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The design of dewetting defect detection machine on printed circuit board using

deep learning model
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ABSTRACT

In the electronics industry, the problems in inspecting defective workpieces come from both
machine and human errors. Although, the inspection machine can mitigate this problem by using basic
statistical data based on colors on the workpieces. The inspectors need to examine the whole workpieces
again due to the less efficient algorithms used by the machines. Regarding our reference factory, the
inspection rate is about 10% of the 2,000 workpieces per day. Fortunately, this kind of computer vision
problem can be alleviated using advanced deep learning techniques.

In this work, we design an additional machine to isolate the defective workpieces from abnormal
melting workpieces. Firstly, our machine seeks the most frequent defective positions in the workpieces.
With some degrees of rotation, these positions can still be detected by using the cumulative gradient
orientation technique. Lastly, these positions would be classified as "defective" or "normal" using a
ResNet101 deep learning model. By adjusting the probability threshold of predicting defective workpieces
to 80%, the model's accuracy increases to 98% . Meanwhile, the model obtains 100% accuracy while
classifying the normal workpieces. As a result, our machine can further significantly reduce the workload
of the inspectors by precisely predicting the defective position in the workpieces.

Keywords: computer vision; defect detection machine; deep learning
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1

Input Max pooling Max pooling Flatten Dense Dense
244x244x3  244x244x32 122x122x32 118x118x48  59x59x48 167088 256 2




model3 = Sequential()
model3.add(Conv2 DY filters=32, kemel size=(5,5), padding='same', activation="relu’, input_shap=(244, 2443)))
" model3.add(MaxPool2D(strides=1))
model3.add(Conv2D)flters=48, kemel_size=(5,5), padding="valid', activation="relu'})
model3.add(MaxPool2(strides=2))
model3.add(Flatten())
madel3.add(Dense(256, activation="Telu’})
model3.add(Dense(84, activation="ely))
model3.add(Dense(2, actvation="softmax’))
< o Model3.build()
model3.compile(optimizer="adam’, loss="binary_crossentropy’, metrics=[ accuracy])
madel3.summary()
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2) Restnet 1iaa Tagnsadialumanaadnanin

def ResNet(input_shape, classes):

# crea
X_input
res2 X = X_input

# residual stack

num_filters = 40

X = residual_stack(x, num_filters)
x = residual_stack(x, num_filters)
x = residual_stack(x, num_filters)
x = residual_stack(x, num_filters)
x = residual_stack(x, num_filters)

res3

# output layer
x = Flatten()(x)
x = Dense(128, activation="selu", kernel_initializer="he_normal")(x)
x = Dropout(.5)(x)
x = Dense(128, acti

model = Model(inputs = x_input, outputs = x)
model.summary()

return model
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