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Abstract: Before matching the video frames in Scale-Invariant Feature Transform (SIFT) algorithm, the
key-points must be extracted firstly. If the size and characteristic of input images are changed, gray
threshold of key-points must be reinstalled, to avoid extremely computation cost or failure in registration.
In this paper, a self-adaptive SIFT key-points extraction algorithm for video images is developed. The
algorithm can set appropriate gray threshold of key-points automatically by feeding parameter of previous
frame back to present frame to make the number of key-points extracting from present frame close to the
expected value. The experiments show that, when the input image is changed, the key-points number of
the video frame always keep near the expected value by setting the threshold self-adaptively. The method
makes it possible for digital video images to be registered self-adaptively by SIFT algorithm and the
number of feature points remains stable so that the computation costs can be reduced while avoiding
registration failure.
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