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Abstract

Convolution Neural Network(CNN) is a class of deep learning algorithms and can be used for image analysis. In particular,

it has excellent performance in finding the pattern of images. Therefore, CNN is commonly applied for recognizing, learning

and classifying images. In this study, the surface defect classification performance of Al 6061 extruded material using CNN-

based algorithms were compared and evaluated. First, the data collection criteria were suggested and a total of 2,024 datasets

were prepared. And they were randomly classified into 1,417 learning data and 607 evaluation data. After that, the size and

quality of the training data set were improved using data augmentation techniques to increase the performance of deep learning.
The CNN-based algorithms used in this study were VGGNet-16, VGGNet-19, ResNet-50 and DenseNet-121. The evaluation
of the defect classification performance was made by comparing the accuracy, loss, and learning speed using verification data.

The DenseNet-121 algorithm showed better performance than other algorithms with an accuracy of 99.13% and a loss value of

0.037. This was due to the structural characteristics of the DenseNet model, and the information loss was reduced by acquiring

information from all previous layers for image identification in this algorithm. Based on the above results, the possibility of

machine vision application of CNN-based model for the surface defect classification of Al extruded materials was also discussed.

Keywords: Convolution Neural Network, Surface Defect, Aluminum alloy, Extrusion, Deep Learning, Data Augmentation
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2. Deep Learning Model
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Fig. 3 Schematic diagram of the convolution operation; (a) a kernel size of 3 x 3 and (b) zero-padding
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Table 1 Diagram of VGGNet Structure

Layer | Output Size [ 16-layer ‘ 19-layer
Input(224 x 224 RGE Image]
conv 54 3 Ecgr;],‘] IS » Scoﬂv]
3 X 3econw. 3 ® 3 conv
Pool MaxPool
Cconv 138 la * icnm‘J IS X Scoﬂv]
3 x 3econw 3 ® 3 conv
Pool MaxFool
- 3 = 3 conv
3 ® 3eony 3 %3
Conv 256 3 X Sconv eony
3 % 3eony 3 % 3cony
3 X Jeonv
Pool Maxpool
. 3 ® 3 conv
3 X Scony 3 % 3
conv 512 3 ® Jeonv cony
3 x 3eonr 3 % 3gonv
3 ® 3eonv
Pool
- 3 = 3 conv
3 ® Jeonv 3 % 3 conv
conv 512 3 x Seonv
3 % 3eonv 3 % 3 ponv
3 % 3eonv
Fool MaxFool
FC 4095 -
FC 4095 -
FC 1000 -

softmax

Table 2 Diagram of ResNet Structure

Layer output Size 50-layer
Convl 112112 T 7, 64, Stride 2
3% 3, MaxPoaol, Stride 2
Conv2_x 553 56 1x1,64
3% 3,64 K3
1 x1,253
1x1,128
Conv3_x 2Ex 28 l3 ®* 3,128|x a4
1=1,512]
1 « 1,256
Conwvd_x i4x 14 ¥ 3,256 %8
]. ®1,1024
1x1,512
Conv’5_x Fx7 3 x 3 512|x3
1x1,2048
ix1 Averzge Pool. 1000-d fo, softmax
FLOPs 3.8x10"

Ao Fd A3 EF AT 235
oA AHed dagFe 2/ Hes HUt
AxZ o3 AnE T A= &4 HFES v
L, Frrsksivk s AA delEe hE ¢S
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g 7|We R 3 453 A9 drby o R/E W
A=7ke 43 & o+ vk 2 Network 8 Sh5 2
H}ES Fig 10 o A3 o o 7)ol 7z} mdlo]

Qw2 &4 g2 5%, vasgr.

Table 3 Diagram of DenseNet Structure

Layer Output Size 121-layer
Conv 112x112 7% 7 Conv, Stride 2
conv 56356 3% 3, MaxPogl, Strids 2
Dense Block {1] 56356 L % 3canw W&
& 3 ¥ 3 conu
56x56 1x1 Conv
Transition {1]
2Ex 28 2 2, averzgepool, Stride 2
1 %1 cony
Dense Block (2] 2Ex 28
i 3 Kﬂcoﬂylxu
2Ex 28 1x1 Conv
Transition {2]
14314 2 2, averzgepool, Stride 2
1 %1 cony
Dense Block (3] i4x14 I X 24
il 3 % 3 eonv
iax1a 1x1Conv
Transition |3)
a7 2% 2, AveragePool, Stride 2
1 =1 conv|
Dense Block (4] Fx7 X 16
al 3 x3eon ;:I
ix1 7% 7, Global Averags Pocl
Classification
10000 fully-connacted, softmax

Table 4 The conditions of experimental environment

0s | Windows 10, 64 bit
CPU Intel(R) Xeon(R) W-1250P@4.10 GHz
RAM 32GB
MName | NVIDIA Quadra RTX5000
Core clock rate 1620 MHz
GPU - i
Memory size | 16384 MB
Memory clock rate | 1750 MHz
Cuda | 10.0.130
Toolkit Cudnn | 7865
Pytorch 1.7.1

Table 5 Network Training Hyper-parameters

VGG-16  VGG-19

ResNet-50  DenseNet-121
Batch Number Size 16 16 16 16
Input Image Size 224 x 224 224 % 224 224 % 224 224 % 224

Number of Epochs 40 40 100 100

Learning rate Learning rate scheduler
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Fig. 10 Data classification rate results obtained in this

study

(a) (b)
Fig. 11 Training result for DenseNet architectures; (a)
training-set accuracy and loss and (b) test-set

accuracy and loss
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4.2 ResNet
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4.3 DenseNet
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