
Abstract 
Background/Objectives: Feature Selection is applicable to decrease the number of features in various applications 
wherein the data include hundreds and thousands of features. The objective of this study is to choose Genetic Algorithm 
for feature selection to obtain better fitness function. Methods/Statistical Analysis: Particle Swarm Optimization (PSO) 
approach is used for selecting the subset from the combination of texture based features and providing the better fitness 
values. In this paper PSO is used to obtain the feature sets and the performance is compared with genetic algorithm. 
Support vector machine classifier is used to improve the classification accuracy. Findings: The experimental results shows 
that PSO overall accuracy is improved to LISS IV 1.7%, 1.4% and 2.9% and the kappa coefficient is improved to 0.06%, 
0.012% and 0.39% as compared to GA. Application/Improvements: The Fitness value obtained by GA is more complex 
and not accurate. To reduce the complexity and increase the accuracy Particle Swarm optimization is used. Hence PSO 
improved the quality of texture based images.
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1.  Introduction
Genetic Algorithm based1,2 is complicated and not 
able to provide the better fitness values for the satellite 
images. Artificial Neural Networks3,4 are not intelligent 
to recognize specific pattern and making an complex 
task on classification. To overcome the disadvantages of 
GA, Particle Swarm Optimization is used for random 
population of solutions and gives the global best values 
for optimum solutions which leads to better accuracy 
results. Due to the specifications of Particle Swam opti-
mization, in this paper PSO based optimization is used 
to optimize the required problem which bringing out 
the candidates solution. The main advantage of the SVM 
classifier 5,6 is to analyze the data and recognize the spe-
cific pattern. Finally the combination of Particle Swarm 

Optimization along with SVM classifier gives the specific 
subsets and better accuracy for the classification of satel-
lite images. The experimental results of previous methods 
used for feature extraction and the proposed method are 
compared.

2.  Study Area and Data used
The multispectral satellite images from Linear Imaging 
Self Scanner LISS - IV in Figure 1, Figure 2, Figure 3 used 
in this study is of Madurai City in Tamil Nadu will be taken 
by the Indian remote sensing satellite P6. The topography 
of Madurai city is approximately about 101 m above mean 
sea level. The land cover features of images used in this 
study includes process of urban, wasteland, vegetation, 
water body and hilly region. The image details are 
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Resolution: 5.8 m
Band 2 (green): 0.52~0.59 μm
Band 3 (red): 0.62~0.68 μm
Band 4 (near-Infrared): 0.77~0.86 μm

3.  Methodology
In this paper the performance of Particle Swarm 
Optimization for Feature selection is analyzed. Figure 4 
shows the steps of the methodology for feature selection. 
The Scene was geometrically registered and given to the 
next stage.

4.  Genetic Algorithm
Genetic Algorithm represents the searching process of 
random once7,8 which is used to solve the problem of 
optimization. Genetic Algorithm9 is the function of solv-
ing embarrassed and uninhibited problems that depends 
upon the natural choice which will be lowering the 
growth of organisms. The Genetic Algorithm is10,11 the 
type of models of specific machine signal that serves their 
behavior of the metaphor for the function of growth in 
nature. It includes various operations such as selection, 
crossover, mutation. Genetic algorithm does not provide 
the near optimum fitness solutions which was12 classified 
by neural networks.

5.  Feature Vector Extraction 
As Compare to GA, PSO has been used for the initial pop-
ulation and the required subsets will be deployed by the JM 
distance. Here, fitness is depending upon the JM distance. 
It does not involve crossover and mutation. The operation 
is depending upon only velocity of the particle. Only best 
solution generates the information from the subsets. It also 
involves one way information sharing. But in GA chro-
mosome generates the information and the population it 
moves from one group to another in which the obtained 
fitness function is not near optimum. The following 
parameters are extracted and stored in the digital library.
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Figure 1.  LISSIV I. 

Figure 2.  LISS IV II. 

Figure 3.  LISS IV III.

Figure 4.  Methodology.
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5.1  JM Distance
The JM distance13 is calculated in order to give the best 
distance of each subsets of the input images. The average 
JM distance is obtained as
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6.  Feature Selection

6.1  Particle Swarm Optimization
PSO is tool for stochastic population based optimiza-
tion in which it is related to the social behaviour. PSO is 
based upon the movement and intelligence of swarms. 
Particle Swam Optimization is form of computation tool 
used to optimize the required problem which bringing 
out the specific candidates. The basic concept of PSO 
shown in Figure 5 lies in accelerating each particle 
toward its particle best and the global best locations. 
It is the method of dealing with the candidate solution 
and it can be improved to obtain the quality of the input 
image.

6.2  Particle Best
In PSO, particles which will have potential solutions can 
fly in problem space following the current particle which 
gives nearby optimum solution. These optimum particles 
keep track its co-ordinates associated with the best solu-
tions. From this the nearby fitness value will be achieved. 
This obtained value is known as Pbest.

6.3  Local Best
The best value that can be tracked by the PSO will be the 
specific values of the each individuals in the search space. 
This location is known as lbest.

6.4  Global Best
The specified particle include the topological neighbours, 
the obtained best value is termed as gbest.

The process that can generate six fixed random val-
ues such that inertia, variable parameter, damp ratio, 
maximum iteration method, velocity such as C1, C2 
variables. Each pixels has seperate X values including 
both higher and lower values that can be obtained for 
the feature extraction. Extracting the various features 

Figure 5.  Flow chart of PSO optimization.
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like variance, mean, co-variance, and standard devia-
tion retains the variant combination of subsets present 
in the input images. Based upon the parameters found 
in the feature extraction the different kind of subsets are 
obtained. JM distance gives the concept of approaching 
the band pair potentials that segregate between the differ-
ent class regions. It provided the best subsets and applied 
to PSO optimization. By utilizing the different stages in 
the PSO the near fitness function is obtained. PSO selects 
the global best values of the input images and classify by 
Support vector machine. The advantage of having this 
type of selection is to minimize the additional features 
and can able to attain the high accuracy of input images. 
The parameter that obtained from the original image will 
be shown in Table 1.

7.  Feature Classification
Support Vector Machine is the type of supervised learn-
ing14 which can be apply to various classification and can 
able to calculate the respective values of the specific vari-
ables. The main advantage15,16 of the SVM classifier is to 
determine the data and recognize the patterns present in 
the input images. SVM is also used for regression analysis. 
This17 clustering algorithm can be widely used in various 
application areas. SVM serves the main function to define 
the decision boundaries in the decision planes. The dif-
ferent18 class of subsets can be seperated by the decision 
panel. The classified output image of GA and PSO using 
SVM shown in Figure 6, Figure 7, Figure 8.

8.  Experiments and Results
The experimental study of Madurai LISSIV images are 
used for feature extraction. First, the 3×3 matrix is gener-
ated and the combinations of features are shown in Table 
1. From this it analyses with all combinations in order to 
get the best values for selection of subsets. The parameter 
involves in the experiment study is that

C1 = 1.5
C2 = 4-C1
Inertia = .3
DampRatio = .95
ParticleSize = 40
MaxIter = 30

The convergence graph illustrates that the function 
of JM distance in order to get the best fitness images. 

Tabel 1.  Parameters of PSO

Parameter  values maximum Minimum

G 30 30 30
GB <1×30 double> 19,2553 30,7352
N 40 40 40
Pmut 0.1200 0.1200 0.1200
VarHigh [399,399,399, 

399.......
399 399

VarLow [2,2,2,2,2,2,2,2] 2 2
Br 400 400 400
Cx 0.3000 0.3000 0.3000
File ‘400×400’tif 0 0
Fitness <1×40 double> 19.2533 28.0490

Fitmessoff [28,4310,28, 
4314,22....

22.9073 30.6270

Genl 8 8 8
H 3 3 3
I 8 8 8
Ii 4 4 4
Imorig <400×400×3 

unit8>
0 255

Imout <400×400×3 
unit8>

20 200

J 8 8 8
K 40 40 40
Len 400 400 400
Ma 30 30 30
Newfit <1×48double> 19,2533 31,1229
Newpop <48×48 

double>
10 399

Off 0 0 0
Offspring <8×8double> 248 367
P <48×48 

double>
8 8

Parent 0 225 375
Pop <8×8double> 10 399
Res 0 0 0

The value of JM distance is 1.414 by comparing to this 
value the best subset is obtained. For each iteration the 
JM distance keeps on increasing which relates to the fit-
ness values. Depend upon the fitness the JM distance is 
used to  calculate the distance of the each subsets. The 
Convergence graph of the GA is shown in Figure  9, 
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Figure 6.  a) Classified output image of GA using NN for LISSIV I. b) Classified output image of PSO using SVM for LISSIV I.

Figure 7.  a) Classified output image of GA using NN for 
LISSIV II. b) Classified output image of PSO using SVM for 
LISSIV II.

Figure 8.  a) Classified output image of GA using NN for 
LISSIV III. b) Classified output image of PSO using SVM for 
LISSIV III.

Figure 10.  Convergence graph for the GA for LISSIV II

Figure  10, Figure  11, Compare to GA PSO has an fric-
tional distance that will be define in each iteration is 
shown in Figure 12, Figure 13, Figure 14.

Figure 9.  Convergence graph for the GA LISSIV I.

The 660 field visit data are collected and the classifi-
cation accuracy is computed by the performance of the 
confusion matrix. Comparing the classified data with the 
reference data which gives the overall and kappa accu-
racy  of GA and PSO algorithms. Figure 15, Figure  16, 
Figure 17 shows the actual pixels versus GA and PSO 
classification.
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In confusion matrix, the kappa and overall accu-
racy of PSO shown in Table 2 and Table 3. PSO gives the 
increased accuracy for LISSIV Madurai images.

9.  Conclusion and Discussion
In this study, the paper presented that PSO based algo-
rithm can able to achieve an optimum selection of feature 
subset, that can be used to trained and classified by using 
support vector machine. The obtained results shows that 
PSO gives the optimum fitness values for all classified 

Figure 11.  Convergence graph or the GA for LISSIV III.

Figure 12.  Convergence graph for the PSO LISSIV I.

Figure 13.  Convergence graph or the PSO for LISSIV II.

Figure 16.  Comparison of pixels classification by using 
GA and PSO for LISSIV II.

Figure 14.  Convergence graph for the PSO for LISSIV III.

Figure 15.  Comparison of pixels classification by using 
GA and PSO for LISSIV I 

subsets such as urban, vegetation, water, bare land and 
hilly areas which is obtained by the SVM classifier. The 
proposed method shows that by using PSO which reduces 
the complexity of optimization. The experimental result 
shows that PSO has effective activity on LISSIV Madurai 
image which describes increased overall accuracy and 
kappa coefficient than GA.
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Figure 17.  Comparison of pixels classification by using 
GA and PSO for LISSIV III.

Table 3.  Accuracy of PSO for input images

User 
Accuracy

Producer 
Accuracy

Overall 
Accuracy

Kappa

LISSIV I 82.5 81.2 84.6 0.8377
LISSIV II 85.1 83.4 88.3 0.8871
LISSIV III 89.27 85.0 90.60 0.9224

Table 2.  Accuracy of GA for input images

User 
Accuracy

Producer 
Accuracy

Overall 
Accuracy

Kappa

LISSIV I 81.8 79.8 82.9 0.8311
LISSIV II 83.35 82.78 86.0 0.8746
LISSIV III 86.49 84.13 87.7 0.8832


