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(Facial Image Recognition Based on Wavelet Transform
and Neural Networks)
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Abstract

In this study, we propose facial image recognition based on wavelet transform and neural
network. This algorithm is proposed by following processes. First, two gray level images is captured
in constant illumination and, after removing input image noise using a gaussian filter, differential
image is obtained between background and face input image, and this image has a process of
erosion and dilation. Second, a mask is made from dilation image and background and facial image
is divided by projecting the mask into face input image Then, characteristic area of square shape
that consists of eyes, a nose, a mouth, eyebrows and cheeks is detected by searching the edge of
divided face image. Finally, after characteristic vectors are extracted from performing discrete
wavelet transform(DWT) of this characteristic area and is normalized, normalized vectors become
neural network input vectors. And recognition processing is performed based on neural network
learning. Simulation results show recognition rate of 100 % about learned image and 92% about

unlearned image.
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Fig. 1. Flowchart for facial image segmentation.
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