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Defect car glass detection method

CHEN Chen, DONG Shuai, LIANG YiHui, ZOU Kun
(Zhongshan Institute, University of Electronic Science Technology of China, Zhongshan Guangdong 528400, China)

[ Abstract] In the production process of automobile glass, surface defects such as breaks, scratches, leaks, and fractures will be
caused. This paper proposes a method to automatically identify defective glass by combining machine vision and deep learning. First,
use the glass foreground and background to artificially synthesize defect samples to solve the problem of insufficient negative
samples; subdivide the glass defects into multiple categories and classify the samples at the same time; process the glass image in the
frequency domain to filter the background noise, and then combine it with the glass After graying, the picture is synthesized as the
input of the classification network ; a multi—classification network with the Alexnet network as the template is constructed for training
and prediction. After experimental verification, this method is accurate and effective, we provides a reliable detection method for
glass defect detection.

[ Key words] glass defect detection; deep learning; multiple—classification net
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Fig. 1 Defects such as glass breakage and irregular contour

B,

e B E L o745 4 L5 & A




55

MRfR, 45 BRRBE TR G- DY IR Jr ik 199

1 GREEFARBEINER

AR SR, R 2 2 B 5 KR IR T R H v e
ARRCHIE VA UKl DRI SR 8 DR g Jo e 88 1 TR
ASTT LU R R B A Bl o B U B =
BEESBRIEREA D | N TR AR 75 B AR I (a4 A
i i AR SCHR HH — R 7 S S Dzl L, B e X
BREEZETIN 6 T, UL 1 A0 1 A7 v DL it 2
,

®1 EENERRBER

Tab. 1 Customize common defect types
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Fig. 2 Defect borders are generated from left to right and top to
bottom respectively for No. 1-6
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Fig. 3 1-6 types of generated defect samples
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Fig. 4 System framework
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Fig. 5 Effect after denoising and matting
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Fig. 6 The black area in the picture after denoising and matting is

filled with grayscale picture
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Fig. 7 Multi—classify cnn
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Fig. 8 Comparison of multi—classify and binary—classify
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Fig. 9 Predict result comparison between AlexNet and Resnet
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Tab. 2 Result comparison of methods
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