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ABSTRACT

Face is an information unique to each person such as Iris, fingerprints, etc,. Research on face recognition
are in progress continuously from the past to the present. Through these research, various face recognition
methods have appeared. Among these methods, there are face recognition algorithms using the face data
composed in stereo. In this paper, Convolutional Neural Network with Stereo Images as input was used for face
recognition. This method showed better performance than the result of stereo face recognition using PCA that
is used frequently in face recognition.
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