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Abstract: To address the problem of poor generalization and decreased accuracy when deep
learning methods are utilized to handle partially overlapping point cloud registration, a point
cloud registration algorithm with multi-scale feature fusion was proposed. First, feature
descriptions of point clouds at different scales were performed to obtain local structural
information, and features at different scales were fused through weighted summation to enhance
the feature representation capability. Then, a multi-attention mechanism was used to strengthen
the feature correlation between point clouds and discover more accurate correspondences.
Finally, a position estimation module was employed to calculate the virtual corresponding points
of the source point cloud, and singular value decomposition (SVD) was used to solve for the
optimal transformation between the source point cloud and the virtual corresponding points. In
the complete point cloud scenario of the ModelNet40 dataset, the mean square errors for rotation
and translation are 6. 3x107 and 1. 0x107, respectively. In the partially overlapping point cloud
scenario, the mean square errors for rotation and translation are 2.29x10™ and 3x107,
respectively, both of which are lower than those of the deep closest point (DCP) algorithm.
Moreover, for unknown-category and noisy point clouds, the proposed method also yields lower
errors than representative baseline methods such as iterative closest point (ICP) , fast global
registration (FGR), and DCP, further validating its effectiveness.
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Table 1 Comparison of clean point cloud registration effects in the complete point cloud scenario
Foi Sye(R) Syn(R) M(R) Sye() Syl®) M,(1)
ICp 894. 897 29.914 23.544 0.084 6 0.290 0.248
GO-ICP 140. 477 11. 852 2.588 0. 000 6 0. 025 0. 007
FGR 87. 661 9.362 1. 999 0. 000 1 0.013 0. 002
PointNetLK 227.870 15. 095 4.225 0. 000 4 0. 022 0. 005
DCP 1.307 1.143 0.770 0. 000 0 0. 001 0. 001
A 0. 063 0.252 0.126 0. 000 0 0. 000 0. 000
®) ©) 3) 5 DCP Sk i 32 3 — K XU S =

&%K

x. «() ()

B4 sEEIRBAENFTRMK
Fig. 4 Visualization of complete point cloud
registration
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Table 2 Comparison of unknown-category point cloud registration effects in the complete point cloud scenario

Bk Sye(R) Sur(R) M, (R) Syie(®) Syr(®) M,
ICP 892. 601 29. 876 23.626 0.086 0 0.293 0.251
GO-ICP 192. 258 13. 865 2.914 0. 000 4 0. 022 0. 006
FGR 97.002 9. 848 1.445 0.000 1 0.013 0. 002
PointNetLK 306.323 17.502 5.280 0. 000 7 0. 028 0. 007
DCP 9.923 3.150 2.007 0. 000 0 0. 005 0. 003
A 0. 521 0.721 0. 504 0. 000 0 0. 001 0. 000
R3 REAZFETRESEAERRIER
Table 3 Comparison of noisy point cloud registration effects in the complete point cloud scenario
GRS Sue(R) Syr(R) M,y (R) Sue(®) Sur(®) M, ()
ICP 882. 564 29.707 23.557 0.0845 0.290 0.249
GO-ICP 131. 182 11. 453 2.534 0.0005 0.023 0. 004
FGR 607. 694 24.651 10. 055 0.0118 0.108 0. 027
PointNetLK 256. 155 16. 004 4.595 0. 000 4 0.021 0. 005
DCP 1. 169 1. 081 0.737 0. 000 0 0. 001 0. 001
A 0. 043 0.208 0.121 0.000 0 0. 000 0. 000
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Table 4 Comparison of clean point cloud registration effects in partial point cloud scenarios

Bk Sy(R) Sur(R) M,(R) Syi(?) Sur(®) M, (0)
ICP 1134.552 33. 683 25. 045 0.0856 0.293 0.250
GO-ICP 195. 985 13. 999 3.165 0.001 1 0.033 0.012
FGR 126. 288 11.238 2.832 0. 000 9 0. 030 0. 008
PointNetLK 280. 044 16. 735 7.550 0.0020 0. 045 0. 025
DCP 45.005 6.709 4. 448 0. 000 7 0.027 0. 020
PRNet 10. 235 3.199 1. 454 0.000 3 0.016 0.010
IDAM 8.726 2.954 1. 346 0. 000 4 0. 021 0. 005
DeepBBS 4.567 2.137 1. 541 0. 000 5 0.022 0.017
PANet 5.919 2.433 1. 654 0.000 5 0.022 0.017
AR 2.290 1.513 1.013 0.0003 0.017 0.012

T TSR Fon T i 4528

E5 #YSAEENTTIRN
Fig. 5 Visualization of partial point cloud registration
(a)—HIHANIE ; (b)—HAEHe; (c)—FGR; (d)—DCP; (e)—PRNet; (f)—IDAM; (g)—ACHIL.
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Table 5 Comparison of unknown-category point cloud registration effects in partial point cloud scenario

Bk Sye(R) Syr(R) M, (R) Sue(®) Sur(®) M)
ICP 1217.618 29.915 25.455 0.086 0 0.293 0.251
GO-ICP 157.072 34. 894 2.940 0.000 9 0.031 0.010
FGR 98. 635 12.533 1.952 0.001 4 0.038 0.007
PointNetLK 526. 401 9.932 9. 665 0.003 7 0. 061 0.033
DCP 95.431 22.943 6.954 0.0010 0.034 0.025
PRNet 15. 624 3.953 1.712 0.0003 0.017 0.011
IDAM 11.710 3.422 1.761 0.000 4 0.022 0. 005
DeepBBS 6.342 2.518 1.968 0.000 8 0.028 0.021
PANet 13. 608 3.689 2.499 0.0009 0.030 0.019
ARSI 2. 696 1. 642 1.105 0.000 3 0.016 0.012
*6 MORZEETHRESZEAERRIER
Table 6 Comparison of noisy point cloud registration effects in partial point cloud scenario
Bk Sye(R) Syr(R) M, (R) Sye(®) Syr(?) M)
ICP 1229. 670 35.067 25.564 0.086 0 0.294 0.250
GO-ICP 150. 320 12.261 2. 845 0.000 8 0.028 0.029
FGR 764. 671 27. 653 13.794 0.004 8 0.070 0.039
PointNetLK 397.575 19. 939 9.076 0.0032 0. 057 0.032
DCP 47.378 6. 883 4.534 0.000 8 0.028 0.021
PRNet 18. 691 4.323 2.051 0.0003 0.017 0.012
IDAM 13. 898 3.728 1. 852 0.000 5 0.023 0.011
DeepBBS 12.568 3.548 0.974 0.002 2 0. 047 0.017
PANet 7.728 2.780 1. 887 0.0432 0. 021 0.016
ARSCH 12. 966 3.601 2.308 0.0003 0.017 0.012
R7 AEIMBEHHEAERRIEER
Table 7 Comparison of registration effects of different network structures

Bk Sye(R) Sur(R) M, (R) Swe(?) Syr(®) M,(1)

PN+MA+PE 21.504 4.637 2. 856 0.000 5 0. 024 0.017

DG+MA+PE 9.075 3.012 1.954 0.000 3 0.019 0.014

PF+PE 40. 711 6.380 4.378 0. 000 7 0.027 0.019

PF+MA+PE2 3.583 1. 893 1.127 0. 000 4 0.019 0.014

PF+MA+PE 2.290 1.513 1. 013 0.0003 0.017 0.012
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Table 8 Comparison of network parameter sizes

GRS W% 24107 R IR
ICP — O(N?)
GO-ICP — O(N?)
FGR — O(N?)
PointNetLK 0.16 O(N)
DCP 5.57 O(N?)
PRNet 10. 81 O(N?)
IDAM 1.87 O(N?)
DeepBBS 5.67 O(N?)
PANet 2.42 O(N?)
AR 5.15 O(N?)
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