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Abstract ; Objective With the rapid development of 3D acquisition technologies, point cloud has wide applications in many
areas, such as medicine, autonomous driving, and robotics. As a dominant technique in artificial intelligence (AI), deep
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problems. Using regular grid convolutional neural networks (CNN) for non-Euclidian space of point cloud data and captu-
ring the hidden shapes from irregular points remains challenging. In recent years, deep learning-based methods have been
more effective in point cloud classification and segmentation than traditional methods. Deep learning-based methods can be
divided into three groups: pointwise methods, convolutional-based methods, and graph convolutional-based methods. These
methods include two important processes: feature extraction and feature aggregation. Most of the methods focus on the
design of feature extraction and pay less attention to feature aggregation. At present, most point cloud classification and seg-
mentation methods based on deep learning use max pooling for feature aggregation. However, using the maximum value fea-
tures of neighborhood features in local neighborhood features has the problem of information loss caused by ignoring other
neighborhood information. Method This paper proposes a dynamic graph convolution with spatial attention for point cloud
classification and segmentation method based on deep learning—dynamic graph convolution spatial attention ( DGCSA)
neural networks. The key of the network is to learn from the relationship between the neighbor points and the center point,
which avoid the information loss caused by feature aggregation using max pool layers in feature aggregation. This network is
composed of a dynamic graph convolution module and a spatial attention ( SA) module. The dynamic graph convolution
module mainly performs K-nearest neighbor (KNN) search algorithm and multiple-layer perception. For each point cloud,
it first uses the KNN algorithm to search its neighbor points. Then, it exiracts the features of the neighbor points and center
points by convolutional layers. The K-nearest neighbors of each point vary in different network layers, leading to a dynamic
graph structure updated with layers. Afier feature extraction, it applies a point-based SA module to learn the local features
that are more representative than the maximum feature automatically. The key of the SA module is to use the attention
mechanism to calculate the weight of K-neighbor points of the center point. Tt consists of four units; 1) attention activation
unit, 2) attention scores unit, 3) weighted features unit, and 4) multilayer perceptron unit. First, the attention activation
of each potential feature is learned through the fully connected layer. Second, the attention score of the corresponding fea-
ture is calculated by applying the SoftMax function on the attention activation value. The learned attention score can be
regarded as a mask for automatically selecting useful potential features. Third, the attention score is multiplied by the corre-
sponding elements of the local neighborhood features to generate a set of weighted features. Finally, the sum of the weighted
features is determined to obtain the locally representative local features, followed by another fully connected convolutional
layer to control the output dimension of the SA module. The SA module has strong learning ability, thereby improving the
classification and segmentation accuracy of the model. DGCSA implements a high-performance classification and segmenta-
tion of point clouds by stacking several dynamic graph convolution modules and SA modules. Moreover, feature fusion is
used to fuse the output features of different spatial attention layers that can effectively obtain the global and local character-
istics of point cloud data, achieving better classification and segmentation results. Result To evaluate the performance of
the proposed DGCSA model, experiments are carried out in classification, instance segmentation, and semantic scene seg-
mentation on the datasets of ModelNet40, ShapeNetPart, and Stanford large-scale 3D Indoor spaces dataset, respectively.
Experiment results show that the overall accuracy (OA) of our method reaches 93.4% , which is 0. 8% higher than the
baseline network dynamic graph CNN (DGCNN) . The mean intersection-to-union ( mloU) of instance segmentation rea-
ches 85.3% , which is 0. 2% higher than DGCNN; for indoor scene segmentation, the mloU of the six-fold cross-validation
reaches 59. 1% , which is 3.0% higher than DGCNN. Overall, the classification accuracy of our method on the Model-
Net40 dataset surpasses that of most existing point cloud classification methods, such as PointNet, PointNet + + , and
PointCNN. The accuracy of DGCSA in instance segmentation and indoor scene segmentation reaches the segmentation accu-
racy of the current excellent point cloud segmentation network. Furthermore, the validity of the SA module is verified by an
ablation study, where the max pooling operations in PointNet and linked dynamic graph CNN (LDGCNN) are replaced by
the SA module. The classification results on the ModelNet40 dataset show that the SA module contributes to a more than
0.5% increase of classification accuracy for PointNet and LDGCNN. Conclusion DGCSA can effectively aggregate local
features of point cloud data and achieve better classification and segmentation results. Through the design of SA module,
this network solves the problem of partial information loss in the aggregation local neighborhood information. The SA module
fully considers all neighborhood contributions, selectively strengthens the features containing useful information, and sup-

presses useless features. Combining the spatial attention module with the dynamic graph convolution module, our network
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can improve the accuracy of classification, instance segmentation, and indoor scene segmentation. In addition, the spa-

tial attention module can integrate with other point cloud classification model and substantially improve the model perform-

ance. Our future work will improve the accuracy of DGCSA in segmentation task in the condition of an unbalanced data-

sel.

Key words: point cloud; dynamic graph convolution; spatial attention (SA) ; classification; segmentation
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Fig.2  Point cloud classification segmentation

network core module
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Point cloud classification and segmentation network architecture
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Fig.3 Using KNN to construct the graph structure

P 2 4R B 4 25 0 22 A
B | R AS SCRE— N F 8 p, B b AR 40
P = 1,2, kR E, b, p, C R (£
U565 1 T4 AR T S R (L6245 3 2 1
WIS A 4E B £ 91 3)5 ¥ p, C Nei(p,)
Nei( ) FRARH, B et p, (13 shar @i
0 M K AT, BT R 40 4, ETE 3
R 3 R0 p, AT 2 p,
FHAT I A SR R K T 405 7 M e 1
45Ky G 192 XN
G = (V,E)
V=1|pli=12,-,N|

(1)
(2)



2696

PEEREEF IR

JOURNAL OF IMAGE AND GRAPHICS

Vol.26,No. 11 ,Nov. 2021
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erae) i = 1,2, ,N}
(3)
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Z RIS .

2.1.2  MLP $2IURHE

TEAS SCR 265 v, Xof P 28548 v 2 R A 8 B IO 1
— AR 2 R EAWLSE I, o A RE
Ab ¥ )9 — 4L JZ BN ( batch normalization ) A1 7% JZ
ReLU ( rectified linear unit), £ JZ AL E LR
he , EAE A — 7] 2 ) B AL E S8 AR Lk iR
B HSHELGEX N O = (0,,,0,, ¢,
by) M IEIEP AR e, RN p, KA
RBLp, ZIRIAGAFEAE . 140 PR AU X 1 25 B
IR B BB . Wang 55 A (2018) X 4
AR L RRAE B 2T B 08 T v i 55 40 A
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A BAE SO
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BAE,

iy A ) i BE 20 s S A AR SR R Ry 7
SRBRFIE 1, WA J7 V30 e R T SR R Ak rh iy
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Fig.4 Spatial attention module
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BTSRRI S
s = {s,,8,, .50 € RV 055 B ANREE ] &Y
EN=WILE |

_exp(ey)
ETK

Z exp (cj)

3) IAVERAE AR SO FHE 3 10 55 s FJREB Al
RRRAE 1, 2 (B4 60 B 3 v DA A 2 S8 R A
SRIGUREE K A T0 A5 X A S S e AiE =K A1 DL kA5
EZ G REEE L, € R™ RN

(9)

L = Y (I'ss,) (10)
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MLP{64,128,1 024}

Nx1 024
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MLP H DL il 5y #8 4 AiE [0 B 59 2 B, % MLP
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IH—1LJZ (BN) fl ReLU #1562, ZEMEE N
b A B e B R 1Y R S Ak R AR RST Y
W

LA (8) - (10) K&l 5 7R T 25 ) 2
Hetnfaps 1, 59 K A e AR AR UL 2 & 2 B4 1m) 52 JRy
HREFAE L, P,

2.3 ZTiEFHBRN%

PointNet ( Qi %5 ,2017a) HHH H3 () 25 [0) 5 4 ) 2%
(STN) BV HIJE I 2545 31— 2H 2 8] Jie 5% 7 1 1
T FEIE RT LA Sy AR 5 = UG R T AR B RS 5, 2 18]
T4 P 28 T DA B4R i A = B e 2 1) — A T 4
FO AR R, 3T A R T 0 245 56 A B R AT 43 28 4
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Fig.5 Spatial transformation network
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Table 1 Experimental configuration

BIERS GPU

iz S n HEZR WwE

Linux Centos7 RTX 2080Ti

CUDA 10.1 + cuDNN7.5

Pytorchl. 3 Python 3.5.2
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R2 LWSHIRE

Table 2 Experimental parameters setting

LG/ S Nk Ve K T4 A Ptk SRS Ak P i PERVS
ModelNet40 1024 20 SGD 0. 001 32 250
ShapeNetPart 2048 40 SGD 0. 001 14 200
S3DIS 4 096 20 SGD 0. 001 14 100

mAcc) o X T o0 BT 55, PEREHE br Oy o G A E B &
(OA) F-F-#4 22 3f Lt ( mean intersection-over-union,
mloU) . A TR RRE S0 1 mloU , 75 2 X 1
F A 3 eI ToU SKFHMH, Hrh ToU &
SCH

TP

loU = 5 Fp 5 N ()
A, TP Fon HBAMEL, FP R BRBAYEEL, FN oK
BB
3.1 7 ModelNetd0 FHIHEES
3,11 Buass

1E ModelNet40 ( Wu 25,2015 ) ¥4 EiTAL 43
KM 2 103 2 BE . ModelNetd0 8 4 40 7 3k A
40 2GR 12 311 A~ M 4% CAD ( computer aided
design ) B Hiv 9 843 AN T 1)l 2%, 2 468 4
BAUH TR, A CZ% Qi 4 A (2017b) BY 525
WE N ZREE BEALIE R A% 3h A4 i, 16 A4~
S TR TINBE AL RS | DA 8 B X 5 B 2R A 5 1 %K
Fo X TR EIEBAL IIAE TRAE 1 024 AN 4,
AR SO FH SRR B 3 HEAR KR (2, y,2) TE AR
LN
3.1.2 SEGEER

RS UE 28 1 43 2 BE , #F DGCSA 5 3 FhikF
RS MLP 9T 5 AP T B TR 7 i 4 R LT
R AT HO A, I3 3 B, axX S8t Fb R 2% 1Y
AYZORE I Bk A LR IR IS SCEL IR 5, DGCNN %)
2% (Wang 55,2019) (25 50 A8 MU A B Y SE 5645 51

2% 3 FH T AR SC 45 FNELA 24 7E ModelNet40
DRAE 110 B 7 SN B R 0 oG 1, R 3
HRAT LA Y TCAE R R A 2R B i - 34 43
NG B, A SC I 45 R 3k B T B 45 () M BB, OA AN
mAcc 73 H3EF 93. 4% F190. 6% , 1E BRI k5
7], A SCR 4% L DGCNN = H T 0. 8% |, Eb PointNet
T 4.2% [t PointnNet ++ 5518 T 1.5% . [AlAT,
AR ST 48 LE AR A B 1o 43 JOKG BE IS LT, 46 1

A 1024 AR 3 dEAR bR, T8 3 %) S22
R UEM] T A SCIM 28 7 i 5 0 AT 55 1 BA B Y

PERE

R 3 7 ModelNet40 HIEE FHY KL RLIITLE
Table 3 Comparison of classification
results on ModelNet40 dataset
/%

A 0A mAce
PointNet( Qi %%,2017a) 89.2 86.2
PointNet ++ ( Qi Z¢,2017b) 91.9 -
PointWeb( Zhao %5 ,2019) 92.3 89. 4
PointConv ( Wu %5,2019) 9.5 -
PointCNN( Li % ,2018) 92.2 88. 1
KPConv Rigid( Thomas %5, 2019) 92.9 -
KPConv deform( Thomas %5, 2019) 92.7 -
SpiderCNN( Xu %% ,2018) 92.4 -
ECC( Simonovsky %5,2017) 87. 4 83.2
RGCNN(Te % ,2018) 90. 5 87.2
LDGCNN ( Zhang %5 ,2019) 92.9 90.3
DGCNN( Wang % ,2019) 92.6 90. 1
DGCSA (A3) 93.4 90. 6

FE L7 A BB R A

3.2 =EHISE
3.2.1 Btk

HEZBEEFHLL, 6] 5 EE—IEEE E
A HREERT 3D HRLEE 4 B4R 55, HH IR 45 0 —
TR A5G AL R R — A s T R R
IZEIBRZEAS o3 1, S A —4 RS i Iy
FPLE HURAIHLESE , AL 487E ShapeNetPart %1
AR (Y1 58,2016) 30 E T AU 526 73 FIPERE
ShapeNetPart £ 65 16 X420 16 881 4~
3 YR TR T 50 NERIEARA . KRR 3 iR
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PFRIC R 2 ~5 D%, s, W1 3 4k
BEAISRAE 2 048 s, MERIR AT, A SCR TS
Qi 5 A (2017b) J5 i [AAE By U 25 | 50 3k A0 I3 4k 4
B/ TE,
3.2.2 SLERZER

BA I PointNet , PointNet ++ F1 DGCNN
PEAT T He#E, ShapeNetPart 52451 43 # K HE 45 T A9 53
ENE R TEREXT LN 4 55 1 P s, Hep s T
16 2B 52 I A28 3F L mloU, 7E3R 4
551 AT 2855 B B 3R 8 % 28 B HHE 4 v i R

T, MR SRR EE AR A LUE AR SCR 28 19 mloU
& H PointNet 771 1. 6% , & H PointNet ++ 1 DGC-
NN 751 0.2% o AR Z87E 8 >R ToU HUis
4 FhJ7 R i S L, S0 0 HLE AP RE RS

h T EWLR R S 53 BI85 FIK
FOARSCAT AR IR T — S S A RIRCR  anfEl 6
N AR AR R AR 20, LAFLE
FEUE 3D AR G R A A H AL Y 53 R 20
AT LAFE H A S0 28 A S0 0 B 60 2 TR W A B i) o
FIROREAL T DGCNN,

% 4 ShapeNetPart ##E 5% K L5 45> 2l ToU R 3JEE

Table 4 IoU results of instance segmentation on ShapeNetPart dateset

/%
ToU
- ke
i mloU  aerg bag cap car  chair :‘Jar guitar  knife lamp laptop motor mug pistol rocket Zat(; table
1 I
(2690) (76) (55) (898) (3758) 12609; (787) (392) (1547) (451) (202) (184) (283) (66) (10;‘2) (5 271)

PointNet  83.7 83.4 78.7 82.5 74.9 89.6 73.0 915

PointNet++ 85.1 82.4 79.0 87.7 77.3 90.8 71.8 91.0

DGCNN  85.1 84.0 83.7

DGCSA
(30)

85.3 84.2 73.3 823 77.7 91.0 75.3 91.2

84.4 77.8 90.6 74.4 91.0

85.9 80.8 953 652 93.0 8.2 57.9 72.8 80.6
85.9 837 953 71.6 91.4 81.3 58.7 76.4 82.6
88.1 834 958 67.8 93.3 82.3 59.2 76.0 81.9

88.6 85.3 95.9 58.9 94.3 81.8 56.9 754 82.7

T IR T 5 iR L (E

airplane lamp table
e G e /
)" /
(a) FMH
R ¢ f
(b) DGCNN
n“,’ Vor ¥
e v h U S j
SRR /
(c) DGCSA (A3)

6 S EIRBOR X L
Fig. 6 Comparison of instance segmentation results

((a) ground truths; (b) DGCNN;(c¢) DGCSA (ours))

3.3 EXG=SE
3.3.1 Bk

XS5t o BT 55 SR T T 3HAR 27 R B 3D
= NS AEHESE S3DIS( Armeni 45,2016 ) B8 UEAS SC
W28 %} % N 37 5 10 43 HI PR BE . S3DIS HidiE 4 &
Matterport I FRAR ()2 N7 5 3 il Hrh g
kB 6 4~ IX 1 (Areal, Area2, Area3, Aread,
Area5, Area6) Y 271 />[I AY 3 4k 0 = £l 3
13 285, 145 ceiling  floor . door , chair 55, A T #ff
RIS R 17T L, 15 PointNet ++ A1 [ (1915
BB RSN T mx 1 m B8, B4 SR
9 Zg 10 (XYZ, RGB FIH— ALY 25 [H] AL bR ) 7R, 76
Y FE X R I B BEDLRAE 4 096 4> mi/EH
B ARSCHM T PS5 1 925 . 78 S3DIS
YRR Areal —Area6 [ 4TI 45, 7£ AreaS |
AT, 5 2 A S A BB AR T
FFHE Areal —Area6 T % N 5t k4T 6 Pr3g8 X
BSE
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3.3.2 Sk

£S5 PIRIRT AreaS HIITALZE R . INFE S HmT
DI HAR SC 4876 AreaS o' mloU 35 % 50. 1% , kb
DGCNN &4 3. 0% |, I PointNet &1 9. 01% . Point-
Net ++ ARG TR 47 B9 25 2R (50. 04% ) , X J&H T
PointNet ++ FJ LU Jaj 3 JLA] 5 44 h 2% 2 ¢ 4iE, I35
EG R RE

6 K6 Prac LIRSS F, B T AR 7k AE
S3DIS il £ i SR 43 B B 5 5O Lk
A AR SO 45 1) oy MR RE A Bl AR B 3, T
Y152 3f kb (mloU) J7 1H b DGCNN & 3.0% , [
PointNet ++ /& 4. 6% , It PointNet & 11. 5% , 7£ &
PR 28K 2 5 T, A SC I 46 g2 I 1Y, 3R
T 85.1% .

x5 S3DIS HIBE LRI 3D HEH SR (1E Areas Eillid)

Table 5 Results of semantic segmentation of 3D indoor scenes on S3DIS ( test on Area5)

/%
IoU
el mloU
ceiling floor ~ wall bean column window door  chair table bookcase sofa  board clutter
PointNet 41.09 88.80 97.33 69.80 0.05 3.92 46.26 10.76 52.61 58.93 40.28 5.85 26.38 33.22
PointNet ++ 50.04 90.79 96.45 74.12 0.02 5.77 43.59 25.39 69.22 76.94 21.45 55.61 49.34 41.88
DGCNN
. 47.08 92.42 97.46 76.03 0.37 12.00 51.59 27.01 64.85 68.58 7.67 43.76 29.44 40.83
(baseline)
DGCSA
(30 50.10 93.21 97.70 77.04 0.29 15.13 50.70 27.90 69.74 69.00 13.90 56.38 44.29 45.00

TE L7 AR B8 R A

R6 S3DISERNFENBILWLER (6 HRZNIEL)
Table 6 Results of semantic segmentation of 3D
indoor scenes on S3DIS (6-fold cross validation)

/%

I mloU 0A
PointNet 47.6 78.6
PointNet ++ 54.5 81.0
DGCNN ( baseline) 56. 1 84. 1
DGCSA (A7) 59.1 85.1

E UL AR B8 B LA

3.4 HBANIE

R T BIE S (A B B A R DA SRR T
e RAE AR AP | A% SR 23 1) 7 0 8y
T PointNet 1 LDGCNN [ £ 85 46 H: o (%) B¢ K AEL
WAL AR, I 7E ModelNetdO U5 5 F XT o7 24
&, SRR R 7 iR, LDGCNN 7E ModelNet40
AT 55 T A 2R B R 92, 7% (i F 28 [l E 7
SA BEHR e e AR AL 75 LDGCNN 1943 2545 i
PRT 0.6% 353 93.3% , ffi i 2s a] 1 5 B
AL B9 PointNet M 2% 7E ModelNetd0 5 £E 14 4y
HAEEEAIXS T PointNet 255 17 0. 5% . JH S50 1Y)
45 JEXT HL e B, 23 1) 2 AR 6 T B KA b ik

®7 HBLEIE (ModelNetd0 53 H(E )
Table 7 Ablation study ( classification on ModelNet40 )

/%

A 0A

PointNet 89.2
PointNet i ] SA #1714k 89.7( 10.5)

LDGCNN 92.7
LDGCNN ffi F§ SA 174k 93.3( 10.6)

TE 1 FOR ORI IR I R AR T

T 25 FLAT S HOHE R 4 R T
4 & i

BERTIRAT 1125 732850 1 9 4 ] R (0 1 Sy AR 408
Sl 9 B KA HEA QR R AR R AL BTt A A 3 2015 B,
TRV A SGE i BT 23 R R e R A R
FRARIE B RS R R, FE 5 I8 T T AR O
HAT B 0o A0 5 A7 AR A4 Rk ] A 40 ) DG
FHEFAE B B 5K, RS M i S
A BRI RFIE SR U S5 & AR LSRR i
SR R 2L i LA o 4 o e Al £ L 2R R R 4R
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SENCIRDRTE S/ e e N v EIEN e B 75 )
HERPE T SR 4 SR B ] AL A SRR A, A
SCOT XSG B AT AL B T A 7 i, R
TR A LS et R W i At S 5
FBIRIFH S R REA AP R B AP RE

SR, 7552 73 1 55 25 A 3 5 o0 AT 55 00 S 3
SR AR LE I A 23 DR AR B IR A BE 42
S ot B PN EA 1) S22 E1 8 4R AT
TES B RREAR A MG LG, A1 5t OB B0
SE IZEIAFAE—E ML 52) AR SO EH AR N o
Wi G b oy BUREASAS KM (4 1) LR A T A4

L5 EPTR T — B TAE M RO SR TR A
ARG OUT 87> FI RO B2 Bk By 52 8L 7
AR 32T 73 FI R 28 BRI BOTF R IR T2
PRI ) 2 4545 AN [ 75 32 HR R RRALE , DT 42 55 1 265 114
FAIESREAE 1, 5 e Rl SR ezt J5CR A 1 7 125
i/ DASE IR ) A AT AR 4R o AR 4 L
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