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Abstract

Nowadays, there are many research for recognizing face of people using the machine vision, the
machine vision is classification and analysis technology using machine that has sight such as human
eyes. In this paper, we propose algorithm for classifying human face using this machine vision
system, This algorithm consist of Convolutional Neural Network and cascade face detector, And using
this algorithm, we classified the face of subjects, For training the face classification algorithm, 2,000,
3,000, and 4,000 images of each subject are used. Training iteration of Convolutional Neural Network
had 10 and 20. Then we classified the images. In this paper, about 6,000 images was classified for
effectiveness, And we implement the system that can classify the face of subjects in realtime using
USB camera,
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Classification rates of CNN that trained 20 iterations
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