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[Abstract]

In this paper, we empirically compare the effectiveness of training models to recognize beauty-related
skin disease using supervised deep learning algorithms. Recently, deep learming algorithms are being
actively applied for various fields such as industry, education, and medical. For instance, in the medical
field, the ability to diagnose cutaneous cancer using deep learning based artificial intelligence has
improved to the experts level. However, there are still insufficient cases applied to disease related to
skin beauty. This study experimentally compares the effectiveness of identifying beauty-related skin
discase by applying deep leamning algorithms, considering CNN, ResNet, and SE-ResNet. The
experimental results using these training models show that the accuracy of CNN is 71.5% on average,
ResNet is 90.6% on average, and SE-ResNet is 95.3% on average. In particular, the SE-ResNet-50
model, which is a SE-ResNet algorithm with 50 hierarchical structures, showed the most effective result
for identifying beauty-related skin diseases with an average accuracy of 96.2%. The purpose of this
paper is to study effective training and methods of deep learning algorithms in consideration of the
identification for beauty-related skin disease. Thus, it will be able to contribute to the development of

services used to treat and easy the skin disease.
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II. Background

deid 714S B 8L UYS XYW Oy

ool x|&A 02 A7y} RSYE| T 9lony, A} E
=2 AEEE YEUe Aoz d9id Qg &

T CNN7I9te] gl gua] gt ujs

Mgt B A7E 2k iRk

- - -

11a}
rion
o =
)
oy
b

1. Deep Learning Algorithms based on CNN
Al7Z49HCNN,  Convolutional  neural
network) [7]:> OJ0]A], FIAE, ARRE 55 F-Fok=t]
AR dBAlEToId. FedoMe ol AT A3
Tog FREH, AIZA ofulx] #A0f 'd2] A&t
oju]A] & vt QA R AIA”L oJu|A] 7, Y=
oju]A] A 3l Ao} xj2]of -8
ResNet(Residual neural network)[8]& Ofo]3 =24
ZLEALA Zideh duelEor 7]ES] FadlE Wt
o= 57K 15271H9] AlS{Layer)o2 F/dd AET

Skl
H'oy

Basfts Wug AHEI

CNN Quej5e 2lo] 8t Zlo]t 2ol 845 93]
2 *g'50] ol Aol AIck. ol layer7} Zold
22 o} Apte] At HolAly] gheol, GAnke s
ulgglo] Aol Ezlel YL UlAl: st Aol
k. o2 I} gt 8t dlolejeks stol Alh2 of

FOR|A] = Ak Zaieith

olct. CNN2 Fig. 1

layerg A1 £330l o3 layero] AEEX|TH,
ResNet2 layer®] <UL layer?] &o| AZASH=
“skip connection"& AM5}9] layer”} of2] ZlojA &
Feizio] 1 o)) 32 7117 sto &k 710]7t Z1olA

= o] HolAle AS WAT 4 r.

X
Weight Layer

relu F( X)

X
Weight Layer Weight Layer 1dentity
relu
H(x)
H(x)
() CNN based method (b) Residual block based method

Fig. 1. Block diagrams for CNN and ResNet
Image Source: modified using CNN and
ResNet concepts in [8]
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Fig. 2. Block diagrams for ResNet and SE—-ResNet
Image Source: modified using SE-ResNet concept in [9]
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1. Data Collection and Pre-processing
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Fig. 3. The beauty-related skin disease images
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Fig. 4. The obtained images through pre—processing
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Table 1. Organized dataset for experiments

Disease Training Dataset Test Dataset
Pimple 3,980 786
Psoriasis 4,711 904
Wart 4,163 819
Dyshidrosis 4,357 825
Total 17,211 3,334
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IV. Results and Analysis
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Table 2. The accuracy of CNN Model

Disease Accuracy
Pimple 89.3%
Psoriasis 72.7%
Wart 67.5%
Dyshidrosis 56.5%
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Fig. 5. The results of CNN training model

2. ResNet Training Model
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Fig. 6. The results of ResNet=50 training model
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Fig. 7. The results of ResNet=101 training model
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Fig. 8. The results of ResNet—152 training model
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Fig. 10. The results of SE-ResNet-50 training model
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Fig. 12. The results of SE-ResNet-152 training model
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