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[Abstract]

In the realm of domestic online fashion platform industry the manual registration of product
information by individual business owners leads to inconvenience and reliability issues, especially when
dealing with simultaneous registrations of numerous product groups. Moreover, bias is significantly
heightened due to the low quality of product images and an imbalance in data quantity. Therefore, this
study proposes a ResNet50 model aimed at minimizing data bias through oversampling techniques and
conducting multiple classifications for 13 fashion categories. Transfer learning is employed to optimize
resource utilization and reduce prolonged learning times. The results indicate improved discrimination of
up to 33.4% for data augmentation in classes with insufficient data compared to the basic convolution
neural network (CNN) model. The reliability of all outcomes is underscored by precision and affirmed
by the recall curve. This study is suggested to advance the development of the domestic online fashion

platform industry to a higher echelon.
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I. Introduction
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Fig. 1. Five-year trend in the size of Korea’s fashion

market in 2023
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Fig. 2. Online transaction amount by product in 2021
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Fig. 3. Product registration application procedure user interface (Ul)
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Table 1. Comparison of various fashion dataset specifications
Models Images Resolution Categories Attributes Landmarks Pairs Botgr:img
DeepFashion 800,000 Vzlrzy;r;g 50 1000 v 251,000 X
DeepFashion2 491,000 Vzlrzy;r;g 13 v v 873,000 v
UT Zappos50K 50,025 150x100 4 X X X
DARN 540,000 800x500 20 179 X 91,390 4
Fashion-MNIST 70,000 28x28 10 X X X
Fashion-Gen 325,536 1360x1360 48 X X X
VITON 16,253 256x192 X X 16,253 X
ModaNet 55,176 varying 13 v X X v
sizes
FashionAl 357,000 varying 6 245 X X X
sizes
Fashion 1Q 77,684 MY 3 1000 X X X
sizes
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II. Related Works
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III. Methods

3.1 Open DeepFashion2 datasets

& Aol 83t DeepFashionz+= 3709 oA 7t
Bl2] glojefalolet. 7t 7HE| )= 137 d=o= U
o & A [15]0] mep ARSI Blole JE S Alsst
C} go]HAIS Train set (191K), Validation set (32K),
2 Test set (62K)2 JAE L,
(Labeling Number 1), Long sleeve top (Labeling

Short sleeve top

Number 2), Short sleeve outwear (Labeling Number
3), Long sleeve outwear (Labeling Number 4), Vest
(Labeling Number 5), Sling (Labeling Number 6),
Shorts (Labeling Number 7), Trousers (Labeling
Number 8), Skirt (Labeling Number 9), Short sleeve
dress (Labeling Number 10), Long sleeve dress
(Labeling Number 11), Vest dress (Labeling Number
12), Sling dress (Labeling Number 13) & 1372 U=
o} Fig. 49} Zo] 1~130% 2Py X5ttt AT
tlol8 4= Table 29} 2t

Table 2. Number of data by fashion category

Labeling number Train Test
1 71,645 12,556
2 36,064 5,966
3 543 142
4 13,457 2,011
5 16,095 2,113
6 1,985 322
7 36,616 4,167
8 55,387 9,586
9 30,835 6,522
10 17,211 3,127
11 7,907 1,477
12 17,949 3,352
13 6,492 1,149
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Fig. 4. Description of 13 Fashion Category samples

3.2 Oversampling using data augmentation

Table 29t o] 137 S AE o8 &0l Alst
o o2t MY L 5o W2 L= vAER 2
AolM BIAE &7 7P AR 33t 6 2229 Hlo]E]
Ve Hlell eu8E3(Oversampling) 78S A-8et
t}. o]df, Random Cropping, ¥ Rotation %
shlaL, 71
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CUDAS} mo] EX[E &7 /2AIRE U5 ultralytics 2fo] 8.
22} AX|sta, ultralytics®] YOLOZ imports}od
model = YOLO('yolo8n.yaml’) =5 Alsisto 2 i Aj
25 DulS Asith model.train() T 55 5o ZP;; o
95t tole] A= % 2eh2 ol23t s
yaml mol-S AAEHCE CNN walo] Az
Usict. Hxo sjolmmeiulE e
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Table 4. System Environment

Eh = ﬁ:rLOﬂ}\i Kﬂ?_l—é}% EG] V\J-]f HL@ 2 %’46]1 Items Values
Table 33} Z¥o] Trainy} Test seto] RLAJE]QiTh Language PYTHON(3.10.11)
Algorithm YOLOv8
Memory 64GB
Table 3. Number of data by augmentation approaches CPU Intel i5-13600KF
GPU NVIDIA GeForce RTX 4070
Labeling number Train Test Windows Windows 11 Home
1 71,645 12,556 CUDA ver. CUDA 12.1
2 36,064 5,966 Pytorch ver. Torch 2.1
3 1,543 1,142 Environment Pycharm
4 13,457 2,011
i 11%08955 f;g Table 5. Hyperparameter values
7 36,616 4,167 Hyperparameters Values
8 55,387 9,586 Optimizer Adam
9 30,835 6,522 Learning_rate 0.01
10 17,211 3,127 Momentum 0.937
11 7,907 1,477 Weight_decay 0.0005
12 17,949 3,352 Image resize 640
13 6,492 1,149 Batch_size 16
Epochs 100
FCN + Classification
Feature extraction !—%

|
I 1

Input Image (640 * 640)

Output

N N\ @
N \EE F — |G| - 50
A/ Ll 9

N 0~13)
n’

Pooling Layer

Flatten Layer

Dense Layer

Fig. 5. CNN model architecture

3.3 Deep learning simple architecture

2 AolA Aeket RHlg Hlwsh] flsf, YOLO8zt
71& CNN Z&Z ARgsto] 137] ojd 7HE|1eE o
wRoig B2 9 PYERie] 7S Table 4ot 2c.

3.4 Proposed model: ResNet50 backbone network

transfer learning using oversampling approaches

© A7 WE UIEHT HE2 sk ResNeth02 7|
groz mfjid ofo[lo] oulx] Hlo|HE HA 25t o
Uer F=ol ZA A2 oJulA] HlolE £9f Rto]z <lsf
RA2] QAN 2R3 o] 2AlE A 9
5l T2 cllofe] M EQI ImageNet2 &-85l= PyTorch
of Al 2WH ResNets0 @&lo] ALgHQT: nEe
ResNet50 2219] 9121 3710 9 2. oju]x]9] 27|12
2569] w4t 3712 2SIt AIA| dlolEfAlo] 1,0007k
Zeja2 BabE Mot 7) olge) tlole] mIIER A
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Fig. 6. Proposed ResNet50 architecture

o] 2t} T2tA ResNetb0 oF7|H&|9] &% 2flojof Egt
10007 Atdoz ABgsitt. & ol AHgd B4 &R
712} glo]EjAlo] BER7] 2fsh obX|2f Dense 2|o]o{o] &
2 A 500RME 2 27JSiT). o] 500AHd HE &= &
w7100 tieh 93 AES sien, Aups oz HolEAlY
=AU o sigshe 37RO AA &F R2E A
o 2|89 molFda ol ResNetb0 =H9] of7|Elx|e}
7t5X]E Ao](Transfer)sto] &8It ResNeth0 2H

27t d&55 YRIsH| Hsll 52(Freezing)=| it o
202 Dense #o]o]-ReLU &A3}-EE0l2-Dense &
ojoj2 F/dH 7717t ResNetb0 of7[ElA{o] Z7tE|Q
o 48 &44= Cross Entropys AHESAL, S
Ofo]A= ofd(Adam)S ARESIH}. Fig. 62 Aok
ResNeth0 ZHO] 192 LHERMCE

o
L.
o

3.5 Object detection evaluation metric

M) 720 AHES WS AR Lelnl mAP
(Mean Average Precision)S AARITH mAP= AWE
(Precision)e} A#& (Recall} D23t £84 B} A|2
ojtf, AA|= 0} 1 Ato]9] 2= Recallo] tiSst= Bt
Precisiong 9]0lgtt}. &, mAP+ 2.5 ZHA|o] gt 2

of FYHY AE 53 FoP] A RE AP 0|

2 ujgict. o] pHess Mol £9g ool
ok S BAe cheat 2.
TP TP

(1)

Precision = TP+ FP  alldetections

od7|A, TP+ True PositiveZ# 242 EFX|S LEr
A9, FP+ False Positive2# Q&RH H42E Ho&E

TP TP

Recall = TP+ FN: all groundtruths

IV. Results

4.1 Fashion category automation classification
results based on simple fashion model
Fig. 72 ehaid mjA 7}e| 1) si5sta o &gt 2

e Horn, 7R LERH ojnjx|oX= S5t A
o] & H& JE B AR A8|APL 975 AHESE ofy]

K9] 3%, A v PHrAZE YERUA] OF= o]t Q.

Table 62 o 7HE|ae] B2t Al ZibE Bo{&th
Precision> 20| 0|53t vheFHAvt dop ekt
AE B, Recall> AA| vl QErA 5 Aot @
U GHAS RHo] Fopl=AE UEL & Aie
1000 7taa5 AlE)Ado] =obilth. E3h mAPS0
Mean Average Precision @ I0U=0.509] otz
[OU(Intersection over Union)7} 50% o]AQl vf-Jur
20 tieh Pt FY =S YT [0UTH A 9rAet o
231 upso] Al v]golr}

mjehy £ Relo] 3
SIEEEN EC
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Table 61} 23 FEHK 02 50% o]Afe] mjA 7HE| va]d
Z%o| & o]RojHrt. ol Table 604 EojFx5o]
o+ Precision, Recall, @ mAP500] ZFzt 70.0, 63.7,
68.4%= Al2)/dS BAstelth. 1=y 7R 31} 6
S AN 212 mAP 24.7% R 22.8%2 71&0] & o]
OXIA] At

E= A 034l est dres
long sleeve top 0.3 r
2 .“7,,1 1
5\ P = J\%
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Fig. 7. Prediction of fashion category using simple model

Table 6. Evaluation metric by Fashion categories

Precision-Recall Curve

—— short sleeve top 0.925
—— long sleeve top 0.807
—— short sleeve outwear 0.247
—— long sleeve outwear 0.756
—— vest 0.758
—— sling 0.228

shorts 0.873
—— trousers 0.941

skirt 0.835

short sleeve dress 0.724
—— long sleeve dress 0.504
—— vestdress 0.751
—— sling dress 0.540
= all classes 0.684 MAP@0.5

0.8

o
o

Precision

4
=

0.2

0.0
0.0 0.2 0.4 0.6 0.8 1.0
Recall

Fig. 8. Precision—Recall Curve

4.3 Fashion category automation classification
results based on ResNet50 fashion model

Table 7& ResNeth0o] Tt 2@ M AvtS Ho&
t}. o]of] @2™, H Precision, Recall, 2 mAP500]|A]
Z2¥2k 754, 737, 79.3%9] ZAuE Holtt 2 Au=
Table 63} W] w3te T 5~10% &2 FAHS BolET) &
31, 12} 89) 4o] 97.5%0] mAPE W}, 6 Z2}~ojA
71 W mAPE gick Ayteo 2 712 aduct A
5|43k 34+334%71] 2 FAFS HOlE), ol v

Class Precision(%) Recall (%) mAP50 (%) Aé%%%oﬂ Qéﬁ E]]O]E1 ‘7‘7} %7}6}]17] 'IHT'E_I.‘QE ?ﬁﬂ’q
1 81.1 88.9 925
2 68.9 /8.3 807 Table 7. Evaluation metric by Fashion categories
3 95.6 08.5 247
4 65.2 77.0 75.6 Class Precision(%) | Recall (%) mAP50 (%)
5 64.6 74.2 758 1 86.1 90.2 97.5
6 52.1 12.1 22.8 729 787 85 7
/ /7.7 79.7 87.3 3 89.6 65.7 65.7
8 855 90.5 94.1 4 71.2 783 78.6
9 75.7 78.1 835 5 74.6 77.2 79.8
10 64.2 71.6 72.4 6 651 56 1 562
11 50.5 52.5 50.4 7 787 818 885
12 68.2 70.1 75.1 8 925 924 975
13 604 463 54.0 9 777 793 865
AVG 70.0 5] e 10 75.2 78.7 86.4
11 57.5 55.5 66.2
4.2 Simple fashion model verifying the reliability 12 AY: 72.3 78.9
. .. 13 67.4 52.5 63.3
using Precision-Recall Curve AVG 754 737 793

Fig. 82 A 718 1e] Atsg} &7 AIAE el
AE|H-e Thst7] Y3l Precision-Recall curveZE Ho
& 1o 7heas Aae] AlR)4do] o Fig. 791A
7V =2 8ltrousers) ZeA= 94.10] ZskL, o=
Table 604 222 89 =2 A8 Zufet FUsict. 7
o7F 2 220 otk AlR)d2 68.40] =3l

V. Discussion

5.1 Improved accuracy of the proposed model

2 7= DeepFashion? Hlo|E2 7[8toz |1
mPA| 9, 95.2%% W%t o] Aol thal ARt
A749) APIQIe} Rl m(16], ¥ oA dhe
mMPAS HOJR= 7102 UERIT Table 82 mPA 23t
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£ vl 23t igolth. ojZte £ weo] APH oot ulmsy
S o O] 31%7HK] Aeterp 945kS oF A olr)

53], Table 61} 0] 7] CNN 2=} v]wsls of 3
6 ZefjAoA ZH2E mAP 24.7% 2 22.8%2 HAE0] &
O|FOIAIA] Aokt & Aol AUTE ResNets0 22
oA 65.7%, 56.2%S LFEFTA] 212} 38% 2 33.4% &
e AUE BoEH ol2fet Aute HAEd VIS
AHESE 71 HlolEolA 1,00078 olde} Hlojg +&
TE 2te 25T AT HE ResNetb00] S=
glole 27] ¥ighe 3l dole 522 %71 ted A
o= ioeitt

Table 8. Comparision of trousers mPA results

Models Networks mAP DIENE
from ours
M1 Match R-CNN 80.6% 14.6%
M2 RetinaNet 80.2% 15.0%
M3 YOLOv3 78.6% 16.6%
M4 FPN 64.2% 31.0%
Simple CNN+YOLOv8 941% 1.1%
ResNet50+
Ours YOLOVS 95.2% -

5.2 Applicability in the fashion industry

EE o5 mlAd AQlo|A ©AAo] 1 F Q& mA|ct
[17). AF5 B FElne] Z0) Al2Ele Al2e o e
S} ojdof] AH|RFZOA ZREA] Xl FEZAIA] 2%

© AlE 7HEAR S AEstet ol 2 4 o ol
o Aoy 578 s 23E0M AufRr FEof o
552 oldfstetl BEe & 4 A HIRt dAES
ol ERE o 52 #lsl oot B2 FAS AEshc
[18]. 53] 7]& A4-52 HlolEA &tie} 7[Alsks 71y
2 A&5HA] 2o AR 7HRIAL Q9 & e ol
¢ AES =5ske B ofdzt ojmlx] Zvk 7HE|are
THe & 272 AAIskL Qlof A T E2HE
AR 4 Qe 7P adA gt 2 4 ot

Usi7ILt cheret Uetel Jjel st
So] 0|3t T SRBY| A9 oj|x|g F3to 7}
) AES S22 5 Slrkl, AR 4

VI. Conclusions
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