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Research on weld defect image classification based on convolutional neural network

GU Jing, ZHANG Keshuai, ZHU Yiman

(School of Electronic Engineering, Xi’an University of Posts and Telecommunications, Xi’an 710121, China)
Abstract: In order to effectively classify the weld defects and judge the grade of the welding quality, a multi-
scale squeeze-and-excitation network model (SINet) was proposed to improve the traditional convolutional
neural network. Combined 4 groups of 3%x3 convolutional modules in series with Inception module and
squeeze-and-excitation block (SE block). By means of the multi-scale squeeze-and-excitation module (SI
module), the multi-scale fusion and the feature re-calibration were carried out of the features in convolutional
layer to improve the classification accuracy, and the global average pooling layer was used instead of the fully
connected layer to reduce the model parameters. In addition, considering the influence of the unbalance in the
number of weld defects on the accuracy, a deep convolutional adversarial generation network (DCGAN)
method was used to balance the data set, and the validity of the model was verified on the data set. Compared
with the traditional convolutional neural network, this model has good performance with an accuracy rate on
the test of 96.77%, and the number of the model parameters is also greatly reduced. The results show that this
method can effectively classify the weld defect images.
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Table 1 Number of weld defect categories

Ni f traini Ni f traini
umber of training Number of training Number of

Class set pictures set pictures .
(Before DOGAN)  (After DCGAN)  '*S!mng et

Crack 359 573 144
Unfused 567 567 142
Not welded 211 423 105
Bar 85 296 73
Circular 187 548 137
Normal 554 554 138

1.2 HEENTEHLE

TR i 2 2] G0t by, S S 0 DR /IN R A B A
SN BN SRR RE o R D SO A 1 I
i, W28 25 5 B 06 TR A, oA A AR e X
— )i, AR SCHE A 4 )2 L >R DCGAN X Jt i
B A2 AT B s - g b PR, DU T2 S OR R R AE
153 JERE T, T8 A A B 1Y) [] B 3 B AN - £y
B XA S0 . R HH DCGAN J& (11| 2R A
AN | s, Fom 2 B a4 iy . Ak
B Rl 2 fras: Hb (a) WL, (b) h AR IE,
(c) R EIEHbE, (d) RIRTEERFE o

DCGAN F& 75 X} 51t 4= hl W 2% ( generative adver-
sarial networks, GAN) [ S fifh [ 388 il % B 45 FH ) 2%
S5 8, DL R A OB FE A . GAN 55036 i 72
WE 3 iR o G R AR M 4, D R 35 X
2%, M b I A Y 3 ) A MR S Z AR IR
SR LE ) 1) X 285 0 B S A 1 AR, D ) TR 245 )
RS HOS AR . R FH DCGAN AR BUER
L, 28 iR B 2 A L T IR R T R N B
FE LI EH M T’ A 8 . A E DCGAN
JIT A S M A 1 A L, AE D 2% 8 Y1 S FR R
FHGAR WAL 58 05 =X, (A I 2R e B gk — 20
5.



REFDE2E 2020,41(3) 4% #, 55 FET BRI LE W 45 1) K 4% Bl 6 R 0 25 58 ¢ 533

2 SINet 45 1R B [ 18

SINet J& 78 2 T %5 B 22 I 4% i 6 Ak 1, 1
23X IPIRB RN, K 4 4B IEFUIS
SIAEHIATEE G o 4 2H BRIk 4 BURLHAE Sy S it 27
2, T K & 0025 ) BUR I FRAE, T4l 6
R HR 5 11 (50 FH 55 it Ak J2 X6 i T4 B2 HE A TR
¥4 o 4% Inception B B 5 ik 45 3 il A% B ( SE
block) fH 45 &, JE A SIAL B o #E SIELHe b id i
Inception FEHLHAT 22 RUBE B FRARAE, 37 KAERRAE 1A
ARBURRIE B RE 7, 205 SR A v T 4R R .
Je A 4 Ja T 2 AR JZ A A R R el A R
(92 BT B 1k 3 40 A B 1, 7R SR G ol [ 2%
RISy 6 25, IR UL 7 ) 45 di i i 6 S RRAIE 18T, SR
BEASFRAE B B S48, BT SR B 18 o B4~ 26 51 1Y
WESAE, SR 5 K oA A B softmax I HEFT4r 25, 2L
HERRAY (1) Do 2 25 ¥ 1] 4 i
2.1 3x3BEHERRRPFE

P ER IR 11 3 x 345 RS B, LR 3z B 45 ] F —
A5 x SH B BHRAE, (H2 T N S8 LS x 5B
g FRE O TR EBREBIEZREART
10 SR FRRAE B, 5 3 A AR B it 09 2 8080
2x(10x 3 x3)=1804, 15 x &R T FH B S50k
10X 5% 5=250>, H It AT UL 7E 55 AH 7] 2% 37 B7 17 15

B2 DCGAN.EmRMES T, e T 8 R TG 3 ¢ 3 PR B A A b T
Fig. 2 Images generated by DCGAN (2%, PRI F E T e PR B A gl e o
L4 e 5 PR A G B

2.2 SI{ER
SI L& Inception £ 5 SE B AH 45 &,
el 5 sk STAREHE . ST AR HR AN [R] 1) 42 32 480k

[Real/F akeH D

B3 GAN Mg R DUR R AR U BE ST . M 2 E B
Fig. 3 GAN network structure A RBAR, B P B, 3x3B L. 5x5%:

SI module O

O

ﬁg RO,

O

| O

O

Basic network

] Label
o =

Average
pooling

g

Conv+ReLu Pooling Inception SE block

E 4 SINet 544
Fig.4 SINet structure



e 534 VA

55414 5 34

B 3 A AN R B B SR BT 3 M [ 19 RO

AR T IARFAIE A 22 R P, DT 12 1o A 4 P {5 AR
RS ICRE T o M1 x 1 PR AR A S B, Dol /68
TR Z A0, A 10 00 265 %8 88 /01 58 8 14 () B B 1k
AL KM m R MACERAE, B R E
N1, PLHOR R B I AR AR

Previous layer

1x1
Convolutions

3x3

5%x5
Convolutions

Convolutions

%1,
Convolutions

1x1 3x3

1x1
Convolutions| |Max pooling

Convolutions

concatenation

Global pooling

ES5 SIHERTEE
Fig. 5 Schematic diagram of SI module

T STAS G r i ik J 2 38 73 (9 s 2 0Dl VX
— RO BB 5 7 A B AL 1 2 AT 4 ik T A
SE, e A FRRAE, S JC AR . anlEl 6 B s
ST LB Fb 1T 45 9 il 2 5k T (SE block) 1Y 7R 1AL, H
N X 280 s AR AT S T A — D MR
W, Al AR E A ECH e, W SERE, H 9
o SRS R 2 W 28 AN [R], %0 R A
173 A

Ix1xC Ix1xC

F. W)
[ITT] — [l
X X

Fead) LLE
H I
w w

C

C
El 6 SERRNEE
Fig. 6 Schematic diagram of SE module
55 LA RERR O B IR ERAE, XL B R P,
A T — 2R P 24 AL A R AR, R AR I S
w4 R ARSI N x 1< C, 10 (1) R

1 H W
Zc:qu(Xz‘):mZZXc(i’j) (1)
i=1 j=1

55 2 AL RRFR DB RAE, R AR G 1) i G A
RIE R 1Ix1x(C/r), H 24> FC 2 ¥ H f# 75 =
Ix1xC, 153 s, W 4E I C/rx C, WoHY 4t &
CxC/r, N(2)ZXFR:

5= Fo(z, W) = 0 (W,6(W,2)) (2)

B, TERHEIE RIS, PR T H bR 454, i
il EB 8 R A Ay B SRR S O Y A, RS
3 ok 3 T A SE R B R AR AT AR, A 2 7E
B E g RS o XN B H Y Pt e, n(3)
KI7R:

X. = Fyue(X.,5.) = X. X s, (3)

L STAR I A (Y 22 RUBEREAE b LA S 46
Jh A5 AR, X Al 5 B R AR i £ B AR AR i — 2D b
PR, FIH 22 ROBEFRRAE, 45 = X0 A5 4% Sk B R IE 1) $12 L
RE T o o B3 2k Fe 40 VAl 4 A X BT 4 B A R 1]
PEATRREE bR E, (75 A AR IEAUE S K, T
P i AR BE R A A R I MERR R

3 I

AR SCR I HELL Ky Caffe HEZR . FEAR T Zhad
R, A A Al T U (adaptive moment
estimation, Adam) 7E (R4 LI ZRMBi Rl . ) b6 2% >
K (base_Ir) %4 0.000 1. 4 Uk I kb AR Y
& R %t (batch_size) &N 320 £F SE5 A FH L
3 —1k ( batch normalization, BN) 2. 35 3k i 2 #
RSB 1k A
3.1 TN ERR

R HERR VA B A MERE, SR FH— B AR A AN
Jrvk o BERPZERLA T2 o S UER R IRATH P RIS,
SRR R R PR, A E SO

sz’:lﬁxloo%,(jzl,z,---,z() (4)

ZK:P, (5)

e nZRoR j BB I KR 4 15 R B0 s m 2R IE T
G318 j I R B K oA ZONEH , AP K ol 6.
32 ZIELER

S5 v R S i A R B X SINet ) 45 45
RUEAT U0 25, K B Pm 2 45 B 4 - 1 B R 51K 43R
SR AU AR o K U 2R A A R A 4 I
7950, 28 B AE I 4R B i o 1 2R R 93.86%.

xl=

P,=



RAYGE 2020,41(3) &

1, 5« 2T UM 20 0 255 1 AR B sl s 61 15 00 260 5

* 535

Z J5 K DCGAN ~F- i J& 0 504 42, 8 v ele it 9
D £ 455 00 F R AT Sk . TRl 7(a) Ry STNet ) 2% 4%
HUAE DI 25 F0 3R o 72 P 1Y loss fh £k &, AR B 26

Loss vs.Iterations

AR IEARIRAL, AR BRI loss {E; ] 7(b) Dy i3k
o AR v R AR B0 £ AT, R A B O 2 AU, 9
A R R B R A

Test accuracy vs.lters

3.5

Train loss > reTes >
Al Test 10ss 0.9 II-""M'N L e e S g S e g Y
Far
r.'
2.5 o 0.8 [
2 (
=
|
g 2 o7l
S 5 |
1.5 3
Eo6f |
1 |
0.5 l
0.5 |
0 04 L —+SINet
0 1 000 2 000 3000 4000 5000 0 1000 2 000 3000 4000 5000

Iterations

(a) YIZAniiloss & &

Iters

(b) MHERf R

& 7 SINet BhZ%[E
Fig. 7 SINet curve

M 7Ca) A LU B, B R AR K
H loss WL 7E PRI FEAL, 7E 1 000 W LA S TF IR IS,
HAEZ IR IR 5 LA Y loss i 2 KA |
BT RS, T 7(0) b, IR 4 A o B R A
1000 2 f5#a ThasE, HHRAER RS 96.77%.
% 2 0y SINet 2R, i it LA_EPFO $E 40

R LA TGk B PR A 23 S HERR 2 100%, 2
2 LA K B e B 14 53 2R HE R R I TE 98% LA I, iR
BIBOR B . MRS RIEE S SIS
IR REUET AREAR . L8R G BRPE A 8 5K H
KA, A 2 5KBE > B0, FERBE A 4 5K 55
Ir RARIE G, AEATE AT 4 5K EE 3 R AR,

TR BRSS9 3 R A5 2R e HOERf 32, AR HIAT g2 ax 3 KB LI ARTA -
=2 BEBMENS AL
Table 2 Classification results of weld defects
Crack Unfused Not welded Bar Circular Normal P;(Accuracy)/%
Crack 142 1 1 0 0 0 98.61
Unfused 2 132 8 0 0 0 92.96
Not welded 0 4 102 0 0 0 96.22
Bar 0 0 4 70 0 0 94.59
Circular 0 2 0 0 135 2 98.545
Normal 0 0 0 139 100
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Fig. 8 Classification results of some test samples
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Table3 Comparison of accuracy and parameters in

different networks

Model Test-accuracy/% Model-size/MB
AlexNet 93.75 115.6
VGG16 95.32 159.6

ResNet50 96.28 94.5

SINet 96.77 20.0
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