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ABSTRACT

O-rings fill the gaps between mechanical parts. Until now, the sorting of defective products has been performed
visually and manually, so classification errors often occur. Therefore, a camera-based defect classification system without
human intervention is required. However, a binarization process is required to separate the required region from the
background in the camera input image. In this paper, an adaptive binarization technique that considers the surrounding
pixel values is applied to solve the problem that single-threshold binarization is difficult to apply due to factors such as
changes in ambient lighting or reflections. In addition, the convex hull technique is also applied to compensate for the
missing pixel part. And the learning model to be applied to the separated region applies the residual error-based deep
learning neural network model, which is advantageous when the defective characteristic is non-linear. It is suggested that
the proposed system through experiments can be applied to the automation of O-ring defect detection.
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Fig. 1 The examples of o-ring(normal condition
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(b) abnormal condition
Fig. 4 Output images from proposed pre-processing
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Fig. 5 Bottleneck building block for ResNet50
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Table. 1 Architecture of ResNet50

Layer name Output size ResNet-50

convl 112112 TX7, 64, stride 2

3 X3 max pool, stride 2

1X1, 64
3X3, 64
1X1, 256

conv2_x 56 X 56

x3

1X1, 128
3X3, 128
1X1, 512

conv3_x 28 X 28 x4

1x1, 256
3% 3, 256
11,1024

conv4_x 14X 14 X6

1x1, 512
3X3, 512
11,2048
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