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Point cloud registration based on feature fusion and network sampling
LU Jun, WANG Wenhao, DU Hongjin

(College of Intelligent Systems Science and Engineering, Harbin Engineering University, Harbin 150001, China)

Abstract: To solve the issue of easily losing key points during lower sampling, which affects the registration accuracy
during point cloud registration, a registration method is proposed based on network sampling and feature fusion, and this
method improves registration accuracy and speed. Based on the PointNet classification network, we design a deep learn-
ing (DL) network-based method for key point extraction. The method fuses local features with global features to obtain
the feature matrix with fixed characteristics and uses DL to automatically optimize the parameters when calculating the
corresponding matrix. Finally, we use weighted singular value decomposition to obtain the transformation matrix and
complete the registration. Our experiments using the ModelNet40 dataset reveal that the time consumed for the process
is reduced by 45.36% compared with that consumed by farthest point sampling. Compared with the RPM-Net algorithm,
the mean square errors of the translation and rotation matrices obtained by the proposed method are reduced by 5.67%
and 13.1%, respectively. Further, the designed model was subjected to experiments, which proved the effectiveness of
the algorithm in registering real objects.

Keywords: point cloud registration; feature fusion; deep learning; network sampling; 3D vision; local feature; global

feature; feature extraction
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Fig. 9 Point cloud registration results
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Table 2 Registration results for different sampling methods
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ARILHERS) 2.4132 0.0199 0.8710 0.0083 1.6677 0.0173 0.000 84
RPM-Net(FPS) 2.3839 0.0190 0.7558 0.0072 1.4520 0.0152 0.00082
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Table 3 Registration results of different point cloud retention rates

. - HaRERTI0% MR %60%
PN AR
6R 6, dCD 6R 6[ dCD
RPM-Net(RS) 1.7443 0.0179 0.000 89 3.3394 0.0444 0.00165
ARILHERS) 1.6677 0.0173 0.000 84 3.0609 0.0406 0.00159
. - PR A50% 15 R B 2R A0%
PEN R R
6R 6, dCD 6R 6[ dCD
RPM-Net(RS) 7.7059 0.1249 0.00524 18.5692 0.2555 0.0124
AILITIE(RS) 6.3175 0.1121 0.004 63 16.9265 0.2392 0.0105
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Fig. 10 Comparison chart for point cloud registrations
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Table 4 Registration results

BCHERAY  Remae  frwse O d; dep
ICP 13.719 0.132 27250 0.2800 0.01530
PointNetLK  15.931 0.142 29.725 0.2970 0.02350
DCP-v2 6.380 0.083 12.607 0.1690 0.01130
RPM-Net(RS)  0.899 0.009 1.744 0.0180 0.00089
ASCTTHERS)  0.871 0.008  1.668 0.0170 0.00084
DGR 0.912 0.107 1769 0.0197 0.00130
PointDSC 0.893 0.102 1.693 0.0186 0.00097
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Fig. 11 Point cloud registration results



. 629 - Bili 72, 5. T RRE BlG R0 I 25 SR A IR 3 = BT 5% 3 4
éEIJ: % _‘Laé_ mote sensing, 2022, 14(19): 4851.
[9] SHI Weijing, RAJKUMAR R. Point-GNN: graph neural
ARICEXT 5 = T oREERE, 55 BERER LA network for 3D object detection in a point cloud[C]//2020

FRAF I S, S EED {E;{% EALH R B, T —Fp IEEE/CVF Conference on Computer Vision and Pattern

%ﬁ I RRE T IR IR 88 o £ 04t Recognition. Seattle: IEEE, 2020: 1708—1716.

J=¥ 30 LK R RE Y B AR 1 4 R R TIE RN oG g S 4R [10] XIE Yifan, ZHU Jihua, LI Shiqi, et al. Cross-modal in-

AT Y R AR A LA, P T — Fhok BURE 4R formation-guided network using contrastive learning for

B 1 37 07 1 {558 T T £ S0 b U T BT ’f? point cloud registration[J]. IEEE robotics and automation

Bz FORFEI, 785 506 B AR 3 5 Z AR ) teters, 2024, 5(1: 107119, }
N o - (110 REZE, BRELIE, A1, 5. HET O SRR E DAL ) s = T

SR R TR T S A A R H T 1 i S o

S EL TE S T o b 1 [ A 2 1 L A HEITIL[T]. AERUH TR 2541, 2020, 40(4): 409-415.

B A T T LU Jun, SHAO Hongxu, WANG Wei, et al. Point cloud

o ° registration method based on key point extraction with

,’}/j%ifﬁk small overlap[J]. Transactions of Beijing Institute of

Technology, 2020, 40(4): 409—415.

(1] SKHREE, apBtit, A, ff W) S FARREY [12] ISHIHARA K, KANERVISTO A, MIURA J, et al. Multi-
WREZBASRA BRI B RER S0, 2020, 15(4): task learning with attention for end-to-end autonomous
758=T71. driving[C]//2021 IEEE/CVF Conference on Computer
ZHANG Xinyu, ZOU Zhenhong, LI Zhiwei, et al. Deep Vision and Pattern Recognition Workshops. Nashville:
multi-modal fusion in object detection for autonomous IEEE, 2021: 2902-2911.
driving[J]. CAAI transactions on intelligent systems, [13] WANG Li, DU Liang, YE Xiaoqing, et al. Depth-condi-
2020, 15(4): 758-771. tioned dynamic message propagation for monocular 3D

(2]  CHEN Kai, HONG Langing, XU Hang, et al. MultiSiam: object detection[C]//2021 IEEE/CVF Conference on
self-supervised multi-instance Siamese representation Computer Vision and Pattern Recognition. Nashville:
learning for autonomous driving[C]//2021 IEEE/CVF In- IEEE, 2021: 454—463.
ternational Conference on Computer Vision. Montreal: [14] YAN Zihao, YI Zimu, HU Ruizhen, et al. Consistent two-
IEEE, 2021: 7526—-7534. flow network for tele-registration of point clouds[J]. IEEE

(3] MA Gang, WEI Hui. A novel sketch-based framework transactions on visualization and computer graphics,
utilizing contour cues for efficient point cloud registra- 2022, 28(12): 4304—4318.
tion[J]. IEEE transactions on geoscience and remote sens- [15] DENG Haowen, BIRDAL T, ILIC S. PPFNet: global con-
ing, 2023, 61: 5703616. text aware local features for robust 3D point matching[C]//

[4] PEREZ-GONZALEZ J, LUNA-MADRIGAL F, PINA- 2018 IEEE/CVF Conference on Computer Vision and
RAMIREZ O. Deep learning point cloud registration Pattern Recognition. Salt Lake City: IEEE, 2018: 195-205.
based on distance features[J]. IEEE Latin America trans- [16] CHOY C, GWAK J, SAVARESE 8. 4D spatio-temporal
actions, 2019, 17(12): 2053-2060. ConvNets: minkowski convolutional neural networks[C]//

[5] SEGAL A, HAEHNEL D, THRUN S. Generalized- 2019 IEEE/CVF Conference on Computer Vision and
ICP[C]//Robotics: Science and Systems. Seattle: MIT Pattern Recognition. Long Beach: IEEE, 2019: 3070—-3079.
Press, 2009. [17] BAI Xuyang, LUO Zixin, ZHOU Lei, et al. D3Feat: joint

[6] YANG Jiaolong, LI Hongdong, JIA Yunde. Go-ICP: learning of dense detection and description of 3D local
solving 3D registration efficiently and globally optimally features[C]//2020 IEEE/CVF Conference on Computer
[C]//2013 IEEE International Conference on Computer Vision and Pattern Recognition. Seattle: IEEE, 2020:
Vision. Sydney: IEEE, 2013: 1457—-1464. 6358—6366.

[7] RUSUR B, BLODOW N, BEETZ M. Fast point feature [18] HUANG Shengyu, GOJCIC Z, USVYATSOV M, et al.
histograms (FPFH) for 3D registration[C]//2009 IEEE In- PREDATOR: registration of 3D point clouds with low
ternational Conference on Robotics and Automation. overlap[C]//2021 IEEE/CVF Conference on Computer
Kobe: IEEE, 2009: 3212-3217. Vision and Pattern Recognition. Nashville: IEEE, 2021:

[8] SANG Mengting, WANG Wei, PAN Yani. RGB-ICP 4267-4276.
method to calculate ground three-dimensional deforma- [19] LU Weixin, WAN Guowei, ZHOU Yao, et al. DeepVCP:

tion based on point cloud from airborne LiDAR[J]. Re-

an end-to-end deep neural network for point cloud regis-


https://doi.org/10.11992/tis.202002010
https://doi.org/10.11992/tis.202002010
https://doi.org/10.1109/TLA.2019.9011551
https://doi.org/10.1109/TLA.2019.9011551
https://doi.org/10.1109/TLA.2019.9011551
https://doi.org/10.3390/rs14194851
https://doi.org/10.3390/rs14194851
https://doi.org/10.1109/LRA.2023.3331625
https://doi.org/10.1109/LRA.2023.3331625
https://doi.org/10.1109/TVCG.2021.3086113
https://doi.org/10.1109/TVCG.2021.3086113

5520 % B OB A

5

S 14 * 630 -

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

(28]

tration[C]//2019 IEEE/CVF International Conference on
Computer Vision. Seoul: IEEE, 2019: 12-21.

YEW Z J, LEE G H. RPM-net: robust point matching us-
ing learned features[C]//2020 IEEE/CVF Conference on
Computer Vision and Pattern Recognition. Seattle: IEEE,
2020: 11821-11830.

SARODE V, LI Xueqian, GOFORTH H, et al. PCRNet:
point cloud registration network using PointNet encoding
[EB/OL]. (2019—11-04)[2024—01-01]. https://arxiv.org/abs/
1908.07906v2.

GE Xuming, HU Han, WU Bo. Image-guided registra-
tion of unordered terrestrial laser scanning point clouds
for urban scenes[J]. IEEE transactions on geoscience and
remote sensing, 2019, 57(11): 9264-9276.

YUAN Hanjie, HE Yang, DONG Limeng, et al. Multi-
spectral registration fusion based on laser point cloud[C]//
2022 IEEE International Conference on Electrical Engin-
eering, Big Data and Algorithms. Changchun: IEEE,
2022: 50-53.

WANG Huagiang, HUANG Lu, YU Kang, et al. Deep-
learning-based multiview RGBD sensor system for 3-D
face point cloud registration[J]. IEEE sensors letters,
2023, 7(5): 7001804.

HE Chenhang, ZENG Hui, HUANG lJianqiang, et al.
Structure aware single-stage 3D object detection from
point cloud[C]//2020 IEEE/CVF Conference on Com-
puter Vision and Pattern Recognition. Seattle: IEEE,
2020: 11870-11879.

WU Yue, YAO Qianlin, FAN Xiaolong, et al. PANet: a
point-attention based multi-scale feature fusion network
for point cloud registration[J]. IEEE transactions on in-
strumentation and measurement, 2023, 72: 2512913.
KADAM P, ZHANG Min, LIU Shan, et al. R-PointHop:
a green, accurate, and unsupervised point cloud registra-
tion method[J]. IEEE transactions on image processing,
2022, 31: 2710-2725.

WANG Yue, SOLOMON J. Deep closest point: learning

[29]

[30]

[31]

representations for point cloud registration[C]//2019
IEEE/CVF International Conference on Computer Vision.
Seoul: IEEE, 2019: 3522—-3531.

YANG Zetong, SUN Yanan, LIU Shu, et al. 3DSSD:
point-based 3D single stage object detector[C]//2020 IEEE/
CVF Conference on Computer Vision and Pattern Recog-
nition. Seattle: IEEE, 2020: 11037—11045.

QI CR, YI Li, SU Hao, et al. PointNet++: deep hierarch-
ical feature learning on point sets in a metric space[EB/OL].
(2017-06—07)[2024—01-01]. https://arxiv.org/abs/1706.
02413vl1.

WANG Yongqiang, ZHANG Di, NI Lihua, et al. A novel
keypoint detection method for radar point cloud registra-
tion[J]. IEEE sensors letters, 2023, 7(12): 3503204.

=R

M4, B4%, WA R0, E2AT
FEIT AT RNLAGE | ER AR PR | i
REM AN PRI E R I
RETI H £, 25 8 R 135 5
B By Bk AR 22— 254 3 T
BHRER LT BMHE = ER
3T, RRFEARIBI 80 Rfe . E-mail:
Iujun0260@sina.com,

EOCEE, WL AR, BT
J7 i) = e R g A RS AL B

E-mail: wenhao-wang@qq.com,

MRS, WL A, ERITST
6] =4k 5 EHURAL B H AR RS
E-mail: dhjmuchen@163.com,


https://arxiv.org/abs/1908.07906v2
https://arxiv.org/abs/1908.07906v2
https://doi.org/10.1109/TGRS.2019.2925805
https://doi.org/10.1109/TGRS.2019.2925805
https://doi.org/10.1109/TIP.2022.3160609
https://arxiv.org/abs/1706.02413v1
https://arxiv.org/abs/1706.02413v1
mailto:lujun0260@sina.com
mailto:wenhao-wang@qq.com
mailto:wenhao-wang@qq.com
mailto:dhjmuchen@163.com

