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ABSTRACT

Various automation studies have been conducted to detect defective products based on product images. In
the case of machine vision-based studies, size and color error are detected through a preprocessing process. A
situation may arise in which the main features are removed during the preprocessing process, thereby
decreasing the accuracy. In addition, complex systems are required to detect various kinds of defects. In this
study, we designed and developed a system to detect errors by analyzing various conditions of defective
products. We designed the deep learning algorithm to detect the defective features from the product images
during the automation process using a convolution neural network (CNN) and verified the performance by
applying the algorithm to the checker-switch failure detection system. It was confirmed that all seven error
characteristics were detected accurately, and it is expected that it will show excellent performance when
applied to automation systems for error detection.
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Hidden layer1

input: (None, 128, 128, 3)
conv2d_l: Conv2D
output: | (None, 128, 128, 32)
|

input: | (None, 128, 128, 32)
output: | (None, 128, 128, 64)

conv2d_2: Conv2D

1
inpui: (None, 128, 128, 64)
max_pooling2d_1: MaxPooling2D
output: (None, 64, 64, 64)
1

input: (None, 64, 64, 64)
output: | (None, 64, 64, 64)

dropout_1: Dropout

Hidden layer2

input: (None, 64, 64, 64)

output: | (None, 64, 64, 128)

1
input: | (None, 64, 64, 128)

output: | (None, 64, 64, 256)

conv2d_3: Conv2D

conv2d_4: Conv2D

1
. . input: | (None, 64, 64, 256)
max_pooling2d_2: MaxPooling2D
output: | (None, 32, 32, 256)
1

input: | (None, 32, 32, 256)

output: | (None, 32, 32, 256)

dropout_2: Dropout

Fully connected layer

3 input: | (None, 32, 32, 256)
flatten_1: Flatten

output: (None, 262144)
1
input: | (None, 262144)
dense_1: Dense
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input: (None, 64)
activation_l: Activation

output: | (None, 64)
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input: | (None, 64)

dropoui_3: Dropouti
output: | (None, 64)

1
input: | (None, 64)

dense_2: Dense

output: (None, 5)

activation_2: Activation

input: | (None, 5)

output: | (None, 5)

Fig. 4 Network configuration of CNN model
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Fig. 5 Structure of CNN error detection model
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