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2.1 Convolutional Neural Networks
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2.2 Regional - Convolutional Neural Networks
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2.3  Faster Regional - Convolutional Neural Networks
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1) Feature Extraction (574 %) R-CNN AL o =HHEENL
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2.4 Mask Regional - Convolutional Neural Networks
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2.5 K-means Cluestering
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2.6 DBSCAN Clustering
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DBSCAN(Density-Based Spatial Clustering of Applications with Noise)< &%
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2.8 Color identification method for fashion runway images: An
experimental study
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Digital image analysis method to extract fashion color
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meanRed meanGreen meanBlue meanHue meanSaturation meanValue number of data

cluster1 30.0 30.0 340 2320 12.0 13.0 20899
cluster2 215.0 210.0 207.0 45.0 3.0 85.0 2169
clusterd 52.0 51.0 55.0 240.0 8.0 220 3679

1% 4.1:Black A4 RGB dl°]E| 7|9t K-Means Clustering 23}

colorRed colorGreen colorBlue colorHue colorSaturation colorValue number of data

cluster1 320 33.0 38.0 240.0 13.0 15.0 19605
cluster2 218.0 215.0 210.0 43.0 3.0 86.0 4781
clusterd 33.0 320 30.0 0.0 5.0 13.0 5952

1% 4.2: Black A4 HSV dHlo]H 7|8t K-Means Clustering 23}

meanRed meanGreen meanBlue meanHue meanSaturation meanValue number of data

cluster1 189.0 199.0 213.0 211.0 11.0 84.0 3425
cluster2 35.0 43.0 57.0 221.0 33.0 220 3297
clusterd 100.0 129.0 161.0 212.0 34.0 63.0 2409

1% 4.3:Blue A% RGB Hlo]E] 7|9t K-Means Clustering 23}

meanRed meanGreen meanBlue meanHue meanSaturation meanValue number of data

cluster1 187.0 197.0 207.0 211.0 1.0 82.0 5396
cluster2 39.0 41.0 51.0 2220 240 20.0 4841
clusterd 440 98.0 161.0 212.0 69.0 63.0 1170

1% 4.4:Blue A4 HSV Hlo]E 7]¥F K-Means Clustering 23}

47



43 A9 Holg A oA

YYE SEF o] T E EHEY UY AE Z2 ol - blue

= Jla@iANAIAL
2T W RAARA,

48

s A 2o 8

1 J!.-'r_



44 A "

1)

mz

k3
=

_>|i

2032 Bgoz sole] A e My mPEE ALY IR
QAT RolFwWA ARHES 15 JlEom HE woth Ege A4 Pe:
2ol hox] % Pk 2 RRolA Ad 4079 A4 BERE s

SAAA B 407l AGBEE 7FoR APYL. AY o5 HolFA

i
Sl

Agel sigsh= RGB HHEES HofFil off A4 TH sigst=A9

Ee)

<t A3+ (Mean Opinion Score)E Ut
AA ZEof tis Aol HofFi AAglen ZF A a7t 13w o
=t

3,
rr

FEE LHFIL strict S WEMS @Y. FAIAF AGEE S 7B}
A Y FAN s BAE Wobd AdE A, &% g% £ 22

B73= ASs] fAsl 7 Aol LA B SRS HoAH.

m

Ayt B =30 MA OHE A Zdil= MOS 3.60%2 FAIAR. 553

HwajA & S HoAFE SHA|TE noiseE A|ASH= mean shift clustering

EG TAA 9 BACESS E ofulAg ol sk BAISH Aol A7
&

2} gol RO A Best o AL

49



= 42: A9 23 (MOS)

NO MY B 2 =% 27 | count g B FAAF 23 | Count
1 | White normal 3.6 29 £ 4.7 23
2 White_dark 3.2 33 slolE 4.7 29
3 Dark_light 4.1 23 dlofH] 3.9 23
4 | Dark normal 4.5 24 Z1eo] 3.4 27
5 Grey_light 4.4 26 ofo]H 7 2.5 26
6 Grey_normal 3.8 24 &5 1.9 31
7 Grey dark 3.9 20 | BFOlE 19| 3.0 22
8 Beige light 3.8 29 | &7bol EF 3.1 24
9 Beige normal 3.7 22 | HI°]A] 1.9 28
10 | Beige dark 3.6 24 | ©2 o] 1.6 25
11 Blue_light 4.2 30 A= 2.0 25
12 | Blue normal 4.2 22 7] &} (A< 30
13 Blue_dark 4.0 30 e 1.9 25
14 | Orange light 3.9 22 Hehe 1.3 23
15 | Orange normal 3.7 28 Az 1.5 27
16 | Orange dark 3.8 27 HE 2.1 21
17 Pink_light 3.9 25 711 1.9 25
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18 | Pink normal 4.1 22 | =olE B2 4.2 24
19 Pink dark 3.7 24 1.8 21
20 Navy _light 3.6 29 2.1 25
21 Navy normal 43 19 3.6 27
22 Navy dark 3.7 23 1.8 21
23 Brown_light 24 25 33 27
24 | Brown_normal 2.7 19 34 20
25 Brown_dark 23 22 2.7 22
26 Green_light 4.0 30 1.9 30
27 | Green normal 3.9 17 2.2 27
28 Green_dark 3.8 27 34 28
29 Khaki_light 23 30 33 23
30 | Khaki normal 2.7 24 2.6 22
31 Khaki_dark 2.3 28 2.0 22
32 Yellow_light 3.6 32 29 17
33 | Yellow_normal 3.7 25 2.8 30
34 | Yellow dark 3.3 25 | 7H71 Hlo]A] 1.8 28
35 | Purple_light 3.7 26 53 2.8 28
36 | Purple normal 3.6 20 AH 1.6 31
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37 | Purple dark 3.5 34 7 3.9 29
38 Red_light 2.6 19 z17 3.4 26
39 | Red normal 3.8 26 == 2.1 20
40 Red dark 4.0 16 B2EE 3.2 18
B 2 =5 3.6 1000 FAIAL 2.55 1000
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Abstract

Color palette generation using fashion

e-commerce images: the deep learning

Yongwoo Choi
Department of Industrial Engineering

The Graduate School

Seoul National University

This study addresses the imbalance between the dynamic nature of color definitions in the
fashion industry and the consistent color classification employed in the online shopping
industry. By analyzing color data from actual sold garments, we propose a color palette
that reflects current trends. Additionally, considering the significant impact of subtle value
variations in the RGB color space on human color perception, we suggest a user-centric,
fine-grained color palette generation approach based on data distribution. Through these
efforts, we aim to resolve existing challenges and explore methods to enhance the

performance of fashion artificial intelligence systems.

Keywords: Production planning, Optimization, Industrial engineering

Student Number: 2020-27798
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