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Abstract: Aiming at the problem of matching distortion caused by structural occlusion, field of view con-
straints, and stitching errors during point cloud reconstructed, a multi-level filter network (MulFNet) is
proposed to achieve single-shot scanning point clouds for low-overlap registration. Firstly, the multi-level
features of the point clouds are extracted through the feature pyramid coding network to obtain semantic in-
formation at different scales, and the attention module and the location module are embedded to enhance
the feature significance; secondly, the multi-level features are filtered based on the multi-scale consistency
voting mechanism, outliers are screened out and prominent features of the point clouds are retained to ob-
tain the initial correspondence; and finally, the initial corresponding nodes are adaptively grouped based on

the geometric relationships, and weighted estimation conversion is performed from local to global to obtain
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a prediction matrix based on the multi-level filtering. The experimental results show that the MulFNet is
better than the popular networks such as FCGF and PREDATOR on the standard 3DMatch. The registra-

tion accuracy of the MulFNet on the scanning dataset with an average overlap rate of 10% is 40. 9% and

85.4% higher than the ICP and the GeoTransformer, respectively. It is verified that the proposed net-

work can effectively solve the problem of low-overlap point cloud matching distortion.

Key words: point cloud registration; matching distortion; low-overlap point cloud; multi-level filter; par-

tial measurement
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Fig.2 Encoder-decoder with feature pyramid
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Tab.1 Experimental results of different methods on indoor 3DMatch and 3DI.oMatch datasets (%)
3DMatch FMR 3DLoMatch FMR
Method
5000 2500 1000 500 250 5000 2500 1000 500 250
FCGF™ 97.4 97.3 97 96.7 96.6 76.6 75. 74.2 71.7 67.3

PREDATOR" 96. 6 96.6 96.5 96.3
CoFiNet"*" 98.1 98.3 98.1 98. 2
GeoTransformer®™  97.9 97.9 97.9 97.9
MulFNet(Ours) 97.6 97. 4 97.1 96.7

4
96.5 78.6 77.4 76.3 75.7 75.3
98.3 83.1 83.5 83.3 83.1 82.6
97.6 88.3 88.6 88.8 88.6 88.3

96.8 85.7 84.6 84.7 82.4 79.4

3DMatch IR 3DLoMatch IR
Method
5000 2500 1000 500 250 5000 2500 1000 500 250
FCGF™! 56.8 54.1 48.7 42.5 34.1 21.4 20 17.2 14.8 11.6
PREDATOR" 58 58.4 57.1 54. 1 49.3 26.7 28.1 28.3 27.5 25.8
CoFiNet"™" 49.8 51.2 51.9 52.2 52.2 24. 4 25.9 26.7 26.8 26.9
GeoTransformer®  71.9 75.2 76 82.2 85.1 43.5 45. 3 46.2 52.9 57.7
MulEFNet(Ours) 66.5 63.6 70.8 67.2 65.3 38.1 38.6 35.2 36.1 30. 8
3DMatch RR 3DLoMatch RR
Method
5000 2500 1000 500 250 5000 2500 1000 500 250
FCGF™! 85.1 84.7 83.3 81.6 71.4 40.1 41.7 38.2 35.4 26.8
PREDATOR'® 89 89.9 90.6 88.5 86.6 59.8 61.2 62.4 60. 8 58. 1
CoFiNet™ 89.3 88.9 88.4 87.4 87 67.5 66. 2 64.2 63.1 61
GeoTransformer ?! 92 91.8 91.8 91.4 91.2 75 74.8 74.2 74.1 73.5

MulFNet(Ours) 89.4 91.2 90.4 88. 2

89.6 68.5 69.7 66.3 67.6 66.8
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Tab.2 Running time of different methods on indoor 3DMatch and 3DL.oMatch datasets (s)
3DMatch 3DLoMatch

Method
Feature Pose Total Feature Pose Total
FCGF™ 0. 055 3.492 3.547 0.054 3.404 3.458
PREDATOR" 0.034 5.376 5.410 0.033 5.207 5.239
CoFiNet”" 0.121 1.897 2.018 0.117 1.820 1.936
GeoTransformer™” 0.079 1.636 1.715 0.076 1.598 1.674
MulFNet(Ours) 0. 146 1.857 2.003 0.138 1.796 1.915

Scene 1 Scene 2 Scene 4
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Fig. 6 Visualization of indoor 3DMatch registration result
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3.3.2 ZBAER BB R AT 1 i A R, IR 2

¥ A% 48 & ¥ 4PCS™ |, SuperdPCS™ |
FGR"™ ,FPFH" ,ICP",DPWVM"', DA I FC-
GF™ , PREDATOR"™ , CoFiNet”" , GeoTrans-
forme™ I £ A5 A 55 A SRR AT AL . 1
C A FORS TC 9 PR R ) L6 RS H AR i = A 58
BEHUR = R B R B s, B

AV WA T AT

TREE T A B R R R, T

MA DS = o BLAh, 2 S8 R VR N 4 B
=, PR, 22 B AR A DC L AR R I T 8 % T
ASTR) AR e M Rz AR o

N0 50 4f B S 2 R 0 S R 3 3R 4, T
t# R, Error(R), Error(t), Errol RMSE), Error
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K3 TREUEEIRER(EEXH10.49%)

Tab.3 Experimental results of flywheel shell dataset (overlap ratio of 10. 49%)
Coarse Fine
Method Valid RMSE RMSE ER ET Valid RMSE  RMSE* ER ET
/% /mm /mm /(%) /mm /% /mm /mm /(%) /mm
4pCSst 29 21.003  26.655 2.248  6.597 36 4.868 27.808  2.972  0.617
Super4PCS™ 100 20.882  26.466  2.902  6.347 100 8.149 27.176  2.620  0.829
FGR'™ 100 9.510 13.901  0.790  3.368 100 3.390 9.047  0.346  0.409
FPFH"™ 21 26.064  31.703  2.978  7.538 21 7.736 23.031  2.960 0.925
(G — — — — — 100 1.749 3.816  0.169  0.147
DPWVM' — — — — — 100 1.601 4.690 0.312 0.134
FCGF™ 14 7.781 31.886  3.613 0.610 9 2.082 3.399  0.377  0.154
PREDATOR" 99 19.283  23.571  2.424  5.737 100 6.041 25.949  2.421 0.820
CoFiNet'™ 100 9.202 11.804 1.035 2.846 100 1.501 7.704  0.789  0.189
GeoTransformer™ 100 7.587 31.794  3.163 1.130 100 7.071 28.133  2.775  1.009
MulFNet(Ours) 78 1.385 5.419  1.097  0.248 65 1.032 1.649 0.151 0.078
R4 EHYBREIRER(EEX14.56%)
Tab.4 Experimental results of car body dataset (overlap ratio of 14. 56 % )
Coarse Fine
Method Valid RMSE  RMSE* ER ET Valid RMSE  RMSE* ER ET

/% /mm /mm /(%) /mm /% /mm /mm /(%) /mm
4pCst 20 25.719  27.682 3.573 6.684 20 7.689 33.365 4.863 0.843
SuperdPCS'™ 100 30.458  32.661  2.828  6.597 98 10.555  25.859  2.899 0.931
FGR™ 100 13.942  18.226  2.034  4.583 100 7.687 13.409  1.233 0.688
FPFH" 58 24.045  27.767  3.427  6.859 53 8.200 16.515  1.982  0.959
ICP™ — — — — — 90 1.837 3.352  0.143 0.123
DPWVM"’ — — — — — 100 1.043 2.605  0.157 0.137
FCGF™ 78 6.322  24.845 3.296 1.009 80 1.183 1.703  0.169  0.093
PREDATOR" 98 8.263 10. 051 1.002  2.526 100 4. 300 9.788 0.748 0.215
CoFiNet™" 100 6.894 9.194 0.900  2.223 100 3.333 7.433 0.581 0.161
GeoTransformer™ 100 7.672 33.404 2.651 1.083 100 6.811 28.089  3.103  1.059
MulFNet(Ours) 67 3.171 12.464  1.121  0.343 82 0.958 1.379  0.274 0.151
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Fig. 7 Registration error chromatogram in single scanning of flywheel shell
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Fig. 9 Registration results of car body dataset by 3D Match with different overlap ratios
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Tab.5 Ablation experiment result of MulFF Net architecture

Multi-level ~ Info-Interaction Filter Valid/%  RMSE/mm  RMSE*/mm ER/mm ET/(%)
X N N/ 38 1.706 2 5.946 2 0.3549 0.2372
N/ X N, 47 2.3368 7.286 4 0.6011 0.2479
N N, X 83 2.521 4 11.113 4 1.107 0 0.3712
N N, N, 65 1.0315 1.6490 0.150 6 0.077 8

True:86
False:114
1R:0.43

True:78
False:122
IR:0.39

Mid-Level

High-Level

True:51
False:149
1IR:0.26

True:56
False:27
1R:0.67
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Fig. 10 Consistency voting of multi-scale features in flywheel shell

Consistency voting
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