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Detecting reconstruction defects in leaky cable snaps based on
region of interest constraints

Ren Shuai Li Yi Xiao Wulong Wang Yihan Li Bailin
(School of Mechanical Engineering, Southwest Jiaotong University,Chengdu 610031, China)

Abstract: Aiming to address the false detections caused by background reconstruction errors in the self-supervised leaky
cable snap defect detection algorithm, this paper proposes a two-stage leaky drop snap defect reconstruction method
based on region of interest constraints. For the classified snap region images localized by the target detection algorithm,
a segmentation network is first employed to differentiate between snap and cable leakage regions. Subsequently, the
corresponding masks are utilized to guide a stacked adversarial generative network to reconstruct the snap regions,
ensuring high-quality reconstruction of the defect areas while maintaining background consistency. Additionally, the
generative network is optimized to place greater emphasis on reconstructing the regions of interest by integrating deep
residual blocks and refining the loss function. Ultimately, the trained network is deployed for the reconstruction of
snap images, determining the presence of defects based on the similarity scores of the images before and after
reconstruction. Quantitative results on the leaky cable snap dataset demonstrate that the proposed algorithm achieves a
defect recognition accuracy of 92. 3% and a recall rate of 93. 4%, surpassing the performance of other self-supervised
snap reconstruction methods. Visualization results further indicate a reduction in background reconstruction errors in
the proposed method.
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Fig. 1 Self-supervised defect detection process for leaky cable snaps
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Fig. 2 Leakage cable snap reconfiguration model
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Table 1 Potential feature space structure for mask
segmentation networks
) 4 2 P i i e
A 128 X128 X3
Convl Conv3 X 3+BN-+Relu 128X 128X 64
Conv2 Conv3 X 3+ BN+ Relu 64 X64X128
Conv3 Conv3 X 3+ BN+ Relu 32X 32X256
Conv4 Conv3 X 3+ BN+ Tanh 16 X16 X512
DeConvl ConvTrans3X3-+BN+Relu  32X32X256
DeConv2 ConvTrans3X3+BN+Relu  64X64X128
DeConv3 ConvTrans3 X3+BN+Relu 128X 128X64
fi th Convl X 14 Tanh 128X 128X 3
Lyis = Ui O D Z (10)
Liir = U ®2) O Z (an
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Table 2 Generator network structure
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Convl Conv3 X 3+ BN+ Relu 128 X128 X 64
Conv2 Conv3 X 3+BN-+Relu 64X 64 X128
Conv3 Conv3 X 3+BN-+Relu 32X32X256
Conv4 Conv3 X 3+ BN+ Relu 16 X16 X512
Conv5 Conv3 X 3+ BN+ Relu 8X8X1 024
Conv6 REX3 §X8X1 024
DeConvl  ConvTrans3 X3+BN-+Relu  16X16X512
DeConv2 ConvTrans3 X3+BN+Relu 32X32X256
DeConv3 ConvTrans3 X3+BN+Relu  64X64X128
DeConv4  ConvTrans3 X3+BN-+Relu 128X 128X 64
i i Convl X 1+ Tanh 128X 128 X3
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Fig.4 ELA attention mechanisms
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Table 3 Discriminator network structure
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Conv4 Conv4 X 4+ BN+ LeakeyRelu 8 X 8X512
i ity Conv4 X 4+ BN+ Tanh 8X8X1
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Fig. 7 Comparative experimental diagram of defective snap reconfiguration
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Table 5 Leakage cable snap reconfiguration comparison results
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Table 6 Comparison of leaky cable snap defect detection

DR/ SSIM COSIN MAE L 70 K i i 7 [6] % AUC
CycleGAN 0. 872 0. 921 7.123 YOLOv5-M 0.921 0. 929 0.972
Skip-GANomaly 0.917 0. 939 5. 847 YOLOv8-M 0.928 0.931 0.974
Sewk[11] 0. 942 0. 964 3.312 Skip-GANomaly 0. 881 89. 100 0. 931
StackGAN 0. 939 0. 944 4. 621 Hk[11] 0.911 0.919 0.961
ARSI 0.971 0. 975 1. 094 Stack-GAN 0. 891 0. 897 0.931
AL 0.923 0. 934 0.972
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A 0. 923 F1 0. 934, AUC {4 0. 972,
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Table 7 Comparison table of modular ablation experiments
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Fig. 8 Distribution of similarity scores for the methods in this paper
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RE ERD SSIM  COSIN MAE AUC
X X 0.939 0.944 4. 621 0.931
Vv X 0. 945 0. 949 3. 145 0. 945
X Vv 0. 955 0.958 2.154 0.959
Vv Vv 0.971 0.975 1. 094 0.972
*8 REMTIEHENEMIHHNF N
Table 8 Impact of the number of RE on
reconfiguration experiments
RE #=# SSIM COSIN MAE
1 0. 940 0. 944 4.621
2 0.941 0. 944 4. 287
3 0. 945 0. 949 3. 145
4 0.946 0.951 3.026

N 7 B SR AT DL

DMAIA RE J5, SSIM, COSIN F1 AUC 43 542+ T
0.6%.0. 5% 1. 4%, [f Ik MAE [ 1. 476, XIEW] RE
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TR 77 A T A ) B 5 R 9 TR AR LS B PR R 6

2) A K )5 BB 78 SSIM, COSIN F1 AUC 43 51
PBIFT 1.6% . 1. 4% A 2. 8% AR MAE F#AIK 2. 467, #8
5% I 174 (7 P 0 8% il % 4 v O T 0 4 0 X8R, oD i R
THE, DT £ 25 PR A 1 LR

DFEFE A RE M5 & )5 A SCHE A ) MAE I8
T 3,527, SSIM,COSIN Fil AUC 43 31427+ 7 3. 2%,
3100 4. 1% . BB A TG 5 A SO R R I
H B S P BB P T R L 3R M R U I A e T A AR TR
B AR i EE A
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