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Multi-scale deep learning method for 3D point cloud registration

GUO Dawei, LI Jinghao, LU Jun
(College of Intelligent Systems Science and Engineering, Harbin Engineering University, Harbin 150001, China)

Abstract: In order to solve the problems of poor robustness and poor accuracy of the point cloud registration algorithm
based on deep learning in the field of 3D vision in recent years, a 3D point cloud registration method based on deep
learning is designed. Firstly, the points with obvious geometric features are extracted as points of interest, and the points
of interest are aggregated by the regional growth algorithm, and feature extraction and feature fusion are carried out
based on the multi-scale analysis method. In order to further extract the deep local information contained in the feature
data, the multilayer perceptron(MLP) network is used for secondary feature extraction, and the modified Transformer
network is added to supplement the features. The matching matrix generation and optimization algorithm is designed,
and the transformation matrix is obtained by singular value decomposition(SVD) calculation. Through comparative ex-
periments on the ModelNet40 dataset, it is proved that the registration algorithm in this paper is far superior to the tradi-
tional registration algorithm, and is better than the popular deep registration networks DCPNet and RPMNet in recent
years in terms of registration accuracy and robustness. The analysis results in this paper provide a reference for improv-
ing the robustness and accuracy of point cloud registration.

Keywords: point cloud registration; 3D vision; feature extraction; feature fusion; deep learning; point of interest aggreg-

ation; multi-scale features; Transformer network
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Table 1 Experimental parameters
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Fig. 7 Key point extraction in ModelNet40 data set
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Table 2 Time spent on model extraction for different key
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Table 3 Registration performance of different algorithms

[R{HERPR MSE(R) RMSE(R) MAE(R) MSE(t) RMSE(t) MAE(t)
ICP 498.560 29.920 28.170 0.084 0.290 0.275
FGR 87.660 9.367 1.989 0.003 0.015 0.007
PointNetLK 227.870 15.090 4255 0.004 0.022 0.005
DCPNet 6.481 2.545 1.506 0.001 0.001 0.001
RPMNet 4753 2.505 1.963 0.001 0.002 0.001
ARSI 4.501 1.493 1.144 0.000 0.001 0.001
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Table 4 Registration performance of different algorithms under Gaussian noise
IR RES MSE(R) RMSE(R) MAE(R) MSE(t) RMSE(t) MAE(t)
ICP 558.590 29.700 23.170 0.084 0.279 0.240
FGR 481.760 29.360 10.890 0.001 0.107 0.027
PointNetLK 256.170 16.890 4.590 0.005 0.021 0.006
DCPNet 6.982 2.631 1.515 0.000 0.002 0.002
RPMNet 5.701 2.004 1.667 0.001 0.002 0.002
BN RN 4.902 1.999 2.089 0.000 0.001 0.001
x5 FEAEETHEERLE
Table 5 Registration efficiency under different algorithms S
AL ICP FGR PointNetLK DCPNet RPMNet AR
64 0.004 1 0.0426 0.048 89 0.002 1 0.0038 0.0027
128 0.0059 0.0824 0.05001 0.0023 0.0042 0.003 1
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