Ha4% 100 &/ L F O M Vol. 44 No. 10
2023 4F 10 H Chinese Journal of Scientific Instrument Oct. 2023

9DOI; 10. 19650/j. enki. ¢jsi. J2311887

ETHUENEZINEEZSTERARERNUTE

I OA'BRSHT AR M xlkoe' 2 oms!
(1. FERMRH A d i TR TR 400065; 2. PEZ3S MRk Pi4  710049)

T E AR R A R S A D REE A, TR A I A TG T R e AR IR T AR RN A, SR 4 8 b
KRB Z FYREAD BIES AR E FBOW A IR [ R, A8 SCE T — Rl i R AR S 3 A0 J 12, A 76 8 0C
BB EG EPLE R  AE R - R AR B X ik I 4% RO A5 3 FRALRE AT 22 1] (915 3 GORE R 9 28 7 B A B0
DL 5 AT A FIAE AL, 3 S DX B AT W, I 2% 0 1 T IR — S W AR AR Z R R 3R 22 57 35 Ak 26 X 18 e | B i
SO B DG [l Bl B SRR A (1 5 R A, 4 TH R 2% 12 AR BE T A RS AT ROt AU A R I 2 I 45 A
DeepPCB ¥4 AT T IPAN , T M4 88. 2% By mAp, iF #8247 > Z J5 AR 99. 1% B mAp, AiZ B % E B TEdr iRCR . 5
B R AR WA SO S 1 A S A 12 B LA iz AL g

KEEIA . WAL BB 2R 45 TEREAR S ) s /INREAR 27 o] S S8 3

hE4S3S . THI66 TP391.4 XHEFRIRAS: A ERREZRSERE: 520. 2060

A zero-shot connector anomaly detection approach based

on similarity-contrast learning

Wang Yue',Yin Xinghang',Zheng Shuai’®,Liu Yongxu',Wang Peng'

(1. School of Advanced Manufacturing Engineering, Chongqing University of Posts and Telecommunications, Chongqing
400065, China; 2. School of Software Engineering, Xi'an Jiaotong University, Xi'an 710049, China)

Abstract: Connectors are essential components of electronic devices, and the cleanliness of their working contacts is a necessary
condition for the normal operation of electronic equipment. To address the frequent issues of false positives and false negatives caused by
the diverse types and styles of connectors, as well as the limited and variable foreign object samples, this article proposes a novel zero-
shot anomaly detection method. By synthesizing random anomalies on unrelated background images, it constructs pairs of normal-anomaly
sample images. Through network prediction, a discrepancy score map representing the pixel-level similarity between sample pairs is
obtained, enabling anomaly detection and localization. By employing anomaly region mask supervision, the network focuses on the pixel
differences between normal and anomaly samples, reducing the network’s attention to the semantic information of the images themselves
and minimizing the need for real samples. Thus, the generalization ability of the detector is enhanced. To evaluate the effectiveness of
the algorithm, the network is trained solely on synthesized data and evaluated on the DeepPCB dataset, achieving a mAP (' mean average
precision) of 88.2%. After transfer learning, the mAP increases to 99. 1% , which is the best performance on this dataset to date.
Experimental results demonstrate the strong generalization ability of the proposed zero-shot anomaly detection method.
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Fig. 1 Architecture of zero-shot anomaly detector
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