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[Abstract] This paper proposes Mean Shift algorithm based on multi-scale feature extraction for fulfilling the target tracking in complex
environment such as images with low contrast and to many similar targets. After the feature points being matched, next frame feature points are
gotten. The center of next frame feature points is took as the center of searching window by which Mean Shift searching windows are continually
modified and iteration deviation is reduced. Experimental resutls show that the robustness, precision and real-time performance of the algorithm are
improved, and its iteration frequency is reduced.
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