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Abstract: The 3D point cloud classification and segmentation networks ignore the redundant
information in the fusion features, lack the ability to amplify the proportion of effective features,
and cannot fully explore the expressiveness of features. Based on the CurveNet network, this
paper proposes a method that can filter and enrich the fusion features, and the recognition and
segmentation effect of point cloud reaches a relatively advanced level. Firstly, a feature selection
subnetwork with filtering ability for fusion features is proposed, which combines TopK operator
and a scoring mechanism to select fusion features containing valid information and adaptively
assign weight to the selected features. Secondly, two new branches are added to the aggregation
curve feature module, so as to learn the curve internal point distance features and the curve line

distance features, respectively, and extract the internal correlation of each branch through the
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quick channel affinity attention mechanism, which enhances the information description ability of

the network features. The experimental results show that the accuracy of the classification task

on the ModelNet40 dataset reaches 93. 8%, and the average intersection over union of the

segmentation task on the ShapeNet Part dataset reaches 86. 4%. Compared with the benchmark

network, the classification effect and segmentation effect are improved, which proves the

effectiveness of the proposed algorithm.

Keywords: 3D point cloud; fusion feature screening; curve feature; attentive mechanism; classification

and segmentation
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Fig. 1 Network architecture based on sensitive to fusion features
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Fig. 3 The curve feature construction process
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TERFAE W 93 5 Bapping 71 R — 4525 FRUZ
Softmax PREL A Cia Il Piye W7 AT, P18 1l 3
H TEAH DG T T 0 AL ] B MR AR R E A A AR AR G
P Ak 57 0 22 J2 RO AL IEAT AR 48 B2 X 5% B s
5 R RO A A B & AR BRA O R . X —
SeRLIRYE 7 I

Sroge = T (Agea (f)) (9

Soia = & (AQCA(Z (C,, » $(A7(CD )
(10)
Souw = ri’fﬁ””(fnnd) X ¢(flogn X fia) (1D
b f SRR 1) RN AURRAE 18] B 5 C, A Y S B
et e ) I 2R AL 5 f i 72 22 3k 28 35 T 480 1 340 SRR AT
55 28 3 A B B A ) il 2 P R AE f o FE PR AR 5 ¢ h
Softmax PREL; Aqea 247 PR 38 18 AH OC Pk 1 2 7 LI

http: // zkxb. xjtu. edu. cn

PR URRAE G A o 7 AL S AT RS 1) AR S 1 ok i £
FRAE 5 100 | R 2R B X 5%, 6 4 B A A B
TEAE AT T AR BEE
2.2.3 Peiki@ i iE T A

N T Rt R 2 R AR R S M AR B 2
ol T 24 R i A9 i 38 BE T M) P R T AR O AR I
JI WU 4R A S B AR B PR AT S PR J A
KM B O HL AR % Tl A O M T ) LA
(CAA S5 INIE 5 Fr7R o i ARFAE SR 70 o A
R P B R R 3 Ak S i 22 R I
BILXS 2 )R A B 4 (LR G 3 47 e ik 2 BB Ry ik
Fedii s 36 RT3 A PR i 2 0038 1 (QAHY™ IR T
RIS 206 I P A 960 R A B R I (L R e ) R 3
— PO FE N TR AE O 28 o 7 £ WA T AR 5 B




58 W % oz M

PN

58 &

W 2 1) B e e 72 0 e v S s A5 0 9 A i)
I I L I A OFe A 300 AR S PR B S, A B R
B TTAT B AH SRR B g A 5 A S A ek P
il Softmax bR XA 2 W 5T A8 M 2., S0 7 e AE
Hh WU T AS A R R I R S R R Z A R L IR
A e PR T T 3 iR A A AL L 5 R AR
fiE Ty S AR B AR TR R

S =[Aq (M, ()] X A (M, () (12)

Z = $(BS) — S (13)

foun = fHAQZ X Agy (M, (f))) (14)

A M, M M, 3 5] A ) FE AR [ R

Wi 22 J2 L s Ay s A~ A 73 1) 0 A5 700 J 1 | 6

SR O R (LR I 1 PR3 ) SR 5 S Z RO A G
R O R0 AR O R R

LR

PREE R i

SRR R

PR 5 PR T L A A R R A

Fig. 5 The structure of the quick channel affinity attention

PR R 7 8 18 R ] — 4 AUZ A Sigmoid #

% PRECT B i AR AT B B R B R AR 5 A

A B 3R LA IR B0 5 A7 280 AR IE X — Y, A

1T A5 21 i AR A PR S o DR T R A
g 5 pros X —ad B el U AT 2 50%oR

fou =8 () o f (15)

3 SEEER 5

T B R A AR SR R 2 R IE R A
25 A RPE , 7E ModelNetd0 B2 4T 5 =4
HKSH0 , 7E ShapeNet Part £l 48 b #1755 = 4F
A3 EN LG 823 53 S RER A A3 ) 04 S 06 A B S
SR 1 iR,
k1 SHBIBELEAK

Table 1 Experimental environment and parameters
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Table 2 Comparison of the recognition accuracy of different

networks on the ModelNet40 dataset

%) 4% LN M MR/ Y%
PointNet-" PR Y 7 1024 89.2
PointNet+ -+ AR 1024 90.5
PointWeb"™ Babrg 1024 92.3
PointCNN'*/ Mo AR 1024 92. 2
RS-CNN™ M AR 1024 92.9
PointConv''"” Mo AR R 1024 92.5
DGCNNLE# JEPagi LY 7N 1024 92.9
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PointASNL] Mo AR 1024 92.9
PAConv'?" o AR RR 1024 93.2
PCT o A bR 1024 93.2
SO-Net'? MZEEPR+EZ 5000 92.5
Point-BERT" ey 1024 93.2
Point-PN# Mo AR 1024 93.8
TIAE™" o bR 1024 93.2
I12P-MAEFY PN LY 7 1024 93. 4
CurveNet!'" PG LY T 1024 93.1
A< 3L MR 1024 93.8

VRS Ay R ) v
A 45 6 R E $E B AR R Sk 4 S B B X
N AR e B o 1 024—>1 024—>256—>64, 6
R TG 3 A B BE e T ModelNet40 £ 4 4 19 @l &

http: // zkxb. xjtu. edu. cn

FRAE , 07 38 1 AR AR Bl i 23 0 1 024.256.64, TEJS
3 AW BE R B REAE B 2 Wk 2D (AR SR o] DL T
b7 b 43 9 A A A I O A S 3158 P kO A 1 R
TR E T BARESS 1 £ 25 B, FRAE 3 5 7 W 4% 1%

B S B O T A S AR

| teamtomniet fart s
3
i
RH
s
s
B2
1024 50z 2564 i 644 i s

K6 455 o0 B Be s 45 AT

Fig. 6 Points feature map in the network part phase
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Table 3 Comparison of the segmentation result of different networks in the ShapeNet Part dataset
- I/ %
AL o T ORE R OHAL Wl BE BAT BICA BIE K T OKHE R 2T OFHE

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
PointNet++?21 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
PointCNNE 84,1 86.5 86.0 80.8 90.6 79.7 92.3 88.4 85.3 96.1 77.2 95.2 84.2 64.2 80.0 83.0 86.1
RS-CNNH 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 &6.2
DGCNN! I 84.0 83.4 86.7 77.8 90.6 74.7 91.2 87.5 82.8 95.7 66.3 94.9 81.1 63.5 74.5 82.6 85.2
PointMLPM" 83,5 83.4 87.5 80.5 90.3 78.2 92.2 88.1 82.6 96.2 77.5 95.8 85.4 64.6 83.3 84.3 86.1
PRCDRNet"™ 83,8 84.8 89.1 79.9 90.0 82.4 92.0 87.8 83.0 96.1 77.1 95.2 83.2 64.8 83.5 83.2 86.0
PointASNL™ 84,1 84.7 87.9 79.7 92.2 73.7 91.0 87.2 84.2 95.8 74.4 95.2 81.0 63.0 76.3 83.2 86.1
PCT!*] 85.0 82.4 89.0 81.2 91.9 71.5 91.3 88.1 86.3 95.8 64.6 95.8 83.6 62.2 77.6 83.7 86.4
SO-Net!?* 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
Point-BERTY 84.3 84.8 88.0 79.8 91.0 81.7 91.6 87.9 85.2 95.6 75.6 94.7 84.3 63.4 76.3 81.5 85.6
CurveNet'™ 85,0 85.0 88.9 80.3 91.7 77.7 91.7 88.6 85.6 96.0 68.7 95.2 82.3 60.5 76.9 83.4 86.3
A 3L 85.0 80.6 89.7 80.1 91.7 79.7 91.7 88.5 85.6 96.1 70.5 95.0 81.4 62.5 76.4 83.6 86.4
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Fig. 7 Effect of network segmentation of the ShapenNet Part dataset
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Table 4 Comparison of parameter sizes of different networks

o] 2% R BHCE/MB 2 E S HE/ MB
PointNet- 3.5 8.3
PointNet+ + 1.7 1.8
PointConv!!" 18.6
KPConv-'! 15.2
PointMLP!7 12.6 16.8
CurveNet"'" 2.1 5.5
GBNet!?! 8.4
A3 4.1 11.3
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Table 5 Ablation experiment results of different modules on

the ModelNet40 dataset
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