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Multi-guided Point Cloud Registration Network Combined with Attention Mechanism

LIU Xuheng.BAI Zhengyao,XU Zhu,DU Jiajin and XIAO Xiao

School of Information Science and Engineering, Yunnan University, Kunming 650221, China

Abstract This paper proposes a point cloud alignment network, AMGNet, which uses the probability matrix of matching points
between point clouds and the spatial information feature matrix of point clouds to search for correspondence and determine the
weights of corresponding points with each other. First.the point cloud feature extraction network is used to get the high-dimen-
sional features of the two unaligned point clouds and then the Transformer is used to fuse the independent features with the con-
textual information. Also,the weight assignment uses the strategy of double matrix co-determination. Finally, the singular value
decomposition is used to obtain the required rigid transformation matrix. Several experiments are conducted on synthetic datasets,
such as ModelNet40,7Scenes and real scenes. The results show that the mean square error of rotation matrix and translation vec-
tor in ModelNet40 target unknown experiments is reduced to 0. 025 and 0. 004 6, respectively. AMGNet alignment has high accu-
racy, high interference resistance,and good generalization ability.

Keywords Point cloud registration, Attention mechanism,Multiple matrix guidance, Weighted SVD
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Fig.7 Diagram of registration results
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Table 2 Results of unseen point cloud categories

Model RMSE(R) MAE(R) RMSE((t) MAE(t)
ICP 34.270 25.630 0.294 0 0.250 0
FGR 8.320 1.210 0.0130 0.0040
Go-ICP 13. 860 2.910 0.0220 0.0060
SAC-TA 3.890 1.710 0.0190 0.0130
PointNet LK 22.940 9. 660 0.0610 0.0330
DCP 9.770 6.950 0.0340 0.0250

PRNet 4.990 2.330 0.0210 0.0150

MFGNet 1.470 0.430 0.0080 0.0020
DeepBBS 0.075 0. 040 0.0011 0. 000 6
Ours 0.062 0.035 0.0008 0.0004
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Fig. 8 Registration results of adding Gaussian noise to ModelNet40
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Table 3 Results on point clouds data with Gaussain noise

Model RMSE(R) MAE(R) RMSE(t) MAE(1)
1cp 33. 86 25.07 0.292 0.249
FGR 27.13 12.06 0. 064 0.036
Go-ICP 11.45 2.53 0.023 0.004
SAC-IA 11.95 3.32 0.027 0.016
PointNetLK 19. 94 9.08 0.057 0.032
DCP 6. 88 4.53 0.028 0.021
PRNet 4.32 2.05 0.017 0.012
MFGNet 3.56 1.52 0.019 0. 008
DeepBBS 4.19 1.75 0. 044 0.023
Ours 2.79 1.14 0.011 0. 006
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Fig. 9 Registration results on 7Scence dataset
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Table 4 Results on 7Scenes dataset

Model MAE(R) MAE(t) MIE(R) MIE(t)
1CP 6.0091 0.0130 13. 04840 0.0260
Go-1CP 7.0968 0.0136 14.97010 0.0274
Super4 PCS 1.6567 0.0081 2.93880 0.0162
RANSAC 1.2325 0.0062 2.18750 0.0124
RPMNet 0.3885 0.0021 0.07649 0.0042
IDAM 5.6727 0.0303 11.59490 0.0629
FMR 2.5438 0.0072 4.90890 0.0150
Ours 0.1502 0.0006 0. 28980 0.0013
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Table 5 Effect of number of point cloud iterations on experimental
data
Num_iter RMSE(R) MAE(R) RMSE (1) MAE((t)
6 2.79 1.14 0.011 0. 006
5 2.96 1.08 0.013 0.005
4 3.31 1.59 0.021 0.011
3 3.27 1.51 0.014 0.008
6 A RRAT 2 I X S50 R 04 R )
Table 6 Effect of point cloud feature dimension on experimental
data
dims RMSE(R) MAE(R) RMSE () MAE (1)
128 3.23 1.21 0.0141 0.0060
64 2.79 1.14 0.0112 0.0066
32 3.11 1.26 0.0164 0.0078

T R BRBO R L Y 5 )

Table 7 Effect of loss function on model
Loss RMSE(R) MAE(R) RMSE (1) MAE ()
Liter 3.11 1.16 0.0162 0.0075
Liter + Lglobal 2.79 1.14 0.0112 0.0066

8 TR I AL AL 1 5w

Table 8 Effect of attentional mechanisms on model

Transformer RMSE MAE RMSE MAE
FEEHAHH 3.05 1.11 0.0138  0.0063
HEE A AL 2.79 1.14 0.0112  0.0066

9 AN [AVRRAE AR IR0 44 1 5 )

Table 9 Effect of different feature extraction networks
Transformer RMSE MAE RMSE MAE
GNN 2.79 1.14 0.0112 0.0066
DGCNN 8.25 4.93 0.0674 0.0451
PointNet 10.18 5.29 0.0693 0.0491
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