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Abstract: In response to the deficiencies in local context information extraction and neighboring point fea-
ture expression in deep learning-based point cloud classification and segmentation networks, as well as the
problem of maxpooling leading to the loss of suboptimal information, a point cloud classification and seg-
mentation algorithm that combines dual attention and weighted dynamic graph convolutional networks was
proposed. Firstly, the weighted dynamic graph convolution used a weighted k-nearest neighbor algorithm
to construct a robust local structure and introduced an enhanced edge convolution module to apply weights
to point features, thereby obtaining enhanced edge features. Then, channel attention was used to con-
struct channel correlations and unleash the potential of each channel, followed by spatial attention to per-
ceive the spatial structure of 3D point clouds, enhancing the expression of local semantic features and ex-
tracting effective contextual and deep semantic information. Finally, TopK pooling was employed to add

suboptimal features. Experimental results show that the algorithm achieves an overall classification accura-
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cy of 93.36% on the ModelNet40 classification dataset and an average intersection over union of 85. 96 %

on the ShapeNet Part segmentation dataset, effectively extracting contextual information and enhanced

neighboring point feature expression, demonstrating the effectiveness of the algorithm.

Key words: classification and segmentation; 3D point cloud; attention mechanism; weighted dynamic

graph convolution; K-nearest neighbor
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Fig.1 Point cloud classification and segmentation networks based on DAM and WEM

S EBAE A B 2 bR B i A WEM 3R
58 AL P 4R A, IF 28 3 DAM Ab 3888 501 J5) 3 JLAn
45 0 5 5 A0 AR SR AR AE 208 R [ T KM, 4y
1] 0 25 A P42 2R B = AN BRAE 1) B A 4k

25 8], BR J5 K5 e R A7 e K Ak R0 243 1k S B
JCE M, I @A B = AR AE R 5 MLP 4 B
Ja B2 AE B, B Jn am ad 4 B )2 R

2



2826 b= S K Y i 5 32 %

PSRN /p—" ~ Dot iBILT WAL RK R RS R IR A5 = JLAA] 254

WKNN 7 Npee ¥ & et A SE Bl A Py ™ -

a / \ I 5 2 8 PEPE A IG AR ek, AT A5 4R S8 T &4, B T
“1 X\ YARNG o ST L BRI SURFAE AL T 3R

P2 kL sl 72 1 4 RS e 4 R 45 44
Fig.2 Composition of WEM

2.1 /A KNN #& 5

% SE-Net'"' 3 %& , FIl FH A & 1 it ik 5 MLP
Bt WKNN, X F i P={ pi, po, -, pu ) FEAE
4 KNN At b 2% 1] W = BE B E 47 A, 75
i 1 TopK 82k e 8 K A~ a5 A8 1 J5) 3 4B 18 4n 7]
3, Wbk BRI AR T % A A Sy Y 56 v T AR 4k
I L 7

//6 ‘O\d\ § ’/ - D \\
|\O O OI é '=(>\ /,
X ] B / ] \ K -
3 N(P)
€D Addition & Multiply
B3 A KNN Bk
Fig.3 Weighted KNN module
T BRI ae TR RR PG B
D
d*(pop))= > pu—pu ) (1)

n=1

Hp DR R, p, M p, s = PRTE S, po
F p, o2 AS T[] 4 BE TR rp ot R 20 A5 A Ak A, 4
d’(po,p;) i A WKNN, 28 5 JF £ 1 oR B0 Ak 2 )5
15 BIALE [ Wy
W= 10,(d*(psp;)), (2)
oz, e P? N 2 AL 1 Sigmoid 55 3F £& 1 o
e, Wiy KNl i Sigmoid #5 il S 0~1, p [6] BR
BB E MO . RIEH WL 5 A (p,p) TR
IR S B, AH 2 T X A5 TR) R T B I A A B
IR BR R 2, 1 5m BE AR B s
D, =W d*(pup;). (3)
I Ja ok A TopK 3 B K A4~ 4F 5544 1 J=) 3
A«
(idx;, dist;)= TopK(—D, , K)=N,(P;), (4)
H oo wide, i i = &5, dist, BB H
(idx,, dist; ) ¥ B JRy &6 A8 3% N (P)=A{ pus piss =+

2. 2 EEC##
DGCNN [A] i 2% 18 7 4 Jo {5 B 5 R s (s A
e;=ho(p;— pupi). (5)
I #E i, DGCNN AW X 47 1iE 3 47 &7 20 9f
B, S EUE B BOR 6 LA F35 R L, HLARAE
Y AR o T G fi K R SCfE B . 7E PointWeb
SR R R XA A p, BEAT T A A 1 4
JIE 7, FE R BUAY 40 3ok rpy 2 57 JR) 0 4T A5 TRV B &R L O
HE5E T AR AR IE R A

& Multiply
: © Subtraction

- ; -~ <

/
/ 2N W, ;

|

& e ) ——D—+| /i
b pj/ T

A Al . e

- ( p )

4 ECCHIH
Fig.4 ECC module

V4 dlise, 38 3o = 0 R B AL AT BRI W
div,

W, =e 2, (6)

W W, KNG dist, R 38 B 6 > 0~
1,0 0 RF O M bR e 2, T 45 %A E /Y 48 16k
o pAET ASAREE S P05 p, A XL
AR B WG p T WA RRAE AR e RN AR T
FHAB A P RRAE 2235, 10 K 3 T T AR E 1Y Jad 3 45 4
I 42 0 58 A RRAE £ 2

fi=h(Woep,—pip)=hy(ng,p.), (7)
Hp . f,e PPN K 5 DGCNN 3R BT e, AT,
CALE TR Y SRy 8 45 A B P9 A Rl Bl
15 000 246 6F Je 8 119 25 TS RE 7 3 i L 4 AT 3K —
A m 2 1Y TUART 258 R0 ) 3 SUAR L o
2.3 FEEHEHR

WEKNN # 5 OC T = Jmy 3 4B 4k 1y 2k
FE T ECC 7E 3k BUAY Ja 36 45 5 b 42 13 5 1k 14
FRAE (ARG = R SO BRI, — M
R AIL ) A R AR IR OG AR H A A R, X AR
7 i 1E B AR RS . CAM SE“Squeeze” B



o518 1

B 81,8 450 XUE B I 8 25 BB R =4 i = 0 2K 5 01 2827

“Excitation” 14 i 38 18 AH GV , e KRR R A
AT, H, 45E CAM FI SAM 4 i
DAM P 5 iR . CAMM f, 7 J i A, % Hedxe
S5 VA 4E B2 SR AT S N S R R 343 Ak A 3
F s Froo © P77 B AR B AR 52 2% HE 1 (] I X6)
IE B AR B AT A, 280k A FRAR 8 ) 3R 2ok O pR
EARAT 3E TE A
W e = Sigmoid [ Conv(Re lu( Conv( F,))) ],
(8)
W o = Sigmoid [ Conv(Re lu( Conv( F,.))) 1,
(9)

A f B4 8 3 A

¢
BX—X1x1

VL B BEAT 46 MR AR O 19 8 Foe P 2 S
5K F S W, W 8 T R R T PR
EFIEE O
O = Concat(W ,* Fy, W+ Fj). (10)
OfMEG T W5 W, AERE GBI A
S AL AT FH SE A, o 3 A (AR DG T

CAM
AdaptiveAvgpool @
f’ Conv
Relu
Conv i
L Sigmoid ﬁ

B ——
AdaptiveMaxpool
@ Concat
& Multiply
@ Conv
@ Sigmoid T

F5 B ek

Fig. 5 Dual attention module

¢
BX—xX1%1

Ho W W, €P 2

Conv

SAM

%

| Maxpool

SAM ¥ O 1 Ry faw A, fefi 1135 3 Ak K i 18
PR R 1, HoA 2 B R AN AR A5 2
0., = Mean(O,dim = 1)e P** 'Y * (11)
O,y =Maz(0,dim=1)e P ""N*X  (12)
RIGPHE O M O, A 1 X 1T ERZEIFE
it Sigmoid 75 3| 45 [ 11 & AL E O, :
0, = Sigmoid (Conv(Concat (O, O ))). (13)
O, €PN R 2k — ZR AR 4 M oR B Ak
RN T AR 0 2 ] G5 A R R BB R R S
Ml fy BN SCfFE B, Hg ik CAM 4k B5 5@ 8 B A

SEAHSCHE, T LUK O 5 OB IC R T F] O
i = (0, e O)EPNTE (14)
e 45 )5 758 408 d2k rh A A 3 8] A 5C 1 1 i, A
Hag 7AW LT 3UER .
2. 4 TopKithfk
ERTE- SRS U RPN PR PN R
B, B 5 TR AE o O % ), 7
KNN # TopK B35 18 & T, ¥ it TopK Ak 4
~x(15):
TopKpooling =
Mean(Max(z\:()[ir‘ﬂl;k,dim:*l)), (15)

k=0

Horpr o K JRy T 4B B KA 5L 7E O FRAE )
B — N JRE T AT N SR AR 1) R AT
S 2R AR DLARAT B B AL 18] 5 8 A R IO
fIEFL 5 R A2 R BRI AE B o TopK AL #s
TE 73 28 W 46 B 57 —FNERE =)=, — i Rt A 2 ik
FERRAE ) 8 R R — R T — 2 BB A T
TopK Mt Ak %} Br A 1) & 47 HE 2 £5 10 N A #x
Rl 8, 1% N A T Sl A 5 e Rt Ak ] BE 22 W 1Y
AR 1] B B ofg N A 1] B A7 P 2 R A DL 2
TNJEZR AL

3 ZRERS 5

3.1 HEESIRRBSHILE

K H S = 5 B 4 ModelNetd0'™ | 5 =
HBAE 4 EV BG4 ShapeNet Part' ™, % A4 304324y
#9265 19 P BE #E AT VP4l . ModelNetdO £ 5 404
YRR, A 12 3114 B AR RS CAD A%
R, 9 842 AL AN T Il 45, 2468 A~ A5 AL T
R, AL F8 A R BV 43 250K BE (Overall Accura-
cy, OA) 1 ¥ ¥ 4 25 ¥5 # (Mean Accuracy,
mAcc), ShapeNet Part % 16 f = 4EBiR, H Y
24 16 800 4~ & AR VE ) CAD B | 34k 48 F5 R
S ¥ 32 9F tb (Mean Intersection-over-union,
mloU),

S A R R85 Intel i5 13490F CPU Hl Ge-
Force RTX 3080t (12GB) & K4l Wi . K F ¥ 5%
4 Linux Ubuntu 20. 04 & 4t , & J& 2% > HE 28 Py-
torch 1.7.0, i 7 Python 3.7, CUDA 11.0 #i
cuDNN 8.0.4, IR FESHKENR]L, %
DGCNN M 2% 1) Z 50 B AT 308, R S H0h



2828 e K TR 532 %
AT W4 AR g BT S A E . R AdamW SRR B W25 08 FT 4r2F S B 4 . R aB ok

P 28I 25, 4 HAH e Adam 55 N6 , fig 58 bl
8. W TR /AN AIELE KN /N H AdamW I
SLAE P, BT LUK 27 ) 3R AR/, R B3 il

BB AR IR A YT I 45 1) 20 0 B AT R B L A
IR R I 941 8 O 5 /0N B 2 20 R0 3 R 2% ofiE il R
S 2 W S0 e B S

®1 RBFESHIEE

Tab.1 Main parameter settings of the experiment
Dataset Points  Optimizer  Learning rate ~ Cosine Annealing Batch size Test batch size Epochs
ModelNetd0 1024  AdamW 0.001 1X107° 16 8 250
ShapeNet Part 2048  AdamW 0.001 1.5X107° 8 4 200
3.2 REDXEREEREST i 0.36%, EEH i WKNN M & T 450 &
3.2.1 BE=xRERL S B R AR, ECC R 8 th 1 s YRR IE R 35
e 2 AR LTy 2 I 2% R HC A S U R0 495 4 20 A PL K& TopK #h 42 7 L 15 B o 3k & 5 A B

ModelNet40 %5 4 48 #5645 R . A 3053 26 W 4%
B OA Fl mAcc 43 4] i5 # 93.36% F1 90. 74 % .
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Tab.2 Comparison of 3d point cloud classification results

on modelnet40 dataset

Methods Input Type OA/% mAce/%
MVCNN'" Image 90.1 —
VoxNet'?! Voxel 85.9 —
PointNet"” Points(1k) 89.2  86.2
PointNet++'"" Points(5k) +Normal 91.7  89.5
PointWeb™"'  Points(1k)+Normal 92.3 89.4
Point-Trans- )
formerl?! Points(1k) 93.7 —
PointConv'*”  Points(1k) +Normal 92.4 —
PointASNL™'  Points(1k)+Normal 93.2 —
SpiderCNN""  Points(1k)+Normal 92.4 —
GCN3D™ Points(0. 768k) ~ 93.0  90.3
RF-DGCNN™/ Points(1k) 93.62  90.86
KPConv'" Points(1k) 92.9 —
DGCNN'™ Points(1k) 92.9  90.2
Linked-
DGENN Points(3k) 92.6 89.7
Ours Points(1k) 93.36  90.74
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mAcc $2 & 1.04% . 54 F #17 M £ Point-
Transformer ™' #H [t 11} & £ | 23 (6] , Transformer
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Tab.3 Comparison of the results for the parameters and

forward time of different classification networks

Parame- Forward
Methods ) OA/%
ters/M Time/ms
PointNet'” 3.48 3.2 89. 2
PointNet+ + 1.48 4.8 91.7
DGCNN 1.84 6.3 92.9
Point-Transformer*"’ 1.73 136.4 93.7
Ours 2.08 8.3 93. 36

A SC R 2% FE DGCNN EEfit [ o o, #y gt 1
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& T PointNet % = T PointNet—+ + , AT LA A& LK
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0.76% , #1% T Linked-DGCNN"' g5 i 1. 26 %,
F i = 4E R GCN3D™ , DT Net'™', 3D-GCN"™"
SR 0.76%,0.36%,0.86% , 5 3 i # A
PointNet"”, PointNet+ + "', PointConv"* #f [t $2
F2.26%, 0.86%, 0.26% ., H #& & T Poin-
tASNL™ 1 86. 1%, fH J&27E 16 2 il v 11 23K
B AR, A e CHL B I R VL
by B FRL R L S AR AR KT R R

Pl 7 02 3 43 A 43 F ol LAk 45 S L o]
F A S0 ) W 45 % DGCNN B H2 38 L S2{l , A
) 4% T T i X CHIL A Y AR AT T 4 X R
H F WKNN 34 3% 7 X6 Ja 3 40 d8 ik #% 19 ¢ 1
DAM X 5 2= B AR 1) 25 (] UL 52 45 T o 4 35, )2 W
DGCNN % A 14 48 KNN oK fig 7 & 21 1Z 401 35 3
43 K TR FE ZE AR SC W 48 A 20T A ANAT 2 VR 43
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Tab.4 Comparison of 3d point cloud segmentation results on shapenet part dataset

Methods mloU/%  ariplane Bag Cap Car Chair Earphone Guitar Knife
PointNet"” 83.7 83.4 78.7 82.5 74.9 89.6 73.0 91.5 85.9
PointNet+ +* 85.1 82.4 79.0 87.7 77.3 90.8 71.8 91.0 85.9
PointConv'*" 85.7 — — — — — — — —
PointASNL™ 86.1 84.1 84.7 87.9 79.7 92.2 73.7 91.0 87.2
GCN3D™ 85.2 83.3 78.8 83.2 77.5 90. 8 75.8 90.8 86.0
DTNet™ 85.6 83.0 81.4 84.3 78.4 90.9 74.3 91.0 87.3
3D-GCN™" 85.1 83.1 84.0 86.6 77.5 90.3 74.1 90.9 86.4
DGCNN'™ 85.2 84.0 83.4 86.7 77.8 90.6 74.7 91.2 87.5
Linked-DGCNN""* 84.7 — 85.4 88.6 — 90.8 — 90.9 88.6
Ours 85.96 86.5 86.6 89.4 80.4 91.7 81.3 91.9 88.4
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Tab.4 Comparison of 3d point cloud segmentation results on shapenet part dataset
Methods Lamp Laptop Motorbike Mug Pistol Rocket Skateboard Table
PointNet'”’ 80.8 95.3 65.2 93.0 81.2 57.9 72.8 80.6
PointNet++ 83.7 95.3 71.6 94.1  81.3 58.7 76.4 82.6
PointConv**" — — — — — — — —

PointASNL™ 84.2 95.8 74.4 95.2 81.0 63.0 76.3 83.2
GCN3D™ 83.8 95.2 66.4 93.4 81.3 51.2 67.1 83.0
DTNet™ 84.7 95.6 69.0 94.4 82.5 59.0 76.4 83.5
3D-GCN™! 83.8 95.6 66.8 94.8 81.3 59.6 75.7 82.8
DGCNN'! 82.8 95.7 66.3 94.9 81.1 63.5 74.5 82.6
Linked-DGCNN"*  82.4 95.4 — — — — 74.7 81.9
Ours 84.5 96. 4 72.9 96.0 85.4 63.6 78.8 82.9

Bold numbers indicates the best value in the category.
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Fig.7 Visualization results of part segmentation
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Tab.5 Validation of the effectiveness of each module in

point cloud classification task

Nets DAM Bec/ TopK OA/ mAce/
KNN/WKNN % %
A X KNN X 91.45 87.68
B N KNN X 9210 88.82
C N ECC+KNN X 92.18 88.83
D N, ECC+KNN v 92,30 89.31
E NG WKNN X 92.42 89.25
F N WKNN o 92.63  88.67
G < ECCHWKNN X 92,91 89.89
H v ECCH+WKNN 93.36 90.74
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Fig. 8 Comparison of the impact of K on the performance

of classification network
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Fig.9 Comparison of the impact of N on the performance

of classification network
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Fig. 10 Robustness analysis experiment results
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Tab.6 Validation of the effectiveness of each module in

point cloud segmentation task

DAM ECC+HWKNN/KNN  OA/%  mloU/%
X KNN 94.03 84. 65
N KNN 94.13 84.94
N ECC+KNN 94. 28 85. 29
N WKNN 94.25 85. 32
N, ECC+WKNN 94. 56 85. 96
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Fig.11 Comparison of the impact of K on the perfor-

mance of segmentation network
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