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Image Classification of Damaged Bolts using Convolution Neural Networks
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Abstract

The CNN (Convolution Neural Network) algorithm which combines a deep learning technique, and a
computer vision technology, makes image classification feasible with the high-performance computing system.
In this thesis, the CNN algorithm is applied to the classification problem, by using a typical deep learning
framework of TensorFlow and machine learning techniques. The data set required for supervised learning is
generated with the same type of bolts. some of which have undamaged threads, but others have damaged
threads. The learning model with less quantity data showed good -classification performance on detecting
damage in a bolt image. Additionally, the model performance is reviewed by altering the quantity of
convolution layers, or applying selectively the over and under fitting alleviation algorithm.
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Fig. 6 Dropout[4]
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# Normalize pixel values to between O and 1
x_train, x_val = x_train / 255.0, x_val / 255.0

# Data Augmentation - Random Flip, Rotation, Zoom
data_augmentation = tf.keras.Sequential ([
tf.keras.layers.experimental .preprocessing.Preprocessinglayer(
input_shape=(img_height, img_width, 3)),
tf . keras.layers.experimental .preprocessing.RandomFlip(“horizontal"),
tf .keras.layers.experimental .preprocessing.RandomRotation(0.1),
tf.keras.layers.experimental .preprocessing.RandonZoom(0.1)1)

Fig. 8 Data Normalizing And Augmentation[5]

o
50|
100,
150,
200
250
300

350

050 100 150 200 250 300 350 0 50 100 150 200 250 300 350 O 50 100 150 200 250 300 350 50 100 150 200 250 300 350

Fig. 9 Data Augmentation Bolt Images

# Model Sequential - CNN

feature_extractor = Sequential ([data_augmentation,
tf.keras.layers.Conv2D(16, 3, padding='same', activation='relu'),
tf.keras.layers.MaxPool ing2D(),
tf.keras.layers.Conv20(32, 3, padding="same', activation="relu'),
tf.keras.layers.MaxPooling20(),
tf.keras.layers.Conv2D(64, 3, padding="same', activation="relu'),
tf.keras.layers.MaxPooling2D(),
tf.keras.layers.Dropout(0.2),
tf.keras.layers.Flatten()])

x = feature_extractor.output

x = Dense(128, activation="relu’, kernel_initializer = "he_uniform')(x)
prediction_layer = Dense(2, activation = "softmax’)(x)
cnn_model = Model (inputs=feature_extractor.input, outputs=prediction_layer)

Fig. 10 Model Sequential[5-6]
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max_pooling2d | input:
(None, 256, 256, 16)
MaxPooling2D | output:
conv2d_1 | input:
(None, 128, 128, 16)
Conv2D | output:

(None, 128, 128, 32)

!

(None, 64, 64, 32) | (None, 64, 64, 64)

[(None, 256, 256, 3)]

InputLayer output:

(None, 256, 256, 3)

Sequential | output:

conv2d | input:

Conv2D | output:

(None, 128, 128, 16)

(None, 128, 128, 32)

max_pooling2d_1 | input:

(None, 64, 64, 32)
MaxPooling2D | output:

conv2d_2 | input:
Conv2D | output:

max_pooling2d_2 | input:
PO DEE | TP | (None, 64, 64, 64)

(None, 32, 32, 64)
MaxPooling2D | output:

dropout | input:
(None, 32, 32, 64)

Dropout | output:
flatten | input:

(None, 32, 32, 64)
Flatten | output:

(None, 32, 32, 64)

(None, 65536)

dense | input:
(None, 65536) | (None, 128)
Dense | output:

dense_1 | input:

(None, 128) | (None, 2) |
Dense | output:

Fig. 11 Model Architecture
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## Train the model with RandomForest

from sklearn.ensemble import RandomForestClassifier
X_train_RF = feature_extractor.predict(x_train)
rf_model = RandomForestClassifier(n_estimators = 50, random_state = 42)
rf_model .fit(X_train_RF, y_train)

# Send test data through same feature extractor process
X_val_feature = feature_extractor.predict(x_val)

# Predict using the trained RF model .

prediction_RF = rf_model .predict(X_val_feature)

# Inverse le transform to get original label back.
prediction_RF = le.inverse_transform(prediction_RF)

Fig. 17 CNN Model With Random Forest[6]
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Table 1 Model Composition Case I

Case | #1 #2 #3
Number of Layers 1 2 3
Dropout X X X
Data Augmentation X X X

X: Not Applied, O: Applied
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Fig. 19 Model Performance Case I
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Table 2 Model Composition Case II

Case II #1 #2 #3 #4
Number of Layers 3 3 3 3
Dropout X O X O
Data Augmentation X X O O

X: Not Applied, O: Applied
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