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[ Abstract ]

As the aging population grows, the incidence of cancer is increasing. Skin cancer appears externally, but people often don’t notice
it or simply overlook it. As a result, if the early detection period is missed, the survival rate in the case of late stage cancer is only
7.5-11%. However, the disadvantage of diagnosing, serious skin cancer is that it requires a lot of time and money, such as a detailed
examination and cell tests, rather than simple visual diagnosis. To overcome these challenges, we propose an Attention-based CNN
model skin cancer classification system. If skin cancer can be detected early, it can be treated quickly, and the proposed system can
greatly help the work of a specialist. To mitigate the problem of image data imbalance according to skin cancer type, this skin can-
cer classification model applies the Over Sampling, technique to data with a high distribution ratio, and adds a pre-learning model
without an Attention layer. This model is then compared to the model without the Attention layer. We also plan to solve the data
imbalance problem by strengthening data augmentation techniques for specific classes.
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Fig. 1. Image by Class.
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Fig. 2. Data distribution before augmentation in reference [3].
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Fig. 3. Data distribution after augmentation in reference [3].
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A. Attention layer
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Table 1. Comparison of model performance according to
attention techniques

Validation ~ Accuracy  Precision Recall ~ F1-Score
loss (1) (2) (3) (4)

EfficientNet_b2 03419 09171 09188 09184 09141

Model

EfficientNet_b1 0.3875 0.9100 0.9116 0.9098 0.9099

EfficientNet_b0 0.4597 0.9043 0.9099 0.9038 0.9053

DenseNet—121 03744 0.8900 0.8962 0.8925 0.8938

ResNet—50 0.4779 0.8757 0.8408 0.8335 0.8336

VGG-16 0.5876 0.7986 0.8113 0.8121 0.8087
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Table 2. SE-DenseNet Validation

Model Validation loss Accuracy F1-Score
SE-DenseNet 121 0.3889 0.9043 0.9055
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Fig. 5. Structure of SE-DenseNet.
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Table 3. Experiment Result

Model Test loss  Accuracy  precision Recall F1-Score
SE-DenseNet 121 22570 0.5048 04015 0.5048 04369
EfficentNet_b2 2.3475 0.4667 0.5606 0.4667 0.4032
EfficentNet_b1 2.5201 0.4095 0.5437 0.4095 0.3744
EfficentNet_bO 3.8258 0.3905 0.3823 0.3905 0.3307
VGG-16 5.5829 0.3810 0.3820 0.3810 0.3300
ResNet—50 3.6476 0.3810 0.4139 0.3810 0.3081
DenseNet—121 3.6545 03714 0.3568 03714 0.3046

63

Attention layers &%t O|0|X| 7|8} L[F et &

Confusion Matrix (DenseNet_121) 12
akiec 4 o 1 1 o
10
becd © 0 1 0 0
bki4 O 0 1 1 0 8
@
&
O g4 O 4 1 0
o
2 6
=
™ ’ ’ ’
4
wd 0 0 0 0
vasc{ © 0 2 2 2
& & & & N &
& &
Lo

Predicted Class

2! 6. DenseNet-1212] E58&

Fig. 6. Confusion Matrix of DenseNet-121.

Confusion Matrix (SE_DenseNet_121)

akiec 3 0 3 0 0o

bec{ © 3 0 2 0 0

bki{ 0 3 0 1 2 0

a
a
e}
S g{ © 3 5 4 3 9 6
o
E}
=
meld © 0 2 0
4
wi © 2 1 0
vasc{ © 1 0 0 2
%‘__&o g & &

Predicted Class

T3l 7. SE-DenseNet-1212] =58&
Fig. 7. Confusion Matrix of SE-DenseNet-121.

rhu

B AFoAE 97 EFE 913 Attention 7]Ho] F
449 2dY J%8A gL 2dg Agegen, 1 A%
Attention 7] o] T 7 H¥ EF F-&3lvhe 22 AU
of =3 dlojy ZEiA 318 H & AolE Fo] RO T
A5& =t} Over Sampling®} Under SamplingS 283}
o dlolg A9 AFH ExE 43}, o5& 53 S5 A
% A7) 8 SFSIT Attention layer7} S=71d RElE0)
F s EReed o 2 A% EYT) Validation
o vl&f Test®] d5o] A UgkAI7E _‘?_Eili Zaletal o]
8 Bl o £
9t} 3 Confusion Ma

U‘. o

http://JPEE.org



J. Pract. Eng. Educ. 16(1), 59-64, 2024

Validationol] H]8] W7 o= gloz B4 Feior9)
A3 gt Att & 54 Z¥ 20 i gk augmentation
71ME& skt deoly Evd #A47} ‘5“3“3}91% o
A dloly 5= AAst] Y=g T ]7]“ W
YAl B4 7tEXE 2ATOEN d5S FHAE

Aot

Undersampling®] o}d K-means S2]AE

0%

rot

==
1lFe

[1] S.S. Chaturvedi, K. Gupta, and P. S. Prasad, “Skin lesion
analyser: an efficient seven-way multi-class skin cancer
classification using MobileNet,” in A. Abraham et al.
(Eds.), Advanced Machine Learning Technologies and
Applications: Proceedings of AMLTA 2020, Springer Sin-
gapore, 2021.

[2] C. H. Bae, W. Y. Cho, H. J. Kim, and O. K. Ha, “An ex-
perimental comparison of CNN-based deep learning Al-
gorithms for recognition of beauty-related skin disease,”
Journal of the Korea Computer Information Society, vol.
25, no. 12, pp. 25-34, 2020.

[3] T. H. H. Aldhyani, A. Verma, M. H. Al-Adhaileh, and D.

Koundal, “Multi-class skin lesion classification using a

o] 7 & (GyuWon Lee) T3

20224 2¢ ~ HAY : 5=
A Z0r: o2 FAFICH EHald

2 M 3| (SungHee Woo)_Z213|¢

2020 28 ~ 20224 2 : St SISty HFE
WSt Ho|2oC|HE
', DICOM, EIEO.J-'—XI%

(4]

(3]

(6]

(7]

(8]

(9]

lightweight dynamic kernel deep-learning-based convo-
lutional neural network,” Diagnostics, vol. 12, no. 9, pp.
2048, August, 2022.

J. Hu, L. Shen, and G. Sun, “Squeeze-and-excitation net-
works,” in Proc. IEEE Conference on Computer Vision
and Pattern Recognition (CVPR), pp. 7132-7141, 2018.

J. Park and Y. Han, “ResUNet++ for skin cancer lesion
segmentation,” Journal of the Korean Institute of Electri-
cal Engineers, vol. 59, no. 2, pp. 95-100, 2022.

Y. Hwang, “Multi-feature fusion-based classification of
malignant melanoma and basal cell carcinoma in dermos-
copy images,”
2022.

M. Kwak, K. Kim, and J. Choi,

Ph.D. dissertation, Dongguk University,

“Multi-scale attention
and deep ensemble-based animal skin lesion classification
technique,” Journal of the Korea Multimedia Society, vol.
25, no. 8, pp.1212-1223, 2022.

J. Oh, “Skin lesion classification using inception-resnet-
V2,” M.S. thesis, Chungbuk University, 2023.

M. S. Akter, H. Shahriar, S. Sneha, and A. Cuzzocrea,
“Multi-class skin cancer classification architecture based
on deep convolutional neural network,” in Proceedings of
the 2022 IEEE International Conference on Big Data (Big
Data), 2022.

199541 ~ 34| : SR WSTHtD YFEITEY 1
20204 ~ B3 : $RTSCHEtE vo|20|CIZS BT mS
1999'—1 28 "‘:’EHgFI'L EIP Al

http://dx.doi.org/10.14702/JPEE.2024.059 64



