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Abstract: To set and update weight coefficients of Horn-Schunck optical flow method adaptively, the
influencing rules of weight coefficients on Horn-Schunck optical flow method is researched. An optical
flow method based on adaptive weight coefficients and Fuzzy C-Means(FCM) clustering is proposed.
Firstly, it computes varying curves of optical flow total values with different weight coefficients.
Then, by combining two levels of FCM clusterings, it finds the optimal weight and the convergence
point of Horn-Schunck optical flow method based on fixed number of iterations. By which the optimal
weight coefficient is obtained adaptively. Finally, the feasibility of the method is verified based on
standard video sequence. The result shows that the optical flow images estimated by the optimal
weight obtains evident movement targets with little noise as compared with other weight coefficients
and its running time is 0. 106 O s, useful ratio is 0. 595 6, and End-point Error is 0. 801 1. It achieves

the best or the next-best performance.
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Fig. 4 A-power curves of six image sequences
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