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Defect detection of tire X-ray images based on FAMGAN

Liu Yunting Liu Xin Gao Yu

(School of Automation and Electrical Engineering, Shenyang Ligong University, Shenyang 110159, China)

Abstract: In response to the problem of small differences in blister defect features and background pixels in tire defect images, as well
as difficulty in detection, Skip-GANomaly is adopted as the basic framework to propose the fusion attention mechanism generative
adversarial network (FAMGAN). Firstly, the skip layer between the encoder and decoder in the generator consists of an attention feature
fusion (AFF) module and a convolutional block attention module ( CBAM) module, which improves the focus on target features and
reduces image feature loss. Then, a joint pyramid upsampling (JPU) module was added to the discriminator to improve the speed of the
model in detecting image defects. Finally, the FAMGAN network proposed in this article will be trained, tested, and evaluated on a self-
made tire defect dataset with classic generative adversarial networks in recent years. The experimental results show that the proposed
network achieves an accuracy of 0.837 for tire blister defect detection, which is nearly 30 percentage points higher than the Skip
GANomaly network.
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Fig.5 Tire X-ray image
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Table 2 Parameter settings
SR SR E
HIE b1 0.5
TR b2 0.99
batch_size 24
2F )R 0. 000 2
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Table 3 Experimental results

epoch 50 100 150 200
il 0. 837 0.779 0. 849 0.812
il 0.872 0. 807 0. 864 0. 838
G 0.870 0. 807 0. 864 0. 838
Ay i 0. 815 0.922 0. 820 0.723
RE 0. 890 0.873 0. 895 0. 842
I 0. 857 0. 852 0. 858 0.811

MFE 3 T LLE H, ¥ epoch & h 50,100 Fl 150,
FAMGAN FE7 ) AUC ~F-HI{E A KR K25 1L, epoch
200 A B () AUC V- 349 (H AN BRAH, 276 5 18 AR SO
epoch I{EHIZE N 50,
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Table 4 Test time

2) KX
5 FMERIAG AUC {HA03 5 7~ , F-AnoGAN F A2,

o 24 50 SFHEJEERS /ms FAMGAN M Sk [ 75 29 AUC 4 0. 837, 5 GANomaly
F-AnoGAN 92.70 FHLEER R T 7. 4%, 4 FhEFEZSARNEARIIRR]Y AUC {52
éﬂzi iﬁg 0.890, 5 GANomaly HIFCHEES T 3.2%, FAMGAN Hjil i
Skip-GANomaly 73.34 FA BTGB AUC {E53 502 0. 870 F1 0. 872, ALK
FAMGAN 67.04 T Skip-GANomaly , FAMGAN A5l 75 28 25 fh isf 753 21 (1) AUC
DEGAN 76. 60 {4 0. 815, 5 HABBAIAR HIFARA S
x5 AUCH
Table 5 AUC values
LAY AnoGAN F-AnoGAN GANomaly Skip-GANomaly FAMGAN DEGAN
i 0.738 0. 704 0.763 0.530 0. 837 0. 447
it 0.772 0. 541 0. 864 0.982 0. 870 0. 857
il 0.789 0. 541 0. 864 0.982 0.872 0. 857
e ] 0. 821 0.737 0.912 0.970 0.815 0. 881
BE 0.787 0.672 0. 858 0.793 0. 890 0.716
-3 0.781 0. 639 0. 852 0. 852 0. 857 0.752
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Fig.7 The detection results
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1) 55 1 ZEH AL

AR FAMGAN 145 CBAM (AFF #1 JPU, iy |
PRI BB SE IS S5 R A5 AT T I kS 58
ARSI 6 iR, % 6 TSRl GAN J& 25

B2 % 2 J5 ) Skip-GANomaly , il i3 58 6 7 LA HH B
Mg ] AFF 2GS0 AUC {3255 1 0. 148, B i
FH CBAM A T TPU HE4T R it i A6 00 45 3] 114 &%
HOHERE GAN AH L AUC (38 4 B4R & T 0. 142
10. 085,

R6 HAKIEHAR

Table 6 Results of ablation experiment

[ RIESA) Al GAN FHehifl GAN+AFF At GAN+CBAM Al GAN+JPU FAMGAN
ARG AUC 0. 671 0. 653 0. 849 0.765 0. 815
S AUC 0.623 0.771 0.810 0. 835 0.837
G AUC 0.720 0. 605 0. 806 0.712 0.870
A2 AUC 0.720 0. 605 0. 806 0.712 0.872
R4 AUC 0.701 0.736 0.874 0. 834 0. 890
¥ AUC 0. 687 0.673 0. 829 0.772 0. 856
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2) 55 2 AT Al S

R T IR UEA [ ASE I ol FH X S A DU R 1Y) 52
Wl AR SCHEAT T 55 2 JEIE RS, A 2 SRR 3 A
R BE LA A, S 56 19 25 Y 43 51 A 15 S Al GAN + AFF +
JPU JEfth GAN+CBAM+ JPU A4l GAN+ AFF+CBAM,
WA EI G Rk 7 iR, &R GAN+CBAM +AFF
B AUC 3498 FL 3Rl GAN +AFF +JPU Fl3LAE GAN +
CBAM+JPU 43 %42 %5 7 0. 054 1 0. 007, JuH 246 I <,
HHEBAF R AUC H A A TR e, 5
fif GAN + AFF + CBAM A1 FAMGAN ( J: Rl GAN + AFF +
CBAM+JPU) # tb, AUC M EJF & A £ Kk 48, 1
FAMGAN {7 ¥ #E Y K 67. 04 ms, FERil GAN+AFF +
CBAM {2 #E1F 149. 05 ms, i W4 CBAM ., JPU FiI
AFF A6 AT LA A R ARSI 5 S5 RN B 55 A A DL B
PR, [RTERE AT A e A5 A0y G 0 2

KT TRBRBESBINER

Table 7 Results obtained by combining different modules

I HeAli GAN Bl GAN  JEAl GAN
HERIE TR FAMGAN
+AFF+JPU  +CBAM+JPU +AFF+CBAM
LA W AUC  0.874 0.921 0.815 0.815
33 AUC 0. 606 0. 628 0. 840 0. 837
iR AUC 0.873 0. 945 0. 867 0.870
F=JE AUC 0.873 0. 945 0. 867 0.872
RA AUC 0.773 0.798 0. 882 0. 890
S AUC 0. 800 0. 847 0. 854 0. 856
SEYIHERT ms 106. 63 75.10 149. 05 67.04
3 8

AR S 25 4w Bk i 2 1Y Skip-GANomaly 3 % AE
8 RHET mh A T HLE B A O BT 45 FAMGAN,
FAMGAN 1 /il A T CBAM . AFF F1 JPU, f#i /| AFF #l
CBAM #4317 ik 2 3 4, H i 1 A AU 2% o] EMRURFAIE
AU HARRHERIBE T, A8 P A T JPU HIk
Pt R AT G ) R RS 5 U T SR Y
F i SR BEAT IR AN K, FAMGAN “CHL 139 AUC
fH% 0.837, lt GANomaly #£ % T 7.4%, FAMGAN {4
AUC PR 5 F A AT RUA Lo A7 P 0 (H 77 425 i
FAMGAN RN ZS AR IR AN BAE R — D Ak SR R
AT ek — A R % PR AR A A DU HE T %
B% T
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