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ABSTRACT

In this study, we introduce an application designed to provide the image search capabilities of a
fashion platform. Our proposed application offers a content-based search approach by leveraging a
category classification model trained using Detectron2. This model enables the application to discern
the clothing category portrayed in a given query image. After selection, the application retrieves items
from the database that share the identified category and calculates their similarity so that it can present
a curated list of apparel products ranked by similarity. Through the implementation of this image search
functionality, we anticipate that the fashion platform will not only improve information retrieval but
also streamline the purchasing process, thereby exerting a persuasive influence on consumer

engagement.

Keyword: Image Search, CBIR, Recommendation System, Similarity Ranking, i0OS App

« WA ICT S3olet dlolE Bl sz A A



I. A &

olu =] 914l 7]<o] WA wl} Bl AE
718k A A3} A Zel= 78k 7 A A 8] 7}
g sts o gl

HAE 7|d o] A9 FE EAHE &
AE I YHE=E AFEAE A AT
ey ol X EAS EA R Wkl 1A o]
HAZSH 585 7| 9= Ao 719 =
o] MPAE gFotsl= Ao o] of Hgo] 3
S 4 A, o] #H3 oS | Astr] YA
BRSS! Oﬂ‘: ZEI= 7 A 7)ol AEHa
A= FAlolH, AARE WA ZREF Zigrzage
2023 949 ZigzagLensE A8t a1, AW
9 A UR] FH AE FHEC]10% A
e AxE B

ml

Zigzag Lens®] A 5 styU= ol A
AA Aot s ZPFA A 2 A A
22 = A &) oA A 3FA ol A
AR GFAAHE GFAA ] & Q1A
AANAL 2 ASE Y 5 Aok, wheFE A
A el 21& o] §3to] o F o] m| A A AE 43
g A, doldll JERE AR HE EHF
ThAl H A oF 3l EHgho] T},

oo o A 7 sk MUSINSA Lens ¢ =38+
A BAHE sl Aslr] 918 EFAH 02 Aty
2 TF. MUSINSAE 2023 % 35-7] 7] & <4 o)
HEYE BAE 198 A4 5w JE 2dk
A ~Eojolt). M o - MUSINSA A& qt
S Yo R st=oln A A 758 A T3
U}. Zigzag Lens$}= o] n x| oA &8 E A
2 ALgATE AT 5 Atk HolA 2ol b
ek, o F AE B AN A AR 0
A S, %45 A2 e

3= 7]%—8—%‘*2%1, 5

)

IT. AT

1. Detectron2& o] &3t 7lH g &+

Detectron2i Facebook AI Researcholl A 7l
93l Pytorch 715+l Object Detection 2
Segmentation Z}o] H.ejg]o|t}. ¥ B o JLof A
= T ol & ARE-ste] o F 7hE arE
5 29S8 A AT Detectron2E AHE-5H7]
93l M= o = Ele]El7F COCO F A o2 A3 5
ofof gt} whepA R A H AR b
oY A& 7haatal e g S 2o COC0 & 4] 9
annotation jsons AAstleon, Az <l
Hgo A= 2ol B9 Segmentation %
Bounding Box 7]5& &-&3}o] o|u|x] Fef A
AA A R EF AAE HS-Es ddstd

o
2. CBIR

Content-based Image Retrieval & o]H| X &
TAS=EASE FE5H, oluA 1 FAE
= quol'oq7éﬂ A5 EEsth, 2 A e

9 & A g sto] wA s}
I It WAoo

2~ Githuboll A &

VGGNet R €& AF-&-&FT}. VGGNet- o] ol H]
3 2o ANAY FRE A oste] TS 1
dl 2 3X3elgh= 22 A7]e] IHE /\}“‘10}‘3’1,
T2 AN FE22Z 167) B 19719 S5 FA4
shal 3 e Z7|7F Fo} O]H]X]
convolution A A wl Algk EA S = 714
ShaL, Al 7ol zlof EH 343k 5 mhotol f-g
Sttt o] Hst 5o = Q3 o

- 3T o [e] = 1 O
Eiba=

A A EA 5 dagFo A= Gabor
Filters AF&3%t}. Gabor Filter= 2D



B B3} 4 3L
o4 shotsl Sl A

A 54 gofetr] gk daglsos
= HogZ= /}ng 3t}. Hogx History of
Oriented Gradients®, o]w]x I 3zt

gradient A 718} WS AAstaL o] 5 1A
A Fe BE5E PAste] 85 &9
ol & ¢l &3}, AAe
= "oyl o 79 e
= Apgge

e
Table 1-& ¥ A oA 7| 2t3l 3} 7

12 A WS vl A% Folo}, 7 &
&l Al ]Eoﬂ/ﬁ HArgholn A& E=r<l
&th. Google Lens'™o] A% &35 93
¥ 7150] ofy7rlel A A=z AAH
n| A A 27F ) FAE A E T B o]
glom, HA gte|aglE A AsAY o] n A
] = VTS A48T 5 gl

3. 7€ &£F

oy
°

o
I~
w [

o

Jlmﬁ.i—ul-mrlr

, Naver Shopping Lens'*#'¢] 7-9- F-uj
HAoR st7]d vloly &g YH A
A3E A3 o] = Zigzag Lens'™
2o ATt A 7l gk MUSINSA Lens 94| &
sfth. 22}, Naver Shopping Lensi= 341
S 2 Fhe|are] Al ghs 7 A = WA, Zigzag
9} MUSINSA Lens= #|A Z3Folehs 540
Hhod = o] | AFEnte] FH Hrke ko] 7t 9l
1= %01]/\15 MUSINSA Lenst= o] w1 %] E*é

rEL Pﬂ =

kil
=
=
KX
=

ruE 0 g Jo

=z J)zo /\}31}7]_ Aele = glon &3
A, A, Go 3k AEe Agsha
ATt

Table 1. Comparative analysis of similar applications

Google Naver Shopping Zigzag MUSINSA
Lens Lens Lens Lens
(sz;r:::] Google Naver Shopping Zigzag MUSINSA
Related
to X o o (0}
shopping
Focused
on X X (0] 0}
fashion
Feature
extrgcti_o X X X 0
n criteria
selectabe

[I1. o Zg Aol A
1. A== 71

e g ol Z2] Alo] 4 MUSINSA 43 719k o
WA 4 7% Al Bk Aee i A
€& o] g8 29| o]u] & wobo shel ue]

—

R ueEe g5t o F sl nel 2 5
SHE F ol st A FELE 0 gow 5
e FEeha Ao ouAste] FAEES AL
S} Fig 12 o) el g el 2ol AA1 491 5}
g nelzd

2. dlelE A

2-1. 7Zhelae] 5 249 stE dol g Al

oOF AT BF mW HEe 919
DeepFashion2 ] o] ] A& AL83}3T). 9 ©)
O B A& 41§ 4 A3 Ml A} A
< gk 491Ke] o] A& 1371 9] o] 5% 7he| 3L
Y2 EFE vlelHE, (oF) 80%2] sts5 H
ol H ¢} (°F) 6% # = ©lolEl, (°F) 14%2] €
2 E deolg R o] Fo4 glrh. " Table 2£

137H4 o & Fhe|E]s} ojw A A g
EAE YERA Folt, B AFoMx o}gﬂ
Fhelael FAE fA @

Table 2. Deepfashon2 category scheme

7| 2|
1 Short sleeve top
) Long sleeve top
3 Short sleeve outwear
4 Long sleeve outwear
5 Vest
6 Sling
7 Shorts
8 Trousers
9 Skirt
10 Short sleeve dress
11 Long sleeve dress
12 Vest dress
13 Sling_dress
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Table 4. Model training hyperparameters

Hyperparameter Value
iterations 10,000
Batch_size 128
Leaming_rate 0.001
Num_workers 2
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Table 5. Performance evaluation results

Precision Recall F-Score
Topwear 0.72 0.268657 | 0.391304
Bottomwear 0.64 0.2 0.304762
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