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Abstract

The fashion industry is creating innovative business models using artificial intelligence. To efficiently util-
ize artificial intelligence (Al), fashion data must be classified. Until now, such data have been classified fo-
cusing only on the objective properties of fashion products. Their subjective attributes, such as fashion brand
sensibilities, are holistic and heuristic intuitions created by a combination of design elements. This study aims
to improve the performance of collaborative filtering in the fashion industry by extracting fashion brand sens-
ibility using computer vision technology. The image data set of fashion brand sensibility consists of high-end
fashion brand photos that share sensibilities and communicate well in fashion. About 26,000 fashion photos
of 11 high-end fashion brand sensibility labels have been collected from the 16FW to 21SS runway and 50
years of US Vogue magazines beginning from 1971. We use EfficientNet-B1 to establish the main architecture
and fine-tune the network with ImageNet-ILSVRC. After training fashion brand sensibilities through deep learn-
ing, the proposed model achieved an F-1 score of 74% on accuracy tests. Furthermore, as a result of compar-
ing Al machine and human experts, the proposed model is expected to be expanded to mass fashion brands.

Key words: Fashion brand sensibility, High-end fashion, Image classification, Supervised learning, Deep
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e} 2 Pinwition)o] | AVA RO F oA e of ol o] ek metAl AjAe] A F o F7tol
LYcH(DuBreuil & Lu, 2020; Lin & Yang, 2019; Takagi et 7717 YA = g A ol w7 AEsl=s Al & ¢l
al., 2017). Z12fut o] 23t o] & R 2 v &bl & o= EA7HA o= A A2 187} Rt of of
4 As AHE7| 23k 314w djojele] Awbek i
9|2 ddo]7] W Zof vl2Y oA R A A& 2R ol m| A= HlolE 2 H @ 5HA7]
Z A gtcH(DuBreuil & Lu, 2020; Israeli & Avery, 2018). 7] AEH YA BT} o 0] A HZ EQJEE= AL 7}
2 dole) #4 7 &o] RET o] BT H =83tk shAIT o] u A dlolel A4, £ S0 &
WA, A Z| oA A E e ool wldlolE 4 ARE gl 9 Bt el AE R Y
ANM 2 EF5 e, dlolEof 7]Hksto] AAIZE A R A EE W2 skaL Qlrkal e A 3lek(Hong
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mwwa7vawﬂﬂ°ﬂ%ﬂw7v&4ﬂfq
A48 2AS vejolg 4 A9z £5E
7]"H(evidence-based) & = 3| A3} A}
Z 23 A &% A7) 2] MarketsandMarkets™ (2019)
o upe 22w 4 Ao A QB 7)) i
2019 $228million(2F2,5502] ) A= & 2= A1E] %]
1k, 2024 3 of| = $1,226million(1 3 47 0] 91) 0.2 T4
o) AR AREO] 408%0) 23 A2 oI 2
29 9| A A WWD(Women's Wear Daily)of] wh=2H,
I H 7ol A3 AT 7ES Edte =N oA
7H°]§¥Q BHS AlgstaL, aa2Ql AL el 7t 7t
A B Q3 AIE 20~50%7HK] AL
Aoz 7|t g} o] &yt 0}‘43} Al o] E 9F
T Hte R ERE Sofl u}
_ﬁ_g 22 50% oA Has
A T &pol 7} o] BRI
Sh= 2F S 30%7HA] ti A Bl 5
="Aooy o 283l
AT, T Afol | 7F Ktk =& } A
=T A de & 4= Qe
2 7] g} H th(Standish & Ganapathy, 2018).
A5t g o E 7] o) I & ax vl Aol Al &
58] W2 et Foll A Nl o] FH kel 7H
%—% 3l % O 2 Axu|x}po Shufj o] AL
A AF QAT L s A
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etal,, 2016). WEhA] o] 2 B4 of Z-25}7] Q3| A= o]
1] 2] 2 ©| o] €] & A A|(preprocessing) 3} £ (classi-
fication)3}= W}t o] €] &} ZF¢] o] RIEA] A x| o]
of atui, o] Yo wat 24| 9l o= wele] s}

LS B
Fol 2ot 4= glek

A Z7HA] A o] u| x| = 2 BZE olold], Aozt
A, 241 AR, YE L 5o thE el £

AFot= A HE £A4 Zh(value) & 2 H ks 4] o el
o] B 3HE] it} o 7] A 249l &40 o] ZAO & A
Fho] AA o= F o] AL A &+
W 58 Fol 44 gtol gt o] fols)7] o]
470 L8 4= Qlleh AR IT E 4 ) 4 Q1A
Q1 s 0] A 2 & v Ehe o] B = 1 BkA] 1)
H 22 g o2 pdlof] EQlel Hl]o] 22 o] 21}
(Eshwar et al., 2016; Liang et al., 2015; Liu et al., 2012;
Seo & Shin, 2018). L&} | A A& A= Q1 &4
ﬂﬂiﬁﬂﬂﬂ%QQEﬂﬁﬂEE%Eﬂ@ﬂ
A2 ohE g z}ele] Lo] = 4= i) 3 Ad A=

= x—lxﬂ/d HIPc INE
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EEEE
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2 g ol Al A
Ho] 2257 W 2ol £HAES §A% T 4el &
e AW AFolehE BHE I 4R THE A4S
L7371 AT A R T2 A E 0 R 2] 2H}7] ) Ro]
th(Aaker, 1997; Keller & Swaminathan, 2020; Kim et
al., 2021; Ko et al., 2012).
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7} Agkste fHA 7] = 55t SE5SHA 2 g2 Q15417 Y(artificial neural network; ANN)]|
U A A =S A BlES] 3 A g e o] 1A 5 o2 W2 =5(node),
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StEAEVG E5F oS, A ARl AU =2 QL
Al=jo] gt} sj A = Qlofl A tEA ¢l QA5 A
FHHEC == H A o] E(fuzzy logic), 4 dLe]E
(genetic algorithms), 2] AFA A L} 5-(decision trees), H]
o] x| ¢t Y] E 9] F(Bayesian networks), @ 2]d &g
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o] T} Aol A E3}5], aulj(crossover), ¥ ©](muta-
tion) 52} X3} & AX W Hrp LA QA S
Agsitt= A5 4 A4S F 53 Aol A3
& 5H(Kim & Cho, 2000; Tokumaru et al., 2003)of| 4] = A1
Fo, e Y, EgY 5 UARI $A4S 28] o5
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71 X7 vk o et 24 of wh2w S AL E O] 4
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| 43S o] =3 4= Yok Leeetal(2014)& 7H&o] 2
o A HAE A E o] BE, TRl 71, 4, A
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AL e, 0 T A ESA S B 47 R0l B
i = %3}9 31, Chae and Kim(2020)-2 A3 =
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Mello et al.(2008)-2> A|&2] AN EES YHEIW=
A9 7| Y= H o|u| A& 7O B NEL A
A AE A oA F 22 WG ALk Th A
S A AU A E 0 AO| A Q] T R}Q] LR A A
£ mafsto] 2] 4] 7|k A of| & Al AHE BEl s}
Atk o] HA oA AP EFNET} o]oj x| = EF-IE=
FEFE A A A= NE2 FEXI FE
Hlo| 2t HEQ A dne|Ee s 9
2. I{¥ o|O|X| 27

Azt A 5o 7] wfZof
5 Eahela g Bk ob
HE W33tk (Hong et al.,
2016). o] A7t oA o £ vl o] B &} 215 A5l
A DA HEe] PAAL olul Ao
&/d5 ol g 3tot= H et o] B A o] A = ofof
gk 57 o|) 217} of B o] kel A 3z of
U4 B5 714 S 201598 7180 = ARk 914 &
891 5%8 Hol A 201 7ol 2%0] o] 2520
(Cooper, 2019), Q17Fo] ZA|8}7] o FAY 7153
AB7IA = 2Ho] 1 g 4] © 2 70 5ho AT

9] Hofol 4] Al o]

S+ (supervised learning)
srobA Eo}e nAE 5
S HPHS o] gk ol )7 B B 44 32 ol
571 913t EF715 A5k s &4 o] ol EH
H dolE S EH-AA, A28 3 A Abxl o] T
oS T 54 44 o BREA AT A
7]= ¥ o] th(Kiapour et al., 2014; Ma et al., 2017; Ta-
kagietal., 2017). A3 AFo) A= F e A& 55171
AT AE EAE 2 g EZolv &4 mY o &
T2 &-83) grh(Jiaetal., 2019; Sadeh etal., 2019). ©]
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o 22 ofoldl(: Bl M =, ELH], M= F)of all g}
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ERES 58 601N MM BT 2 5ty
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e potAow BAstel ke DR et s BRSO R nde) B2 5 A ES BAsH:
W o] RE FH AH| 0] A GG CTastegra- (AR 4 BE A HHE] ol GFL )
phs”, 2019). Chicisimo= 7] Ho] €& 424 Wgo]  ZItkBarron, 2021).
A 2w 247} 44 v e ofo] AP 0.2 AT H 2 B e A ah GRS g pE e gol 2 na
Eual opjeh, chokgt Ol 7k WEE 2 A S olu X7 Qiek HAE g o] AP AT A o]
Aul AT BlE £42 FEGTdolHE Y 5 .58 £42 Fe) A Bl dolH A4tolet
84 2 tHAldamiz-echevarria, 2018). o] AF| B okel @, BAE ofu] = Au) A7ARle] BA B0
ojul X B5E FEstel S AU AR AES FE ek AAH Aol v S Fal FAH A
ahi A= 2000 0] ZNbRE Aol Ft, To- b 3] Hel HAlE A4} Z-g-o] ol go]chKeller,
kumaru et al.(2003)-2 A 9] 239} 7F 7S 7|Hlo &2 2003). o] 7| o= AH|R}Eo| B HPEE HE u) 7|
Azoh ol A& Aol uH) 5& 2 M o] o4 wo2t nalso] diek X4, g H, 7

2epdE 2 78 A¢ksl gt ©]F Cheng and Liu
(2008)9] AT A1 ©]50] 234 S0l A, 22
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ness’ 2] H x| ol tf-SAI A A Hel FY skt
2 AT A8 AT Pk o] ul X2} WALE Y947
Aol 714 B 0132 1072 28 (sexy, mo-
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masculine, sporty, casual) S0l A W& 4= 13 th
0] 9} 9 A}t 7]\ © & Chen etal.(2012)2 O] & 2= /dS
EFOFL, £ 119 AT & A FA] LAY (co-oc-
currences) W & vgro 2 AEtole] 32 g wely
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Z+2 A Af(Carpenter et al., 2005; Cho & Fiore, 2015;
Clarke et al., 2012)©] 32 3}+=tHRoss & Harradine, 2011).
A A E S o= TRkl e Y 8, Z2 A
Q5 2} H| AR stol g S0 51}
F0A =S T8l BT FA| A QL ou| A
Fc}H(Cho & Fiore, 2015). HH = o]ju] X = 4
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of o]27|74A] AFANEE] {3 HlE o e A o2 BRT 4 e & L¢tsfjor gt 5351 A%
SR Ea=g A5 71w0] 483 o2 ShA AL A= A Al
53] 2H| A= AALE d@lsk7] 98l A AlEol ol A A Q1 3 A o] w| 2] &] 282 9|3 A=
HofEl A A ofn] & AE-5hH, o] of whet AH4l o] A Joke] w2 A Q] =l A A& QlFAs 7]E
oS BEE o B HE A HAES T o FoIA7| T o2 F2al Shrelis Ao] FRalth
o} 7} o] 7] ol Eo] Escalas & Bettman, 2005), WA 2 AT thg T 28 AT-EA S AL
i d Beet g de oA s BHEL I
ol3f5lal BHF3t= AL &2 3o} Gaskill(as cited in ALEA 1. stoldlE A BEHER S35t =2
Hines & Bruce, 2007)0]| wh2 9, 3§ 71 ]2 A& 7] 2] NE A& A= 53t
o 7] SANA 8 A EA A del= a2 AT A 2. 3h5E sholdle s Bi=o] 74
HEof Aol FHE 7] shar A%t o] wf ah 7719 HadS HaHer i
g o= gAY &9 "ol & £ 5= dFE N A5t
ESto] st o] 58] AL eh5Stho, A Ak
FTAAEL AFUA ) At R 42 AR = 7 2. AFHER
o} Wk opu 2} s Aol A= B E A 9o F3F
of f1A3l A= FA7Y HAE s B = 22t A B = o] 7H4d & A AR W ol A = stol<ll
¢ HEld e =o] stold e Bl =] tAQlS aLst E ojd BEEC A 7B FEHAA EHE L gl
o] ZpAl il = w2 A ATl e 92 2 (knock- ], A3 7ol stoldle BAE A o0& ARJY Aol
off)7} 2+ 152 F th(Copeland et al., 2019). o] 2] & & Ao] 7}s8hth oo HalE 7H4o] =X slol
&2 A AE WES TR A BE 2 A= s BHEE AR, A7 A5 71&S o &
Jo] EAHE WSk sto] Bl E 9] ofu|x|of A s HRE A& A=
ghgotalzl shgieh 58] #j A AR Y] oA 9 45
L. 7 o Hxt k557 918l stoldl= s Hi=of g glo] AR
= YA o7 SHSHGI T B3 A ol7t dEj= &
1. A7 EH A A71ogE B E /o] HEFE o] ShEEA] e
3R 9% 7)1 7bol A4 U H s EHEL] SHH,
2| 5ol A ol HE &85t =& 7HA B ARE Al ste] 2| e ek Hlol B = iRt e s
£ AE0he vl2y A mdo] AL, HFA Q1 1f # sHg o] B & 218 v}t gitt o] & £/
A A AR Al gl 2okl = HSHE ghol sk gl O etz Frkg Holg Ao g HEe &
o} i A dllo] 8 & A w kA £A4517] A A oz aid HHE Y BRI HaLE FHEE
wojop & A g o] A7} F S on| Al Gl A s
A& dotlaL, FFE7F AT = Q= &4 3 ghe
2 A A A o] B &st= A olth. s A ofo]g]o] 7} 3. X = &5E fstdlolE =
Al A, A, ofol |, HEH Y, Aol 5o 33
&AL WA YL 7HEo & Flo] o]n] o Hstn I BHE S shEA1717] e s Bee
B2 &4 ghol A w4 AL ek 2y A S T AA 9] 7HE A9l 1A 8k sholdle sl Hli=
SAREO] ofd AFE A A S 7HR Al F L r A 2 O AHE T A E w|tfojo| A s Th = A
doll gt H o= AFtuitt = F3hduit) Aol st 2 Kimetal.(2021)9] A3 Aol A2} Zro] 7] A
L, kol AR AF= o) A oF 3 Al 7 of] whek & At AE7FEO] stoldlE i HE F HAE 3
7 2ol HFE &= ok R E T 2P A S 55 dol thE HllEof FE 6] R E AL Qlrkar FUkeE
Aoz RRshe Bl EFA] T/ o] v Al 117}A] ZLF(cluster)of] &3F 2071 B = o]th, 514 4]
= Q7 ) &of, A3 7|22 VA 1 A S A © & C1(Gucci, Thom Browne), C2(Louis Vuitton, Bur-
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berry), C3(Christian Dior), C4(Chanel), C5(Hermés, Bot-
tega Veneta), C6(Jil Sander, Celine, Chlo¢), C7(Isabel
Marant), C8(Acne Studio, Maison Margiela), C9(Alex-
ander McQueen), C10(Balenciaga, Saint Laurent, Bal-
main), C11(Off-White, Vetements) 2 § 4 &| it} ol &
E0] C6 1 E9] Jil Sander, Celine, Chloé= A 2 J-A}
FrEHE IS Ad stollE HHES=E C69 #
o] &<l T &5 et

A= 3h5E s = Elol 8 24 131 4 o9
st&5-8 g|o| el 7} & - E th(Jin & Liang, 2017; Schnei-
deretal., 2020). o] 2|5t 7| ol whah 2| 412 B = 2+
B GAAA M o 7122 FHAL 4 UE
= 22 51712016 FW~2021 S8) B gfo] 5} 41 AR &
a8t ol ol Blskol w4l 7] 171 (Vogue)s
A AYE B et g APLE bR 5
sheie

1) <ol ojolX|

a4 rgolu g 5 9 Aol 54k w4 o]
B2 £:9] M5l AL Sofihis S| (Eshwar ot
al.,2016), 341 o] u] 2] o] 2 71¢] 41 ] o] FH(Wang
& Ai,2011) 0.2 Q13 T AT 270 A 9 B}<5 t o] ¥
£ 3 H35}7|7F o] He) o] o T3t t ot © & Seo and Shin
(2018)> & glo] dlo] ¥l A& Atk lTh # o] AR
S Bl g ujAof Aol QIAH, v A& ofx
£7]2 3o} B315h A Gl B2 AL 1) )
ol w4 o]u] %] 2] AT] o] FAF 20|} 3hr
of dagt A el o] Ao aE A gh=tt. o]0
A A o] AKE +H, 2RI e 7 FR/3H= Aol
E g 219 Z(www.tag-walk.com)of| A 207 2] 3}o]all
A B =759 E9H2016 FW~2021 SS) 71 | 3¢

£

It

global
average
pooling

EfficientNet-B1
(backbone)

feature map

Y

Input Image Feature Extraction (CNN)

(parameters : 6,513,184)

om pg= 0 maehE e Ao A 1571482

SAsHe.

2) Ti& &X| olo|x|

sho]dl= s Bl = o] e fflo] ARl Bl =9} o
Apold o AAY = &7 vt oA, e EIL &
Sill

= d B s A S BTk A4 02 548 o
u| X7k gk o] H 3k ol 2heteto] s t=of sf A
st ol Fu g At 22 oA g7 TH 1,9
2.2}¢] o}7}o] B (www.archive.vogue.com)oj| A I 4
MRS F7E2 s IO of7to] B 18921
3 o) 2 )= R 9] ol S -Seli ek 514
ey 7|7 5 S Abxl o] 2Rt of Qlar, AR = 8t
S0l A 017)7] ool 19719 19 18] o] Fe]
20209 104 314 7hA] oF 507 A H A Ao
2 gHgsto] elo] A= o 41 Bels o] el s, &
A ol A& s ich A A7) Qe Al ) 2
Z(Off-White, Thom Browne, Vetements)S- A 2] 5}
177]18] B =of A F 25,6137 2] sj A Al 44
SFAL, o] T A1 e] 2ol Z = ub= 10,6407 2
AFRIRHE A ste] 2| stol Ag3h e,

softmax

»

logit probability

T

Classifier (MLP) Fashion
Brand
(parameters : 2,102,515) Sensibility

Fig. 1. Deep learning model for classification of fashion brand sensibility.
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o2y =2 EfficientNet(Tan & Le, 2019)2] A& L&
B1& AF83}o] #| = 81452 423) 519 o). EfficientNet
= @A7HA d R 2 F el o] 7] dfH] 4 5ol
744 Holuhar, 8] 15HA o]l x| o] §-AEHA B
Qrd%ﬂﬁgﬂﬁﬁﬂﬂiw45ﬂﬂéﬂﬂ
S Sl &= ol A Ale AgetA &
=gaeE ﬂ@ﬂ%OWVIJ%%{WQmM-
geNet-ILSVRC) d| o] €] Alof| 4] u] 2] Ss50] | md-&
7FA @A\ A Z A (fine-tuning) 3} Itk & A Lof A
11709 s Bl = & &57-817] $18) 4 Efficient-
Net &2 0] 714 up x|} o] o] of] 34| Z-9] th-417%
L& F7kstgl o, o|u 2] E5 T Hold s
< Hol&x FA19 &4 <4 Swish(Ramachandran et
al,, 2017)& AH&-3FSI T ol & ghat A A 7E2] <=4(loss)
= Fa3}st7] Q)3 Adam] 2| 23} 12| F(King-
ma & Ba, 2015) 0 2 &4 §5 4 sglon, ml
9] I} H(overfitting)= A5} ¢35l &<5-& ©|o]
B9} 5%9] HE8 o8& AHE-ho] At AE5h
w710 e wol Utttk
A Sh5E gk HlolH o] A oF =7 7|Tte] A
2 027] giofl, hEol £ &= HoleE gest
o F7H &7 RS EFch UAR 2d 2 E L
A= Aol A AP RS gF5g o]t ¥,
RV 8- o} 7] of] & o A+ & o] aL a2} 324 o]
E2> B op7to| B o) s AR S bR ShEEt B
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<Table 1>0] A o} Zro] F = Xoff sfjd o A %1 Q1
"277,9] 50 #] djo] ]2} 2016'd o] 5 e 1 =9
AXE Aol AAE B LWLl E -5k,
Hl WA Z2of 5343 Bl E AL, slojdlE HAlE
o] Fa10) A o] thE A P2 C7,C8,C9,Cl1 T1E2
glo] ] =7} Bl A At o] Y g S FESkaL K
oF At o g oh557] flsf A OIDW% 3 w3k
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Table 1. Dataset of supervised learning for fashion brand sensibility

E;zjz High-end fashion brand Ta%:l\;alk VOg(liS 0 ];(;\t[)al
Cl1 Gucci, Thom Browne 2,041 1,546 3,587
C2 Burberry, Louis Vuitton 1,593 1,585 3,178
C3 Christian Dior 1,490 591 2,081
C4 Chanel 1,531 2,018 3,549
C5 Hermes, Bottega Veneta 1,343 1,060 2,403
C6 Jil sander, Celine, Chloé 2,257 970 3,227
C7 Isabel Marant 655 68 723
C8 Acne Studio, Maison Margiela 816 0 816
Cc9 Alexander McQueen 490 323 813
C10 Balenciaga, Saint Laurent, Balmain 2,862 2,479 5,341
Cl1 Off-White, Vetements 636 0 636

Total 15,714 10,640 26,354




# Classification of fashion brand sensibility
class Hilda(nn.Module):
def init (self, num_classes: int, arch: str, z_dim: int):

super(Hilda, self). _init ()
self.swish = Swish()
self.cnn = EfficientNet.from_pretrained(f'efficientnet-{arch}')
self.apool = nn.AdaptiveAvgPool2d((1, 1))
self.mlp = nn.Linear(ARCH TO NUM FEATURES[arch], z dim)
self.clf fcl =nn.Linear(z_dim, int(z_dim / 2))
self.clf fc2 =nn.Linear(int(z_dim / 2), int(z_dim / 4))
self.clf fc3 =nn.Linear(int(z_dim / 4), num_classes)

def forward(self, x: t.Tensor) -> t.Tensor:
f = self.apool(self.cnn.extract features(x)).flatten(start dim=1)

v = self.mlp(f)
v = self.swish(self.clf fcl(v))
v = self.swish(self.clf fc2(v))
return self.clf fc3(v)
model = Hilda(num_classes=11, arch=MODEL ARCH, z dim=Z DIM)

# Supervised Learning

for epoch in range(1, EPOCH + 1):

loss = criterion(model(X.cuda()), y.cuda())

for X, y in train_loader:
&= (precision)= 2 O] of| S0] Auprf g2}

| ol groll A A A ghel Ao vl& = ALkt

Fig. 2. Pseudo code for classification of fashion brands sensibility.
(recall)} A7) g Fol A mlo] Ferg

optim.zero_grad()
loss.backward()
optim.step()
A B A E7710 Foshelar, 21 A i <Fig. 1> ojH, %
A% 7t 2t 2ol 43 BT} ) <Table 2> <Table
3>o ey dS Atk A SE EES A &
ZdH R 0~100% Ato] 9] gro 2 & Ew, C1~Cl12] & 3] oS3t Bl Eoltk F, AU =Y A dE 2F A
4d 3H& W5 B3k 100%7} Hok @2}y 3ol A &) AES AHOR ST AolAh, s 2l
& Held 3 At ol S gholn, 8- A= S| Woll A, e AA FH dlole o dAfolA 3
A Agos dolSud gloe BHEst 258 4 w2 wal Rtk nXBOR Flscorel AU Eo
S om|gteh th ZAAE ol &1 ol 5 ghol YA Mo 2otgtor Axbdry Jodee S
3t 315 o) m| gt <Table 2>] 4 C12 o] & € off &3t dlo| ¥l 4= # Aol RIZHSE HEH, Fl-score= &
WS CHZ AL ST A9 48, CSB B2 AR #29 B@dol @ uasiths S4o] 9tk Goutte
A&7t =230 s H S uleteh LAY EE & Gaussier, 2005).
ulEHo 2 Fl-score, J2HE, AUE, A 8-S A4te} st melo] 4 7} Ash R R 3777 %251
o] B 9] 55 =451t o] 7| 4] A& X (accuracy) 7NE 23 Fl-score= .74, AS+= 66.58%, A U= .77,
g xdlo] oJF dlofEof sl dufrt AgetstA o ANA& 739 Hse Hlrh 53] €9, C109] i A4
252 Ueh s Jue A4 dole  olZ gt Eshegoi), €5, C49) 49 var Yeesl |
(predicted class) A A Fh(actual class)©] &L 7E 24 o}t RV B el o] A= 37770 523770 9] A= 93l
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Table 2. Confusion matrix for R model

Predicted class

C1 Cc2 C3 C4 C5 C6 Cc7 C8 C9 Cl10 CIl  Recall
Cl 23 0 0 0 1 1 0 0 4 4 .68
C2 0 17 0 0 3 0 0 0 3 0 .74
C3 1 1 11 0 0 0 0 0 0 1 0 .79
C4 1 0 1 13 1 0 0 0 0 5 0 .62
C5 0 2 0 0 29 0 4 2 0 6 7 .58
ACT;‘:S‘I C6 3 1 0 0 0 31 1 1 0 3 0 78
C7 0 0 0 0 3 0 12 0 0 0 0 .80
C8 0 0 0 0 4 0 0 32 0 4 3 74
Cc9 1 0 0 0 0 0 0 0 18 0 0 95
C10 0 0 1 0 1 2 0 1 0 53 0 91
Cl11 2 0 0 0 1 0 1 1 0 3 12 .60
Precision 74 .81 79 1.00 74 .84 .63 .86 1.00 .65 46 74
Fl-score = .74, Accuracy = 66.58%, Precision = .77, Recall =.73
Table 3. Confusion matrix for RV model
Predicted class
Cl1 C2 C3 C4 C5 C6 C7 C8 C9 Cl10 Cll1  Recall
Cl 20 1 0 0 0 0 0 1 0 1 1 .83
C2 3 17 0 1 1 1 1 0 15 2 40
C3 0 0 11 0 0 0 0 0 0 0 1.00
C4 0 0 1 11 0 2 0 0 0 8 0 .50
C5 1 0 0 0 29 0 1 0 0 6 2 74
’?ﬁs‘:l C6 3 0 0 0 4 33 2 1 1 7 4 60
C7 0 1 0 0 0 0 14 0 0 1 1 .82
C8 0 0 0 0 0 1 0 34 0 0 1 .94
C9 0 0 0 0 2 0 0 0 14 1 0 .82
C10 2 2 2 0 0 0 0 3 41 2 .79
Cl11 2 0 0 0 3 0 1 0 2 13 .62
Precision .65 .81 .79 .85 74 .89 74 92 78 .50 .50 74

Fl-score = .74, Accuracy = 62.86%, Precision = .74, Recall

© 1 Fl-score .74, &= 62.86%, A U= .74, JH-&
739 g Bt & RHEE v skl E w RV &
o A= C4E A Qstile R B H T AR A A
S = =% C3, C89 A=t Bo] ot ol &
oheFgk W o A s A 8l & 4= QlTk A Aol Hoh
o8 G|k b gk chabe A T 2 5 st 22
of cheyaly] o o] H7he HlolEo} 270 & o %

I

N

Ho

LB

=
=1

=.73
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82 S8 ol0IAE M U E 2t st
S o|m| R] Q14 th3] o] Ayt B o] 2, 9154 EE R A BE A 771 RV 2d o] B4
O R ou| X9 &4 3h& FEst= Ao AE sto] HRlE 7 &4 ghe 2 ek itk &7 241}
o 2 &3 57 R o Heho] ETE A oFe &HEol o] Aete F7F B ol A w2 s A AFES sholll=
2|2 2.25%71 4] Yol thLee, 2018). }A| Rt 9 A A HiE 7 fe = o]l &9 7t of "k whebA
F} o] Tkt 49 27O 2 o] Fojxl oju] A A AP o] Mt 8 S AL 2 Q3R 5ol 57
O] g, oJu| x| Q149 A== It e /&S graf A BlE o Fost= A5 54 v 9
of A A] otz A o= e A glth. A A DeepFashion AE A=(15: A8 5 otA] e=th~57: ob = 59
ojgh= s A o] ¥ A& o]-&-5te] s A o]m] 2] & 7} Feh = SAsto] A5 =453k $99 A
H| 12| E ¢]| 5 8l+= WTBL, DARN, FashionNet, Deep- BNE Ash7] 98l AFR Y] w2 A= TR
fashion 5 L2 2] &9 Aol &= &/ 7h2 370 S5 At SH TR &, A ARKEE AR &
AEE-2 44.73~88.42%0°]| E1}5}cH(Park et al., 2019). AEAHEEFHHF o L3}, 7| ALt v n v} &
Akt A Aol A AgH e F&S T2 A4 <l o]t 5 o] 5 1003 & & FHikst el Tt
Alof tf3t Frt A= 04 S BRSHLAL A <Table 4>) A= AF A A7t =53 2
SR Ao AP A WA ol g Aolch ok BB BAE g S4 1he V2o R vmeledth. 1
Apsizel Aol Ao ol AR BAZL ORI A A3 ARGl 54 HAUE 4402 Tsh 4
o Z7o] o2 4 9-40-60%2] AL E FoIF £ EL 13.79-99.68%(H 60.96%) %k C3e] H -2
A th(Abu-Bader, 2021)= F ol A 9 A B = Z/d o] AHEH, JF A5 2 AR A C3 8 e
g S NG E o= A& A= S5 277} 13.79% % @bl S s A v, o] A= thE A
7hHsstehal & 4= Qlok o H A T e A o2 wEE Aol ok
EF HETIEZ o] AMRlo] C3 B E o R |
3. sfojdl=E M EHE ZHN ER7(9 &&: T AATE Ao thaf 72.5% = T3 AL 2 3
A M BEHEZS M Aot = otk By 02 AE7ME2 A A Y &
H A 3}of 55.00~84.38%(H +t 68.77%) H = 5 2] 3t=
4 EE A} o] 2 5 5}afd al(trickle-down) ©] Ao 2 Uehth A5 Aw7hE9 59 vlEo] #e
224 dhE 28l E SoiA A4l tFo Cl1,Co AT A 52 73 o vlae LA
Aolg Mol ol n BF L ARES wel e woreh ujebA o ALES o] HAlE k4 o] B
# 20| & %0] @3 ks Ao|th McCracken(1985)  ]of 9liz At 2 24 Hith. o] ko] A& Faksto]
o A8 04 MRS AP dhbol 1) H A Alesthetic R, )2 A Sjo] QS HAE O] 714 S Shirat
proposition) 7} £17] W&ot e UG 7k ERE olgsle] HUS WHAS DU 4 ASS
A o mo] Aere WA frka ek web Be)  oujake) o8 Bl HAls 74 BRvlel A4S
A1E] S0l A w1 HAZLE gl sollE A B gele 4 Qlsich
=] 2418 o) A B Ao QS )2 Aol
oha1 §300% 4= 9Lk o] et g & vhgko V.22 W =9
E A ER719 S-S Hotel 2] 918 = )
AAR O 3 2 o] F= A g B =9 5 A o] de o) £4 7] WA AlFS] AL, B8, Tl
25 A B A BRVIE ERT S ASA 5O AE A vl =Y A iAo JaFE n] X gk
A =t 53] -5 Ao Fopol A Hj A HllolE £4& F
ojof o JFof] E3FE W 23] &P Eof o5t FFH Au| A7 A £ 3] EF 2 bzt E ], A E
©] 2020 124 o]l Tl F2l o & 7He ane] f A& Wotyet s A ofu| x| 7kA] Hlol ¥l gtst7] 917k Az}
21 AR 1,0000] A2 Al whLaL, W= A 75 o A5 At 2] 213 = L gl th(Chakraborty etal.,
23679 AL FZA )2 Mol B 71E glo| g Al o 2020; Kiapour et al., 2014; Liu et al., 2016; Takagi et
2 355 o] E A BE oA e A al., 2017). 53] A A g2 9 A oju| x| o g1 7|5
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Table 4. Comparison of Al machine and human experts about mass fashion images

Top-1 brand sensibility (%)

Predicted class

Top-1 brand sensibility (%)

Predicted class

(Brand name) Average of Average bof Machine (Brand name) Average of Average bOf Machine
machine®  experts -experts machine®  experts -experts
C1 C7
(Gucci, Thom Browne) 4511 35.00 08 (Isabel Marant) 92.11 76.25 1586
Iy C8
. . 60.93 68.13 -7.20 (Acne Studio, Maison 21.08 84.38 —63.30
(Burberry, Louis Vuitton) .
Margiela)
C3 C9
(Christian Dior) 13.79 72:30 —8.71 (Alexander McQueen) 272 33.00 —32.28
4 C10
81.92 68.75 13.17 (Balenciaga, Saint 91.06 61.67 29.39
(Chanel) .
Laurent, Balmain)
C5 Cl11
(Hermes, Bottega Veneta) 85.29 7125 14.04 (Off-White, Vetements) 36.88 64.38 =750
C6
(il Sander, Celine, Chlo¢) 99.68 79.17 20.51 Average 60.96 68.77 -7.81
a: accuracy of the predicted class by the RV model (0-100%)
b: agree ratio of the predicted class evaluated by experts (0-100%)
o om ARUAolds) £7] wiZol, sfA A EEY Y ExE =Sl BHE Y 2
= HdS o AiA ol Thset 4 &0k g F717F A= Slck
A AT e FHAN S A3 Aol HET A, Al B e 2 £57719 5= B8
T e ol thsi=A A5l 2 askilh ol e A& dolE Ale vz == 535144, ol 5
2 Ao = sholdlE s B EO AR T R¥} RV o] FQlslo] o Jehe A5 A&
&g ou|7t e E ol Al HHE S 5T 4 = Ak 1A 57719 AA 452 8718 Sl
U Aoleh= A stoll Al EHE 44 EF771E g Be g =i oty deE s B
A shg o2 55k, EF deS thHdER H7t HE Ao Aol w2 A H7HE TlofE Al
LI ©8 755}, RIRV o] 4352 37k 2ok,
A% Ao Auti cheat gk, AT wE B YT 4% S EOR e 2
AR, 3k B E ol s st= stoldl= 2 Apo] & Kol A 9FQrOo Ly, RV EEL R el H T} =
A=) s Ade dglolet s A oA =38k S EoA =TS H w2 AS & AT
AL, Held 71 E8sto] B E TS A= o RV 2 el 0] 79 hefRt v o] 322 5 85 271 0]
555} %1t} Tan and Le(2019) 9] EfficientNet2] A5 B 718 dlol e &F fAls Aet=Tt & o =9 4= 3
% % Bl ©]-8-35}o], ImageNet-ILSVRC H| o] & Allof o &5 GBI A4l o oA = EASHAIRE, o] 2%t 2
A u)E] kol H mdl-g 7hA obA] ul A 27 st IS v oz QI3 A 5o AFS thAlshe] vl
EfficientNet &9l o] 71 vp|uf g o] o of 34| 5-2] th dehstal Ay lom WE Sre o Bl 7
SAEES F718E o H, B3} o2 = Swish5 e ERFE S US AR 7|E
ARESF T 2 RE2 Bk Hlof B o] } 9|5 o] A, sto] A= Hi = o] ZH/do] M HH E R o]
ARl o 2k R R R el 3t AR O] ulf g o] L il otk st ubd o) 714 off 1 2stod shojll= B
o x= HojaY oz g HHEL S B HE S w2 Bl =) = A8-0] 753 2] A
SkaL Gl KL of7hol Bl 3 4], Fal ARIZHA] Sty sko] Hokeh 71 A3 7] A|(60.96%) 7t 2 E T Ao
RV HE’ 2 Upeof A e kg2 =5k iTt. o] 2 o A2 7= 68.77% &2 5hm, 2~ s A B =
RS AA A AP S FdshH B A A= 2 27715 &l o) 7hs stk Ae &
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82 S8 ol0IAE M U E 2t st

Ikt Ao Ag g a2y ey, 2EE B9 44 oln]

2 A= Hed 71s9 Yo R AR o] B = A7} F-Z5fe). Rk ofy Ef Aty Z2fof o] Bl H T
A& EFohs tal 71A17F 85 diolE Mol 54 el of wheh B = g o] ks L Al 28 At
= 25t wWE A Qo Hlu A 2 Aot = 3 of FEHS 4= glon g, o] 5 Jesto] X &HAQl B
S EFcte ZdS st ithes HolA 24 A= g o k5ol o] FojAoF & Aot 3T 31
ol o1& At 53] 44 7712 7idoll olof A4+ Y 2l dutA o s Sk fd W HolHE
B 38k 2ok Al JlE Al 7les HEsAA 8 2 shal, glo|H 7t gEas 2d o) 4ol ¢ 50}
A 27 710 AASHE g5 vlolE & 5ol A= A o2 8] £ 7] o oll(Cheerla & Gevaert, 2019;
o| 27| 7HA] 8F<52] A R A| 20 A 3 A =}l 9] Rashid & Louis, 2019) 8t<5 o|u| A] 24 4155 &3
A 4o] 71 A= dold &3 A=A 7HAE Ad A&7t A d = ofoF & Aoltt. o] ef T =o] QIXtt
e sl B e 7Y 577 &S stoldle 71419 B = 2H] i Yot S Hlas) Hoke o,
T B o] miAs Bl =) aujta o] H oA 7 A = 7149 A et=Tt "ol A& ko] AR
@G A AT, E= A EHE oJH o] HE = ol= T = °l u] 2] o] B o] 5
Aol #REdEE St EAE Aot Heix| e Ao §S WIS Ao ehe
o AT, A BAS gAY o ZHS wold DR FhATAL A A 2 S B BACS
Fo) 712 B B E Rolek. Aol AR Y 4ol AFAo] £ A AL A E St A
2 A7 W (Generative Adversarial Networks; GAN)-= S A5 | Holof & Zlo|tt F Ao B Ao A
Sgato] AuA ol d HAES] AWM ANE F A8 EfficientNet Bl 2 ofuje} 7]} sh 2 AG 2
23] Shgaha Aglolt d A A Ee Axol ol ZhE e Eoma a4 BAlE 2y 1 A%
o] = (deep fake) A t]ZFQ1 O] At = FAFSEL Q= A 01] 7)oy oF 3+ A o]},
H|(Ahmed, 2021; Jung, 2021; Kim, 2021; Schwab, 2018), H A Lo A= o d ARl o T3t A ZHA Esof &
Ex Balt 4L 7jdlo 2 913 o] WA tz}al 7} 2o e A ey BHAlS Aeste] A B
=AW= 7lsol = 2 282 5= e Aol A=of i3t 7HdS shaskl] el 7147 B

R A B A Al A= A QLN S EE ol gk A 7E vk Sedk o)

gl Ad= 7]‘?}2§f&it§_8}% T2, A 2ok oA af ojw et Y S Tl AE =S Re
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