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ABSTRACT: The application of deep neural networks in industrial inspection is limited due to the lack of instance-level
labels. To address this issue, the work aims to propose a neural network algorithm that combines convolution and attention
mechanisms under weakly supervised learning for practical surface defect detection on cardboard. By integrating channel
attention modules and gradient-based activation mapping modules, this network enhanced the precision of class activation
maps and realized the precise localization of cardboard surface defects. Additionally, a combination of inverted residual
structures and upsampling layers was utilized to refine shallow features and improve the network's feature extraction
capabilities, thereby accelerating the convergence speed. Experiments were carried out on the publicly available cardboard
defect dataset, achieving classification accuracy and localization accuracy of 99.0% and 92.2% respectively under the
training with image-level labels and demonstrating the effectiveness of the proposed algorithm. The disadvantages of a
small number of instance-level labels and excessive subjectivity are avoided, which lays a foundation for the removal of
defective cardboard based on robots.
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identification process
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Fig.2 Weakly supervised cardboard surface defect detection network
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Fig.3 Component modules of the
backbone network
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Tab.1 Training set and test set distribution

AR A B2 2 51 RS 6 DA R

detect 845 211

no_detect 387 96

it o T G E 3 B T A 2OKS R  E kG
BE o 0 RS BE P T o SR S5 SRR, E OKS BE Y
30 el R I (L 308 o X B iR A7 o FESER T, BB
PR PO B AR R AR T 81 AR K i X3
YCHR B TR0 X 2k, I ELFE S0IAE 5 B s Al Tout™)
KT 0.5 BN R . 1 5 A L PF-A 452 5
FIPERE, 250 H B AR B IOR B . EARG B . A
3% ( Precision, P). & (Recall, R) FIzZI:1L
(Intersection Over Union, lioy) 5 P164n. A&
KLWF

P=_—2" (6)

p
= ™)
T, +F

AnB

(010 A — (8)
AuB

Hovp, FEAS S50 R A0, 5 TSR A A R A R4 2 4>

7338 FIA BRI BHR R R IEREA TGk A 404

BUg R A, e T, 7R IEREA TN by A ik

FAARA I REA R F) R SRR AS B T O A7 e o 4K

MRAREAS R s R 2R IE AR A 00 Ay e e o 4K Al 1)

FEAK A IR TN A A INAE 5 B 378 ELSE AR IIAE

3.2 KIS

S0 I BE N Windowll #EAE RS, % H
i7-12700KF CPU, 32 GB RAM #il NVIDIA GeForce
RTX 3080Ti GPU . K, 4if#ifi 5 4 python3.9, REE
2] P K HESR g Pytorch,

YIZRET, SRBERM 25 R AdamW B B T (%
FUEATINGR, HodpaE 2] %k 0.000 1, AUEFH R
R 0.05, F/MIERIT N 14, IZREAR K ECH 200

&, TERERIE @3 2, BT Swin Transformer Block
B R B K T TE R A1, DR L AE 1 A BBk 22 45
Fa A B AT RO I, A5 (R S A&
i CHXW) Zd B8 n R SRAR IS #Y RS (H/nwWin ),
NGB IR Y, BT GPU WAFARR, Hibx)
Bk R B BERARI L 224 18 K *x224 18K, K
AR Tl B A RS I B AR L AE AT A 2 S
AT B E LB, A5 A 4% 19 R [ 1 0 R 2 R
1024 B &Ex1 024 18 %,

3.3 MEHERDW

AR SO Biti 25 ) 265 i ik AR A3 TAE R
T R4% %) Swin minuscule ( HIRE R (2,2,2,2) K
STB #He4H 1% ), 51 A IRB JZF1 SEB JZ 1Y R 28 RE fif 07
PRt 2] 2] B AF I ZRRIE , TS 20 TR 4 ) & 2
FROE, BRI L% U, F+ H Swin minuscule 75 &
I 2 RGBT ek B G AR SCBERL ) 2= )
PERE . A OB AR el 6 L U ZRFE it 2k il Ze A s
AR E 6 frs

R PEAG A SO R ) A R, ZEAR R B I 2 551
T 5 Y50 W AYE L ResNet34!"*) | Swin tiny! k17
X H o H AR SCRLRY B JE AR B T M 4% ( Backbone )
BRE N (2,2,2,2) B9 STB B, HBERE
IMAIREE R (2,2, 2,2 ) Swin minuscule /EN LK
MR 2 AT LIE Y, ARSCHARLE 5 R a9 i PR fg
A28 HERE, 7E 100.0%K5 5 H1 98.5% 71 M1 5 (1) 1%
OUR, FE AR 3R TSR A B 2R ) 4SS TE Al Rk F
T 99.0%, ENIEMFIRRT 92.2%. MILZ T, 5%
T HFA ResNet34 BIRTETIE LA AN HME
fig, Bl THEBE R Z B K EEANGET 2%,
L EN PERE— M. ME 2T HEE I Swin
tiny B, BARA RN 100.0%, 525 US40
1o NFE 3 TRl LLE BV T U AE 5 2 52 4E TOU
KT 0.9 Ik AT, A BRI A 2 57.7%
B or IE 8%, A T IR B R A L RE B T
8.8%. & 7 25y T ASHR R AE AR Al 2 THT e 5 54 4 1Y
A SMNET I 7R 1], I € A R AR FR X U 2 1
BT R R 1

0.94 | pror . 0.55F A —— R3O  ARSCAER
5 ’ i —— Swin minuscule 0.4} —— Swin minuscule
@ 0.90 - K 045F | £ ‘
& 0861 ﬁ 0351 ﬁos Eo|
2 0.82F | 0] |
& —— AR = 0.2s) Eozr ||
= 0.78 - —— Swinminuscule o~ = ‘
0.74 0.15+ 0 0.1r A N "<ﬁ' A \J
: ) 4 I 1 I 1 I 1 1 1 1 1 . SO PR 7. A T
0 40 80 120 160 200 0 40 80 120 160 200 0 40 80 120 160 200
BRI E AW v AN/C

a YIGEEnEmhZ

b YIGREEARAR M 2k

¢ MBI R L

Kl 6 ARG 1R SR 5 L b 2k il 25

Fig.6 Accuracy and loss curve of cardboard defect image classification



- 206+ f1 %% T 72

2024 4E2 A

R2 BREXEXWHER

Tab.2 Comparison of experimental results of each model
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ResNet34 94.5 75.6 91.3 99.5
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Swin tiny 94.4 87.6 93.5 100.0
AR 99.0 92.2 100.0 98.5
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Tab.3 Localization performance of the model under
different IOU metrics

- I0U(0.5) I0U(0.6) 10U(0.8) IOU(0.9)
/% /% 18/% 18/%
Backbone 84.7 77.5 62.5 48.9
KN 92.2 89.6 75.2 57.7
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Fig.7 Example of cardboard defect target detection results
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Tab.4 Experimental result

R SIRIERE Y% ENLIETE/ %
Backbone 97.7 84.7
Backbone +IRB 98.7 86.3
Backbone +SEB 99.0 87.9
Backbone +IRB+SEB 99.0 92.2
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Fig.8 Visualization results of class activation diagram of decomposition experiment
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