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Abstract - In cognitive radio network, three fundamental tasks are performed by cognitive radio i. e. sensing, learning and 
reasoning. The importance of learning techniques to be implemented in cognitive radio for the task of learning has been 
discussed in this paper. Learning techniques for implementation in Cognitive Radios such as genetic algorithms (GA), 
hidden markov models (HMMs), rule-based systems (RBS), artificial neural networks (ANNs) are presented. Merits and 
demerits of these learning schemes have been tabulated which will help the designers in future to decide about the learning 
scheme to be used for designing cognitive radio.  
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I. INTRODUCTION 
 
With evolution of wireless communication system the 
need of higher data rate is major concern because it is 
not only used for voice services but also for video and 
data services. Two significant problems confronting 
wireless communications are spectrum use and 
deployment difficulty. The deployment problem is a 
process problem i.e., frequency allocation is fixed and 
is done so by complex collaboration and coordination 
between countries and systems, by International 
Telecommunication Union (ITU) [1]. Research shows 
that in fixed spectrum allocation some frequencies are 
used heavily while some frequencies are not used or 
partially used. Unused frequency is also known as 
spectrum hole. The spectrum holes belongs to 
licensed user but for some instants these holes are not 
used by them. The cognitive radio (CR) is a device 
that senses these spectrum holes and make available 
for unlicensed user. 
Cognitive radio is defined as “an intelligent wireless 
communication system that is aware of its 
environment and uses the methodology of 
understanding-by-building to learn from the 
environment and adapt to statistical variations in the 
input stimuli by making corresponding changes in 
certain operating parameters (e.g., transmit-power, 
carrier-frequency, and modulation strategy) in real-
time”[2]. So CR is supposed to be intelligent by 
nature. It should be capable of learning from 
experience by interacting with its RF environment. 
The objective of this paper is to discuss the 
importance of learning and various techniques used 
for learning in cognitive radio.  
Learning being a fundamental requirement of 
Cognitive Radios so it is an indispensable component 
of any intelligent system. There are three main 
components for cognitive capability: 

a. Sensing the environment: This is the first 
component of cognitive cycle. In this 
component CR acquire the information 
about the interference temperature of the 

radio environment and detect the spectrum 
holes.  

b.  Learning: This component helps to 
transform the acquired information into 
knowledge by using a learning technique.  

c. Reasoning: Through this component 
knowledge is used to take decision to 
achieve certain objectives.  

Learning can improve the reasoning by experience 
and knowledge. It implies that the current actions 
should be based on past and current observations of 
the environment. Thus, history plays a major role in 
the learning process of CRs. These components are 
interconnected and are called as part of cognitive 
cycle as shown in Fig.1. [2]. 
 

 
Figure 1:  cognitive cycle 

 
All learning techniques have been already discussed 
in literature. Here we will discuss some merits and 
demerits of the various techniques which will help the 
designers in future to decide about the learning 
scheme to be used.  
In the next sections some learning techniques have 
been discussed which can be possible candidates for 
cognitive radio implementation. Genetic algorithm is 
discussed in section II, hidden Markov models 
(HMMs) in section III, rule-based systems (RBS) in 
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section IV and artificial neural networks (ANNs) in 
section V. These are compared in tabular form in 
section VI and concluded in the last section.  
 
II. GENETIC ALGORITHM  
 
Genetic algorithms (GA) are particular class of 
evolutionary algorithms and are a family of 
computational models inspired by evolution. An 
implementation of a genetic algorithm begins with a 
population of typically random chromosomes and 
fitness functions. Chromosomes are representations 
of candidate solutions and fitness function is closely 
correlated with the objective of the optimization 
process, qualifies the desirability of the solution. One 
then evaluates these structures and allocates 
reproductive opportunities in such a way that those 
chromosomes which represent a better solution 
(closer to the fitness function) to the target problem 
are given more chances to reproduce than those 
chromosomes which are poorer solutions.  The 
righteousness of a solution is typically defined with 
respect to the current population. The GA has been 
widely used to solve optimization problems with 
multiple objectives and dynamically configure 
cognitive radio in dynamic wireless environment. In 
[3], authors apply the GA to adjust the radio 
parameters of an Software Defined Radio to the 
changing radio environment. In their implementation, 
the learning machine automatically changes the links 
and weights of different objects according to the link 
conditions and user-application requirements. The 
implementation of a software testbed for CR with the 
spectrum-sensing capability and a GA based CE to 
optimize radio parameters for dynamic spectrum 
access (DSA) is done in [4].  
The major problem for GA algorithm is the 
formulation of the hypothesis space. By definition, 
this only tries to find the best hypothesis from the 
search space and cannot form new hypotheses beyond 
the search space. Hence, the formulation of search 
space that includes all possible hypotheses or 
relationships between contributing factors is 
extremely important to the performance of Genetic 
Algorithms. 
 
III. HIDDEN MARKOV MODEL 
 
A Hidden Markov Model (HMM) can be considered 
as an overview of a mixture model that consists of 
two processes: the change of the hidden states is a 
Markov process, and the observation under a specific 
hidden state is a normal random process. In cognitive 
radio networks, the channel occupancy states (busy or 
idle) are hidden since they are not directly 
observable, and the sensing results of the CR users 
are the observation of the channel states. 
Many researchers have applied HMMs to Cognitive 
Radio. In paper [5], authors  validate the existence of 
a Markov chain model for wireless channel utilization 

with real-time measured data in the paging band and 
formulate the spectrum-sensing problem using an 
HMM. HMM-based DSA algorithm has been 
developed, where the HMM model predicts the 
spectrum occupancy of the licensed radio bands for 
CR networks in [6-7]. 
There are three basic problems associated with an 
HMM in real-world applications. 

 Evaluation or recognition problem: Given 
the parameters of the model λ, compute the 
probability of a particular observation 
sequence. The forward–backward algorithm 
solves this problem. 

 Decoding problem: Given the parameters of 
the model λ and the observation sequence, 
find the sequence of hidden states that best 
explains the observation sequence. The 
Viterbi algorithm solves this problem. 

 Training or learning problem: Given an 
observation sequence, finding the most 
likely set of state transition and observation 
symbol probabilities. The Baum–Welch 
algorithm solves this problem. 

Above mentioned problems may be solved, 
prediction may be achieved using HMM but the 
development of an HMM requires a good training 
sequence, and the training process is computationally 
very complex.  
 
IV. RULE BASED SYSTEM 
 
The rule based system (RBS) consists of two major 
components. Rule base (list of permanent rules) and 
inference engine (IE). IE process the information 
acquired and takes action based on input information 
and set of rules. The format of the rules is as follows: 
IF “condition” THEN “actions” 
The inputs are processed and tested for the maximum 
matching of condition, and the corresponding actions 
are taken. In RBS order of execution of rules is not 
important. All rules need to be executed in any order.  
Inference Engine can be either forward chaining or 
backward chaining. Former one is data driven and 
later is goal driven. The simplicity of an RBS is its 
significant advantage. A radio can decide actions for 
an input fast using an RBS. The rule base system can 
be built automatically or manually on the basis of 
acquired knowledge. Preparing of rule data base is 
major and complex job. In paper [8], a systematic 
method has been developed to derive the rule 
database through automatic experiments over a vast 
parameter space using statistical analysis of variance 
and design of experiments. Based on the experiments 
important parameters, their relation with each other 
and performance matrices can be identified. 
Optimized configuration can be decided for particular 
channel status and application based on deduced 
rules. A rule-based cognitive engine has been 
designed and evaluated in [9]. Its performance is 
similar to cognitive engine based on GA and with less 
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computational complexity. Another rule based system 
for CR has been proposed in [10] using predicate 
calculus. Its operation is demonstrated for problems 
of capacity maximization and Dynamic Spectrum 
Access. 
The domain of DSA in CR applications is not 
perfectly understood, so database of rules can’t be 
complete and accurate. The RBS for CR will not 
return appropriate results. 
   
V. ARTIFICIAL NEURAL NETWORK   
 
It is a massively parallel distributed processor that has 
a natural property for storing experiential knowledge 
and making it available for use [11]. In mathematical 
terms, neural networks are adaptive, non-linear 
systems that model data based on known values. 
Once a neural network model has been trained on a 
set of data, it can be used to classify unknown 
conditions or predict future values. 
Various types of ANNs are separated by their 
network architecture and training algorithms, allow 
them to be used for different type of applications. 
They are all comprised of neurons interconnected to 
form a network. Each artificial neuron typically 
produces a single output value by accumulating 
inputs from other neurons. ANN are able to 
dynamically adapt and be trained at any time. ANNs 
are able to learn patterns, features, and attributes of 
any system. 
In [12], an ANN-based signal classifier utilizing the 
extracted cyclostationary signal features has been 
developed. By training the proposed ANN with 

signals of varying SNR levels at the receiver, 
classifier performance is improved significantly. 
Online processing time is also reduced due to 
significant offline computations have been done. 
In paper[13] the method is  proposed for Mode 
Identification and Spectrum Monitoring (MISM)   
based on frequency distribution features. Authors 
have used the ANN to classify different IEEE 802.11 
signals (the complementary code keying signal and 
the orthogonal frequency-division multiplexing 
signal) based on the frequency features.  
 In [14], authors evaluated the accuracy of ANN-
based spectrum sensing algorithm for wireless mesh 
networks. The simulation results show that the ANN-
based algorithm achieves better performance and 
faster than the Bayesian-based algorithm. An ANN to 
solve a frequency allocation problem in CR has been 
proposed in paper [15]. Secondary users  have 
different weight in CRN. Backpropagation Neural 
Network train the weight of each user for same time 
instant and different time. The output provides 
decrease distance between actual output and expected 
output. The designed network provides a faster and 
accuracy toward frequency allocation due to less 
complexity in computation. 
 

 
VI. COMPARISON 
 
Table 1 presents a comparative study of some 
commonly used learning techniques illustrating their 
merits and demerits.   
 

 
TABLE 1: Comparison of various learning techniques in CR 
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It can be easily observed from the above discussion 
that artificial neural networks may need large data set 
for training but once it is trained offline its 
computational complexity is very less in real time 
scenario. While designing neural network for 
cognitive radio overfitting of data can be taken care 
of and high accuracy can be achieved.    
 
CONCLUSION 
 
Core of the CR is cognitive engine which is based on 
learning scheme. Understanding the merits and 
demerits of them is important for selection and 
designing. This paper has reviewed several learning 
techniques—artificial neural networks, genetic 
algorithms, hidden markov models, rule based 
systems to provide the cognitive capability in a CE. 
This study will bring new insights of machine 
learning research for cognitive radios and will also 
provide new techniques to fully accomplish the 
cognitive capabilities of cognitive radios. It has also 
been observed that artificial neural network is the best 
choice to be used as learning scheme for cognitive 
radios. 
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