired optimization methods have been 
examined for the spectrum management. The performance of these algorithms in 
terms of convergence characteristics and computational complexity has been 
evaluated by applying them to several scenarios.   

Three optimization methods: GA, ACO and ICA for forming clusters and channel 
assignment problems are proposed. For channel assignment problems, a group-
based representation of GA and ICA are presented. The obtained results indicate 
that the proposed GICA has the capability to approximate the Pareto solutions to 
minimize the average level of interference power and maximize spectral efficiency. 
As the results indicate, the performance of a channel allocation scheme is dependent 
on the number of clusters in MANETs. Thus, the channel assignment schemes are 
merged with clustering algorithms in order to improve the spectrum efficiency and 
minimize the average level of inter-cluster interference inside the network.  

For future work, I will apply the suggested methods on some scenarios in CRNs. 
Using the suggested multi objective function I will develop distributed cooperative 
channel assignment schemes. I will also suggest a distributed cluster formation 
method and an ICA-based clustering algorithm. The network model will include 
mobility and traffic scenarios and power control will be included in order to limit 
the increase in interference power when the number of nodes increases. 
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