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A Study on Feature Selection in Face Image Using Principal Component Analysis
and Particle Swarm Optimization Algorithm

2eN-eqd 0@
(Woong~Ki Kim + Sung-Kwun Oh - Hyun-Ki Kim)

Abstract — In this paper, we introduce the methodological system design via feature selection using Principal Component
Analysis and Particle Swarm Optimization algorithms. The overall methodological system design comes from three kinds
of modules such as preprocessing module, feature extraction module, and recognition module. First, Histogram
equalization enhance the quality of image by exploiting contrast effect based on the normalized function generated from
histogram distribution values of 2D face image. Secondly, PCA extracts feature vectors to be used for face recognition
by using eigenvalues and eigenvectors obtained from covariance matrix. Finally the feature selection for face recognition
among the entire feature vectors is considered by means of the Particle Swarm Optimization. The optimized
Polynomial-based Radial Basis Function Neural Networks are used to evaluate the face recognition performance. This
study shows that the proposed methodological system design is effective to the analysis of preferred face recognition.

Key Words : Principal Component Analysis, Radial Basis Function Neural Network, Particle Swarm Optimization,
Feature Selection, Face Recognition
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Table 3 The result of Yale dataset

s}t | XA 7k Person FRR FAR TER No.of features
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Training dataset 4 F 34/ U2 4] 000000/3) | 0.000(0/56) | 0.000(0/59) 36
DRBF NN ORL: ?’J:?_]/l / r}?l78 . ’ /32 :
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14| 000000/3) | 0.018(1/56) [0.017(1/59) 41
15 | 0.667(2/3) | 0.036(2/56) | 0.068(4/59) 39
AVG | 0311 0.006 0.021 39.3
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Table 2 Result of face recognition with random feature size " 4 0RL 92 Hole AE Zat
Dataset | No. of features FRR FAR TER Table 4 The result of ORL dataset
ég 8;%? 8:882 gggl’ Person|  FRR FAR TER  |No.of features
Yale 20 03t T o0 T oo%a 1| 0500(2/4) 10.010(2/195)/0.020(4/190) 41
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30 0363 | 0006 | 0020 4 | 0250(1/4) |0.005(1/195)]0.010(2/199) 43
40 0305 | 0005 | 0011 5 | 0.750(3/4) [0.000(0/195)]0.015(3/199) 45
ORL 50 0291 | 0004 | 0.009 6 | 0.250(1/4) |0.005(1/195){0.010(2/199) 45
o0 o oo | oo T os00 i Tousunsoosa e
- - R ( 005 .005(1/
M0 | 0p% | 000 | 0019 9 | 0250(1/4) 10.00000/195)/0.005(1/199) 34
10| 05002/4) 10.000(0/195)]0.010(2/199) 41
A2 58 FRR go] 7 A& 50788 548 7R R - : ” ; -
. ;j o fe;ire Seleiﬂjn ;2—01 ?jf %H isoé o ;]} o 3B | 0.00000/4) 0,000(0/195> 0.000(0/199) 40
AUE ABEHR Valest ORL dole] Aoe 27 7 23 36 | 0.000(0/4) 0.000(0/195)|0.000(0/199) 41
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