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ABSTRACT

Most real image sequences contain multiple moving
objects or multiple motions. In this paper, we
segmented the moving objects with optical flow.
Motion estimation by this method can estimate and
compress the image sequences better than other
methods such as bleok matching method. And,
especially, we can make new image sequences by
synthesizing the segmented objects. But, it takes too
much time for motion estimation. And, it is not easy
for a hardware implementation.
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