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Abstract: 

This article presents evolutionary approach for improving the performance of cognitive radio system. Learning Algorithm which 

is used here to predict the bit rate for increasing speed of cognitive radio system. Cognitive Radio is viewed as novel appro ach for 

improving utilizat ion of electromagnetic spectrum. Cognitive Radio provides reliable communication whenever and whatever 

necessary as well as utilizes the radio spectrum efficiently. Cognitive Radios first learns from the radio  environments and then 

adapts. This paper introduces evaluates the learning mechanism which is based on the Unsupervised learning techniques called  as 

Self Organizing Maps (SOM). SOM is used here to predict the data rate with min imum error when CRS senses specific input 

from its Environment.  
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I. INTRODUCTION 

 

Cognitive Radio is the intelligent wireless system which is 

aware of its outside environment. It learns from the radio  

environments and then adapts its internal states by making 

changes in certain operating parameter such as Modulation 

scheme, frequency of the carrier etc. CRS provides reliable 

communication whenever necessary and efficiently utilizes the 

radio spectrum. CRS adapts the radio environment intelligently. 

According to the environmental conditions it can adjust their 

operation. The cognitive radios perform its operation within 

three steps called as “Cognitive Cycle”. Fig 1 indicates the 

representation of the cognitive cycle. During the first phase 

known as “Analysis of the Radio Sense”, the system collects 

information or measurement from the radio environment and 

detects the spectrum holes.[2] During the second phase it 

estimates the channel state information and predict the channel 

capacity  for use by transmitter. The output of the first phase is 

used for discovering the capabilit ies, sometimes past experience 

of the system may also be used [2]. Third phase consist of 

spectrum Management. During this phase CRS selects the best 

configuration and dynamically manages the electromagnetic 

spectrum. During the second and third phase CRS learns from 

the past experience and then adapts the radio environment.  

 

 
               Figure.1.Representation of cognitive cycle 

CRS are often proved to be rather arduous and time 

consuming. The different learning algorithms are used to speed 

up the whole cognition process. From that Self organizing Map 

is used here to speed up and predict the bit rate with minimum 

error. The input database used here is measured from the radio 

environment. SOM has ability to  represent and classify 

multid imensional data into 2D maps. SOM pred icts bit rate 

when combinations of the parameter is applied as  input. Input 

consist of received signal Strength Indicator (RSSI), Input and 

Output packets, Input and output bytes  [6]. This paper is 

structured as follows. Section 2 contains Overview of SOM. 

Section 3 contains Train ing algorithms for SOM. Sect ion 4 

contains Experimental set up and Results  for proposed 

approach. Finally the paper is concluded in section 5.  

 

II. OVERVIEW OF SOM 

 

To perform the specific task efficiently the learning is important 

which can be defined as updating the network architecture and 

connection weights. Self organizing map is one of the Neural 

Network models which belong to the category of competitive 

learning. The Self-Organizing Map is based on unsupervised 

learning. Self organizing Networks have ability to learn and 

detect correlations in the inputs and predict the responses from 

the input. SOM toolbox is used for implementation of SOM 

into Matlab [4]. The toolbox allows train ing of the SOM with 

different Network topologies and learning parameters as well as 

visualization of the SOM map. 

 

SOM Topology: 

 

 1. Gridtop: The gridtop topology starts with neurons in a 

rectangular grid similar to that shown in the figure. matlab uses 

the function gridtop  to represent this topology. Suppose that 

we want a 2 by 3array of six neurons. 
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 Figure.2.1 Gridtop Topology 

 

2. Hextop: The hextop function creates a similar set of 

neurons, but they are in a hexagonal pattern. An 8-by-10 set of 

neurons in a hextop topology can be plotted shown below. 

 

 
Figure. 2.2 Hextop Topology 

 

3. Randomtop: 

 

The randtop function creates neurons in an N dimensional 

random pattern. An 8-by-10 set of neurons in a randtop 

topology can be plotted below. 

                  

 
            Figure.2.3 Random top Topology 

III. SOM TRAINING ALGORITHMS  

 

Two different training algorithms exist for SOM training such 

as sequential training and Batch training algorithm.  

 

a) Sequential Training Algorithm: 

 
During the training process each data sample is inserted one by 

one, thus affecting only its own and neighborhood BMU. 

Sequential training algorithm is executed in iterative manner.  

 

b) Batch Training Algorithm:    

 

In this algorithm instead of inserting single data sample all 

available data samples are inserted simultaneously to the map 

so the specification of the learning rate is not required. As 

mentioned above all data samples are presented at a time, so it 

is faster than sequential train ing algorithm. In the training step 

the data set is classified according “Voronoi regions”[6] of the 

map weight vectors. This means that each data sample belongs 

to the data set of the map to which is closest. Following relation 

is used to calculate the weight of each cell m: 

 

                
         
 
   

       
 
   

                                   (1) 

 

Where c = argmink           indicates BMU cell of xj, hic (t) 

indicates neighbourhood function of BMU. 

   Fo llowing function is used to calculate the Voronoi regions 

of the map: 

          
       

   
                                                     (2) 

 

Nvi indicates the no of data samples of call i, and fo llowing 

equation is used to calculate the weights of the vectors 

 

            
            
 
   

          
 
   

                                     (3) 

 

IV. EXPERIMENTAL S ETUP AND RES ULTS  

 
As SOM requires multiple inputs such as RSSI, Input and 

Output packets, Input and Output Bytes, and the objective is to 

obtain data rate. By using the standard functions from SOM 

toolbox data rate is predicted. SOM training is necessary so 

above algorithms are used for training. Intel wireless card is 

used for maximum achievable data rate. The data is collected at 

different time interval. The obtained measurements are used to 

create the data files. Fig 3 is used as a input data for training 

SOM. SOM toolbox v.2 of matlab is used to train SOM. First 

all the data samples are inserted and then trained. Batch training 

algorithm is used here to train the SOM. After training it shows 

the output in the form of clusters. The no of output Neurons are 

selected using heuristic rule suggested by Vesanto [4]. The 

shape of the neuron can be “Hexagonal” or “Rectangular” 

m,During the training process first input data is loaded then the 

topology of SOM is set which is called as initialization. After 

initialization SOM is trained by using sequential or Batch 

training Algorithm. Here batch training algorithm is used to 

train the SOM. The last column (labels) consists of bit rate to be 

predicted [6]. 
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Figure. 3. Database used for Training of SOM 

 

SOM is created and trained with the SOM Toolbox. Different 

methods are used to visualize the SOM map. The output of the 

SOM is in  the form of clusters as shown in fig 3.1. Similar data 

samples are grouped together and then mapped into the cluster 

To improve the CRs performance the predicted bit rate should 

match the measured value of the bit rate with minimum error. 

There are two types of error  

a) Quantization Error 

b) Topographic Error. 

 

 
Figure. 4.1 Output of the SOM after Training. 

 

Quality of the SOM map can be measured in different ways. In 

the SOM Toolbox two measures of the quality are quantization 

and Topographic error. By min imizing the error quality of the 

map is maintained. The quantization error means average 

distance between data vector and its BMU so it measures 

Resolution of the map. Topographic error is proportion of all 

data vectors for which first and second BMU’s are not adjacent 

units. Thus it measures topology preventions. Both these gives 

better results when map is fitted.  For the data set tested here the 

Quantization and Topographic error is shown in the table 

below. It is tested for three different Scenario.  

 

 

Tabel .4.1 Quantization and Topoghaphic error.  

 

 

Scenario 1 consists of without Normalization data samples are 

trained and tested. Quantization error is maximum. The map  

consist 10X10 100 hexagonal grid. Scenario 2 consists  of 

Normalization of the data with variance. This scenario shows 

the quantization error is minimized. Scenario 3 indicates 

normalization with log of data files in  which  both the 

quantization and topographic error is minimum. Normalization 

with log of data files predicts most accurate bit rate so 

percentage of correct prediction is more than other two 

scenario. 

 

V. CONCLUS ION 

 

 As the som_quality function is used to find the quantization 

and topographic error. By  using this function error is 

calculated for three scenarios such as No Normalization, 

Normalizat ion with Variance and Log of the data file. From 

the results we conclude that, By using the log of data file  the 

quantization erro r is minimized. Training of data sample 

without normalization shows the greater error so to minimize 

the error normalizat ion of the data is necessary. The creation of 

the SOM is an unsupervised learning process and can be used 

for finding clusters in the input data and identifying unknown 

input vectors, but if the data are known to be long to a finite 

number of classes, supervised methods can be more effect ive. 
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