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Multi-scale Dual-Branch Dual-Attention-Based Point Cloud Classification Network

GU Junhao, ZHANG Sunjie, QIN Chendong

(School of Optical-Electrical and Computer Engineering, University of Shanghai for Science and Technology, Shanghai 200093,

China)

Abstract: Although Transformers have made significant progress in 3D point cloud processing, efficiently
and accurately learning valuable low-frequency and high-frequency information remains a challenge.
Moreover, most existing methods focus primarily on local spatial information, neglecting global spatial
information, which leads to information loss. This paper proposes a novel point cloud learning network,
referred to as the multi-scale dual-branch dual-attention network. First, in the feature extraction process of
the point cloud, compared to methods that search for neighboring points at a fixed scale, the multi-scale K-
nearest neighbor (KNN) approach not only preserves local structural details but also more effectively
captures global geometric information. Second, this paper introduces a dual-branch dual-attention
architecture to extract different spatial features, proposing a dual-attention mechanism combining local
window attention and global channel content attention to extract low-frequency and high-frequency

information from the network, respectively. Additionally, on this basis, this paper introduces the
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group-rational Kolmogorov-Armold (GR-KAN) layer into the classification head, replacing the
traditionally used multilayer perceptron (MLP) layer, which allows for more flexible handling of nonlinear
features and makes the network more sensitive to complex datasets. Finally, extensive experiments
demonstrate that the proposed model achieves an accuracy of 93.8% on the ModelNet40 dataset and
86.5% on the ScanObjectNN dataset, showcasing its superior performance and broad application prospects
in 3D point cloud processing.

Key words: point cloud classification; multi-scale KNN; Transformer; GR-KAN; dual-branch

51

i}

Wl = YEAG BEOR 1 KR, TR 2 1A 3 55 PR R R 2 B R ML g N S5 sl 1) i RNATE 58 W
B WOLTEIRE RN — P E B S BRI TR T AR . 5 RGBT, =48R
=] DL AL R A 10 25 LR (S B o SR, BT = 4 = Bl A B oo A AR SS A AR TS )T M R A
SR L HEAT AT RO B — B — AN R . ATk Bl TR B A 2T AN W R R R IR B 2 ) b 3
SRR T A EER T B

FET I R A B S 5 iR L S A LR AR R T B LR R A A bR RN R AR AR A
RIS TR IUA S B BBk . B4 Charles 2542 ) PointNet, # F £2 J2 B0 #8 (Multilayer per-
ceptron, MLP) Fl 5z Kt fk (Maxpooling) S BUFFAE 22 2] o N T B4 JR# S AE , PointNet+ +*'4p J2 Hb [
JH PointNet, {ff H] 2 13K 73 20 R A0 gl Jm S 48 k. Bl /S, 26 T Rl i ik i R B S Fh R M R AR 7, £ %
I3 R FHET BN T

BT B 7 AT DLy G S A B R 2 2T Jn 8 DX R AIE 5 3 ok DB T Ry 3 AN 2 R A
FEXE Ry FR LA A5 L AT A o O SR R | e L 17 b A 66 B 3fe ok N 2D A5 FR, DAt 3 4 i T
1730 % . Zhao %541 B PointWeb i iof %% £ s %t 40 3% 2 38 71 R AR A 2% >0 o Wu 2542 i #9 Point
Conv SEHL T ¥ 8% Il B e AR A8 19 46 BUR AR, O3 03 6 BUR & 05 = 19 SR IG 43 BE 3R . KPConv' ™ il JH 142
SR AT HRAE AR [ 5 % A A 4% 3D AR T R I B . PAConv ™51 A T h A 8% it i MLP A A
RULE R . B BDGONNT Ky g 3 25 48 Rk 47 6 46 AL 11 BDGON e TR BE 2 S I &5 i3I AT
- AR ARV, I B K AR HL 2 T AT 2% 20 B . DeepGCN' 3 aof 5% 22 1 Ak 45 B T I 1
S 3R . AdaptConv! 'l T I B HE S B AR S s 2B LR . Chang & WHRIL T — Rl T
3D I R JN P B T 1 5 el 2 i R A RIURE R B et SR s S R B TR 2 AR S 1 3D R IR K K
BT 0 PR R R — T B T R UM 4% (Graph convolutional network, GCN) 543 2 45 44 Fl 3 B A% 138 AL 1
Xt T 5 = B Ak . HPGNND CoFiNet' " il Point-GNN'/46 [0 4% J /R T 3% 28 J7 3 F T I o % 446
W0 53 28 S5 AT 55 B IS .

2021 4F , Zhao 2 4 1 T Point Transformer, /£ 2 42 1 5 2 A B F 28 ATE 3D 25 6] th 9 £ 4, T
HEENEFAR RN EREHE T, B 5 A TR HES M ELUE AR, BT LA Transformer £ 81 4
MGG TRl FIk, HEE I ks D S s BA KRR WEMNME. MEAIRZET
Transformer FUHEZE A1 1 . PCT (Point cloud Transformer) "' 5%l T PointNet 22 ¥4 , H ih 252 MLP 2 %%
FrE R Transformer SO o 25 G 6 057 B G 1 FIT A A, A 4> i AR B0 AR Y R ALE | 38 2ok R 4 ) T
R R X 45 P R L PCT 7E 8 5 /0 AR AR T B e AP fiE . Zhong 251 TR T — Bl
B3t 7B 52 ) A R RRAE 8 5 v L R A R s BN b B SO AR A SORIE P58 S 2 OB B 4 2 A 4



1610 R E B L Journal of Data Acquisition and Processing Vol. 40, No. 6, 2025

JRHRAE o Liu s "4 H A9 Pointcont 3 o 8 2 e 1 A0 A 47 AE 394 00 518 2 1K A 7, SR A 19 )2 7 5 9 MILP
IR T )2 DL I R 5 2R BB (H X 7 3k AE A B R 2% 5 = i PE B BT R M. Han %6178 DPCT
(Dual-point cloud Transformer) H 4 1y 77 80 5 0 50, Bt 7 W A 1 2 B DL 78 43 38 URRAE o SR
T, TR D4 R AE B A A AR, S BOM A 43 SRl 3RS 2 A RS B IR 7 AR {5 B4 . Zhao
SOV T — o 9 X 3 gk 2 R A M AR B R A RN 22 L 22 1] A O R L R R SRR L 9
A X LEHRFAE DL AE DA PR SR A R AT, T AE 3D TR 43 28 Fde R AT 55 Fak 3 T e ik ny Mg .
Zhao % VAR T — B L TR U 22 R AR e 925 1) 3D T IR AR 7 v | 3 ok £ % IX AR e A e 5z PR
JR TR AR ISR B, ORGSR 5] AR AR B S 2R AR B o 7 R R EE X LG 2 ) LR, 7R AR AR 2 )
TSI A A R SR S R, AR T T R SRR TERE

P A MLP /Y7 % , Kolmogorov-Arnold (KAN) /[ 2% T+ 2024 4E P #2 , HL PR %5 s 19 S 808 %
M 532 %0 . KANGHE o B A 5% il 2k 2 4000k 52 2% R 430, T A/ 2 B0 B0 Rl 30 R 50 2% R B30, AT Oy G 4R 1
F| Transformer BN WETE 5 19 . SR T, KAN (8 0w FH H Be AR5 A R . J5 2 B ZR7E GPU B
AT YRR R 22 , 36 I 1153 Bl I 25 AR AL S A 3018 . it Ah  KAN Hh B A A T X6 55 20 ST 14 2 550Rn
B pR B, BRI B i S 8 SR EON K, RO R IR O PR 2 . R, HORCE W) 46 A ok
AE T AW SICER T SRR E AN PERE . b i DX 26 1A) BT, Group-rational KAN (GR-KAN) ™'y
KAN 28 R B 2 i, 5 7E 2248 Transformer 11 MLP. GR-KAN AR E 5 F 4 3 W% Trans-
former H, % 2 GPU 224 1531, I H R H A #EOE R EOR 7 22 DR 9 a6 Ak, i O 1 2R3 1 1 0 158
F44 . H CUDA(Compute unified device architecture ) 5 8 57 1& B BLAC GPU , i1 41 3 =2 56 w& itk — 25 [ 1%
TSR ESR TR FROR Y R DR AR R BB AR E .

ARSCHE T —FOBU53 S AR G IR AT 458 43 i) 28 5 Maxpooling F1°F- 24 £k #: 4 (Avgpooling) 42
B 5 AR AE A7 S, 3R B T VA T A A 3 DG AR AR R R A AN AR U R TU AR Y TR) A, A i i
T R T A S A RRE AR B AT ORE B AR I . Ay S AT 4 Y R SR R A4 S 5
R 43 S D04 B2 4 R b ST, AR B O A B ARRRAE o SRR B TR A R TR 1 2R R T
— 43 AR HE LA B 3 A 5 5 4 R AR SRR 2 o AR TAUEE T MLP AR 1 2 1 2 ok R R
AiE 7 SCAE I Ak 13l 3 Jmy 3 7 1 33 3 J7 (Local window attention, LWA) fl 4 5yl i N A = E N
(Global channel content attention, GCCA) #F — 2 4i 4k T Rk (19 2 3K J2 UK, Af 45 fm 450 AR RS AE 76 A [+
HRE B PR G 5, S T R 54 )R BR SCI G R, X R RSy SO T E B ITR
[P, O G AR T TR A R = R R E R IR BE T o BT A SO GR-KAN JZ Rl A 31 9 25 A
NI o A S AT 55 b R B AL T SR 0 RRAE £ HURE ) TH R ROCR RN R A R I T A%
G MLP BYIEFE . A SO Y 32 2EoTERBE AL anF -

(1) FE = AR AE SR HLAS 0 T LWA AEJR & o 1N T3 B A IR AT AR G 38 o 7
i R 3 5 2 [R]ERTRE JT , A SCH DR BT AR B AR AR R AIR TR R AR

(2) PEARARER AR FR HLAR A, 51N GCCA BB R AF N 28 1 E 28 ) 7 B, 3l 38 4 R K6 01 3 5 R A2 A
RURFAE , 52 TR RROL HLAS 45 1 40 BRLAE T , 35 s AR ) 7 R0 35501 85 .

(3) K H 2 RUBE KNN8 R ARO[ REE N 194830 21, 28 R i 5 4 Jm 15 B Rl I B8 25 0 40 7 O
i3k & R LT 32 TR AE R R 19 & 1k 5 .

(4) WA R = KM 5] A GR-KAN, 38 o 42 7 B 7 B ey S v O O s 42 1R S, A AL
b3 TR A RE AR A AR T .



MBEFE F AT ERERGS IMEZNNGE =5 LM% 1611

1 RXF*E
1.1 EEiEZR

B 1 JRIR T A SO 2 (17 58 38 P48 2R 0 o XIS ZR A8 A9 20 2 fh 30> I B 19 SRR AIF 42 BB Bt (Feature
extraction block, FEB)AH ., HAE— T AK P € RV NERITFAE S =B,

! [e=d) (E=0) BrEes !
i S N o Global GR-KAN BES i
! WHER A || R A o BER A [, Clobal | GRKAN 2o
I Nx3 i
i N N N i
E 2><128 Z><256 8><512 :

BT A SO 26 Y He AR e 4

Fig.1 Overall architecture of the proposed network
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Fig.7 Confusion matrix on the ScanObjectNN dataset
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Table 2 Shape classification results on the ScanOb-

jectNN dataset

Method Model Input size OA/% mAcc/%
DGCNNY 1024 78.1 73.6
Based on )
FFG® 1024 80.0 77.5
CNN .
PRANet"™ 1024 82.1 79.1
PointNet" 1024 68.2 63.4
Others  PointNet+-+"% 1024 77.9 75.4
PointMLP® 1024 85.7 84.4
Point Trans-
1024 77.6 75.3
former™
GBNet* 1024 80.5 77.8
Based on PointBert™ 1024 83.1 —
Transformer Point-TNT"® 1024 83.5 —
PointMAE®™ 1024 85.2 —
PointCont™ 1024 86.0 —
Ours 1024 86.5 85.0

SFRERTE T 0.4% MI5.8% ., X F 3H 2 3.6 f14 .7 0 L& B, 76 B Ak B 7 7 R 4% R s n o — A4
b Ak 2 32, A A5 o B AR B BHE R B 0,290 0 X R W AE AR % (AT 45 b, AR SCHR HE A R Ak 5 g
AE 08 B 47 b V-l 3R 5 A R 5 8. A AR THERIE R R 1 ZREE RN M . XT R 3PS 9 50 6.7
AL LA B, B0 78 0 AL AR 45 T B 2 HIL A e B B S A, S R B AR 22 AR Ak I R AIF R R 5 1
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1A R, TC 18 & 1E Maxpooling 73 308 f& Avgpooling F3 3¢ s i 2 A Bk HR 68 35 52 T I 25 Ve o
Xt 3 3 SIS 8 A9 WY LA H L AR SCI T I GR-KAN 4328 Sk M8 1% 45 (1 MILP 43 25 3k | 76 1 A4~ £ die
A5 LK B A BT 4R I, JE LR ScanObject NN B #ig 4 I K2 A T 0.5% . XUt GR-KAN M 4%
TE S B B v X RRAE 09 $2 MURE A T MLP B 2% o 753 3 & 0y 5250 9 v, A SCRT B 1 1% 0 2% 22 44 K
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Table 3 Ablation study results of different modules

S . . MLP GR-KAN ModeINet40 ScanObjectNN
Maxpooling LWA Avgpooling GCCA . .

P45 Nk %k OA/% mAce/%  OA/%  mAce/%
1 NG NG 93.0 90.8 85.7 83.9
2 NG NG 92.5 89.7 80.3 76.7
3 NG N/ N/ 93.3 90.3 85.9 84.1
4 NG NG NG 92.9 90.3 81.5 78.2
5 NG N/ NG 93.3 90.5 86.0 84.3
6 NG NG NG NG 93.5 91.0 86.3 84.5
7 N N NG NG 93.1 90.6 86.2 84.3
8 NG NG NG NG N 93.5 90.9 86.0 84.1
9 NG NG NG NG N 93.8 91.2 86.5 85.0

AR SCAE TSI FT A B 5 DL AT O TR R T S S R R A . th R AT DL FEBR
ROE A A o2 A R R BF , 2 R KNN B R E KNN 1 OA $$F5 75 ModelNet40 33845
P T 0.9% ,1F ScanObjectNN B4 E4R R 1.1% . 3% AT LATE A , S SCHE H 4 22 1 RE 42 BURRAE 7T LAAT 2L
R B R A E B R E R

AR SCEF X 2 RBE R R 2 i T S %, 1 ®4 ARREAHHBRMER

PP 2 N RS I R S B S RN 2 5 Table 4 Ablation study result of different scales
o HMESHIUE B SIS N 20, 48 Model P ModelNet40 ScanObjectNN
Net A0 ¥UH 4 LB T RB A FNE . HTFZE  j5n BRE ZRE OA/ mAcc/ OA/ mAcc/
JRUJE S W 10 D i L B A R B L R AR n oK K %
A A v I\ Sk W B > 1 N 92.9 90.2 85.4 83.8
T2 TR S EILNT 725 Re . Bk, A3

i 2 A0 2 R S ) AR 2 Y938 912 865 850

K5 ZREFBHNAESHIZEN ModelNetd0 i IEES L ER

Table 5 Classification results of different parameter settings for the multi-scale strategy on ModelNet40 dataset

S8 Brgt 1 B B 2 BBt 3 ModelNet40
W R K 4Bt RO K 4Bt RO K 4Bkt OA/% mAcc/%

1 [0.1,0.2,04] [4,8,16] [0.2,0.4,0.8] [8,16,32] [0.4,0.8,1.6] [16,32,64] 93.4 90.5
2 [0.1,0.2,0.4] [8,16,32] [0.2,0.4,0.8] [16,32,64] [0.4,0.8,1.6] [32,64,128] 93.8 91.2
3 [0.1,0.2,0.4] [16,32,64] [0.2,0.4,0.8] [32,64,128] [0.4,0.8,1.6] [64,128,256] 93.3 90.3
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Fig.12 Visualization of clustering results at each stage
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