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Application of feature matching algorithm based on grid-based motion statistics in medical service robot

YANG Jing-dong”, SHAN Ti-zhan
School of Optical-Electrical and Computer Engineering, University of Shanghai for Science and Technology, Shanghai 200093, China

[Abstract] Objective To propose a scoring framework grid-based motion statistics (SF-GMS) feature matching
algorithm to improve the poor real-time ability and inaccurate matching in the process of target recognition for medical service
robots. Methods The feature point neighborhoods were segmented by SF-GMS algorithm using the grids, and the number of
feature points in each neighborhood was counted and the scoring frame function was set to judge the feature matching accuracy
according to the number of neighborhood feature points and the scoring threshold. Results and conclusion Compared
with random sample consensus algorithm, SF-GMS algorithm effectively improved the successful matching rate, and had
better real-time performance. SF-GMS algorithm had better stability to the changes of illumination view, occlusion, affine,
scale and rotation, and could meet the demand of autonomous navigation in simulating hospital ward scenario for medical
service robots.
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Fig1 Scale invariance of two algorithms

A: Scoring framework grid-based motion statistics (SF-GMS);
B: Random sample consensus (RANSAC)
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Fig2 Illumination invariance of two algorithms

A: Scoring framework grid-based motion statistics (SF-GMS);
B: Random sample consensus (RANSAC)
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Fig3 Rotation invariance of two algorithms

A: Scoring framework grid-based motion statistics (SF-GMS);

B: Random sample consensus (RANSAC)
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Fig 4 Affine invariance of two algorithms

A: Scoring framework grid-based motion statistics (SF-GMS);
B: Random sample consensus (RANSAC)
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Tab 1 Performance of feature matching of SF-GMS and RANSAC algorithms

Time #/s Matching pair Correct matching pair Correct matching rate (%)
Performance parameter
SF-GMS RANSAC  SF-GMS RANSAC SF-GMS  RANSAC SF-GMS RANSAC
Scale invariance 0.060 0.21 500 500 214 92 42.8 18.4
Rotation invariance 0.059 0.22 497 497 365 283 73.0 56.9
Illumination invariance 0.058 0.23 500 500 118 90 23.6 18.0
Affine invariance 0.054 0.20 500 500 134 87 26.8 174

SF-GMS: Scoring framework grid-based motion statistics; RANSAC: Random sample consensus
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Fig5 Autonomous navigation in hospital environment

A: MTR service robot; B: Real time interface for SF-GMS algorithm (the black border indicates the hospital corridor wall, the blue

line indicates the actual route of the medical robot, the red line indicates the odometer estimated trajectory, the blue circle indicates

the three-dimensional road sign, and the red ellipse indicates the pose estimation reliability); C: Real time interface for RANSAC

algorithm; D: The position error of the SF-GMS algorithm and the RANSAC algorithm in the autonomous navigation process.

SF-GMS: Scoring framework grid-based motion statistics; RANSAC: Random sample consensus
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