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High-resolution Feature Network for 3D Point Cloud Segmentation
and Classification

Zhu Junjie, Liu Dongfeng
(School of Information Engineering, Guangdong University of Technology, Guangzhou 510006, China)
Abstract: Multi-scale features are critical in dense prediction tasks within the point cloud domain. Existing 3D
point cloud processing techniques predominantly rely on encoder-decoder frameworks, which extract and integrate
multiscale features via a backbone network. However, these methods often employ delayed fusion strategies,
resulting in insufficient feature integration. To address this issue, this paper introduces a novel high-resolution
feature network for 3D point cloud, named HRFN3D, specifically for point cloud classification and segmentation
tasks. HRFN3D innovatively employs a relational learning module to perform feature fusion at an early stage,
facilitating interactions between low-resolution high-semantic points and high-resolution low-semantic points. This
early fusion ensures that high-resolution points retain semantic information from the outset, facilitating subsequent
feature learning. In the later stage, the global feature vectors are generated by combining different pooling strategies
and spliced with the original point features, preserving the details and enhancing the representation of the global
features. The experimental results show that HRFN3D improves the Class mean and Instance mean Intersection
over Union by 2.2 percentage point and 0.9 percentage point, respectively, and achieves the average class ratio of
86.3%. On the ModelNet40 data set, our proposed method achieves the highest class average accuracy of 91.5%

with 4.3M parameters. These results validate the effectiveness of HRFN3D in multi-scale feature processing.
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Fig.2 The overall framework of the proposed HRFN3D
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Ak ClemloU dnsmloU "o e s & mr MR s ) 0T Bk BHLE AT i AW WBE BT
PointNet!"” 80.4 837 834 787 825 749 89.6 730 91.5 859 80.8 953 652 930 812 579 728 80.6
PointNet++"" 81,9 85.1 824 79.0 877 773 908 71.8 91.0 859 837 953 71.6 941 813 587 764 82.6
PCNN2! 81.8 85.1 824 80.1 855 79.5 908 732 913 86.0 850 957 732 948 833 51.0 750 818
DGCNN™! 82.3 852 840 834 867 778 90.6 747 912 875 828 957 66.3 949 81.1 63.5 745 82.6
PointCNN!"? 84.6 86.1  84.1 865 860 80.8 90.6 797 923 884 853  96.1 772 952 842 642 80.0 83.0
PointASNL"™ 834 86.1 84.1 847 879 79.7 922 737 910 872 842 958 744 952 810 63.0 763 832
RS-CNNF” 84.0 862 835 848 888 79.6 912 811 91.6 884 860 96.0 73.7 941 834 60.5 77.7 83.6
Ours® 83.6 862 852 814 861 80.1 915 766 919 876 846 971 729 954 843 637 765 839
SPLATNet"" 83.7 854 832 843 89.1 803 90.7 755 92.1 871 839 963 75.6 958 83.8 64.0 755 818
SpiderCNNF? 824 85.3 835 81.0 872 77.5 907 768 91.1 873 833 958 702 935 827 59.7 758 828
KPConv™” 85.1 862 846 863 872 811 91.1 778 92.6 884 827 962 78.1 958 854 69.0 82.0 83.6
PointMLP™” 84.6 86.1 835 834 875 80.5 903 782 922 88.1 826 962 775 958 854 64.6 833 843
HRFN3D 84.0 863  83.6 859 885 803 912 795 920 877 845 959 737 954 839 631 754 836
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ModelNet40 dataset
JiiE: M mAc/%  OA%  BHEEM
PointNet!'"” 1024 86.0 89.2 3.47
PointNet++"" 1024 87.7 90.7 2.10
PointNet++"" 5000 88.7 91.9 2.10
PointCNN'?! 1024 88.1 92.2
PointConv"™! 1024 92.5 18.60
Point2Sequence™"! 1024 90.4 92.6
Point Transformer"'?! 1024 92.8 13.50
KPConv™>! 7000 92.9 15.20
DGCNNP 1024 90.2 92.9
PointASNL!" 1024 92.9
PointNext""! 1024 90.6 93.2
PCT?! 1024 90.0 93.2
PointMLP?" 1024 91.3 94.1 12.60
HRFN3D 1024 91.5 93.2 4.20
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Table 3 Ablation experimental results with a high-resolution

architecture
ARG Cls.mIoU/% Ins.mIoU/% ZHEM
REIN 81.8 85.4 16
DN 84.0 86.3 18.9
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Table4 Ablation experimental results for global feature

processing
53y E| 4 R RFAE AL ER Cls.mIoU/% Ins.mIoU/%
AP 83.8 86.1
Pz 84.0 86.3
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Table 5 Ablation experimental results on the number of domain
points in local relation extraction

KW ) 18 Cls.mIoU/% Ins.mIoU/%
16 83.84 86.19
20 83.95 86.27
24 84.01 86.32
28 83.92 86.18
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Table 6 Ablation experimental results with channel number

settings for different feature vectors

FRHIE ) B H O B

Cls.mloU/%  Ins.mloU/%  Z¥E/M
Ui fiofofi S ’ '
[64, 128,256, 512, 1 024] 83.4 85.6 33.7
[48, 96, 192, 384, 512] 84.0 86.3 18.9
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