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PCB Defect Classification Model Based on Siamese Deep Feature Fusion Residual Network
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(Hubei Key Laboratory of Intelligent Geo-information Processing (China University of Geosciences), Wuhan 430078, China)

Abstract: In the electronic industry, defect detection of printed circuit board (PCB) has become more and more important.
Some minor or irregular damage of PCBs is closely related to visual texture information, such as dense and complex PCB
cables. Feature vectors extracted from the traditional convolutional neural network are prone to lose the intermediate
visual feature information such as texture features; which results in an insignificant detection effect for minor and
irregular damage. To solve this problem, this study proposes a PCB damage classification model based on a Siamese deep
feature fusion residual network, and the model’s backbone network is ResNet50. In the feature extraction stage, the
intermediate visual features such as texture information and the high-level semantic features finally output by the neural
network are fused into a 32-dimensional feature vector. The similarity between the vectors of the two features is
represented by the L2 distance, which is used to judge whether the PCB is defective. Triplet loss and cross-entropy loss
are applied in the training phase, and the combination of multiple loss functions improves the accuracy of the network.
The validity of the model is verified by experiments, and the accuracy on the test data set reaches (95.42+0.31)%. This
indicates the feasibility of the model in PCB defect classification and detection.
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16 #" 93.89+0.51
32 95.42+0.31
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Feature fusion architecture Accuracy
Without scalel 94.36+0.19
Without scale2 94.84+0.38
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Full scale 95.42+0.31
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4 GORE

AR H— P 2 R i 2 7% L 4 1
PCIB 45405 4 H g8 M 8 24 LB
PCB P {465 Pt MR 5 2 8 SRS ik 25 2
32 e L, P AVREAE 8 2 Y L2 B 5
SRR AU H L, P POB 0 . 3 i He
L2 B RS 5 1600 B o 5605 VE B, 7 LA
i PCB 7 J2 AT BRI, T h 0 00
R SRR AR R BERAE, LT84 1 00 %
AR EAE R . B R 24 S i & % K R
AIAE SR B S 7 T BB . S0 A
O T 2 VR T 4 9 % P8 24 76 BRI 223 PCB
P 55 o S R 45 SR TR A4
Pk, B AR AR S _EIXF] (95.42+0.31)% MIHERGR,
SR T PCB A AR A

SE 30k
1 Zhuge MC, Fan DP, Liu N, ef al. Salient object detection via

integrity learning. IEEE Transactions on Pattern Analysis and

© TEREBIK R

http:/fwww.c-s-a.org.cn


http://www.c-s-a.org.cn

2023 4F #5324 5

http://www.c-s-a.org.cn

i H AR SN A

w

w

o]

Machine Intelligence, 2023, 45(3): 3738-3752.

RIE, MK, £, 5 5T oo B LT e BRI 2 407
(1) PCB Rk [ 2 A4S W J5 9. B2 6 5%, 2020, 41(4):
837-843.

Bhatt PM, Malhan RK, Rajendran P, et al. Image-based
surface defect detection using deep learning: A review.
Journal of Computing and Information Science in
Engineering, 2021, 21(4): 040801. [doi: 10.1115/1.4049535]
Czimmermann T, Ciuti G, Milazzo M, et al. Visual-based
defect detection and classification approaches for industrial
applications—A survey. Sensors, 2020, 20(5): 1459. [doi: 10.
3390/520051459]

Wu FP, Zhang XM, Kuan YC, ef al. An AOI algorithm for
PCB based on feature extraction. Proceedings of the 2008 7th
World Congress on Intelligent Control and Automation.
Chonggqing: IEEE, 2008. 240-247.

Tsai DM, Huang CK. Defect detection in‘electroni’c surfaces
using template-based Fourier ' image "reconstruction. IEEE
Transactions on Comp,onenté, Packaging and Manufacturing
Technology, 2019,§(1): 163-172.[doi: 10.1109/TCPMT.2018.
2873744]

Zhou XE, Wang YN, Zhu Q, et al. A surface defect detection
framework for glass bottle bottom using visual attention
model and wavelet transform. IEEE Transactions on
Industrial Informatics, 2020, 16(4): 2189-2201. [doi: 10.11
09/TI11.2019.2935153]

Xin HJ, Chen ZB, Wang BY. PCB electronic component
defect detection method based on improved YOLOv4
algorithm. Journal of Physics: Conference Series, 2021,
1827: 012167. [doi: 10.1088/1742-6596/1827/1/012167]

Li Y, Li JF. An end-to-end defect detection method for

mobile phone light guide plate via multitask learning. IEEE

Transactions on Instrumentation and Measurement, 2021, 70:
2505513. 0

10

13

14

16

Shi W, Lu ZS, Wu W, et al. Single-shot detector with
enriched semantics for PCB tiny defect detection. The
Journal of Engineering, 2020, 2020(13): 366-372. [doi: 10.10
49/j0e.2019.1180]

Bozi¢ J, Tabernik D, Skoc¢aj D. End-to-end training of a two-
stage neural network for defect detection. Proceedings of the
2020 25th International Conference on Pattern Recognition
(ICPR). Milan: IEEE, 2021. 5619-5626.

Ding RW, Dai LH, Li GP, et al. TDD-net: A tiny defect
detection network for printed ecircuit boards. CAAI
Transactions . 2019, 4(Q2):
110-116. [doi: 1‘0‘1049/trit.2019.6019]

Chopra S, Hadsell R, LeCun Y. Learning a similarity metric

on Intelligence  Technology,

discriminatively, with application to face verification.
Préceedings of the 2005 IEEE Computer Society Conference
on Computer Vision and Pattern Recognition. San Diego:
IEEE, 2005. 539-546.

Ling ZG, Zhang AR, Ma DX, et al. Deep Siamese semantic
segmentation network for PCB welding defect detection.
IEEE Transactions on Instrumentation and Measurement,
2022, 71: 5006511.

Miao YL, Liu ZW, Wu XN, et al. Cost-sensitive Siamese
network for PCB defect classification. Computational
Intelligence and Neuroscience, 2021, 2021: 7550670.

He KM, Zhang XY, Ren SQ, et al. Deep residual learning for
Proceedings (of | the 2016 IEEE
Conference on Computer Vision and Pattern Recognition.
Las Vegas: IEEE, 2016. 770778

Schroff E, Kalenichefiko D, Philbin J. FaceNet: A unified
erhl?edding for face recognition and clustering. Proceedings
of the 2015 IEEE Conference on Computer Vision and
Pattern Recognition. Boston: IEEE, 2015. 8§15-823.

(B e FhEHE)

image recognition.

Software TechniquesAlgorithm FXFFH AR 5% 195

© TEREBIK R

http://www.c-s-a.org.cn


http://dx.doi.org/10.1115/1.4049535
http://dx.doi.org/10.3390/s20051459
http://dx.doi.org/10.3390/s20051459
http://dx.doi.org/10.1109/TCPMT.2018.2873744
http://dx.doi.org/10.1109/TCPMT.2018.2873744
http://dx.doi.org/10.1109/TII.2019.2935153
http://dx.doi.org/10.1109/TII.2019.2935153
http://dx.doi.org/10.1088/1742-6596/1827/1/012167
http://dx.doi.org/10.1049/joe.2019.1180
http://dx.doi.org/10.1049/joe.2019.1180
http://dx.doi.org/10.1049/trit.2019.0019
http://dx.doi.org/10.1115/1.4049535
http://dx.doi.org/10.3390/s20051459
http://dx.doi.org/10.3390/s20051459
http://dx.doi.org/10.1109/TCPMT.2018.2873744
http://dx.doi.org/10.1109/TCPMT.2018.2873744
http://dx.doi.org/10.1109/TII.2019.2935153
http://dx.doi.org/10.1109/TII.2019.2935153
http://dx.doi.org/10.1088/1742-6596/1827/1/012167
http://dx.doi.org/10.1049/joe.2019.1180
http://dx.doi.org/10.1049/joe.2019.1180
http://dx.doi.org/10.1049/trit.2019.0019
http://dx.doi.org/10.1115/1.4049535
http://dx.doi.org/10.3390/s20051459
http://dx.doi.org/10.3390/s20051459
http://dx.doi.org/10.1109/TCPMT.2018.2873744
http://dx.doi.org/10.1109/TCPMT.2018.2873744
http://dx.doi.org/10.1109/TII.2019.2935153
http://dx.doi.org/10.1109/TII.2019.2935153
http://dx.doi.org/10.1088/1742-6596/1827/1/012167
http://dx.doi.org/10.1115/1.4049535
http://dx.doi.org/10.3390/s20051459
http://dx.doi.org/10.3390/s20051459
http://dx.doi.org/10.1109/TCPMT.2018.2873744
http://dx.doi.org/10.1109/TCPMT.2018.2873744
http://dx.doi.org/10.1109/TII.2019.2935153
http://dx.doi.org/10.1109/TII.2019.2935153
http://dx.doi.org/10.1088/1742-6596/1827/1/012167
http://dx.doi.org/10.1049/joe.2019.1180
http://dx.doi.org/10.1049/joe.2019.1180
http://dx.doi.org/10.1049/trit.2019.0019
http://dx.doi.org/10.1049/joe.2019.1180
http://dx.doi.org/10.1049/joe.2019.1180
http://dx.doi.org/10.1049/trit.2019.0019
http://www.c-s-a.org.cn

	1 引言
	2 算法介绍
	2.1 模型整体设计
	2.2 特征融合残差网络
	2.3 孪生网络和多重损失

	3 实验结果与分析
	3.1 数据集
	3.2 实验结果

	4 结束语
	参考文献

