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Performance Analysis of Image Algorithm Based on Binary Feature
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(1. School of Land & Resources Engineering , Kunming Polytechnic University , Kunming 650093, China;
2. Guangdong Institute of Intelligent Manufacturing , Guangdong Academy of Sciences, Guangzhou 510070, China)

Abstract: Aiming to study the real-time performance and robustness of several common binary feature extraction algorithms in com-
plex environment, four mainstream binary feature—based algorithms, ORB, SIFT, SURF and BRISK, were matched and statistically
compared with the image pairs in the Euroc dataset and real scene to analyze their real-time performance. Mikolajezyk’s data set is se-
lected to compare the robustness of the algorithm in the scene of image rotation transformation, blur transformation, illumination trans-
formation and perspective transformation. The evaluation index are the algorithm running time and the number of matched feature
points. The experimental results show that ORB can achieve enough matched number, and the running time of the algorithm is not more
than 24.6ms; SURF can achieve the maximum matching number of 123 pairs in the scene of blur transformation, illumination transfor-
mation and perspective transformation; ORB and BRISK can obtain enough matched number in the scene of illumination change. In
terms of real-time performance, ORB algorithm has the fastest running speed and the highest real-time performance under the condi-
tion of enough matches; SURF has good robustness in the scene of blur transformation, illumination transformation and perspective
transformation, and SURF algorithm has the strongest robustness.
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Fig. 1 Location of feature points
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Table 1 Matching number and running time(ms) of feature
detection algorithm while matching the same images

F1 BRERIEE LA REE &R TE S EE1TE E (ms)

Table 3 Matching number of each feature detection algorithm while

matching blurred images
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Table 2 Matching number of each feature detection algorithm while

matching rotated images
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Fig. 5 Line chart of matching number while images are rotated
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Fig. 6 Line chart of matching number while images are blurred
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Table 4 Matching number of each feature detection algorithm

by different lighting effect
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levenl+leven2 1215 2795 333 198
levenl+leven2 933 2273 240 137
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Fig. 7 Line chart of matching number while light of images is effected
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Table 5 Matching number of each feature detection algorithm by the
changed perspective
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it H SIFT SURF BRISK ORB
grafll+graf2 1 100 1059 522 114
grafl+graf3 616 654 199 7
grafl+grafd 212 270 42 0
grafl+graf5 165 157 9 0
grafl+graf6 59 123 5 0
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Fig. 8 Line chart of matching number when perspective is effected
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