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Design of Optimized RBFNNs based on Night Vision Face
Recognition Simulator Using the 2D? PCA Algorithm
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Abstract

In this study, we propose optimized RBFNNs based on night vision face recognition simulator with the aid of (2D)2 PCA
algorithm. It is difficult to obtain the night image for performing face recognition due to low brightness in case of image ac—
quired through CCD camera at night. For this reason, a night vision camera is used to get images at night. Ada-Boost algo—
rithm is also used for the detection of face images on both face and non-face image area. And the minimization of distortion
phenomenon of the images is carried out by using the histogram equalization. These high-dimensional images are reduced to
low-dimensional images by using (2D)2 PCA algorithm. Face recognition is performed through polynomial-based RBFNNs
classifier, and the essential design parameters of the classifiers are optimized by means of Differential Evolution(DE). The
performance evaluation of the optimized RBFNNs based on (2D)2 PCA is carried out with the aid of night vision face recog—
nition system and IC&CI Lab data.
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N : Size of image
h(@i) : Modified value

G : Brightness of image
H(@) : Normalized accumulated value
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