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Tire defect image detection based on improved GANomaly network

Liu Yunting Li Siwei Feng Xinyue Zhang Zhixing

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

Abstract: Obtaining defective samples in industrial products is difficult, and the manifestations of defects are diverse.
To better identify defects and improve detection accuracy, an anomaly detection model SPGAN based on GANomaly
improvement is proposed. First, a SPAM dual attention module is designed, which realizes the joint perception of local
defect texture and global spatial relationships through the synergistic mechanism of spatial attention (SAM) and
position-aware attention (PAM). Second, an improved Inception module is introduced between the encoder and decoder
to enhance the reconstruction ability of tiny defect features using multi-scale convolutional kernels. Finally, a deep
discriminator network based on ResNetl8 is constructed to strengthen the discrimination performance of abnormal
features through residual connections. To verify the effectiveness of the improved network, a series of comparative
experiments and ablation experiments were conducted using a self-made tire dataset. The experimental results show
that the improved network has significantly improved detection and segmentation performance on the self-made tire
defect image detection dataset, with an AUC value of 0. 948 and an AP value of 0. 885, an increase of 9% in AUC and
8.9% in AP compared to the original model. The experimental results demonstrate that this method has good
application potential in the field of industrial defect detection.
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SPAM attention module structure
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DXl 0 o A M

2) 7 [+ 40 351 28 4 L

AHFGENT L T 22 Bl ) 3] % 45 48 AE S R R TR Y v (Y
PERER I, LI 2R KW, R ResNet /5y 1 31 5% i 1
RE AL . AUC 3551 0. 907, AP 7 0. 869, & 2 {t T S A5 71
HAtb 22 & . PatchGAN KB Z . AUC K 0.876. AP
0. 852, 7R Y HAE = f A iR H ) B A k. VGG19 5§
JE AR PEREAR T, (H 3955 T ResNet 5 PatchGAN, 455 3%
W L )2 ke 22 0 465 235 ) SE A ) T R PR v 1 00 e

AN, 38 3T T ResNetl8, ResNet34, ResNet50 Fl
ResNet101 iX 4 FpASfR, e 4 pros, B B F ok 2= 45
i, AN R B2 Y ResNet X S5 A U 1 GE 32 o 1 3%, Hirp,
ResNet18 HfH T fe M £ A8, B B F 5 8% W ResNet34,
ResNet50 Fll ResNet101, X 3% B, [ 4% I JE BOR B 47, 3
G451 T BE 5 B 1006 3000 fk RXE L S i R A 3 B
J1o MHZF JResNet18 fEFFIERILAE ) SRR J T 2
B8] 3K 2 7 BEAR T, AR T TR A A 1 R

x4 TEANFEWERILE
Table 4 Comparison of experimental results of

different discriminator

3! AUC AP
PatchGAN 0. 876 0. 852
VGG19 0. 856 0. 801
ResNetl18 0.907 0. 869
ResNet34 0. 824 0.773
ResNet50 0. 867 0.741
ResNetl101 0.728 0. 705

2.6 HELSSIG

R T WAETI AR SPAM VEE S P Inception B Al
ResNet F 3] &5 B8OR AT T RO 2T RS, BT A
SU H R S A S A R S 80 B A SO0 AR VIR
5 AR S8 DLRIE S — B0, 5 R B A W] Lok

ZEEOKE 3R 5 MISE AL Wb SRR T A ek A 4%
BRI RE A AR BTk, SCI 25 R BoR , 1X 3 A etk 41 {4 A
S 5IE R F M AUC {8884 $2 71, 3 4> etk 3k [ 4 A wT

F5 AUCHEMIBER
Table 5 AUC ablation results

AL 2 1 il %% ot i 2 25 i IS TR BB
GANomaly 0. 826 0. 849 0.893 0.912 0. 858
GANomaly+ SPAM 0. 833 0.852 0. 945 0.961 0.919
GANomaly—+Inception 0. 857 0. 883 0.942 0. 936 0. 893
GANomaly+ ResNet18 0.812 0. 833 0.901 0.921 0. 907
GANomaly+ SPAM -+ Inception 0. 858 0. 897 0.927 0.953 0. 925
GANomaly+SPAM-+ ResNet18 0. 876 0.911 0.968 0.962 0.933
GANomaly+ Inception+ ResNet18 0.871 0. 875 0.929 0. 945 0.920
GANomaly+SPAM+ Inception+ ResNet18 0.901 0.920 0.992 0.988 0.948
1y 0. 858 0. 881 0.943 0.952 0. 920
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