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Multi-dimensional multi-layer point cloud analysis for shape features

Xu Jiali', Fang Zhijun'”, Wu Shigian®
1. School of Electronic and Electrical Engineering, Shanghai University of Engineering Science, Shanghai 201620, China;
2. College of Machinery and Automation, Wuhan University of Science and Technology, Wuhan 430081, China

Abstract: Objective With the widespread use of depth cameras and 3D scanning equipment, 3D data with point clouds as
the main structure have become more readily available to people. As a result, 3D point clouds are widely used in practical
applications such as self-driving cars, location recognition, robot localization, and remote sensing. In recent years, the
great success of convolutional neural networks (CNNs) has changed the landscape of 2D computer vision. However, CNNs
cannot directly process unstructured data such as point clouds due to the disorderly, irregular characteristics of 3D point

clouds. Therefore, mine shape features from disordered point clouds have become a viable research direction in point cloud
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analysis. Method An end-to-end multidimensional multilayer neural network ( MM-Net) , which can directly process point
cloud data, is presented in this paper. The multi-dimensional feature correction and fusion ( MDCF) module can correct
local features in different dimensions rationally. First, the local area division unit, using farthest point sampling and ball
query, constructs local areas at different radii from which the 10D geometric relations and local features required are
obtained for the module. Inspired by related research, the module uses geometric relations to modify the point-wise fea-
tures, enhance the interaction between points, and encode useful local features, which are supplemented by point-wise fea-
tures. Finally, the shape features of different region ranges are fused and mapped to a higher dimensional space. At the
same time, the multi-layer feature articulation (MLFA) module focuses on integrating the contextual relationships between
local regions to extract global features. In particular, these local regions are seen as distinct nodes, and global features are
acquired by using convolution and jump fusion. The MLFA module uses the long-range dependencies between multiple lay-
ers to reason about the global shape required for the network. Furthermore, two network architectures ( multidimensional
multi-layer feature classification network ( MM-Net-C) and multidimensional multi-layer feature segmentation network
(MM-Net-S) ) for point cloud classification and segmentation tasks are designed in this paper. In detail, MM-Net-C goes
through three tandem MDCF modules with three layers of interlinked local shape features. The global features are then
obtained by connecting and integrating the correlations between each local region through the MLFA module. In MM-Net-S,
after processing by the MLFA module, the object data are encoded global feature vector with 1 024 dimensions. Then, the
features are summed to obtain shapes that fuse local and global information, so that they are linked to the labels of the
objects (e. g, motorbikes, cars). This process is followed by feature propagation, where successive up sampling opera-
tions are performed to recover the details in the original object data and to obtain a robust point-wise vector. Finally, the
outputs of the different feature propagation layers are integrated and fed into the convolution operation. The features are
transformed to obtain an accurate prediction of each point cloud within the object. Result The method in this paper is ade-
quately tested on the publicly available ModelNet40 dataset and ShapeNet dataset. The experimental results are compared
with various methods. In the ModelNet40 dataset, MM-Net-C is compared with several pnt-based (input point cloud coordi-
nates only) , such as dynamic graph convolutional neural network (DGCNN) (92.2% ) with 1. 9% accuracy improvement
and relation-shape convolutional neural network (RS-CNN) (93.6% ) with 0. 5% accuracy improvement. MM-Net-C is
also compared with several pnt-nor (coordinates and normal vectors of the input point cloud) based: point attention trans-
formers (PAT) (91.7% ) improves accuracy by 2. 4% ; PointConv (92.5% ) improves accuracy by 1. 6% ; PointASNL
(93.2% ) improves accuracy by 0.9% . Even when several studies input more points for training, MM-Net-C still outper-
forms them. For example, PointNet++ (5 k, 91.9% ) improves accuracy by 2.2% , and self-organizing network
(SO-Net) (5 k, 93.4% ) improves accuracy by 0. 7% . In addition, MM-Net-C achieves higher accuracy rates than other
studies with less complexity. For example, compared with PointCNN (8.20 M, 91.7% ), MM-Net-C has less than one-
eighth of the number of parameters while the accuracy rate is increased by 2.4% . Compared with RS-CNN (1.41 M,
93.6% ), MM-Net-C has 0. 33 M fewer parameters while the accuracy rate is increased by 0.5% . In the ShapeNet data-
set, MM-Net-S compared with DGCNN (85. 1% ), the accuracy is improved by 1. 4% ; compared with shape-oriented con-
volutional neural network (SO-CNN) (85.7% ), the accuracy is improved by 0. 8% ; and compared with annularly convo-
lutional neural networks (A-CNN) (86.1% ), the accuracy is improved by 0. 4% . Ablation experiments are also conduc-
ted on the ModelNet40 dataset to confirm the effectiveness of the MM-Net architecture. The ablation experiments results val-
idate the need for the MDCF module and MLFA module design. The results further confirm that MDCF module, which uses
rich point-wise features modified and fused with potential local features, can effectively improve the network’s mining of
shape information within a local region. By contrast, the MLFA module captures contextual information at the global scale
and reinforces the long-range dependency links that exist between different layers, effectively enhancing the robustness of
the model in dealing with complex shapes. Ablation experiments are conducted on whether the MDCF needs to be designed
with different dimensions. The experimental results demonstrate that MM-Net performs better than RS-CNN for the same
dimensionality. Conclusion In this paper, an MM-Net with MDCF module and MLFA module as core components is pro-
posed. After conducting sufficient experiments, thorough comparisons and verifying MM-Net, a higher correct rate is

achieved with the advantage of fewer parameters.
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Fig.2 Details of the multi-dimensional feature correction and fusion module (MDCF')
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Fig.3 Detail diagram of the multi-layer feature
articulation module ( MLFA)
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Fig.4  Architecture of a multi-dimensional multi-layer features classification network
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Fig.5 Architecture of a multi-dimensional multi-layer features segmentation network
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*® 1 FEFHETE ModelNetd0 HIRERI 5> HEFE LR
Table 1 Comparison of classification accuracy on

ModelNet40 dataset among different methods

Tk A YRk Ace/%

PAT( Yang % ,2019) pnt A1 nor 1 91.7

Spec-GCN( Wang 25 ,2018a) pnt flnor 1 91.8
PointConv ( Wu %5,2019) pnt fl nor 1 92.5
A-CNN (Komarichev % ,2019)  pnt flnor 1 92.6
PointASNL( Yan %,2020) pnt Al nor 1 93.2

ELM( Fujiwara F Hashimoto,2020) pnt # nor 1 93.2

RS-CNN( Liu %,2019¢) nor 1 928
Pointwise-Cnn( Hua %5 ,2018) pnt 1 861
%gifnonovsky il Komodakis,2017)  P™ b 84
PointNet( Qi 4% ,2017a) pnt 1 8.2
PointCNN( Li 4% ,2018b) pnt 1 9.7
DGCNN( Wang %2 ,2019) pnt 1 922
SO-CNN( Zhang % ,2020) pnt 1 931
Dense-Point( Liu % ,2019h) pnt 1 9.2
RS-CNN( Liu 4£,2019¢) pnt 1 9.6
SO-Net(Li %,2018a) pnt flnor 2 90.9

PointNet ++ ( Qi %£,2017b) pnt #l nor 5 91.9

Spider-CNN ( Xu %5 ,2018) pnt Al nor 5 92.4
SO-Net( Li %5,2018a)

AL pnt 1 94.1

pnt flnor 5 93.4

T KL AR RN B 45 2R v PAT 24 point attention
transformers , Spec-GCN 4 spectral graph convolution, A-CNN
N annularly convolutional neural network, ELM A extreme
learning machine, ECC & edge-conditioned convolution, SO-
CNN & shape-oriented convolutional neural network , SO-Net b

self-organizing network .

F&2 ModelNetd0 HIREHHLERELLR
Table 2 Comparison of the classification

complexity on ModelNet40 dataset

7k SHE/M Ace/%
PointNet 3.50 89.2
PointCNN 8.20 91.7
PointNet ++ 1.48 91.9
RS-CNN 1.41 93.6
AR 1.08 9.1

T L P SRR 5 S R A2 2R

2.2 ShapeNet TR 7 EE S

KRR 22 4 22 2 90 RRAE 43 B I 4% ( MM-Net-
S) B8, 7F ShapeNet 73 B K P45 I 475256
ShapeNet %035 % i1 16 881 4> 3D Xf £ 44 1, 4%
16 MARFEEIZEAN, A 50 MR BB, BB
KA 2 ~6 DEBMF, FEIRIT 4 EIE S, BiE X
ShapeNet %4 4 (14 4> 8 00 I BT IR 2 AR 2%
5 PointNet TRISEHEALFRERAEANI] ¥ ShapeNet £4h
LR MINGT AR (12 137 4Y) JIRAEXT 4 (1 870 4N)
AT (2 874 A4) , I HHATEAR K 2 048 4>
Mo P AE I (mean intersection over union,
mloU) VE R T 4 JE AR B PEAR H6 A, SE 50 25 R an 36 3
s, ATLAE M, 7E ShapeNet 43 E8HE4E [, 524
HIE TS B9 97 B #EAT ) 1, MM-Net-S 35 3] 7 et 4%
B 5 DGCNN ,SO-CNN HI A-CNN # Ft., 43 &1 1
FORIEE T 1.4% .0.8% M10. 4% , W] MM-Net-
S RBMEA R IX 43 A [T AR B9 200, i an <« 4™ | i
F7 BT T CEEFLE” M. TE Shape-
Net 73 BB, < 40" F1“ 177 J& i = TE AR AR
LA T B KT 52, MM-Net-S A b HoAth 77 vk R BLAY
4, A2 MM-Net-S [6] i 2% 3 1 Jey &85 42 R 19 5%
F X HAB R E Z2BIR AR, B0« AT R EE R
B BRYIA T 22 B2, TR] e sk Se 2 /N 2 ]
) 2 18] 2% 5285/ MM-Net-S [RIFEBEGS AR 17 4% 1y
FRNZ B AE B /N 25 5 S B0 28 30 ) 1 4 51
BCRERGHE 3 T T A SC I 4% 1 22 4 B AR I 18 1
LA (MDCF) | iZ B Be % 75 2 4k IR R
BRI %R, B 6 /R T MM-Net-S 7£
ShapeNet 73 F £G4 B P IRAL L5 5 . I sb2 Jn]
DL 3R, B AN X G v 19 28 0 A R A o B
MM-Net-S #KIH BEAE AR 4 Hofs H o F H Ok
2.3 HEBTE

ZYEFERHEE I 5 Rl G (MDCF) F1 2 24
FRIEAT 2 (MLFA) 2 2 2 i 2 J2 9 b 42 I 4%
(MM-Net) FtZ0, A T i 0 B —RE L AE W 45 TR A7
TER) L EEE | 7E ModelNetd0 FEVERHEEE T P4 A [H]
B PERE

B AL S R R 4 R, WA
Y RS R (4 MER K 90. 1% , RS-CNN( * ) J&
B —ABFZRH 1 RS-CNN B2 %, 1A SUZ 1Y
L ZFRAMNL, HES R A 92. 0% , LA HL
ZYE B FE B IR 5 G AL (MDCF) J&5 |, 5% 0
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% 3 ShapeNet HIEEN S EERRILE

Table 3 Comparison of segmentation accuracy of ShapeNet dataset

/%

ShapeNet H FIEAR
Jrik ] F ) P
L ET WA BT HAL MR T T i FEFESH M7 Tit K WM HT

PointNet 83.4 78.7 82.5 74.9 89.6 73.0 91.5 85.9 80.8 95.3 65.2 93.0 81.2 57.9 72.8 80.6 83.7
SONet 82.8 77.8 88.0 77.3 90.6 73.5 90.7 83.9 82.8 94.8 69.1 94.2 80.9 53.1 72.9 83.0 84.9
PointNet ++  82.4 79.0 87.7 77.3 90.8 71.8 91.0 85.9 83.7 95.3 71.6 94.1 81.3 58.7 76.4 82.6 85.1
DGCNN 84.2 83.7 84.4 77.1 90.9 78.5 91.5 87.3 82.9 96.0 67.8 93.3 82.6 59.7 75.5 80.6 85.1
ELM 84.0 80.4 88.0 80.2 90.7 77.5 91.2 86.4 82.6 95.5 70.0 93.9 84.1 55.6 75.6 82.1 85.3
SpiderCNN  83.5 81.0 87.2 77.5 90.7 76.8 91.1 87.3 83.3 95.8 70.2 93.5 82.7 59.7 75.8 82.8 85.3
SO-CNN 83.9 84.1 85.0 77.4 91.3 78.3 91.7 87.4 83.8 96.4 69.7 93.5 83.1 58.9 76.2 82.9 85.7
A-CNN 84.2 84.0 88.0 79.6 91.3 75.2 91.6 87.1 85.5 95.4 75.3 94.9 82.5 67.8 77.5 83.3 86.1
RS-CNN 83.5 84.8 88.8 79.6 91.2 81.1 91.6 88.4 86.0 96.0 73.7 94.1 83.4 60.5 77.7 83.6 86.2
AR3C 83.9 85.6 89.5 80.2 91.6 79.1 91.4 87.8 85.8 96.0 75.4 95.0 84.0 63.7 76.0 83.4 86.5

T L P RS R & 5 R e 28

(a) kAL

(1) #¥ (m) Fit

(i) 4T (j) FHEHs (k) PEFE%

(n) K (o) R (p) %+

K6 Z4EZIRIURHE B L5 /E ShapeNet X £ 19 nl PLALEE R

Fig.6  Visualization results of a multi-dimensional multi-layer features segmentation network on ShapeNet dataset

((a)airplane; (b)bag; (c¢)cap; (d)car;(e) chair; (f) earphone; ( g) guitar; (h) knife; (i) lamp; (j)lap; (k) motorbike;

(1) mug; (m) pistol; (n) rocket; (o) skate; (p) table)

93.3% AR HFEMERL AL 5 T 3.2% . RS-CNN
(# ) BLA Z 2 PURHEET HERL R (MLFA) J5 | e 5
H93.1% , AHHE RS-CNN( = ) 4R m T 1. 1% , 34k
ALY ] Hif 2% i MDCF Al MLFA B8 5, 1E 3 R h
94. 1% AE H I ER AL & T 4.0% , LI 4ERE

FWA I MDCF B MLFA B8 X6} 5 2 43 #7455 46
FEA% MR B2 B8 (9 B %8, [ B 136 B MDCF
B F 32 5 1032 5 AT 5 AR 1 SR S R A A& 1E
FERLA , BN T 47 Ml g X 265 X6 Jmy 3 X 3 N OB R A5
SIIEHE . T MLFA B REAE IR 42 )53 FBl N 1
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R4 R ModelNetd0 HiEE R RN
Table 4 Ablation experiments with modules on
ModelNet4( dataset

/%
B Acc
JE 90. 1
RS-CNN( # ) 92.0
HLk + MDCF 93.3
RS-CNN( * ) + MLFA 93. 1
2R + MDCF + MLFA 94. 1

L PR LA

TXAF B, SR AR G =2 A7 A A I R ARG 2R
AR T BB ZI R SR R
MDCF FIMLFA #5814 %6058 fe 48, BE 65 7% 18 )= 8
RIFIES 2R 1 F SCBCR, B UE T =34 78 MM-Net
WA L

5 X Z YRR IE 5 Rl & R (MDCF)
S T BTN [A] 4 B () R A T A O S 56 1Y 245
AU Y, 7E A A 48 8 25 T, MM-Net It RS-CNN
FRIAFTEIEF ., R, 76 AR [E 4B T, MM-Net ()
WER SRR, SRR 3 A 4E R Y MDCF BB g
45 B N A 2 B A0 A A A [RD S TR 11 2% 5 IX
B8, I 13 O b DA sk 2 X3 R v 2 4 A R BT T )
2 NI

&5 7 ModelNet40 ##E% 3+ MDCF
R B Y H R SE IR
Table 5 Ablation experiments on ModelNet40 dataset for
dimensions in the multi-dimensional feature

correction and fusion module

FEEAY i3 Ace/%
RS-CNN 2 92. 4
RS-CNN 3 93.6
MM-Net 2 92.5
MM-Net 3 9.1

T L PR SR el

2 6 JETE ModelNetd0 i 5 b Xt £ 2 9% F51E
TE 4 (MLFA ) B PEAN [ )22 200 4 K 100 24 v ify =
AT RS2SR, AT LUK, ke 3 J2 2 it
Vi, ARSI T e AR AR 94, 1%, 52
T1(92.8% ) AL, $& T 1.3% o {H 3 — B 1

MLFA 5B 2 GO 5 BRI R AR T 3 2K
TFFBET 0.7% |, i DR 0 26 )22 20 1 i R 5 B0A 4
AL 2 TR R, BEAIR T MLFA Bty 2t
JE TR CHRAR B BE

% 6 7& ModelNetd0 #(#EE F 3¢ MLFA
R R R H B I8
Table 6 Ablation experiments on ModelNet40
dataset for layers in the multi-layer
feature articulation module
/%

733 Acc
2 92.8
3 9.1
4 93.4

T L PSR e a2

3 % it

AR SCHE A DL 4 RRAE A I 5 il A B
(MDCF) 12 |2 BRI BT AL (MLFA ) S 4% 003
PRI 22 4 T 2 2 0 40 22 M 245 ( MM-Net ) , BE % S 1) i
H A B AN 5 = 647 08, SR Ah T 3A T vk
FA MR ERIEAR 5 2 R AR A 2, Sl T ik
= B AR AR 2 5 R R IR A T AR R, FEZ
YRR IE 5 Rl A B e (MDCF) H, FL R 3B X
353590 (LAD ) 45 8] 5 (R L] 5¢ R 5 R R 1IE,
I 5% pi PR AR i F3E N T AT IE S RS
MDCF #5553 3T ] 5 1 55 (8] JLAT 56 &, I H A
5 A BRI Z X SR 0 R R IR, Rl 76 2 2 9k
TEAETHEAL R ( MLFA ) rf | i) J2 R R A7 A 1) S B
WU RE S 3 IR B 12 0] R SR B,
BRERIE R 7 X, A A T &Rk e b TR
THRMEm, 55—, iR 2 % 2 18 (5 B AC
P RIESE T AR R B R
TET PR REAS 73 Kb B 5325 5 73 EIAT 55 () IR 45 4844
MM-Net-C FI MM-Net-S, SZ5 45 R BH | A SCH#EH
24 B 2 )2 A 22 4% (MM-Net ) , 7E 2508 1)
RHETF L TR E N IER,

FEARFI TAE B itE— 20424 X 246 1 5 e
TEARZAET R M SEEE N O T, A3 s A
M 7 1) 05 S Bl , R B RS P AEE I S s
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