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Abstract

Motion estimation is one of the key technologies for solving many machine vision problems such
as object tracking and video compression. Starting from the description and resolution of optical
flow, this paper gives a comprehensive presentation and analysis on the motion estimation prob-
lem and previous works. At last, future research directions are suggested and some good network
resources are recommended.
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Figure 1. The motion analysis with the “point” as an example
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Figure 2. The example of “optical flow”
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