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Multi-resolution feature fusion for point cloud
classification and segmentation network

Tao Zhiyongl, Li Hengl*, Dou Miaosenl, Lin Sen®

'School of Electronic and Information Engineering, Liaoning Technical University, Huludao, Liaoning 125100, China;

?School of Automation and Electrical Engineering, Shenyang Ligong University, Shenyang, Liaoning 110159, China

Abstract: To address the problem that existing networks find it difficult to learn local geometric information of point
cloud effectively, a graph convolutional network that fuses multi-resolution features of point cloud is proposed. First,
the local graph structure of the point cloud is constructed by the k-nearest neighbor algorithm to better represent
the local geometric structure of the point cloud. Second, a parallel channel branch is proposed based on the
farthest point sampling algorithm, which obtains point clouds with different resolutions by downsampling them and
then groups them. To overcome the sparse characteristics of the point cloud, a geometric mapping module is
proposed to perform normalization operations on the grouped point cloud. Finally, a feature fusion module is
proposed to aggregate graph features and multi-resolution features to obtain global features more effectively.
Experiments are evaluated using ModelNet40, ScanObjectNN, and ShapeNet Part datasets. The experimental
results show that the proposed network has state-of-the-art classification and segmentation performance.
Keywords: point cloud; graph convolutional network; multi-resolution point cloud; feature fusion module
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(multi-resolution graph convolution module, M-R GCM)

BRI 1 TR
2 FEEHE

2.1 MEREMEIELR

PILEHELLGNIE] 2 FiR, FAJE SO N, 48R
3HE S BIE. 28 % T DGONN BRI 3:PIH N
FELR L%, RBRAE ML, RS 25 PR RIE
X} EdgeConv #EATElHE o 4325 M 28 HIDUAS 2253 HE 2 K]
GRS s E R SORTER, Mk s m
R, IS AL 5 I (pooling strategy), i
e KBAE (max pooling) FIFEH473t4k (avg pooling) 433l
P B RRAE P R 11 o S S R IR DA SRR, SR XL
HATOHE R A R e E o 268 05 A o BeJm
EFEZ (fully connected layer) 1 b3 25 #% i 432
185 C; RIS ETE =20 PR R R,
AL R WS ERE max pooling, Fx ki PN UARES
VER A SB35

230166-2



P03, 5. B T, 2023, 50(10): 230166 https://doi.org/10.12086/0ee.2023.230166

((input ) B, & A S s N 0 A R A
GCN branch M-R branch P=1{pi,Pss--sPi}ic15. .S R", HP R NEHES, F N
MM, — I F=3, Wt*AﬁH%ﬁ Ji] A
RN ER 1w%mm%m,%%uﬂu@%Rmﬂﬁu\&%£
BOMOEREGR . M FEMEm% s, T2 A
M aoud — ik R IR F RN
Local graph ?Eé’éfi“o

Shusture RIG, TEEANERMEAE G, #5H

Geometic G=(V.E), @)

mappi”‘f’ module Hoft . Velpy oo BVRIE C VX V4SBT

A, RGBT, R kNN kX —
@E @E TS palbA TR, FREBNHJE BB & 2R s F) R &R 48
A, FRH

Ni = {pi,l’pil’--"pi,j}j:] 2,k (2)
Hodr, pi 5 S RS G ANARE S, BT

Pijlimo ko Z BB BOLEEEEAE LR e, £

™A
B1 3aHERARERILEAER e ={pi—Pijlii2.x - 3)
Fig. 1 Multi-resolution graph convolution = 3) AR R
module algorithm flow chart e = h@{Pi»Pi _pi,j} , (4)
22 EERSE Forl, o f A AT SO AL

PR DGONN e, WkE gty W SEIRHEAEE R <R SR, MAh, BT h ks
AT A AR 0T LU A oAb B ety ORI, R e i R0 A AN ], HaRa 53y
MBI, A 7E T RIS 2 R s A s, =l

H AR 2 T 1, DAL SR 2 4 L e; = holpi}, )
EZR BB % B S T B, Bk € =holpi;} - (6)
S RRNE 3 B 7 (5) K PointNet" ™y =, Ht a4k,

3 ok (512,256,C) i
o pooling
S M-R - M-R < M-R Q M-R g Y ©
£ GCM [+ @ [+ GCM [+ € || GCM [ 1+ GCM |l & {E 2
o mip®64) | |=| [mip®4) | || |mip(128)| |=| |mIp256)| | = o ¥ z ‘
vg
pooling :
n Categorical
vector (512,256,P)
MR | ||| MR [ <] | MR | o] Max - ymiP(G) -
GCM @ I+ GCM (R b GCM [>T pooing X
mip64) | [=| | mip64) | || |mip(128)| |= |

I:I Input Feature . Fully connected l:’ Output EB Concat
layer layer

B2 M&IER. () »%XR%; (b)5%F Mm%

Fig. 2 Network framework. (a) Classification network; (b) Segmentation network
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Fig. 3 The operation procedure of graph convolution
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Fig. 4 The process of learning multi-resolution point cloud features
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Fig. 5 The operation of feature fusion
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KEZZy
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3.1 LWINERE

SR BHOLE WL | PR, HIUEARSC A
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Table 1 Experimental parameter setting

RTX 3090, “#>JHE4E Python3.7+Pytorch-1.7.1,

3.2 EF ModelNetd0 #IREW R =N
3.2.1 BiEEHR

ModelNet40 ¥ 45 4 £ & 40 D25 /Y 12311 4>
CAD #i5), Hr 9843 MHITIZ, 2468 AT,
FEVIZRATI I BB P T AT A B0l A A, R
TESE5 P A RO
3.2.2 FRER G5

¥ ModelINet40 HfadE 1502845 R an 4 2 iR,
PEM FEFR A BAR R (overall accuracy, OA) F1ZEF-
HIHERGR (mean class accuracy, mAcc).

TP
OA= —, (16)
TP+FN
1< TP,
Acc=-S 1 17
mace c;TP,-+FN,- a7

Hdp, 7P R/RIEM TN EFEARRECH , FN AESTRTI
MIEREARECH , 00 TP, A1 FN, 4355 R B— 2 5]
Fh E R A 0 AE A A TR AN

#.2 FRE 7k ModelNetd0 k48 & b a9 a5 E ATtk

Table 2 Comparison of classification accuracy with different
methods on ModelNet40 dataset

SH Sy G4
A B 1024 2048
2o PR S S [896,768,640,512] [896,768,640]
P TR3 STRIRAE 20 20
e 250 300
ks SGD SGD
UIERir/e 32 32
DAt 16 16
WA B 0.1 0.003

ik HiA HHM0° mAcci% OAI%
VoxNet” E - 83.0 85.9
MVCNN™ 2 - - 90.1
PointNet''? At 1 86.0 89.2
PointNet++'?  ArfR+iksk 5 - 91.9
SCilik24] AR+l 1 89.8 91.6
SCHR[25] ARBTHIRLR 1 - 93.0
3D-GCN* AL fR 1 - 92.1
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LDGCNN™ At 1 90.3 92.9
DDGCN?" AL fR 1 90.4 92.7
DRNet”” Aty 1 - 93.1
DGANet” At 1 89.4 92.3
pCT" AL fR 1 - 93.2
AFM-Net™! At 1 89.4 92.85
SCHR[31] AR 1 89.02 92.5
Our At 1 91.2 93.4
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3.3 ETF ScanObjectNN #iBEMH S =52
3.3.1 BapgiHER
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FHT ScanObjectNN {45 45 1 43 45 ok 3 fr
N, AR A N AR A, AR SCRIRLE) OA
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GBNet A L #2175 2.8%(0A). 3.9%(mAcc). ¥4k R
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Table 3 Comparison of classification accuracy with different

methods on ScanObjectNN dataset
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PointNet'"” At 63.4 68.2
PointNet++"" LLYN 75.4 77.9
DGCNN™ Aetr 73.6 78.1
DRNet*” At 78.0 80.3
GBNet™ LLYN 77.8 80.5
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Table 4 Part segmentation results on the ShapeNet Part dataset
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IS¢ 3 825 87.7 87.9 86.6 84.9 87.8 82.3 86.7 88.41
* 749 773 78.7 775 78.4 78.5 777 77.8 78.41
¥ 89.6 90.8 90.8 90.3 90.6 91.0 91.0 90.6 89.7
HHL 73.0 71.8 77.3 74.1 74.4 77.3 75.3 747 80.51
il 91.5 91.0 91.8 90.9 91.0 91.2 91.2 91.2 91.81
71 85.9 85.9 87.9 86.4 88.1 87.9 88.6 87.5 88.67
= 80.8 83.7 84.2 83.8 83.4 82.4 85.3 82.8 81.6
TR A 95.3 95.3 95.9 95.6 95.8 95.8 95.9 95.7 95.81
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Fig. 7 Comparison of segmentation details. (a) Groud truth; (b) Ours; (c) Baseline
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Table 5 Effect of different k values on model performance

k OA(%) 23 PE5 03 SCAMEE S OAI% $#TH%
5 20.7 35.1 +14.4
10 85.4 88.3 2.9
15 91.9 92.1 +0.2
20 92.5 93.4 +0.9
25 92.1 92.3 +0.2
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26 35#ERAARERNE TR

Table 6 Ablation experiments of multi-resolution GCN module

S GCNZ 32 M-R%+3% A mAcc/% OA/%

1 \ x x 89.9 92,5
2 x N x 84.0 89.1
3 V x 89.9 92.6
4 V J 91.2 93.4
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TEASCITVE, 32 023 8] 53 B85 0 ) 245
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Table 7 The effect of different resolution point cloud on network

performance
ARG & mAcc/% OA/%
[5612,384,256,128] 90.4 92.7
[640,512,384,256] 90.6 92.8
[768,640,512,384] 90.9 93.0
[896,768,640,512] 91.2 93.4
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Fig. 8 Noise robustness testing
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Table 8 Comparison of the noise robustness of the several methods

) TR
W75 KT
3D-GCN AdaptConv DGCNN Ours
0.02 0.7) 1.8 14] 0.9]
0.04 22| 22| 22| 1.8
0.06 46] 3.3 3.2 3.1)
0.08 8.4| 6.5 5.7| 6.4|
0.1 14.9] 10.8] 13.1) 1.7}
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Table 9 The impact of different number of feature extraction

modules on network performance

BHEGE  mAcc/% OA%  Hfeilimtialis  BAISHGR/M
3 89.7 92.4 63 2.8
4 91.2 93.4 139 36
5 90.6 93.1 323 48
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Multi-resolution feature fusion for point cloud
classification and segmentation network

Tao Zhiyongl, Li Hengl*, Dou Miaosenl, Lin Sen®
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Network framework. (a) Classification network; (b) Segmentation network

Overview: In recent years, 3D point cloud analysis has become a hot topic in computer vision and been widely used in
mapping, medical imaging, and autonomous driving. As a 3D image representation, point cloud contains rich geometric
information. With the development of 3D scanning technologies such as LiDAR, the acquisition of point clouds is
becoming more accessible. Since convolutional neural networks (CNN) have greatly improved the results of computer
vision tasks, neural networks are becoming a mainstream approach in image processing. Traditional 2D images
comprise regular and dense pixels, and CNNs apply to 2D image processing. However, point cloud data are sparse and
disordered; each point does not contain additional information (e.g., RGB). Using traditional CNNs for point cloud
learning tasks is a challenging task. The graph-like structure can effectively represent non-Euclidean data like point
clouds, and this method largely solves the problem of difficulty in learning the local features of point clouds. Since the
graph structure construction process is generally based on the k-nearest neighbor algorithm (kNN), the size of the
predefined neighborhood limits the effectiveness of the local graph structure. If the value of k is too small, it will lead to
an incomplete representation of local information. At the same time, too large a value of k will introduce information
redundancy, leading to performance degradation. To this end, we propose a multi-resolution graph convolutional
network to perform the point cloud analysis task. The network learns the local features of point clouds by constructing
graph structures and then downsamples the point clouds using the farthest point sampling method (FPS) to obtain multi-
resolution point cloud data, followed by feature learning for point clouds at different resolutions. To overcome the effect
of predefined neighborhoods, we compensate local features with multi-resolution features and efficiently aggregate
point cloud features by the feature fusion module. To verify the classification and segmentation performance of the
model, we perform classification experiments on ModelNet40 and ScanObjectNN datasets and part segmentation
experiments on ShapeNet Part dataset. It is experimentally verified that the compensation of point cloud local graph
structure information with multi-resolution features can enhance point clouds' local feature learning ability. The multi-
resolution graph convolutional network proposed in this paper can effectively capture the local features of point clouds
and achieve good results in classification and segmentation tasks. A large number of ablation experiments verify the
effectiveness and robustness of the model.

Tao ZY, Li H, Dou M S, et al. Multi-resolution feature fusion for point cloud classification and segmentation network[J].
Opto-Electron Eng, 2023, 50(10): 230166; DOI: 10.12086/0ee.2023.230166
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