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Tire defect detection based on improved autoencoder structure

Li Hongkui Chen Hao Liu Yunting Zhang Xingwei Feng Xinyue

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

Abstract; To address the challenges of low contrast and small defect sizes in some X-ray images of tires, which make detection difficult,
an improved model based on generative adversarial networks ( GANs) is proposed to enhance the accuracy of tire defect detection.
Initially, issues with traditional generators are analyzed. Building upon the GANomaly model, the proposed approach incorporates the
attention mechanism module ( NAM), flow alignment module ( FAM ), and PaichGAN to enhance feature exiraction and image
reconstruction capabilities. The NAM enhances the model’ s focus on defect areas through normalization, while the FAM accurately maps
features from low-resolution to high-resolution feature maps, ensuring information consistency and effective fusion across multiple scales.
PatchGAN, with its local discriminator, improves the model’ s ability to recognize local features. Validation tests on a self-constructed
dataset of four tire defect types demonstrate significant improvements in key metrics, achieving an AUC of 96. 4% and an AP of 95. 8%.
These results indicate enhanced feature extraction and image reconstruction capabilities, leading to improved defect detection accuracy.
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Table 2 Parameter settings
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Image size 256%256
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AR 45 1E Bl 28 ( receiver operating characteristic curve,
ROC) FURE i 2R-43 [ R i1 28 ( precision recall curve, PRC)
HLE G VR S R AL A PERE . X PIRP Iy R 7E — 42
[ e BT iz T, B H R AL

ROC 128 i 223 il B 1E 288 5 B 284 2 ] Y ¢
R, HUHER T RASEA R PSR B T 1) M Re 281k
1M1 PRC D39 T B 38 R (0] 3 0 1887 A 91 A 7 T %
e BEAS A (i Hle B I X — i 2R AR A3 1 S A R A A
REPEAR

GANomaly 5 AFPGAN f#] ROC XJ [t [#] Fil PRC X Lt
FaniE 9 M 10 Frws

ROC
r - ———
08 |
¥ 0.6
K
A
i 0.4
02k —— AFPGAN
— = = GANomaly
0.0
0.0 02 04 0.6 0.8 1.0
fRIESK %

K9 ROCXfLLIA
Fig.9 ROC comparison diagram

SR ATE TR A S (10 A5 TR R 4 2 A A i 483 5
AR EL, B2 AER 11 R 12 TPk fr T PR A0 R Fl
X, HEE 11 FrR g, 1 LA 3] GANomaly #EAL7E |
Yrad e A F A 2R BB Wt TR , e & A 8L
{E°4 0.058 9, Mgkt J5 A AS AFPGAN 76 A [A] Il 4k 4%
o NS A 17 8 N B2 R R Ty O G o 48
FCSIENC N 0.019 4, MIELZ T, AFPGAN [y i 2k

5 38 £
PRC
10 F
038
w06
€
B oat
o2l T AFPGAN
.......... GANomaly
00|
00 02 04 06 08 10
EEJoES

10 PRC X LLI&l
Fig. 10 PRC comparison diagram

KA T 0.039 5,3 W] AFPGAN 7E A RE J1 7 TS5 T
WA T, R, NI 12 Ul Ghad B AT DL E
GANomaly g fih 4 2k R &L 2B Wil 84T 0. 039 6, K
HEJE IR AL AFPGAN e 8T 0.002 3, tHILZ T,
AFPGAN M4 i 51 2 B AR T 0. 037 3, X — 45 L £ W
AFPGAN TERFIE B A ANk D TR T R kit
R RS BBV iR & T R R S E R A
B DX B B e T AR 17 S A DU e

0s5r
------ GANomaly
04 F . —— AFPGAN
:

= :
B
£ o2
L

01F

00 0 20 40 60 80 100

L[E37¢ 027
Bl EAG R R Zxt LA

Fig. 11 Comparison of reconstruction loss curves

2.5 FEEsRIE

J T FESr 7R AFPGAN A5 A 45 T HAB A AL 1 £t
A, SR T AH [R) B9 040 5 % GANomaly | F-AnoGAN |
AnoGAN LA K Skip-GANomaly HE4T T I ZEFniiat, EAK
ZERANER 3 PR,

Z3E T AEFRAE i 4 1 AL (area under the curve,
AUC) J2— N Tl i s R asPE BRI e T A, (R85 36
ZNBEHY Y X 43 BE 7785 | BIVRE T AT M X A3 IE 5 S
AFPGAN £ X — 48 5 [ 13 43 24 0.964, i % & T
GANomaly , AnoGAN | F-AnoGAN FI Skip-GANomaly F¥ 53



H T UG AT A 2 ) P58 i e AN 177 -

5510 3]
06 F e GANomaly
—— AFPGAN
§
Tl-g 04 F b
2 L
.H( bt
E{
Z oot
T
0.0 F
0 20 40 60 80 100
P ER7E 073

B 12 gufitdii 2 pRith 2 X Le &l

Fig. 12 Comparison of Encoding Loss Curves

B, X R AFPGAN #iA H m i S w Riee J1, 3
K5 2% (average precision, AP ) {Effi it (1) 2 BRI AL T A A [
I (1 K B -9 [l Sl 26 R AR, X A bR L,
AFPGAN 11945437 0. 958 , 7L i JAlh 4 ASBERL, B T I
AT BEAE i RO 1 S 8 O, T LA A T R AR U AT 55
N e R R S = ] S A G 98

R3 AEERLIGERITLE
Table 3 Comparison of experimental

results of different models

it AUC AP
GANomaly 0. 858 0. 852
AnoGAN 0. 806 0.758
F-AnoGAN 0. 682 0.704
Skip-GANomaly 0.814 0. 808
AFPGAN 0. 964 0.958
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Table 4 Results of ablation experiment

AR AUC AP
GANomaly 0. 858 0. 852
GANomaly+NAM 0.944 0.938
GANomaly+FAM 0.948 0.954
GANomaly+PatchGAN 0.918 0.933
GANomaly+NAM+FAM 0.953 0.941
GANomaly+NAM+PatchGAN 0. 946 0.947
GANomaly+FAM+PatchGAN 0. 956 0.952
GANomaly+NAM+FAM+PatchGAN 0. 964 0.958
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