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EthnicFashion: A Hybrid Dataset for Ethnic Clothing Classification

Cao Silu, Liu Gaozhi, Xi Meijuan, Zhang Xinpeng, Qian Zhenxing
College of Computer Science and Artificial Intelligence , Fudan University , Shanghai 200438, China

Abstract: Objective Ethnic clothing classification is a crucial yet underexplored task in the field of computer vision, with
profound implications for cultural heritage preservation, digital archiving, and intelligent fashion applications. Tradition-
ally, the classification and identification of ethnic clothing have relied heavily on manual processing by domain experts,
which is both time-consuming and resource-intensive. These manual approaches require not only significant labor costs but
also deep domain-specific knowledge, which is difficult to scale. Moreover, existing large-scale fashion classification datas-
ets and models are primarily designed for modern, everyday clothing, focusing on generic attributes such as sleeve length,
collar style, or overall shape. Such approaches are insufficient for ethnic clothing, which is characterized by fine-grained
stylistic elements, cultural symbolism, and unique accessory combinations. There is therefore an urgent need to develop
efficient, automatic, and scalable ethnic clothing classification methods that can handle data scarcity and capture rich con-
textual information embedded in ethnic garments. Method To address this gap, we propose EthnicFashion, a newly con-

structed, well-annotated dataset that contains 3, 800 high-quality images representing 40 distinct ethnic groups, spanning
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Chinese, other Asian, and European origins. Each image in the dataset is carefully collected, manually cleaned, and
labeled to ensure high data quality and accurate ethnic category annotations. The dataset includes detailed cultural and sty-
listic diversity, such as characteristic headpieces, patterns and jewelries. To alleviate the problem of limited real-world
data, we further introduce a data generation pipeline that leverages state-of-the-art generative diffusion models, specifically
DreamBooth fine-tuned on Stable Diffusion, to synthesize new, realistic images of ethnic clothing. These generated
samples enrich the diversity of training data and emphasize key ethnic style attributes, significantly mitigating the issue of
data scarcity. In addition to data generation, we design a contextual information enhancement module that serves as a plu-
gin applicable to various backbone architectures. This module unifies landmark detection and segmentation to construct
more semantically meaningful representations. Landmark annotations capture structural details of garments, such as col-
lars, cuffs, hems, and neckline corners, while segmentation focuses on accessories and larger contextual regions like head-
pieces and jewelries. By taking the union of these two masks, we obtain a complementary and comprehensive representa-
tion that preserves both structural accuracy and cultural details. This unified mask is-applied to the original image to guide
the model’ s attention to culturally meaningful regions, effectively reducing background noise and enhancing classification
performance. To ensure balanced and stable model training, especially in few-shot scenarios, we also design a cyclic sam-
pling strategy. Rather than mixing real and generated data randomly, which may lead to overfitting on synthetic data, the
cyclic sampling method maintains a 1:1 ratio of real to generated images during training. Real images are cycled through
multiple times to match the quantity of generated samples, ensuring that high-quality real data consistently influences the
learning process. This strategy preserves the richness of generated data while preventing performance degradation due to
synthetic noise. We evaluate our method extensively on the EthnicFashion dataset using multiple backbone models, includ-
ing ResNet101, DenseNet201, Swin-Transformer V2, Tip-Adapter, and AMU-Tuning. Both conventional CNN and
Transformer-based architectures, as well as few-shot adaptation methods, are examined to demonstrate the general applica-
bility of our plugins. We use standard Top-1, Top-3, and Top-5 accuracy as evaluation metrics under various few-shot set-
tings (2-shot, 4-shot, 6-shot, 8-shot, 10-shot). Experimental results show that integrating data generation and contextual
enhancement yields substantial performance improvements across all settings. For example, on Swin-Transformer V2, Top-
1 accuracy improves from 31. 12% to 47. 06%, and similar trends are observed for other models. These results confirm that
the proposed approach is model-agnostic and can serve as a performance booster for different classification backbones. We
further validate the generalization capability of our method on multiple subsets of the EthnicFashion dataset—ChineseEth-
nic, AsianEthnic, and EuropeanEthnic—as well as on miniDeepFashion, a subset of DeepFashion adapted to few-shot sce-
narios. In all cases, the proposed method consistently outperforms baselines, highlighting its ability to handle both ethnic
and non-ethnic clothing classification tasks. Ablation studies further confirm the effectiveness of each component: data gen-
eration alone significantly boosts accuracy by enriching the data distribution, contextual enhancement focuses the model on
key visual features, and cyclic sampling ensures stable training progress. Result The proposed framework significantly
enhances classification accuracy, robustness, and generalization in few-shot ethnic clothing classification scenarios. By
synthesizing training data using generative models, we effectively alleviate the challenge of data scarcity, which has long
been a bottleneck in this field. The contextual enhancement module enables the model to better capture intricate cultural
patterns and structural features, leading to more discriminative feature representations. Additionally, the cyclic sampling
strategy contributes to stable and efficient training, particularly beneficial in few-shot scenarios. Our experiments demon-
strate that combining these strategies leads to consistent improvements across various backbones and datasets. For
example, Swin-Transformer V2 achieves Top-1 accuracy improvements of over 15% compared to the baseline, and similar
gains are observed in Top-3 and Top-5 accuracy as well. Conclusion This work pioneers an automated, few-shot ethnic
clothing classification framework that combines a high-quality, culturally diverse dataset with generative data augmentation
and contextual enhancement. The construction of the EthnicFashion dataset provides a valuable resource for the research
community, addressing the lack of well-annotated, ethnically diverse clothing datasets. The integration of generative mod-
eling with diffusion techniques allows us to scale data effectively, capturing unique ethnic styles with high fidelity. More-
over, by enhancing contextual information through the union of landmark and segmentation masks, we empower classifica-

tion models to focus on culturally significant visual cues. The proposed cyclic sampling strategy ensures the effective utiliza-
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tion of both real and synthetic data without sacrificing generalization. Our results confirm that few-shot ethnic clothing clas-

sification can be significantly improved through synergistic use of data generation, contextual enhancement, and strategic

training, achieving state-of-the-art performance across multiple architectures. This work not only contributes to advancing

the field of fashion image classification but also provides a technical foundation for applications in cultural heritage preser-

vation, intelligent recommendation systems, and cross-cultural understanding. Future work may explore the integration of

multimodal signals such as textual descriptions or historical metadata, as well as extending this framework to real-time clas-

sification in cultural tourism or digital museum applications. The dataset has been uploaded to the following DOI:

10. 57760/sciencedb. j00240. 00167.
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S BAC IR AT A 25 R AR T IR A . K
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T, X = 1 Al o 38 A2 9 A A, 3k A 7592 9 A3 o
PR i 38 5 B A SR 2% 1R BB AN RS RS i A S AL
R BT IO AR , IS8 40 15 TR 341 7R 5K 5 A KL
DA, i AN 2 SRy R T B S B AT R A X, S T
G AT i X A8 e A ) 2354 R A R 1, AT T 5
AT TR AR SRS < 38 R b T B S AR
Gt Py 32 4 P 22 S e G, A1 HCRE 0 O, BT ) X3
TS G B DI 12 DI T 2R i A AL
1, BVRE TS AR AR . HA A SO -

1,if( x,y) € ContourRegion(LM)
! (x,y)

Im_mask™ "’ ¥

0, otherwise (1)
o, ContourRegion (LM ) 5 A543 I A9 X 3k

FET R, FRATTHE I T OGS 5 bR 1 A ] X Bl A
M1, 0 55 B0 4R 3l 3 0 RSB AR A5 21 1 43
TR 1, G AHEE S o 8 R OGS AR A 43
R R AL AT 2 R s 5A, RO S HE RS AR i IX
B ITER AT LIS B G~ R AR
(x,y) =1 (B VT (2)

union_mask Im_mask

X G HEHD 1,100 I FH T T 1Y) 5E 5
1R 1 7T 75 50 G bR 2 X IR 4 96 5 09 5 5 1%
L € RV SRR G T AR B GHR 11 i 5

Iunion( x,y) =Iwhole( x’y) ’ ]unionfmask( x,y) (3)
X — i AR D T R A RIIC S
IR LRI 8 T EIZRd
Fo 53 ) T A AR AL 545 SRR R AT SR e 15 2L, T,
MR T XU ST < R AR PR 1., A0 2 T B 6

5y
JEA cls, FFAER ) JZ X W2 T 0 245
AR RS 5 B R A
output ﬁnzd:cls( FE( I unm) ) + cls( FE( I Whole) ) (4)
UG SCRE AL AL & AN Z T8 1 TR
G, AR 121 FEBIRAE A E SR A 5 A iR A
O3 004 IR BRR AR, I AR R AR 25 ) 2R A7 2 %
(concat)#AE 54w A 2848 , LRl & FL S0 1 v ot
A5 HAE B A B R B S A 2R B TR R
FFIRAETT s HR e 8% BRI S 2 T
HERS AT SRR AP 25 73 S 28 ad B IR R ER I+ 23
Jedn RS R4% A By R Y, P s R s Bk
TR, NITFE R AR B (Y [R) I, A 80 S 4

Jry il A B G DX I R A, B o A R R
JRAi 732 B SHPERE

FE R FH SoftTargetCrossEntropy 15t 2K PR 1T
DAL, 23S AEAS 0 SRR TF SR A, 75 BN e 28 11
ALK -

loss final

= STCE( output . label

ho who]c)

+ STCE( output . label union) (5)
Rl output,, F 52 T 5 PR 2 WU 046
45 R, label, F 7% H OS5 AR % fH , STCE R /i
SoftTargetCrossEntropy, BV 3% H #1558 A ok 45, # H
TAEBRME AR AR S 1 Z2 00 2K A8, AR
ANl A A o e A v B B2 ), TR AR iR AR
bR 28 1) £ B — R M3, DT e AR 88 ) E g e
FFEFNENILAE . YUIZRFEASA R 8] AP ULAH
ABL LR T W8 75 A T 3 A P I, RS AR 2 25 ) Al ffi A
Ak BE AR IR CAZ IR AS AT B A
1M STCE 3@ i “BAL ™ W BH 5 5, (A0 Ak i A 538
A BRIz ARRE ) SRR E . oAb T A
SCIR IR AR 2 514k, B B A B8 7E —
SERERE b i b OB S SRR 2 [ o0 A 2 S
R BN G g, (AR TR AN 23 XoF o — A 7 A 5
PE .

B, A R HE AR AR T R Ay
I < T s L S T e PR, i e o
D R AT OB A AR T IR A 23 BRI 647
Flo A Gk A S I A B SRR BT, A FRAT
RESTE A IG IR B B 5 A a4 T, R Bl
i kL R, Y Zhad B2 Hp 45 A S B S bR
G EHERD AR L TR R R E R BRI T
BRSO 5T IR0 & v, AR S TR RE Y
2Tt

=

3 X I

3.1 EWigESEMIER

T H AT = & 1] 1 1) R IR o 284 55 1 A
FE A B — PEI AR A , S DR TIE S 56 ) 4 2
FAT PR, FRATTEHR 1 2 A 2 A AR i iE ] R
G HRRERMWE R LI A TIR AT T o XSO ABE AR R
T AN AR B LR T8 T B A 2 M 45 (convo-

lutional neural networks, CNN) . 3& F Transformer 2
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Table 4 Classification accuracy(%) of different schemes

2—shot 4—shot 6—shot 8—shot 10—shot
Tk
Topl Top3 Top5S Topl Top3 TopS Topl Top3 TopS Topl Top3 TopS Topl Top3 TopS
ResNet101 10.50 23.81 35.94 15.38 33.63 46.33 20.75 39.63 53.75 21.75 43.81 57.63 24.38 46.00 59.13

ResNet101+Ours 2100 41.63 55.88 22.25 43.56 58.88 23.62 44.75 59.25 29.12 53.37 66.75 27.69 51.75 64.31

DenseNet201 8.50 21.00 33,50 13.19 29.31 43.50 17.44 36.06 50.62 20.88 42.94 56.13 22.69 43.88 57.44
DenseNet201+O0urs 93 88 42,50 56.44 22.06 41.44 55.56 24.75 46.00 60.00 28.94 5225 65.31 28.62 49.13 63.75

Tip—Adapter 23.88 43.31 57.44 22.38 42.81 56.75 28.63 50.50 65.06 29.63 53.25 66.13 34.44 59.00 72.25

Tip-Adapter+Ours 27 38 5175 64.94 27.48 48.50 61.88 29.38 50.37 64.06 31.75 57.13 70.68 33.44 57.00 70.88

AMU-Tuning 9.62 23.12 35.18 12.19 26.93 39.18 14.56 30.50 42.31 16.00 31.68 44.75 16.75 33.69 45.50

AMU-Tuning+Ours 12 56 26.81 39.06 9.75 24.19 35.88 12.19 25.69 36.05 12.69 29.25 42.56 13.44 29.06 43.06

7.75 21.06 32.50 13.19 30.50 43.25 19.25 38.94 53.38 26.81 49.94 65,13 31.12 56.00 67.75

Swin—Transformer

Swin-Transformer+Ours 3575 57.88 70.06 37.88 60.13 71.63 41.06 65.94 76.38 47.94 71.50 80.31 47.06 69.13 79.13

G L P A BRSNS LR +Ours AR SEBEMERR Y B VI T AR SCH HH By AR

A0 T ] /D RE A A ) g SR RE A, BLK A0 4G
ResNet101 (He %45 ,2016) . DenseNet201 (Huang &
2017) . Swin-Transformer V2 (Liu %% , 2022) . Tip-
Adapter (Zhang 55 , 2022) Fl AMU-Tuning (Tang 55,
2024) . o A =PIz A AL G F A
JE PR L o D REAR SR I 23 5 B AR L
JIr A5 158 35 76 NVIDIA-H800 GPU _E i A7l %%
RPN 3L, batch size BN 5 /DA P
MREAR B SE o FTA S8 50 2R ] AdamW A8 1 25
(Loshchilov & Hutter, 2019) : X} T ResNet101 £l
DenseNet201, 2% ) 22 [ 22 hy 1 x 107 Xf T H At A%
B0 R U RR 18 SO S i BOA B S B0
AR I A UL, S50 BRIA SR H Swin Transformer
V2 (Liu 45, 2022)VE R T M 45 . 08 5 2 AR AT
$2& 1Y EthnicFashion £ 8 A7 PFAh , BRIAR £
T RS R A L PEAL I, R 80 TR LS &R
YRR A | H A 1 S P GORT AR i TR S [ 1)1
Yio Nk L EAERATHESR Bz LR T, AL TR
HTF DeepFashion AR EA miniDeepFashion B
P dE L ikAT T4 5K . miniDeepFashion f2 7% 10
A4 B IR 2 00, xF T4 20 A AR B T 90
5K, DU PR B8 BT AT PG s 75 I 2 BEATL R A 90 7K
KI5 SEB0 R AP REABE S : B2 H 10 5K
PR IEAT ISR, A G T, A TR DL At

B ST R RLR I, A AT PEAL 4> JE R BE L TRATT
K Top-1.Top-3 Al Top-5 HEH RAE N TEMAEFE . X
SEFE bR S 1A RLRE TE AR AR 40 ACHT N S0 25 2R
(RIRE T, BEAE DAAS [ FU ™ s o 3 2 T, 200 850 4 T
PRI RE
3.2 MEEEXTEE
AATHEFRATHR I 1 Tk G A BRI Y (KA
SRFEPEREEAT T XS L, SRR A RIL A T R 4, AT
(07 1 B S R RE R T, S M R A 1 3 2
AU Tip-Adapter (Zhang %5, 2022) 1 b , Top-1 E
R EE T 10%, 7E Top-3 1 Top-5 $8 4% I [RIFE5
FRUIG , 31X R WA SO 5 e /DR A R IR 1 43
K T HAWH B A, AR S A iR
R SO R AT S B A TR 25 R R ] X 2
BEHAEAL G HA ik T R e e, OR BT,
R D REARE AL (IS BT R 8 AR . X R
PRI Shy A U A BB W A% 4t 3 S AL B AL T 2 )1 e
A%, AT B AR R R 5 T 20 AR AR X B30 o 2
3T e AR, 7 AR B A T Y A 2 A1E D 0 T
ST B MR N TE AR e IR AT B S T
IXLEME TS | G A B AR E L ERE R R b
S IER L IRATEAN R T 0 2 T LS8 7 KA
R XF L S, 45 SRR W], 7 A RN ZR BT, 4< 3C
T M PERE R FEAR T BRMERE A
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Table 5 The performance of our proposed method on different datasets.

ChineseEthnic AsianEthnic

EuropeanEthnic miniDeepFashion

Topl Top3 Top5 Topl Top3 Top5

Topl Top3 Top5 Topl Top3 Top5

Base 31.12 56.00 67.75 48.56 75.09 87.99
Ours 47.06 69.13 79.13 62.83 86.98 93.12

31.50 56.88 73.75 54.84 77.50 90.31
41.38 66.75 79.00 62.00 85.25 94.04

3.3 zikEER

Ry B UEAS AL (2 AL RE T, FRATTAE DU A AN ) £ 4
B B T IRATA T 52, 3R 5 R TS AR i
EUR s e TERE . 25 RR W, FRATH h 0y e 42
RO MR i g B3 W 248 T T RUR e 2eveRE . 1k
Hb AR T Ry s S BB A Rk
JAE H T AR e 43 24T 55 45 R T o, Mg 4 T
i 5 AR T RO IR M ACH i B 1/ (B 25 21T
SRUEHT T 3A T ik AR A ok
3.4 HELEIG

¥ 30

@ 25

& 20

;/H( b ) -shot

R 15~ 4-shot
10 gy 6-shot
5 @ 3-shot

a=g==10-shot]|
T T

1 2 3 4 5 10 2 30 40 50
E LR
K5 AFEAR B 97 JEHER) 5
Fig.5 Classification accuracy(%) under different ratios of gen-

erated/real images.

A RS S ECSE TRAR B4 L - A s 4R A
BB, B AT A B Y 5 UM A LY SE R
£ BT AT G0 B E B AR R E fR R
AERURE, T T30 1 S5 I 3 1 A [+ A s e i, LA
B 5 AN R REAS SO T A e 2E A O, 4
HMTIRsesis . 2R M S PR, BEE A 8
LR3I, 7> R RESEAR THIA T R PERE T Y
JELIA AT BE AR ST 46 B BE AR, HLAE A
WO IR MR I T AN AR AR PR R 1 £
b o HAS R, 5 IR BB A AR TR

JEAS S I ] A, — HLPERETT U6 T R, FRAT T8 452 11 ok
— RS A

Bl e S E R 3OS B SR AT - TR 6
T RE AR O b SR B R A A Rk . TRV
X R RERFLE PR T SRR R . BT
B AR R 2 ] R LR Y R RE B T 12%
-24% , HARABU D PERESR TH U 35, X — 45 JUIE
ST B R R S T A AN B
SCA B 5T SR 1R RE SR T I AR T B dls A= i, (B
TEFTA Gy sth PR B A

100 o s ie m SR R B A

2-shot 4-shot 6-shot 8-shot 10-shot

80

Oy AUER (%)
8 8 8

o

6 Hodli Az s ETF SO B X SR 45 SR 5
Fig. 6  Effects of data generation and contextual information

enhancement

SRAE A (A RO - FRAT 1B B R R AL SRS 4T
TRSMYTH RS . BARTE BATHE S RS
PRRBEFRIS AT Wt R L RIR 5 = B LR A
(1% SR, it D i AR 178 S PR 4R 5 2 1 15 B9
BRZCARE 12 1o e R B, A2 BURHR BEAE A ALY
FERAE AT SR SO B R S 2R B AR
SEAEREE R — ST A SRR . YIS
AR D T A AR, SRR T R AE RV
BN E I PG A PR A TRt PP B ML B, A5
TR 38 AT R ooy S A3 B 4 fh A R MR |, 5 2 X
A A A e AU, DT 1 583 7 S 1 K dh
ERZAERI . N IX — R, AT BT T R
SRAE M, 38 A A YN G aed i P LSRR A A A R
A A H AT B B R 11
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(P87, BEDRAIE 1 26 RS 3 7 SR 1) 0 A 7 Ji 5 28031
FFEPLH, MAFEEG A o idE B SRR AR AT R AR AL
TE G I i 1) IR PR 3T . R 6 MY SR AR R
W, AR T B LR AR , DR R AL RIS BERE 1 B
AV E T e E S FHEE RV RE L 1 G B SR AEHIL
XF Rl FLSE S A O G L

F6 BEIRRFERIHAEW
Table 6 Ablation study for sampling strategy

Tk 2—shot  4-shot
3 SR A 32.38 30.00 31.44 41.56 42.94

6—shot  8—shot 10-shot

EIRRAE 35.75 37.88  41.06 47.94 47.06

4 & it

ARSCHRE T — R 0 RO IR 43 28 i %
A0 45 A 8 8 808 £E EthnicFashion (2505 £ #b 2l .
10. 57760/sciencedb. j00240. 00167 ) , LA I % & B ds
AR R SR B R B R . o, é&ﬁiﬁiﬁ%ﬂ%ﬁ
I AR A AR A e T B AR ) A, IR
ARG PR RAE S 5 LTIfn,_\i‘ﬁiLﬁiﬂFﬁJ%
S P ARSI RN 2 ENFE AR A AL T R AR B G R, DA T 4
T+ TS UE R . FRATFE EthnicFashion 06 4E X}
PO EAT TVl G55 3R 207 B o R UER
T 15% DL L IR AEAR R D REA T BT S B i
PEREI 2 AR T A I A 8] T AT i K-
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