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adaptive binarization, Convex Hull preprocessing,
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ABSTRACT

Rubber o-rings are produced by conventional injection molding methods. In this case, products that are not normally
molded are determined to be defective. However, if images acquired during image-based reading are read as original,
there is a problem of poor accuracy. We have thus learned from convolutional neural networks using adaptive
binarization and Convex Hull algorithms by extracting only rubber oring parts from the original images through

pre-processing. During the test process, it was confirmed that the defect detection performance of the learning method
applied pre-processing was better than the standard suggested.
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