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Abstract 

his paper proposes a new method based on Genetic Algorithm for feature selection in phonemes 

sound classification. Biological studies have shown that human’s ear is sensitive to different 

resonant frequencies because of ear’s hair cells. Thus, we propose a technique in which genetic 

algorithm is used to extract audio features similar to human’s ear in order to achieve better 

classification.  In this paper, genetic algorithm is used in order to select appropriate individual’s features 

in order to classify sound signals accurately. Each individual consists of genes indicating the resonant 

frequencies inspired from human cochlea hair cells. Then, feature extraction is done by using individual’s 

information. Moreover, a fitness function by using classification method based on nearest neighbor is used 

in order to evaluate each individual of population. Furthermore, by using the proposed genetic algorithm, 

best individual’s features can be found. In order to evaluate this proposed method, a database which 

consists of 500 samples for each 12 different phoneme classes is created in this paper. The proposed 

algorithm is compared with an existing typical audio feature selection based on MFCC and the proposed 

algorithm achieves much better classification accuracy in comparison with MFCC based feature selection 

method. During generations, the fitness value shows remarkable improvement of sound classification 

accuracy. 
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1. Introduction 

The classification of signals is a research topic that has attracted a lot of interests since its beginning 
[10, 5]. In general, signal classification is usually divided into three main stages: preprocessing, feature 
extraction and classification. This paper focuses on the second stage more than the others. Feature 
extraction is one of the most important stage, in which various features are extracted from a signal. 
Then, these features are used as inputs to a classification system. In the stage of classification, a 
classifier generates an output which determines class of the signal. In various audio classification 
problems, features are usually extracted based on Mel Frequency Cepstral Coefficients (MFCC), 
without applying optimization approach [9]. Several evolutionary based optimization techniques seem 
to be very promising for such tasks [6, 8, 2]. In this paper, we study the audio feature selection based 
on Genetic Algorithm (GA) which is an evolutionary technique. Evolutionary algorithm such as genetic 
algorithms (GAs) [3] has attracted much interest in various applications [16]. In a GA, each solution to 
a problem is called an individual. A set of solutions is called a population. Genetic algorithms are 
commonly used to generate high-quality solutions to optimize and search problems by relying on bio-
inspired operators such as mutation, crossover and selection. These operators act similar to their 

T 

Received Date: Mar. 16, 2017 

Accepted Date: Aug. 21, 2017 

Available Online: Jan. 05, 2018 

mailto:mmfaraji@ee.sharif.edu


Mohammad Mahdi Faraji et al. / Vol. 8(27), Jan. 2018, PP. 3753-3763                                   

  
 

 
3754 

 
International Journal of Mechatronics, Electrical and Computer Technology (IJMEC) 

Universal Scientific Organization, www.aeuso.org 
PISSN: 2411-6173, EISSN: 2305-0543 

 

counterparts in the natural evolution: in the population, the top individuals have a higher chance to 
reproduce themselves. By using these operators, the population follows an iterative process which 
goes through different states, each of which is called a generation. As a result of this process, the 
population is expected to reach a generation that contains a good solution to the problem. One of the 
most popular pattern recognition application for GAs is feature selection. Although many authors 
support feature selection by GAs [18, 14], others are hesitant [13], and inform that the results are often 
not as good as expected, compared with other feature selection algorithms [1]. 

This paper is inspired of the results of biologist’s studies about how human’s ear acts. As they 
mentioned, cochleae which is the little spiraling tubes in our inner ears, separates the frequencies of 
incoming mechanical wave. Human cochlea is equipped with thousands of hair cells which vibrate with 
the surrounding liquid. Each hair cell has different resonant frequencies. Depending on the location in 
the cochlea that vibrates, different nerves fire in order to inform the brain that certain frequencies are 
present [17]. Moreover, the cochlea cannot realize the difference between two closely spaced 
frequencies. For this reason, [15] take clumps of periodogram bins and sum them up to get an idea of 
how much energy exists in various frequency regions. Thus, by using this concept and GA, we assume 
that each individual at initial is represented by a random filter-bank called individual’s features in this 
paper.  

This paper proposes a new technique for sound classification in which GA is used to automatically 
extract individual’s features. These frequency domain features contains individual resonant 
frequencies and bandwidths, which act as filters. These filters are multiplied to input audio spectrum 
in order to achieve feature vector which is heard by human ear. By means of proposed algorithm for 
classification which is based on nearest neighbor, each solution is evaluated by its fitness function (FF). 
Among all the solutions, some of the top solutions are selected as the parents of next generation. 
Finally, the solution, which has a better fitness value, is considered as optimal solution [7].  In this way, 
the best individual’s features are chosen in order to classify the sound signal. 

The rest of this paper is organized as follows: Section 2 explains the process of finding optimal 
solution in order to achieve better classification. Section 3 discusses the feature selection technique 
using the genetic algorithm and its procedure. Experimental results of the proposed method are 
presented in Section 4. Finally, the conclusion is provided in Section 5. 
 

2. The Structure of Model 

The aim of this paper is to increase the performance of sound classification by using genetic 
algorithm in feature selection. This paper tries to find optimum solution of the population through 
generations. “Figure 1” shows overall process of finding best solution. At first, sound signal has to be 
filtered by individual’s filter-bank in order to create feature vector of each individual. For this purpose, 
Fast Fourier Transform (FFT) of signal is calculated and then it is multiplied by individual’s filter-bank.  

By creating 3-fold cross validation, test and train data are separated in order to compute 
classification error. In training step, the centroid of each class is computed by averaging of all training 
data. A classifier based on nearest neighbor is applied in order to determine the class of each test data. 
After that, the actual and computed classes of test data have to be compared and the error of 
classification of each individual is counted. This procedure is done for every individuals of a population. 
In this way, fitness value of every individual of the current generation is calculated.  
Then, by using selection method, 40 individuals which their fitness values are better than the others 
are chosen. By means of crossover and mutation operators, next generation is produced. Termination 
criteria are considered to follow iterative process or ending the process. When the criterion is satisfied, 
the individual which has the best fitness value is considered as best solution of this problem.  
Otherwise, the process on next generation is done. Next section describes the details of proposed 
algorithm based on GA. 
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Figure 1: Overall process of finding best solution 

3. Genetic Algorithm 

By using GA, a population of individuals each of which has a set of genes, is evolved toward better 
solutions. In this paper, the evolution starts from a population of randomly generated individuals. In 
each generation, the fitness value of every individual in the current generation is evaluated. After 
choosing the more fit individuals from the current population, each individual's filter-bank of next 
generation is formed by modifying its parent’s filter-banks. The new population is then used in the next 
iteration of the algorithm. The algorithm terminates when it reaches to a maximum number of 
generations.  

In order to describe the proposed method in this paper, a genetic representation of individuals and 
a fitness function to evaluate individuals have to be introduced. When the genetic representation and 
the fitness function are defined, a GA initializes a population of individuals and improves it through 
repetitive mutation, crossover, and selection operators. In the following, the proposed genetic 
representation, fitness function, crossover, mutation and selection operators are introduced. 

 
 

3.1. Genetic representation 
A standard representation of each individual is as an array of bits [4]. In this paper, we consider 

the resonant frequencies of human’s ear and their bandwidth as individual’s filter-bank. Because of 
the range of human hearing frequency, these frequencies are assumed in the range of 20Hz to 15 
kHz. As it can be seen from “Figure 2”, the individuals are considered by using the frequencies and 
bandwidths. In “Figure 2”, 8 features for each individual are shown which the area under each feature 

is the same. In order to represent each individual, we have to express feature with a vector which the 

first 10 bits indicates resonant frequency and second 6 bits indicates its bandwidth. Thus, individual’ 

chromosome represents by an array with the size of 𝑓𝑒𝑎𝑡𝑢𝑟𝑒_𝑛𝑢𝑚 × 16. The ith row of individual’s 

chromosome determines the index number of individual’s feature [11].  
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Figure 2: An example of individual’s filter-bank 

 
 

3.2. Fitness Function 
The fitness function was used to indicate the goodness of the individuals. In this paper, in order 

to classify sound signal, we use an algorithm based on nearest neighbor for sound classification. As 
it can be seen from “Algorithm 1”, the fitness value of each individual is calculated by using this 
classifier. The FF is a type of objective function used to evaluate each individual. In every generation, 
the fitness values of all individuals in population are calculated. “Algorithm 1” shows the pseudo 
code of calculating fitness value of each particle.  

Algorithm 1: The pseudo code of Fitness Function 

Inputs: Individuals, Train and Test Data. 

Output: Fitness Value of individual which is between 0 and 1.   
(The smaller value of fitness represents better fitness) 

Computing fitness value:  

 Extract feature vector based on individual’s features for both Train and Test Data. 

 Use Train feature vectors and find average of them for each class of Train Data (centroids). 

 Classify every Test Data based on the nearest centroid. 

 Return F = Error / N_Test as a fitness value in which Error is the number of misclassified 
Test Data. And N_Test is the total number of Test Data. 

 

In ‘(1)’, the average of training feature vectors of each class which is shown by 𝑋 𝑐
̅̅ ̅̅  is computed 

where 𝑐 is the index number of classes. In this equation, 𝑛𝑖 is the number of training feature vectors 

and 𝑋𝑖,𝑐 is 𝑖𝑡ℎ training feature vector of 𝑐𝑡ℎ class. 

 𝑋 𝑐
̅̅ ̅̅ =

1

𝑛𝑖
∑ 𝑋𝑖,𝑐

𝑛𝑖

𝑖=1

                                                                                 (1) 

In order to classify test data, we use ‘2’. In ‘(2)’, the 𝑘𝑡ℎ test feature vector which is shown by 𝑋𝑘 
is compared to center of each class which is shown by 𝑋𝑐

̅̅ ̅ . Since 𝑋𝑐
̅̅ ̅ and 𝑋𝑘 are feature vector with 

size of 𝑗, we have to use Mean Absolute Difference (MAD) of these two vectors where 𝑛𝑗 is the 

number of features of feature vector.  

𝑀𝐴𝐷(𝑋𝑘,𝑐) =  
1

𝑛𝑗
∑|𝑋𝑘(𝑗) − 𝑋𝑐

̅̅ ̅(𝑗)|

𝑛𝑗

𝑗=1

                                                               (2) 

Then, the MAD of each test feature vector for every classes is computed. The minimum value of 

MADs for a test feature vector is found in order to classify 𝑘𝑡ℎ test data into the class which has 
minimum value. After all, the actual and the computed class of test data is compared to find total 
error and as can be seen from this algorithm, the fitness value is computed by using this error. 

By calculating fitness value of each individual in population, genetic algorithm evaluates the 
individuals and by selection operator, finds some better individuals as parents of next generation. 
In the next subsections, how to generate next generation by using the operators is explained. 
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3.3. Crossover and mutation operators 
Crossover is a genetic operator used to vary the individuals from one generation to the next. Many 

crossover techniques exist for organisms [4]. The patterns of the crossover operator are divided into 

one point, two points, and a uniform crossover.  
In this paper, a crossover operator is used to produce a child’s chromosome from its parent’s 

chromosomes. The proposed crossover technique which is based on uniform crossover is described 
in this section. The uniform crossover uses a fixed mixing ratio between two parents. Unlike single- 
and two-point crossover, the uniform crossover enables the parent chromosomes to contribute the 
gene level rather than the segment level.  

Because of different resonant frequencies of each individual’s features, these frequencies and 
their bandwidth are translated into array of bits which is considered as chromosome. Assume 
mother and father’s features are shown by 𝑋 and 𝑋′ respectively. First of all, by using genetic 
representation, the features of parents have to be translated into arrays of bits. In this way, two 
arrays of genes are constructed each of which determines chromosome. Children’s chromosomes 
(offspring) are generated from their parent’s chromosomes. As mentioned above, in this paper each 
chromosome indicates individual’s features and it is an array with the size of (number of 
features×16) bits. In order to use uniform crossover, two arrays are contributed with a probability 
of 0.5. After crossover modifies parent’s genes to form a new generation, the array, which is 

indicated offspring, has to be translated into child’s features 𝑋".   

 
Fiqure 3: The representation of crossover and mutation operators 

After a crossover is performed, mutation takes place in order to prevent the population of 
chromosomes from beginning too similar to each other. In other word, a Mutation technique is 
used to maintain genetic diversity from one generation of a population of genetic algorithm 
chromosomes to the next.  

In this paper, Mutation changes randomly the new offspring. For binary encoding which is used in 
this study, we can switch a few randomly chosen bits from 1 to 0 or from 0 to 1. “Figure 3” 
represents how to generate an offspring from its parent’s chromosomes. In this figure, just two 
features are considered for indicating a chromosome due to its simplicity.  

As it can be seen from “Figure 3”, two chromosomes which are indicating by 32 genes are 
considered as parents and then crossover technique is applied to them in order to produce a child’s 
chromosome. Next, mutation takes place in almost 10 percent of genes which is shown in “Figure 
3” by red squares. By the means of mentioned operators, a new chromosome is generated.  

An example of parents’ filter-bank by considering 8 features has been shown in “Figure 4”. In this 
figure, parents and a generated child’s filter-bank are shown.  

In this paper, Mutation changes randomly the new offspring. For binary encoding which is used in 
this study, we can switch a few randomly chosen bits from 1 to 0 or from 0 to 1. “Figure 3” 
represents how to generate an offspring from its parent’s chromosomes. In this figure, just two 
features are considered for indicating a chromosome due to its simplicity.  
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As it can be seen from “Figure 3”, two chromosomes which are indicating by 32 genes are 
considered as parents and then crossover technique is applied to them in order to produce a child’s 
chromosome. Next, mutation takes place in almost 10 percent of genes which is shown in “Figure 
3” by red squares. By the means of mentioned operators, a new chromosome is generated.  

An example of parents’ filter-bank by considering 8 features has been shown in “Figure 4”. In this 
figure, parents and a generated child’s filter-bank are shown.  

After using crossover and mutation operators, we have to select some of the superior solutions 
and build next generation from these 40 top individuals. Then, these 40 top individuals mate 
randomly. 

 
Figure 4: Generate child’s filter-bank from its parents by using the proposed crossover and mutation 

operators 

4. Experimental Results 

In order to evaluate the proposed algorithm, a database which consists of 12 phonemes with a single 
speaker has been created. For each phoneme in the database, 500 tracks with the length of 4096 
samples have been generated. Sampling rate is 96 Ksample/sec. Therefore, the length of each track is 
about 42 milliseconds. In other words, audio signal in each track can be assumed as a stationary signal 
because it can be presumed that human audio spectrum does not change over 42 milliseconds. These 
tracks are randomly divided into two sets: train and test data sets. “Figure 5” shows 4 different classes 
of phoneme tracks in frequency domain.  

For evaluating the proposed algorithm, we consider different number of features which the length 
of each of them is 16 bits. Each bit is considered as a gene. Several experiments have been done with 
the aim of finding which parameters are the most appropriate, and “Table 1” summarizes these 
appropriate parameters which have been used in this paper. 

Table 1: The parameters of used Genetic Algorithm 

Parameter Value 

Number of generation 20 

Population size 100 individuals 

Chromosome Length (number of feature×16) genes 

Crossover Uniform 

Mutation 10% detour from parent’s genes 

Selection Random selection from 40 top individuals 
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Figure 5: 4 different classes of phoneme tracks in frequency domain 

In this paper, as mentioned in previous section, we use a classifier based on nearest neighbor in 
order to classify 12 phonemes and achieve fitness values by using the proposed algorithm. “Figure 6” 
shows the behavior of fitness curve with the mean and best value of the fitness function over each 
generation by considering 8 features. As shown in “Figure 6”, the best fitness value is occurred in the 
6th generation with the value of 0.018.  

 

Figure 6: Fitness curve between the best and mean fitness value over each generation by considering 8 

features for each individual 

Moreover, in order to evaluate this proposed algorithm, we consider different number of features 
for each individual and then find the best fitness. “Figure 7” shows fitness curve between the best and 
mean fitness value by considering 16 and 32 features. As it can be seen from this figure, the best fitness 
value by considering 16 features is occurred in 10th generation with the value of 0.006. And by 
considering 32 features, the best fitness value is occurred in 6th generation with the value of 0.002. 
Furthermore, descending graph of mean fitness value shows that the average fitness value of all 
individuals is going to get better by producing a new generation.  
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Figure 7: Fitness curve between the best and mean fitness value over each generation by considering 16 and 32 
features for each individual 

The best fitness value in each generation for different number of features is shown in “Table 2”. 
Moreover, the best fitness value over generations for different number of features is shown in “Table 
3”. Furthermore, this proposed algorithm is compared with MFCC method [12], uniform feature 
selection and a similar algorithm based on Particle Swarm Optimization (PSO) [6]. 

Table 2: Best Fitness Value for Each Generation considering Different Number of Features 

Number of 

Generation 

Best Fitness Value 

8 Features 16 Features 32 Features 

1 0.059 0.017 0.008 

2 0.041 0.018 0.009 

3 0.053 0.023 0.005 

4 0.040 0.029 0.003 

5 0.024 0.015 0.004 

6 0.018 0.010 0.002 

7 0.025 0.014 0.005 

8 0.029 0.009 0.005 

9 0.031 0.013 0.002 

10 0.020 0.006 0.007 

11 0.028 0.012 0.006 

12 0.028 0.011 0.005 

13 0.026 0.013 0.006 

14 0.024 0.008 0.005 

15 0.023 0.006 0.005 

16 0.021 0.007 0.006 

17 0.024 0.009 0.004 

18 0.030 0.011 0.004 

19 0.021 0.010 0.005 

20 0.023 0.010 0.003 
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Best Fitness Value over Generations by using 16 features is 0.006

Best Fitness Value over Generations by using 32 features is 0.002
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In uniform feature selection, features are selected uniformly in the predefined frequency range. 
Despite using the same classifier for three different feature selection methods, but it can be seen from 
Table III, MFCC can select better features than uniform feature selection and our proposed algorithm 
selects much better features than MFCC. Moreover, by comparing the results with the results of [6], it 
is shown that the performance of these two algorithm is similar to each other. 

As it can be seen from “Table 2” and “Table 3”, the accuracy of classification gets better by increasing 
number of features and the best fitness in the proposed algorithm is much better than the typical 
audio feature selection based on MFCC. In other words, the proposed genetic algorithm selects the 
best features which results in minimum classification error. This improvement is because of the fact 
that in the proposed method, feature selection is adapted with classifier properties over generations. 

Table 3: Best Fitness Value for Different Number of Features 

 

Conclusion 

In this paper, an unsupervised feature selection method based on genetic algorithm for classification 
of sound signals is proposed. Unlike the most previous feature selection methods, prior knowledge is 
not necessary in this case. By using genetic algorithm, the best features are selected. This paper uses 
a classifier based on nearest neighbor to calculate individual’s fitness value. Each individual over 
different generations is evaluated by its fitness value. The results of the evaluation illustrates that this 
new proposed method is very effective for sound classification. By some experiments which are 
mentioned in experimental results, it can be concluded that the error of classification is decreased by 
using more features. The same classifier based on MFCC feature selection method is used in order to 
classify sound signals. By means of MFCC features, nearest neighbor classifier gets the best 99.3% 
accuracy. On the other hand, with the proposed genetic feature selection algorithm, the same classifier 
achieves the best 99.8% accuracy. It can be concluded that the proposed feature selection method is 
more accurate in comparison with the typical audio feature selection methods like MFCC. 
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