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Fig.3 Algorithm for contour tracking using improved PF
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Fig.4 Basic process of contour tracking using improved PF (a) The initial contour of the t th frame; (b)
Initialization distribution of the particles; (c) Introduction of the degree of relativity measure about the
contours and estimation of the likelihood value by the t th and t+1 th frame; (d) Particle distribution after one
step of iteration computation of GFPF; (e) Generation of the contour of the t+1th frame.
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Fig.5 Comparisons of results of cotour tracking with different importance densities
Upside: MR 1 sequence; Downside: MR 2 sequence
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