CRVECT R LI | = S A N e Vol. 47.No. 1

2026 4= 2 H Journal of Hebei University of Science and Technology Feb. 2026

XERS.1008-1542(2026)01-0086-11

HF CA-PnPNet ({0743 5 3 2 7 5 0 47 0
(R ATRENE B E SN R T A L R o e AL Y S

(1. TRHAFEKRFHBAEE LRZR,TREEE  050018;

2. ILEMMESARBRARAELERE, TEEKE 050018;

. MM KRFFEEAFEIEAFR,MLERE 050018;
4, LA T Z R ALEATRASE A EL 063020)

i EANHERAREELRERALRIFTLMN T EEZGEH BRI N SR IERANAEE T @0 R,
RET —HESIUMTEMERLE ZEZAMNA G =% 54N W% CA-PnPNet, A, Z A xAT
PointNet+ + 22 #, &£ % E4F 248 BB 3N = 48 5 AR 3%, JU AT 38 B2 42 3 (point ne1ghborhood pro-
cessing in 3D, PnP3D), A EMA T A TR ILMEL F Rk, LR, IINBHEEE HAR
(channel attention module, CAM) , i@ it A8 8 18] 15 UIR M A & B IRAL R4 4F 4, &, XA
e RE A E RN AL F B S B 5 LR R NG —, FE A 50 = 4
BMEIE, ABIEFEW AR, #TT 3B L, 2R KW, CA-PnPNet £ E 5=
O RATS P A A FIE 97,70 BOR R AR BRI 1. M,#ﬁﬂzﬁsﬁ W 33.3 FPS 427+ £ 36.1 FPS, &
BT EL Fa ., BFEALLREERNGFRAENS T2 RS HEMNRET ALK

TER AR =% 5= B8 L5 £ RIEAEN ;PointNet+ -+ ; PnP3D

FE 42 S . TP391. 4; TG409 X ERARIRED : A DOI:10. 7535/hbkd. 2026yx01009

Welded joint type and lack-of-fusion detection based on CA-PnPNet

CHEN Haili"*, GUO Hanzhuang®, LI Jiang', GAO Tiancheng"*, LIU Ying'*,
ZHANG Kun®, WANG Liwei"?, LIANG Zhimin'”’

(1. School of Material Science and Engineering, Hebei University of Science and Technology,
Shijiazhuang, Hebei 050018, China;

2. Hebei Key Laboratory of Material Near-Net Forming Technology, Shijiazhuang, Hebei 050018, China;
3. School of Information Science and Engineering, Hebei University of Science and Technology .,
Shijiazhuang, Hebei 050018, Chinaj;

4. Tangshan Panasonic Industrial Equipment Company Limited, Tangshan, Hebei 063020, China)

Wk H 1 :2025-08-15 3 & 0] H 417 :2025-10-17 ; T AT G 48 - 1 et

H T H K AR (52475343) T LA A AR BL2E 46 (E2020208089, 2024208049, E2020208005)

K —AVEF WA BRI (1998—) , 2z, Tl g BE L5 Jl A, BB 55 A=, 32 2 DA = 4 0 2= R AiE B2 U ThT R A 5%

WAEMEE W, % TR, E-mail:371468939@qq. com

B 1 5 DCH: 22V, 48 BT CA-PnPNet 995 He H2 3k 2680 5 Y KR A 0 (1], vl JL Rk K% %42, 2026, 47 (1) : 86-96.

CHEN Haili,GUO Hanzhuang. LI Jiang.et al. Welded joint type and lack-of-fusion detection based on CA-PnPNet[]J]. Journal of Hebei
University of Science and Technology.2026,47(1) :86-96.



1 IR T, 55 - 36T CA-PnPNet (1945 45 42 3k 28 74 5 g 07 Ao ) 87

Abstract: To address the limited 3D structural perception and insufficient feature discrimination in traditional welding joint
classification and lack-of-fusion detection methods, this study proposed a 3D point cloud detection network that integrated
geometric structure modeling with an attention mechanism. termed CA-PnPNet. First, the network was built upon the
PointNet+ + framework, in which a point neighborhood processing in 3D (PnP3D) was integrated into multiple feature
extraction stages to strengthen the modeling of local spatial geometric relationships. In addition, a channel attention module
(CAM) was incorporated to adaptively emphasize key features by capturing semantic dependencies across channels. Finally,
the collaborative integration of these two modules at different feature layers enabled unified enhancement of both local point
cloud geometric representation and semantic feature expression, resulting in more comprehensive 3D structural
characterization. To validate the effectiveness of the method, multiple sets of comparative experiments were conducted. The
results demonstrate that CA-PnPNet achieves an accuracy of 97.7% in the welding point cloud classification task,
outperforming the baseline model by 1. 9% , while improving the inference speed from 33.3 FPS to 36.1 FPS. These results
validate the superior accuracy and real-time performance of the proposed method. Overall., CA-PnPNet provides an effective

technical reference for intelligent detection and industrial quality monitoring of complex welded structures.
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Fig.1 Schematic diagram of welded joint type
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Fig. 2 Schematic diagram of the data acquisition system
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Fig. 3 Architecture of the PointNet+ + network
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% 1 PnP3D & &% 4%
Tab.1 Forward propagation of PnP3D

Algorithm 1:PnP3D Wi i) {£ #%
Require:
AR X € R BTN
Wy AT . FE RPN
Neighborhood size: £

1:  Procedure PnP3D(X,F k)

2. R LT XA

3:  N_,N, < get_neighbors(X.F.k)
4:  N_,<ReLU(BN(Convg ¢/, (N,)))
5: N, < ReLU(BN(Convyc.c,, (N)))
6:  Fpa<Concat(N_ N )y

7:  F < max(F,dim=—1)

8: AL MEIENAL .

9: F,<ReLU(BN(Convg ¢, (F)))
10:  F,<-ReLU(BN(Convg ¢, (F)))
11: g.<~ mean(F,,dim=—1)

12: g,<~ mean(F,.dim=1)

13: Fie 8.0 g,

e Fijpear

15: Fo<Fyjpe, TF, +F,

16: F;<ReLU(BN(Conve ¢ (F;)))
17 FRAERE i .

18: F, ,<~F —F

19: F, <~ Mish(F )

20: return F

21: end procedure
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Tab. 2 Training algorithm of CA-PnPNet
Algorithm 3:CA-PnPNet Il 255

Input: M= U8 E D={(x,.y, )) L, snumber of epochs E, batch size B, 3% 5
Output: trained network parameters @
Initialize: network parameters @ (including CAM parameters ¥) randomly;
Initialize:optimizer (e.g. » Adam) with learning rate 5;
for epoch<—1 to E do
for each mini-batch{ (X, ,y,)}/_, from D do
/ /T 1 A 4
Input: X, € R X G/OXN
Split X, into coordinate xyz and normal norm (if available) ;
//SA il CAM
17,15 <=SA1(xyz »norm)
I <CAM1U )
1 <PnP3D1 (17>, 15"
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Algorithm 3:CA-PnPNet JI| Z: 5 7%
I35 1S <—SA2" 1)

15 < CAM2U5™)

15 <PnP3D2(15 1)

197 I <SA3 s 1k
1< CAM3 (1)
/)5y %k
y<~ MLP(I;“")wilh layers[ 1 024—>512—>256—>Num_Class]
Apply log_softmax to obtain class probabilities;
/AR
L< NLL_Loss(y,y,)3
/ /5 18] A 5 R B
Compute gradients Vg L;
Update parameters:@<-0-7. Vo L;

return @ ;
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B S 6 KI5 A MO IR IE R A B8 660 MHEAS, 58— T RN 1 024 4T,
JE4 8+ 1+ 1 R4 A INGREE IR R 5L T A AR HETIH L 52 trrh o b B 3, I 20 7k
FHAE IR 2% pR B AL 88 0 Adam , W R 27 2T R %8 0. 001, 4t 58 K/ (batch size) %8 32, VI 248 50h 200,
JIT A SR KA 08 FH R [ 7 DI 25 5 s, DA LR % L 485 2R 1 2 -1k
3.1 HEEREHMITE

h R TE B A B S R AR SR B M B SE R PointNet+ + () 2 Fh BRI SE M SSG Al MSG #EATPEREXS L,
PPk 8 B A5 VE R R (Accuracy) (F1 20 80(FD) JHEH 3 B L) K 2808 (Param) , Hi, TP RoR B ALK E R
T Sk 1E 2 (R A B B s FP 36 s S AN 67 K 0 A 1F 2 i R AR B i s FIND 3R 7R A5 D IE S oA £ 2 i)
AB s TN s A ALK 71 S 000 O 17 2R A AR AR B

Precision = % X 100% (3)
Accuracy = T 1 iij?;! N X 100% , 4)
Recdizzii§£??§§><1oo9é : 5

F1 L Do Rl s

SCEREE RN SR 3 iR . PointNet+ + [ SSG 45 #4 76 #f B & 25 J5 i A8 T MSG, [ I J5 22 52 56 5 3L F
SSG HEZR JZIF .
A3 REABA ML R

Tab. 3 Performance comparison results of baseline models

[ Accuracy/ % F1/% B/ FPS Param X 10 °
PointNet+ +_SSG 95.8 96.9 33.3 1.47
PointNet+ +_MSG 98. 1 97.7 22.8 1.74
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3.2 PnP3D #EHHER N KBS
RARFE PnP3D BEH i B A i A 2 A SOR 03 Sl AR 6] 2 90 SA BEHe i, DLPEAR A 6] 4 A 5K i
X AR PERE R SE MR, SE A R AR 4 PR . CYBLIREIBT R A SAL 5 SA2 ZET BB AEHER R F1 8P
FHNERA 2 (mAco) LA KA R AB (Loss) 55 Z2 T 48 b b 1138 B B A R WZ R A R W BE AT A% 2 A5 180 X Jmy &8 JL
I Z5F ) EERERE J) . PnP3D 5 SA BHEZZFHE R IR B AN C R, B F T TR ) R Ik GE 1 5 502K
TERE .
F 4 PnP3D AR R A% A A MR 45 R

Tab.4 Performance results of models with PnP3D inserted at different positions

[N Accuracy/ % F1/% mAcc/ % Loss
Baseline(SSG) 95. 8 96.9 97.3 0.12
SA1 96. 8 97.1 97.4 0.08
SA2 97.3 97.2 96. 8 0.08
SA1+SA2 97.5 97. 4 97.7 0.07
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Fig. 7 Comparison of t-SNE feature distributions
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Tab.5 Performance results of models with different attention mechanism combinations
[ Accuracy/ % F1/% e L /FPS Param X 10 °
SSG+PnP3D(SA1+SA2) 97.5 97.3 31.2 1.58
+PAM 97.6 97.1 30.9 2.99
+CAM 97.7 97.5 36.1 1.58
3.4 HEEHEMEIR

N BAE CA-PoPNet ££ 82 2% Tl 37 5 T ARG E TE5 G F IR B0t T 3 LX) FUSC o . WA 8 R 1R S0 6 | e 4

RS S SR LS

RPESCE . M Bl b o U1 R B T 19 i D0 AR AU L A FE BRI A
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Tab. 6 Robustness evaluation results of the proposed model

S22 Wahik & AR (Y Accuracy/ % mAcc/ %
0.003 96. 2 97.9
) R 0.005 95. 1 96. 9
I 7 5 e e T MR bR 22 o
0.008 91.3 90.0
0.010 85.0 84.1
0.05 97.7 98.6
" N 0.10 97. 2 98. 4
TP Rl #L 83 % F LL ) drop
0. 20 97.3 97.6
0. 30 96.7 96. 1
0.003,0. 10 97.3 98.0
o N 0.003,0. 20 96.0 97.0
M 75 b G Y Mg 75 - JHE P24 o)
s ot B i o A d 0.005,0. 20 93.8 95.5
R \ 1
SRR 7 arop 0.010,0. 10 86. 6 82.0
0.010,0. 20 84.7 80. 8
1) W 75 6 1 PR 43 By

FEMR A o= {0. 003,0. 005,0. 008,0. 010} ¥ =5 e 7 , DA DL B SR BT T Hhy A% J8 2 R 2 B f L 52
W s B LR A s R, SR A R R U] BR 7R 4% B IR R R MR BE R FREC/N L AT BE DR R 0 SRR
B IEW I BT U R ) .

2) JE P 5 M 43 B

I B AL T A S 500~ 30 Y0 1 S ARSI Y . 25 SRR 2 F g Ll ik 30 V0 B, A5 T o i 3R AN
TRE LA E S A SR R I A SR R E

3 WETE 5P LR G T

] i 5 | AR 5 P AT B A, BN 7E 0 =0. 005, drop=0. 2 Ay &4 F AR5 5 95. 5% i1 °F
PR SR AUAE S 25 (6=0. 010 .drop=0. 2) FHEMZ FHEE 84.7%.

SAK T ,CA-PnPNet 7EM S GEPI R E A T A T H RN R0 & B 5z 008 ). B8 7 g
7 6=20. 005 B A% 2 B R 3R <0, 2 B B AT AT PR IFE T 9500 A4 2R L R A 2 Tl JAR B K D 4
SRR UL TR IRD AL, Sk 52 2% S PR AT ) S ) 42 Sk 28 RPN g s ARG T 4R AL T T R Y AR S
3.5 1REVMERENTLE AR

it — 2 W UEALRLLE 6 ZRFEAR T 4r AR X b T R BB (PointNet+ +_SSG) | 1 [A] B 7Y (SSG-
PnP3D) LA J i ZB# (CA-PnPNet) IAE 855 3 DR Je F1 A8, 45 R nsgk 7 i,

AT FRABEAELSEHAPOEETILER

Tab.7 Performance comparison results of different models across sample categories

%
e Baseline(PointNet++_SSG) SSG-PnP3D CA-PnPNet
Precision Recall F1 Precision Recall F1 Precision Recall F1

X 4 94. 4 93.8 94. 1 97.6 94. 6 96. 0 97.6 95.3 96. 5
Ereg A 97.0 95.6 96. 3 98.5 94. 1 96. 2 98.5 96.0 97.2
A% 100. 0 100. 0 100. 0 100. 0 100. 0 100. 0 100. 0 100. 0 100. 0
X - T A 95. 2 96.5 95.8 95.9 97.9 96. 9 96. 6 97.9 97.2
& - 15 94. 3 96. 2 95. 2 92.7 98.1 95.3 96. 3 98.1 97. 2
£ 4T 18 96. 8 100. 0 98. 4 99. 2 100. 0 99.6 99. 2 100.0 99.6

CA-PnPNet 7£ T A 1) 1 ¥ B e A 5O 51 e A 45 21 L 6 S0 2 o “ 45 - T A " A5 0 4 9 26 31 . FL 43
B 95. 2% TR 97. 2%, WERE T 5 0 BURME S HER . AN FEC T S TR
AF T 7 A0 2 ) v R R A R R T SE SR SR B
3.6 MHMEEERMEITLL 5

R LR VPRI B B AR PERE L B CA-PnPNet 5 ZF 3 5 = M4 (PointNet, PointNet+ + _SSG, Point
Transformer" ,CurveNet"* . PointMLP™ ) 47X Lt , 45 B 41 5E 8 iz, CA-PnPNet 728K Pk fig -2
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Tab. 8 Comparative experiments of different models

A Accuracy/ % F1/% Param X 10 ¢ T 2 3 /FPS
PointNet 89.4 87.5 — 20.1
PointNet+ +_SSG 95.8 96. 9 1.47 33.3
Point Transformer 92.8 89. 6
CurveNet 94.2 90. 6 2.04 5.1
PointMLP 96.5 95.5 12.60 16.5
CA-PnPNet 97.7 97.1 1.58 36.1

e A FUER 3k 97. 700, F1 43 8GK 97, 1% . M E 35 36. 1 FPS, S HUR (U0 1. 58 X10°, %45 R R
RUFEAG L SC it M 5 5 Bk T S T R P, LA R Y TR SE N S S R B

25 F TR ,CA-PnPNet il i fill & PnP3D £ R JU @ BB 5 CAM 38 i i3 25 ) PL, 78RR IE R 3k |
R RSB B T R T

4 % iE

St R 43 S R 0 5 AR A £ R AT A T 7 35 e e A 9 B B T —
F PointNet-+ + fiE4L ) MU = 4 41 2 4 BB CA-PrPNet, POBUREILSIA PrP3D % R JLA 2L L HE bt
55 CAML AT TR T W45 5 4 K 15 15 45 1 SURE #0077 WA T 2 350038 7 A5 40 5 o 52 4 L
oy RAOFAEAE S SR HIX S P, 2R 0T, CA-PaPNet 75 F B MU S 15380 T 97, 790 09 40 2k o ¢ 15
36. 1 FPS [y B B, [R]BF 75 W 7 G P45 52 24 5540 N PR FF R , B0 E T LR RS B L R0OR 5 4 B % O 1 Y 25
B OLF i T AR A D ) S PR oK

AR SRS RN 243 [ 25 K40 114 4 Jag AR A S AT AR AT A IR o R ok T AR SOk — 0 48 TR A0 11 42 Jm S 1 68 07, [R]
R ASEHL Y 8 O T AR R BB CAn AL JBe 2E LRI A SO K IR RS & 5 RR S 2S5 B i BA @ AL, L
52 B A 4 T LT 0 R R A
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