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Machine Learning for the Visual Inspection of Product
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Abstract: The requirement for product information characters visual inspection is continuously increased in the modern
industry manufacturing. The machine learning method of instance-based learning was applied in the machine vision inspec-
tion of information characters. Both font instance and characters pattern instance of production information adapted well to
special application were established by training, optimized inspection parameters were also acquired. Then products informa-

tion can be effectively inspected in real time.
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Fig.1 Basic learning system
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Tab.l1 Font confusion matrix
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Fig.2 Characters pattern
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Fig.3 Pattern verification
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Fig.4 Information inspection example
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