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An optimized image feature matching algorithm based on SIFT
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[ Abstract] The scale invariant feature transform ( SIFT) algorithm shows some deficiencies of nature, such as poor real—time
performance and easy mismatching. In view of this, a solving scheme of dimensionality reduction in the feature descriptor as well as
matching optimization for image features is proposed so that a feature matching algorithm which can meet the higher requirements of
real-time and matching accuracy is obtained. Among it, the 72 dimensional feature vector is constructed by using the gradient
cumulative values of 9 concentric rings centered on the feature point to reduce the dimension of the feature descriptor, so as to
simplify the feature description and reduce the time of descriptor generation and matching. Furthermore, by combining the optimal
selection of matching points and the matching purification of RANSAC algorithm, the mismatching is effectively reduced.
Experiment shows that the optimized algorithm not only significantly improves matching accuracy, but also betters real —time in
itself.
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Fig. 1 Gaussian scale space and Gaussian difference scale space
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Fig. 2 128-dimensional feature description vector
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Fig. 3 Algorithm framework
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Fig. 4 Feature descriptor Fig. 5 Gray gradient cumulative

histogram
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Fig. 7 Matching effect of the original algorithm and the improved

algorithm
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Tab. 1 Performance comparison before and after algorithm
improvement
ik FERS/s NI RO
J&SIFT 33 12.998 1 034
SRR 8.293 1308
SR IR 2 8.935 327
RGP IR 3 10.796 21
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