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Abstract

In this study, we introduce ASM-based face recognition classifier and its design methodology with the aid of 2-dimensional
2-directional hybird preprocessing algorithm. Since the image of face recognition is easily affected by external environments,
ASM(active shape model) as image preprocessing algorithm is used to resolve such problem. In particular, ASM is used
widely for the purpose of feature extraction for human face. After extracting face image area by using ASM, the dimension-
ality of the extracted face image data is reduced by using (2D)2hybrid preprocessing algorithm based on LDA and PCA.
Face image data through preprocessing algorithm is used as input data for the design of the proposed polynomials based ra—
dial basis function neural network. Unlike as the case in existing neural networks, the proposed pattern classifier has the
characteristics of a robust neural network and it is also superior from the view point of predictive ability as well as ability
to resolve the problem of multi-dimensionality. The essential design parameters (the number of row eigenvectors, column ei-
genvectors, and clusters, and fuzzification coefficient) of the classifier are optimized by means of ABC(artificial bee colony)
algorithm. The performance of the proposed classifier is quantified through yale and AT&T dataset widely used in the face
recognition.
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Fig. 2. Contour extraction process of face through ASM
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Fig. 3. Architecture of proposed intelligent pattern classifier
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Table 1. Data used in experiments

Data Yale AT&T
No. of classes 15 10
No. of images 16 40
No. of total data 165 400
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Table 2. Initial setup parameters of ABC algorithm and
searching range

Parameters Values

No. of generations 50

Employed Bee : 30

No. of populations Onlooker Bee : 30

Limit 30

Random value[ &] [-1 1]
Fuzzification

Coefficient [115]

No. of
Search clusters [2 10]
range

No. of row [2 10]
elgenvectors

NQ. of column [2 10]
elgenvectors
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Table 3. Comparison of performance with other
classifiers. (a) Yale data (b) AT&T data

(a) Classification Rate [%]
. Yale
Preprocessing ASM-
Method
etho RBFNNs RBENN
87.78 87.22
PeA (+8.07) (+4.43)
87.22 87.22
PCA&LDA (+3.89) (+4.43)
9 95.00 95.55
(2DYPCA (+5.05) (+3.71)
9 97.22 98.51
(2DYLDA (£327) (£)1.14
(2D)* 97.22 97.78
Hybrid (£2.50) (0.00)
(b) Classification Rate [%]
. AT&T
Preprocessing ASM
Method
o RBFNNs RBFNN's
. 85.00 84.50
PeaA (+2.04) (+4.37)
88.00 89.25
PCA&LDA (+5.62) (+3.54)
5 86.75 87.715
(2DYPCA (£5.00) (£3.71)
9 91.25 92.62
(2DYLDA (£317) (+355)
(2D)? 94.00 94.25
Hybrid (£3.16) (£2.37)
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