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ABSTRACT

Facial Expression Recognition by Tensor Representation from

Video

Lee, Myung Won

Advisor : Prof. Kwak, Keun Chang, Ph. D.
Dept. of Control and Instrumentation Eng.,
Graduate School of Chosun University

This paper suggested the face expression recognition wusing the
tensor—based principal component analysis. We present a new face
verification method based on tensor presentation from video. For this
purpose, we use Tensor—based Multilinear Principal Component Analysis
(TMPCA) to verify simultaneously the successive frames with face images. For
a perfoormance evaluating, serial facial images created by the database was
carried out.

The experimental results on facial expression database reveal that the
presented method shows a better performance in comparison with the
wel [-known methods.
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