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Unsupervised electronic connectors anomaly detection method

Tang Shancheng Yang Jiging Li Heng

(College of Communication and Information Technology, Xi'an University of Science and Technology,Xi'an 710000, China)

Abstract: The scarcity of abnormal samples of electronic connectors makes it difficult for supervised models to capture
abnormal sample features, which largely limits the detection performance of supervised learning methods. Moreover.
the existing unsupervised models have the problems of blurred reconstructed images and defects remaining, which
seriously affect the detection accuracy. To this end. a one-step denoising simplex denoising diffusion probabilistic
model electronic connector anomaly detection method that requires only anomaly-free sample training is proposed. Since
Gaussian denoising diffusion probabilistic model has feature projection error in the image reconstruction task that leads
to reconstruction position deviation, simplex noise is introduced to construct a simplex noise denoising diffusion
probabilistic model, and the denoising paradigm is reformulated so that the inference time is reduced to 0.09 s. In
addition, the research obtains an image preprocessing method that eliminates the interference of redundant features, so
that the model learns the surface features of the electronic connector efficiently and improves the model learning
efficiency. model learning efficiency. The experimental results show that the proposed method significantly
outperforms the existing unsupervised models under the AUROC criterion, a standard evaluation metric for anomaly
detection. The image-level detection accuracy reaches 99.71% and the pixel-level accuracy reaches 93.86% .,
demonstrating excellent anomaly detection performance.
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Fig. 1 Electronic connector pre-processing flowchart
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Fig.2 A framework for unsupervised anomaly detection in electronic connectors for OSDS-DDPM
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Table 1 Results of quantitative comparison of reconstructed image quality of each unsupervised model

for four electronic connector models

L7 B C1 C2 C3 C4 FHE
DCAE 29.621 1 22.922 3 22.213 8 23.633 1 24.597 6
CycleGAN 23.559 3 24.773 1 17.915 0 27.693 6 23.485 2
PSNR 4 MAE 26.923 8 25.516 5 25.439 8 26. 406 6 26.071 7
DRAEM 25. 898 6 24.910 4 28.628 7 25.565 3 26. 250 8
OSDS-DDPM 29.532 1 25.106 6 30.293 6 26. 497 6 27.857 5
DCAE 0.089 0 0.2283 0.248 1 0.168 3 0.183 4
CycleGAN 0.119 0 0.111 2 0.170 8 0.056 6 0.114 4
LPIPS ¥ MAE 0.097 7 0.122 0 0.105 9 0.116 4 0.110 5
DRAEM 0.112°5 0.135 6 0.041 2 0.061 9 0.087 8
0OSDS-DDPM 0.105 1 0.110 0 0.053 8 0.058 9 0.082 0
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Table 2 Image-level and pixel-level anomaly detection accuracy results
85/ % P Cl C2 C3 C4 ¥
DCAE (88.61,51.39) (78.39,62.43) (81.32,10.75) (90. 80,28. 20) (84.78,38.19)
CycleGAN  (98.38,97. 36) (99.45,82.69) (92.2,81.21) (91.2,97.25) (95.31,89.63)
AUROC MAE (98.83,97.53) (100,89. 86) (94.92,87.43) (90. 08,96.93) (95.96,92. 94)
DRAEM (95. 83,96. 56) (99.92,85.87) (100,90. 08) (98.92,92.21) (98.67,91.18)
Ours (98. 85,98. 28) (100,93. 13) (100,86. 56) (99.99,97.48) (99.71,93. 86)
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Fig. 6 Heatmap anomaly location results
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Table 3 Average reconstruction quality of four models

of electrical connectors before and after pretreatment

SSIM Cl1 C2 C3 C4
i Ak B AT 0.723 0.782  0.75 0.779
AL # 5 0. 885 0.902  0.96 0.925
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Fig. 7 Reconstruction results before and after preprocessing
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Fig. 8 Anomalous localization results for single-form

noise and Gaussian noise
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Table 4 Quantitative results of Gaussian-DDPM,
OSDS-DDPM and OSDS-DDPM+ RM

il RA F14 IoU+ AUROCH*

Gaussian-DDPM ~ 61.10  55.45  36.27 85.57
OSDS-DDPM 74.66  59.59  47.25 89.15
OSDS-DDPM+RM  76.63 61.43  49.41 93. 86
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Table 5 Comparison of reconstruction time between
diffusion model and adaptive noise-adding

single-step denoising diffusion model

e bR Ite. 200 Ite. 400  Ite. 600 A
SSIM 0.92 0.93 0. 82 0.97
HEBREIA] /s 11.40 22. 89 34. 34 0. 09
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