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ABSTRACT

This study examines how runway fashion trends derived from artificial intelligence (Al)-based image analysis and
expert text analysis demonstrate consistency when applied to the same analytical target. Previous fashion trend studies
have primarily relied on either visual analysis or textual interpretation independently, with limited emphasis on
quantitatively comparing results from both methods using identical runway data. Therefore, this study applies Al-based
image analysis and expert text mining to the same runway collections and systematically compares their outcomes. The
analysis examines runway collections from the 2023 Spring/Summer season featured on Vogue. Furthermore, 12,946
runway images from 331 brands were collected and analyzed using Al-based object detection and classification
techniques to extract fashion attributes such as category, item, color, print, material, detail, and style. In parallel, expert
review texts for 303 brands were analyzed using text mining methods, including TF-IDF analysis, word association
analysis, and topic modeling. The results derived from image-based and text-based analyses were mapped using
1dentical fashion attribute categories and quantitatively compared using the Jaccard similarity coefficient. The findings
reveal that attributes with high visual clarity, such as category and color, exhibit relatively high similarity between
image-based and text-based analyses. In contrast, attributes involving greater interpretive complexity, including print,
material, detail, and style, show lower similarity levels. These results indicate that image analysis effectively captures the
frequency and distribution of visually explicit elements, whereas text analysis emphasizes semantic interpretation and
contextual meaning from fashion experts. Overall, this study demonstrates that runway fashion trends require multiple
analytical approaches for full understanding. Additionally, it compares image-based and text-based analyses,
highlighting their complementary roles and expanding methodologies in data-driven fashion trend research.
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{Table 2) Distribution of Runway Items for the 2023

S/S Season

Item Frequency | Percentage
Gown Dress 1.311 10.41%
Slip Dress 725 5.76%
Jumpsuit 644 5.11%
Halter-Neck Dress 614 4.88%
Shirt Dress 541 4.30%
Skirt 536 4.26%
Off-Shoulder Dress 522 4.15%
Tailored Jacket 508 4.03%
Blouse 495 3.93%
Slacks 448 3.56%
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#H7F AlE Auke] F8 AZH Q47 715
ojw gt (Table 3). ZUE XX = &2
Blo] 714 =& uES 2x|she], 2023 S/S Al
o) AdH 5434 ddd YA Aol wt
Ao 2 A EtTable 4).

S

i)
dlo
o & oo k(A

of

{Table 3> Color Distribution of 2023 S/S Runway ltems

(Table 1) Category Distribution of Runway Items for the Color e e —.
2023 S/S Season
Black 3,194 25.36%
Category Frequency | Percentage White 1.895 15.05%
Dress 4,676 37.13% Beige 1,130 8.97%
Jacket 1,554 12.34% Blue 717 5.69%
Skirt 1,301 10.33% Pink 714 5.67%
Pants 1,291 10.25% Yellow 688 5.46%
Coat 931 7.39% Sky Blue 644 511%
Jumpsuit 667 5.30% Gray 626 497%
Blouse 495 3.93% Red 464 3.68%
Casual Top 407 3.23% Brown 457 3.63%
Shirt 260 2.06%
Knitwear 230 1.83% Total 12,593 100.00%




Rkt 5764 25%

{Table 4> Print Distribution of Runway Items for the
2023 S/S Season

{Table 6> Detail Distribution of Runway Items for the
2023 S/S Season

Print Type Frequency | Percentage Detail Frequency | Percentage
Solid (No Print) 8,252 65.53% No Detail 3,451 27.40%
Floral 1,759 13.97% Pocket 2,345 18.62%
Stripe 762 6.05% Button 1,221 9.70%
Graphic 443 3.52% Strap 1,026 8.15%
Check 393 3.12% Slit 669 5.31%
Dot 323 2.56% Shirring 533 4.23%
Paisley 151 1.20% Cutout 377 2.99%
Gradation 116 0.92% Belt 336 2.67%
Tie-Dye 104 0.83% Ruffle 335 2.66%
Leopard 103 0.82% Pleats 258 2.05%
24 B4 A3 AR ks 27 A Table 7> Look/Style Distribution of Runway ltems for
Hog wo MED EEH9on o= A% the 2023 S/S Season
7F o) 71AE AFoA BEYEA AHEEHE d Look/Style Frequency | Percentage
W F2E NG AR s4uE, 54 W% Casual oo | AL
A Az Ros ax Bxe AQd E4S B Feminine 3,596 28.56%
A AR AT + AKTable 5. T — m el
Resort 1,011 8.03%
BHo M= ZAH S8 e F2F Lo Office Look 533 139%
FEHAI(Table 6y, 2Bt #AoX = AFL Ethnic 134 1.06%
2oAHd Aede] F23% AEY WFE e Punk 88 0.70%
Tk Table 7). Retro 63 0.50%
Military 41 0.33%
(Table 5> Material Distribution of Runway Items for the Wedding 35 0.28%

2023 S/S Season

Material Frequency | Percentage
Synthetic Fiber 7,191 57.10%
Cotton 1,927 15.30%
Leather 546 4.34%
Chiffon 500 3.97%
Knit 403 3.20%
Denim 352 2.80%
Sequin/Glitter 314 2.49%
Lace 293 2.33%
Spandex 168 1.33%
Wool/Cashmere 163 1.29%
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{Table 8> Top 20 Terms Identified by Term Frequency(TF) and TF-IDF Analysis

Rank TF Rank TF-IDF
1 dress 624 1 dress 28.43132094
2 spring 234 2 spring 14.57446711
3 skirt 194 3 skirt 13.49062375
4 shirt 179 4 black 13.36716409
5 black 177 5 shirt 13.16057212
6 jacket 163 6 jacket 12.50972825
7 cut 156 7 cut 12.34137409
8 tailored 123 8 leather 10.31549748
9 white 120 9 tailored 10.20095459
10 leather 119 10 suit 10.10812265
11 suit 115 11 knit 9.899047761
12 knit 110 12 white 9.76624549
13 pair 110 13 pant 9.635008139
14 pant 106 14 silhouette 9.302869574
15 silhouette 105 15 short 9.201636516
16 short 100 16 pair 9.127961505
17 sleeve 95 17 style 8.719550279
18 style 91 18 sleeve 8.505120768
19 silk 90 19 silk 8.474245574
20 coat 86 20 shoulder 8.240410358
2 YA TF-IDF 4 A3, dress, jacket, o] 7+ A B A, dressE THOE skirt,
skirt} 72 ololdl #H 7)) =9} black, leather jacket, tailored, black ¢ 719=7F 2HsHA A
4s9E A%l e o AR A A

G 2 Y L 27 #A AN} 490 £
£

Hol, AFIF PRI 5 ool A4H 2 Edq B3 sy cloldle] T TRl 49
2 FHOE AE AL 498L 4SS FAT WA SolA BRHOE AFuHM, Aeue A
T AN TKTable 8). A FxE AYste T4 98s FYst A=
{Table 9> Top 20 Association Analysis Results
Ranked by Association Strength Item sets Support

1 [‘spring’, ‘dress’] 0.471947194719471

2 ["skirt’, ‘dress’] 0.356435643564356

3 ["dress’, ‘shirt’] 0.336633663366336

4 [‘dress’, “cut’] 0.313531353135313

5 ["dress’, ‘jacket'] 0.303630363036303

6 [‘tailoring’, ‘dress’] 0.283828382838283

7 [‘dress’, ‘black’] 0.28052805280528
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{Table 9> (Continued)

Ranked by Association Strength Item sets Support
8 [‘silhouette’, ‘dress’] 0.26072607260726
9 ['pair’, ‘dress’] 0.257425742574257
10 ["skirt’, “spring’] 0.257425742574257
11 [‘suit’, ‘dress’] 0.247524752475247
12 [‘dress’, ‘white’] 0.244224422442244
13 [‘spring’, ‘cut’] 0.24092409240924
14 [‘dress’, ‘pant’] 0.24092409240924
15 [‘dress’, ‘short’] 0.237623762376237
16 ["spring’, ‘shirt’] 0.227722772277227
17 ['dress’, ‘knit'] 0.221122112211221
18 [‘dress’, ‘leather’] 0.221122112211221
19 [‘skirt’, ‘spring’, ‘dress’] 0.221122112211221
20 ['spring’, ‘jacket’] 0.211221122112211

{Fig. 1> Graph Visualizing the Associations among Keywords
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{Table 10> Ten Keywords for Each of the Three Topics Identified through LDA Topic Modeling

Keyword [Topic 1] Pseudocount [ Topic 2] Pseudocount [Topic 3] Pseudocount
1 dress 28.53 country 3.04 twin 2.65
2 spring 14.67 Ukrainian 1.38 suede 1.04
3 skirt 13.59 aviator 0.65 preppy 0.89
4 black 13.47 violet 0.32 fleece 0.75
5 shirt 13.26 navy 0.28 retro 0.31
6 jacket 12.61 sartorial 0.18 quilt 0.28
7 cutout 12.44 neon 0.1 playful 0.25
8 leather 10.42 tulle 0.1 thigh 0.24
9 tailoring 10.30 industrial 0.1 country 0.23
10 suit 10.21 traditional 0.1 roll 0.22

{Table 11) Similarity between Results of Image-Based Analysis and Text-Based Analysis

Attribute Similarity between two analyses Similarity to random uniform distribution
Category 79.96 3.2278936776056
Color 74.08 3.4646879187064
Detail 34.89 3.2661984869522
Material 49.25 3.4786019306858
Print 41.05 3.0842273749906
Look/Style 59.71 3.4888161365425
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{Table 12> Comparison of Image-Based Analysis and Text-Based Analysis Results for Color Attributes

Object Detection & Classification Technique

Text Mining Technique

Attribute Frequency Percentage Attribute Frequency Percentage
Black 3,194 25.36% Black 177 25.32%
White 1,895 15.05% White 120 17.17%
Beige 1,130 8.97% Red 78 11.16%

Blue 717 5.69% Pink 72 10.30%
Pink 714 5.67% Blue 62 8.87%
Yellow 688 5.46% Yellow 45 6.44%
Sky blue 644 511% Green 37 5.29%
Gray 626 4.97% Brown 24 3.43%
Red 464 3.68% Orange 19 2.72%
Brown 457 3.63% Beige 18 2.58%
BAo] AAl ANZAHSE BHE R E3HE dHE T 2) ZIE FE Wi ojv]x] #A3} HEE
Mo ENSE TAsE W, grE N 2 w4 A v
He ZAMN ZrEAY ovon Rztw (Table 13)& ZHAE F=| B ojr)7 7
AYE FHLE AMEo] o|Folfas AAMET 43 92E 7nk #4 23S vag Ao
olgigt Axe el EANCTL AZHA Wk ojp|A] 7wk EAl M= &8 E(65.53%)7F H
Aon Hzee AZ e WHoE PAY £ 02 e WES AAYen, TRUI397%),
UTs HoFm, oWz 7vk #4353 HAE 7] 2Ego|x (605%)7} I HE otk ol 2023
W B4l Az EAES Aol BHAN WA §/5 A ASNolN TAESE gl A Aol
3 e FANAZT AZHOE Vg s 4RSS olv @t

{Table 13> Comparison of Image-Based Analysis and Text-Based Analysis Results for Print Attributes

Object Detection & Classification Technique

Text Mining Technique

Attribute Frequency Percentage Attribute Frequency Percentage

Solid 8,252 65.53% Solid 21 8.54%
Floral 1,759 13.97% Floral 69 28.05%
Stripe 762 6.05% Stripe 53 21.54%
Graphic 443 3.52% Tie-dye 33 13.41%
Check 393 3.12% Graphic 20 8.13%
Dot 323 2.56% Dot 14 5.69%
Paisley 151 1.20% Check 11 4.47%
Gradient 116 0.92% Leopard 10 4.07%
Tie-dye 104 0.83% Lettering 8 3.25%
Leopard 103 0.82% Camouflage 1.22%

Lettering 80 0.64% Zebra 0.81%
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{Table 14> Comparison of Image-Based Analysis and Text-Based Analysis Results for Material Attributes

Object Detection & Classification Technique

Text Mining Technique

Attribute Frequency Attribute Attribute Frequency Attribute

Synthetic fiber 7.191 57.10% Leather 131 17.01%

Cotton 1,927 15.30% Synthetic fiber 122 15.84%
Leather 546 4.34% Knit 114 14.81%
Chiffon 500 3.97% Cotton 74 9.61%
Knit 403 3.20% Lace 72 9.35%
Denim 352 2.80% Sequin/Glitter 55 7.14%

Sequin/Glitter 314 2.49% Chiffon 38 4.94%

Lace 293 2.33% Mesh 37 4.81%
Spandex 168 1.33% Linen 21 2.73%

Wool/Cashmere 163 1.29% Silk 21 2.73%

W, g AE gk BA e FE2E(28.05%) HAE 7|k FA M= 7(17.01%), #84
3 2EFO|2(2154%)7F w2 HlFE AAEA F(1584%), UE(1481%)7F F8& AAZ AwH
A, EEe] AR HEE AR UA ye Ko, Holx Alf/Ze e et o] F4F - ¥
WrHB854%). ol ZYETL gle "dARlEtg 5 2 Aol g Ao vlF w3 HlaE EA U
4 sido] H&Hd tadle] oty RolA F2 Bt ol& HAE #Ao] HAl AME HIERTH
EAE Q4E HNEHIL AEHATS A = A7 Ads A 97 AR A QdnE F

olg]gk Aol omA| 7R Ao AjZtHo® Ho® EACE sfHstl Slggs HAFET
HHEE = Q4] A ZXE Nhste W, E 2A FEAME ojuA] vk FA3% €XiE
2E 7Igk A4 EdEe 5As Adsie 7Rk B AR g FUS WYste Aow
ol FA Ao AY MALA SujE AW 245 A Uehstom, olmx] E4& AlE Avke] F2l3
wHoR gzat Agel s HeFth 5 A A A%, GiE BAS A9ue 24
ZUE GEe] A% T BA B4 2 A% Aok Ed Wy 54S AR 24 FHOR E
@A s et AES FASE RS B

3) 24 FEA NG olmA] £AF AiE BH V. E2

CERE

(Table 14)+= &4 = gk ojwA 7]zt B d7e 3de Aol dHolHE WdeR
A% 92E 7ink B4 A3E Bag Aolth JAFAT 71Nk ojuA] #A %} AE7t HAE 74
ojmiA] 7wk &4 Az, FAAAHF(57.10%) % H = Y HEsds W, A EA=E FAs=
(15.30%)°] 7V =& HlFS AA s, 71543 &40 FEe wet 7 24 dAe 23 daA]
AEAS 2T 2ATE NS AtalA B3 9l 3t Aoz AgelstA vEle F dee AFHCE
AHEENES HoErh W 7 (4.34%), A& Felstginh olHg Axe A EJE @
(397%). UE(B20%) T 2Ae ddHe= dlolel 3ol 71wsl sfAs] 2 71 HLe g
v NEE Yebytt AE Bestm, T A Aol ZxHL A
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B4 34 A5 M B AN G ol A

2 gAgoEA, A8 Edsit %
wrE o] A3} ohe) A ojn] Heje] HAe
Eo) TARTGE /E B4 ko)E A Wi
g Fal swAS A, ANE GAES B
R E R R = E-EC IO
2 AET 5 Ak st B4 52 AASG

B AT ARE AAES oluA w24
3} EzE ) BAjol AE dAHe AR
o mekAQl #Ae] 9eS I AT b
Stk olwlA Zl BAS AE AtelN wred
o SR olold, Ae, ade) 2xE 4
Hog sttt ¥ £88 W, GiE w2
qe Aeas WAAsh 28ds $FS ol
s o &St mebd A el A
A7t Aslo] EMES B4 A9, B4 2o
weh A B4 S AdaAY T B g
4g gysiel B4Y B2t Yot

B QTE ¥ g @AE AUn, olF weke
2 ¥ A7 9% AQL ANSLA Bk 2
A, Tl AIE(2023 S/S)F @l A A (ED)
g 2 o 44397 Wi 97 AdE
BE AE A2 Quses delt @7t 9
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o 718kl A= &< (supervised classification)
= Ao, HololH SHs} =

rl

Aol AEA FAEE A7

o o 71 R4 Tr:L
4 Eyg gAsts d A7 ek FF ATl
Me HIAE S 71N AIZA 23 B4
(unsupervised clustering) & A3 & o] AE
7 2E9 wjA s HEREY 4 HAAE A&
o zH, dAF o9t doly rut AUAE

EA0 B8 Best g

References

Cheng, W.-H., Song, S., Chen, C.-Y., Hidayati, S. C., &
Liu, J. (2021). Fashion meets computer vision: A
survey. ACM Computing Surveys, 54(4), 1-41.
https://doi.org/10.1145/3447239

Eisenstein, J. (2019). Introduction to natural language
processing. MIT Press.

Furukawa, H., Abe, T., & Nakayama, M. (2019). Trend
analysis in fashion product planning. Fashion and
Textiles, 6(3), 345-356.

Gu, X., Gao, F., Tan, M., & Peng, P. (2020). Fashion
analysis and understanding with artificial intelli-
gence. Information Frocessing & Management,
57(5), 102276. https://doi.org/10.1016/].ipm.2020.102
276

Lee, J. & Park, M. (2024). Multimodal learning
approaches for fashion trend analysis. Fashion and
Textiles, 11(2), 1-22.

Mohammadi, M. & Kalhor, A. (2021). Computer vision
applications in fashion: A systematic review. /EEE
Access, 9, 1-15.

Park, H. & Cho, K. (2004). Content analysis of runway
fashion design elements. Journal of the Korean
Society of Costume, 54(4), 35-49.

Park, H. (2000). A qualitative study on runway fashion


https://doi.org/10.1016/j.ipm.2020

NRAil 2876% 25%

trend analysis. Journal of the Korean Society of
Costume, 50(1), 1-15.

Park, S. & Lee, J. (2020). Integration of image and
text data in fashion research. Fashion and Textiles.
7(6), 789-801.

Park, S-H. (2000). A comparative study of fashion
trends in overseas and domestic collections in the
1990s [Master’s thesis, Seoul National University].

Rousso, J. (2012). Fashion forward: Trend analysis and
forecasting. Fashion Theory, 16(1), 89-104.

Seo, Y. & Shin, E. (2018). Big data analysis of fashion
images using artificial intelligence. Journal of the
Korean Society of Costume, 68(5), 23-38.

Seo, Y. & Shin, K. S. (2018). Business application of
convolutional neural networks for apparel classifica-
tion using runway image. Journal of Intelligence
and Information Systems, 24(3), 1-19.

Shi, Y. & Lewis, J. (2020). Machine learning for fashion
trend forecasting. Computers in Industry, 121,
103299.

Son, J. (2023). Text mining applications in fashion
research. Fashion and Textiles, 10(2), 211-224.

Son, S.-H. (2023). Text mining analysis of youth fashion
shopping YouTube comments [Master's thesis,
Chonnam National University].

Song, S. & Mei, T. (2018). When multimedia meets
fashion. /EEE MultiMedia, 25(3), 102-108.

Tsantekidis, A., Passalis, N., Tefas, A., Kanniainen, J.,
Gabbouj, M., & Iosifidis, A. (2017, July). Forecas-
ting stock prices from the limit order book using
convolutional neural networks. In 2017 IEEE 19th
conference on business informatics (CBI) (Vol. 1,
pp. 7-12). IEEE,

Zou, Z. Shi, Z, Guo, Y. & Ye, J. (2023). Object
detection in 20 years: A survey. FProceedings of
the IEEE, 111(3), 257-276.



	런웨이 패션 트렌드 분석 방법론 비교 - 인공지능 기반 이미지 분석과 전문가 텍스트 분석 -
	ABSTRACT
	Ⅰ. 서론
	Ⅱ. 이론적 배경
	Ⅲ. 연구방법
	Ⅳ. 연구결과
	Ⅴ. 결론
	References


