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Fig. 2 Boat matching images of the simulation experiment
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Fig. 3 Bikes matching images of the simulation experiment
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Fig. 4 Graf matching images of the simulation experiment
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Fig. 5 Leuven matching images of the simulation experiment
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Fig. 6 The result graphs of boat image corner features detection in the traditional ORB algorithm
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Fig. 7 The result graphs of bikes image corner features detection in the traditional ORB algorithm
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Fig. 8 The result graphs of graf image corner features detection in the traditional ORB algorithm
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Fig. 9 The result graphs of leuven image corner features detection in the traditional ORB algorithm
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Fig. 13 The result graphs of leuven image corner features detection in the Shi—Tomasi—-SURFORB algorithm
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Fig. 14 The result graphs of boat image corner features matchlng in the tradltlonal ORB algorlthm

(a) bikes A-B (b) bikes B-C (c¢) bikes C-D (d) bikes D-E (e) bikes E-F
15 f&% ORB & kA0 bikes E1§ f S4HE LA L R
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Fig. 17 The result graphs of leuven image corner features matching in the traditional ORB algorithm
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Fig. 20 The result graphs of graf image corner features matching in the Shi-Tomasi—SURFORB algorithm
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Fig. 22 Comparison analysis graphs of image corner features matching
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An Image Corner Features Matching Method Based on
Optimized ORB Algorithm

ZHU Biao'**
(1. AVIC Huadong Photoelectric Co. , Ltd. , Anhui Wuhu 241002, China;
2. Key Laboratory of Modern Display Technology, Anhui Wuhu 241002, China;
3. National Special Display Engineering Research Center, Anhui Wuhu 241002, China;
4. National Engineering Laboratory of Special Display Technology , Anhui Wuhu 241002, China)

Abstract ; Aiming at the problem that the image corner features matching accuracy of the traditional ORB
algorithm is not high, an image corner features matching method based on optimized ORB algorithm is proposed.
Firstly, this paper uses the Shi—-Tomasi algorithm to detect the image corner features, then uses the fusion algorithm
of BRIEF and SURF to generate the double — descriptor sequences of the image corner features, and reduces
dimension of the double—descriptor sequences by the random projection principle, finally, the optimized matching
algorithm is used to match, referred to as the Shi-Tomasi —SURFORB algorithm. The simulation experiment
analyzes seven indicators, including the number of corner features, the number of corner features matching, the
number of correct corner features matching, the accuracy of corner features matching, the corner feature matching
accuracy ratio, the image matching time, and the image matching time rate, the analysis results show that
compared with the traditional ORB algorithm, the Shi-Tomasi—SURFORB algorithm improves the image corner
features matching time by 9.46% , but improves the image corner features matching accuracy by 8. 88% , which
provides a more balanced solution for image corner features matching.

Key words: ORB algorithm; Shi—Tomasi algorithm; BRIEF algorithm; SURF algorithm; feature matching
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