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3D Recognition Algorithm Based on Curvature Point Pair Features
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Abstract To address the difficulties in object recognition caused by noise, occlusion, and other factors in Bin-Picking by
an industrial robot, a three-dimensional (3D) recognition algorithm using curvature point pair features is proposed. Based
on the original point pair feature, a curvature difference feature is introduced to make the point pair more descriptive and
improve the point cloud registration rate. In the preprocessing stage, a watershed algorithm based on distance
transformation is used to segment the scene point cloud, extract candidate targets, and accelerate the algorithm matching.
Furthermore, a new weighted voting scheme is proposed for the pose voting stage, and it assigns a larger weight to
stronger point pairs based on the curvature difference information and further improves the point cloud registration rate.
The experimental results show that the proposed algorithm significantly improves the accuracy and speed compared to the
original algorithm, and it can meet the requirements of practical application scenarios.
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Fig.1 Schematic of curvature difference PPF
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Fig.3 Transformation between model and scene coordinates
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Table 1 Comparison of matching rates of algorithms unit: %
Algorithm armadillo buddha bunny dragon chinese _dragon statuette Average
PPF 86.40 90. 25 91.93 92.78 85.90 84.91 88.70
S-ICP 98.67 92.03 97.79 93.94 97.61 94.69 95.79
Proposed algorithm 93.61 91. 26 95.08 95.92 87.95 89. 89 92.29
Proposed algorithm+ICP 98. 96 96. 01 98.19 97.83 97. 86 96. 85 97.62
F 2 SRR VTN ]
Table 2 Comparison of matching time of algorithms unit: s
Algorithm armadillo buddha bunny dragon chinese _dragon statuette Average
PPF 0.301 0.775 0.136 0.712 0.828 0.934 0.614
S-ICP 0.411 0.542 0.536 0.797 0.498 0.576 0. 560
Proposed algorithm 0.142 0.178 0.085 0.511 0.108 0.457 0. 247
Proposed algorithm+ ICP 0.160 0.216 0.101 0.529 0.126 0.473 0.268
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Fig. 7 Matching effect of four algorithms. (a) Original PPF algorithm; (b) S-ICP algorithm; (¢) curvature difference PPF algorithm;
(d) curvature difference PPF algorithm with ICP
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Fig. 8 Matching effect of four algorithms. (a) Original PPF algorithm; (b) S-ICP algorithm; (¢) curvature difference PPF algorithm;

(d) curvature difference PPF algorithm with ICP
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Proposed algorithm 91.81 93.31 94.18 93.10
Proposed algorithm+ICP  96.17 96.23 96.22  96. 21
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Fig.9 Process of scene segmentation. (a) Point cloud of scene; (b) grayscale image of point cloud mapping; (¢) watershed segmentation;

(d) candidate target
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Fig. 10 Matching effect of four algorithms. (a) Original PPF algorithm; (b) S-ICP algorithm; (c) curvature difference PPF algorithm;
(d) curvature difference PPF algorithm with ICP
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Table 5 Comparison of matching rates of algorithms unit: %
Algorithm (1) (2) (3) (4) (5) (6) Average
PPF 80.62 57.09 78. 54 80.91 84.21 86.05 77.90
S-ICP 94.37 92.22 92.86 91.39 91.94 93.49 92.71
Proposed algorithm 89.72 88.43 91.94 84.33 87.85 85.91 88.03
Proposed algorithm+ICP 95.92 95. 60 96. 34 91.64 94.73 94.32 94.76
F6 BRI E X
Table 6 Comparison of matching time of algorithms unit: s

Algorithm PPF S-1CP
Total time 9.908 8. 368 4.815 5.311

Proposed algorithm Proposed algorithm+ICP
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Fig. 11 Intermediate result of point pair matching. (a) A point pair in scene; (b) original PPF algorithm; (¢) curvature
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