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Abstract : A comprehensive survey of the up-to-date research and application for mean shift are presented. A general
mean shift procedure is defined by nonparametric estimation of density gradient , and the steps and convergency of the
agorithm are proposed. The key techniques of the selection of kernel function and the computation of bandwidth
matrix are introduced emphatically. Finaly, the applications of mean shift to mode detection, clustering, image
segmentation and tracking are surveyed in detail and the directions towards the future research are outlined.
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