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A flexible software platform for detection inspection
based on multiple algorithms integration
MA Yifan, LIN Junyu, LI Baoming, XU Peiquan
(College of Materials Engineering, Shanghai University of Engineering Science, Shanghai 201620, China)
[ Abstract] Aiming at the problem of product defect detection in industrial production, a software system platform of defect
detection is designed by using WPF under the development environment of vs2015. In this framework, three kinds of detection
inspection module algorithms, namely threshold segmentation detection inspection, shape template matching detection inspection and
CNN deep learning detection inspection are developed. By means of comparative analysis, the principle, application scope,

advantages and disadvantages of three detection inspection algorithms are studied. Functional verification is carried out through
experiments on the developed modules. Finally, the research contents of detection inspection are summarized, and the future research

directions are prospected.
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Fig. 1 Development of detection inspection interface
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Fig. 2 Gray histogram
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Fig. 3 The effect of blowhole defection extraction
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Tab. 1 Setting some main parameters of shape template matching
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Fig. 4 Template matching effect image based on shape matching
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Fig. 5 Basic principle diagram of CNN neural network in deep learning
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Fig. 6 The original image and pre—processed image
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Tab. 2 Classifier parameter setting
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Fig. 7 The changes of training error rate in training process
MANGREER AT, DIGRAERFAR /N A TG
AR, A AR 2RO R, anlAl 8 s, fEH
TR & b R C#iE 5 LB CNN IR
JE 24 2] G AR N B B ™ i R ik 9 20 2 AU
e I

B8 ERZTIIGNSAFHITOLNBRER
Fig. 8 The effect images of using the trained classifier to classify
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