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Temporal Pattern Recognition in Computer Vision

KAWASHIMA ,- HIROAKI' and NISHIMURA, TAKUICHIt

In this paper, we will survey researches on temporal pattern recognition which has been
popular in 1980s in the field of computer vision. We will focus on dynamic time warping
method categorizing it into pattern matching method and model based method. Further-
more, expression recognition and fusion of sound and image are introduced. )
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