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Application of Emotional Computing in the Research and Development of
Clothing Intelligence

HONG Yan'?, LONG Tingmei', LIU Xiaoging', WANG Boya'
(1. College of Textile and Clothing Engineering, Soochow University, Suzhou 215021, China;2. Department of Compu-
ting, The Hong Kong Polytechnic University, Hong Kong 999077, China)

Abstract ; The application of artificial intelligence, 3D and other technologies to clothing helps to accurately grasp the needs
of customers. However, designers are still unable to obtain the hidden needs of users. In this context, emotional computing
has become an important force to promote the research and development of clothing intelligence. This paper introduced the
application scenarios and related technologies of emotional computing in the research and development of clothing intelli-
gence, and analyzed its future research prospects. The study believes that although emotional computing has shown poten-
tial in the research and development of clothing intelligence, the relevant technology still needs to be further improved to
meet the growing personalized needs and bring users a better and richer experience.

Key words: research and development of clothing intelligence, emotional computing, user needs, personalized design,

intelligent clothing recommendation system, situational interaction
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Related applications of emotional computing in research and development of clothing intelligence
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Fig.3 Principle of emotional computing
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Fig.4 Emotional foundation theory model
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Tab.1 Application of emotional computing related models in the research and development of clothing intelligent

A FEH AR KGR JRPA TE IR RERT A v f4 1T]
TG 255 (FER) 2010 TRIE 2] TR AEAS S FH P RS  HEAT 7 i E 43
T R 234 (FMEA) 2010 DR VA, A7 28000 51 REsRBLt, s P 52 H
3D [EFRFR G (3D-FER) 2010 3D G, AR AE R i T RAR BT
MR (VER) 2016 Rl I IR A ST IR A5
EARIK YU (AER) 2000 RIS I, I G B I3HT A 2 R, S Bt 4 I
(LN
A R IR VU] (PER) 2010 BlgsaF 2 Bk LR YL IR FE AR SR 4 WD S B 3 N RS T B
75 = 4E 18 (PAD) 1970 IR AR B 5 IR BT AL ST 1
Transforme Zfi%#% ( BERT) 2018 Transformer #5751 | S B fig I SCAS 1 IR
A I 25 ( GPT) 2018 Z AL %5272 , Transformer #E5Y , KA R SCAS 7 JR%, 7T 2RSS L
BESHUE, T 2= >
e B 2R i) AR R (HMM) 1960 W, TR PUNEE T2, 3Rk 4%
RS R (GMM) 1970 MR, RTR SR T, 2RO E B




- 392 - BoRKF R %8 %
gt
Y SR AR KR P TR BRI A v iy 1oz
K-f: 48 (KNN) 1950 K-fRe e SR, S 2 > PR, 7 KA, 73 28 %
NTHZ R4 (ANN) 1950 TREE ) 3, N 22 45 s 3 BRI, P it 2k
RHEM (DT) 1980 BRI 2 HOAR PSR SR SCRFAT SRR PR B OR
AR K4 F A 2021 DPCNN, /323824 2] AT T SRR AR SO SRR
i 45 (DPCNN)
I v G B2 S 26 (FIDC) 2010 REE2: ), CNN Bk, REE 4 77 IRV RS, 1 5 P AR
SCRFIAEHL(SVM) 1990 SCRFI AL, A% R AL AR AR
AT (VGG) 2010 CNN 53, m g EHg ) R B s U, < T e AR
TR TG e 2020 P, A W FET 2 0 0L 1Y) P R R RE T o
Y%k (Wav2vec) lif&:3
1R S R 48 (FACS) 1970 T AR SR b 2 ¢ SE T 2 S Rk
i 1 (EEG ) 2010 i Hi, P B W o7 155 285 114 IR
RGP Z% (VGGNet) 2014 RSB B A R % VGG WU 5 43 ] S e i R
JRIE BRI 2 4 CNN J3E
SIS HT (TSA) 2010 KA 2 A 080k IR EE 2 ) R e A 2R e, M IR AUk, To s 44
(CE e3P
W% >] (DL) 2010 PR 28 A, KB4, GPU L THIE SUNIEHR , oA o R 1 2
AT
BRZ M 45 (CNN) 1990 AR ICEEEEE , CNN 224 T2 RlG 4, 20 P AT 4 Rl
WRIE(E &R 4 (DBN) 2000 BRI, TN Gs, AW 2E s, MEHERE , oA T R
> B IS
HeZ X A Sh gt (SAE) 2000 ToHE W25, AR B2 N 2R, RelU 0 HT 2% RFAIES ~) , Bl 2514
B BREL
FRIR BT CNN 4244 (SCNN) 2010 23 A AL, 4R A PR 9 25 A WML, R 1, i i HERE R e
FET IR 2] 3o 5328 2010 RIEGRZ k2 i 2 7 IR, TN, B T SCA i i
(VDCNN) iz
SRS M AHA &R 2010 i AR B G 2 3 IR 15 SRR B 1Y) 1R 28 ), A Ak i Y
SR AR HERE (MCCP) AL, AT
E 5 Hr (K-means ) 1950 R F:, e B ) Lk GYRE S oA IR I H R

4 BRTEERESEHEPIIREK

&=
4.1 HREERE

REEW OB 29 2 28 T 5 #E K
R EAE IR REBIF & 18 BIF 408 1 17 4TS Ak 3
BBt HP R 2 o0t 5 &2 224 Ba T
AR R A 2 R ST PR R PR o
4.1.1 FEWARHNBEEaGE R R
REpt & BT B H AR P F L TR
ZE R HERR TR o NG B 2 4 51 2t A~
N 7 1 TR P 2 i 0 S 35 % 15 JR A 53 i N T
BReMELAMERR RIS B A R bR ) R, S
LT R X S s

1) ZRESBAR G o BRSCAREIRSL, i8N 45
B UG AR 4 22 i A A B Al AT 1 IRk 3
BT, 255 AN RIS {2, 4 T AR RN U8, 1B R A

WP K,

2) YA RN R85 5 B KA W, BT R
BBE S AT U G5 0 A% G a3l i 220
A2 S AT LA AT U 2507 L 45 A
FAAS NS 0SSR I i 1 A 8 A5 78 I
PeAL N5
4.1.2 BRHIEH A FIT R R 6 LR B bR
VARG, P A A TR s A2 I ) R B A
M o 5040, et B %) T AR TR J e, T A RRUR 1Y J% A
MIAAE. AR IR 25 PR 20018 18 b 5 IR ik
TR OCIE , 75 ST I H A AL 8 5080 3 i g
AT 25, T X Se 50 0 5 Ak o A 5 SC %
Ao EPXF AR R, SAEE H LA WX S .

1) Al mT A0 AL A fide s I Al 5 IR LA
AIRAR R 5 20 B, I X B4l 1 o A BR 10 B, T
TV O Hh PR A L R 1 S

2) Bl OCHK Ay AN S A, R R R S



%5 BB F . WRGT L ARER ARAT R e B R - 393 -

AT R B A5 AH DI, 48 7 B 5 Ja 09 I IR RN g
W F P BBl R 5t 7 DL R 4T

3) YR LR A IR DI IR B KRS ]
e A AR T T TR RO A 5 I RRAE , A BTl
£ I3 Fnis SO o
4.1.3 HBRALZAGLEIK  HEITET
TR B SRR S U M I A PEAR HERE , SR 1T
TR T B R R R B S DL A
A R B AR IR AR A i AR i A R AR
TR BRI, 2 R P B A BT R R
FOL, JZE H AT IO X SR

1) AR GE HAE . ZEUSCAR Al FH A fit 17 Tk
BRI, ST S I ANE R B RABUR

2) Bl o 8 HLBE 4 o B BB 5 AN S
GBS

3) G i FH R B . A i Ak BRI RS A
B, SRR A5 4 U Il il B A 1 S5

4) s A A . A OCER T A A IE
AR .
4.2 REKEi=

AR B IR 2 B R o B8R o 22 b il 5 17 UK
T, DA 47 b Al 32 FH P 0 oK A 22, 2 A o ot
HOPEEREEN TAWNTIES WIVHEIE-75- S o= R o (EAE St
AL, S P A o B AL O L B SR Y R 5t AENY
5eR FH P I 45 B Sl A 5 J P () B e 3 REAUE R 0 1)
TR RS LR | RORE T T | 5 28 A PR RS A
FRERLG TR

5 % i&

R BT ¢ o A9 1 I 3R B TR T P
SECHIEE ff DRSO AR IBORIR T 1) PR R B 2 AN [ A
TR B 22 S A R E il A R oK o LI R 5 A v [ Y
KA T I B BL, A B 2 R AR B % 4
J7 TR SR R B . ROR, A S I A AR DR 2L
A REATAT — AR JZ HOAR 1 BT 2% Wi #K ey 3h AR
FATI T — R R, X SRR It — 2 B R
AR, T NATTAH S B 22 i R, (H B 2 e 4 2
JERS HH 5% 4% T3 P A, A O T 2B AT ol £ B T i 4
K o

S 3K

[1] WANG XY, XUE Y F, ZHANG J, et al. A sustainable
supply chain design for personalized customization in
industry 5. 0 era[]J]. IEEE Transactions on Industrial

Informatics, 2024, 20(6) ; 8786-8797.

[ 2] CUC S, TRIPA S. Redesign and upcycling—a solution for

the competitiveness of small and medium-sized enterprises
in the clothing industry[ J]. Industria Textile, 2018, 69
(1) 31-36.

[3]FUHJ, MENG J Y, CHEN Y M, et al. Enhancing the
effectiveness of cause-related marketing: visual style, self-
construal, and consumer responses [ J]. Sustainability,
2023, 15(18): 13379.

[ 4 ] DE DIVITIIS L, BECATTINI F, BAECCHI C, et al.
Disentangling features for fashion recommendation [ J].
ACM Transactions on Multimedia Computing, Communi-
cations, and Applications, 2023, 19(Sup. 1) : 1-21.

[ 5] BECATTINI F, DE DIVITIIS L, BAECCHI C, et al.
Fashion recommendation based on style and social events
[J]. Multimedia Tools and Applications, 2023, 82(24) .
38217-38232.

[6] ZHOU X X, XU Y H. Conjoint analysis of consumer
preferences for dress design[J]. International Journal of
Clothing Science and Technology, 2019, 32(1) . 73-84.

[ 7] YUE X D, ZHANG C, FUJITA H, et al. Clothing fashion
style recognition with design issue graph [ J]. Applied
Intelligence, 2021, 51(6) : 3548-3560.

[ 8] LI WQ, XU B G. Aspect-based fashion recommendation

with attention mechanism[ J]. IEEE Access, 2020(8) :

141814-141823.

KUMAR S. Deep learning based affective computing[ J].

—
=]
[

Journal of Enterprise Information Management, 2021, 34
(5): 1551-1575.

[10] YU HT, CHEN X Y, HUANG R B, et al. Untrained
deep learning-based phase retrieval for fringe projection
profilometry [ J ]. Optics and Lasers in Engineering,
2023, 164 107483.

[11] MOSW, LU P, LIU X Y. Al-generated face image iden-
tification with different color space channel combinations
[J]. Sensors, 2022, 22(21) . 8228.

[12] VINH P C. Special issue on context-aware computing:
theory and applications [ J ]. Concurrency and Computa-
tion; Practice and Experience, 2021, 33(2) . 1-12.

[13] GUAN C Y, QIN S F, LONG Y. Apparel-based deep
learning system design for apparel style recommendation
[J]. International Journal of Clothing Science and Tech-
nology, 2019, 31(3) . 376-389.

(14 ] XUZE3C, BRI , SR s , 55 . 111 21 A 6 14 e 3
T L i k) SR AR (] #2499 ,2022,59(2) :55-67.
LIU Hongwen, WANG Yuanyuan, HUANG Zhigao, et al.
A study on the atiractive quality attributes of guochao
T-shirt products based on consumer emotional experience
[J]. Journal of Silk ,2022,59(2) :55-67. (in Chinese)

(15] WRZRIE, XUt , A7 Sk T0 26 00 B0 SN 295 44 175 Ik
HABELT]. BURGTAHR, 2022, 30(2) : 208-215.
CHEN Yifei, LIU Chi, YANG Meng. Research on



. 394 - MOE R =8 %

emotional calculation of bra structure basedon emotional 2019, 20(1) . 127.

measurement [ J ]. Advanced Textile Technology, 2022, [29] BELLINI P, PALESI L A I, NESI P, et al. Multi cluste-

30(2): 208-215. (in Chinese) ring recommendation system for fashion retail[ J]. Multi-
[16] HANSS, LIU C M, CHEN K Y, et al. A tourist attrac- media Tools and Applications, 2023, 82 (7 ):

tion recommendation model fusing spatial, temporal, and 9989-10016.

visual embeddings for flickr-geotagged photos[ J]. ISPRS [30] MO X H, SUN E L., YANG X. Consumer visual attention

International Journal of Geo-Information, 2021, 10 and behaviour of online clothing[ J]. International Journal

(1) 20. of Clothing Science and Technology, 2021, 33 (3):
[17] MO D M, ZOU X X, PANG K C, et al. Towards private 305-320.

stylists via personalized compatibility learning[ J]. Expert [31] ZOU Y X, WANG Y, LUH D B. Application and para-

Systems with Applications, 2023, 219 119632. metric design of line visual illusion graphics in clothing
(18] BALIM C, OZKAN K. Diagnosing fashion outfit compati- [J]. Fibres and Textiles in Eastern Europe, 2023, 31

bility with deep learning techniques[ J]. Expert Systems (2): 65-74.

with Applications, 2023, 215, 119305. [32] WANG S'Y, QIU J T. A deep neural network model for
[19] LI P, CHEN J H. A model of an e-customized co-design fashion collocation recommendation using side information

system on garment design[ J]. International Journal of in e-commerce [ J ]. Applied Soft Computing, 2021,

Clothing Science and Technology, 2018, 30 (5): 110: 107753.

628-640. [33] ZHAO L H, LIU S L., ZHAO X M. Big data and digital
[20] CHEN W B, LI J C, SHI H B, et al. An adaptive multi- design models for fashion design[ J]. Journal of Engi-

sensor visual attention model[ J]. Neural Computing and neered Fibers and Fabrics, 2021(16) : 1-8.

Applications, 2022, 34(9) . 7241-7252. [34] RAAD H, RASHID F K M. The metaverse; applications,
[21] VAN KLEEF E, VAN TRIJP H C M, LUNING P. concerns, technical challenges, future directions and

Internal versus external preference analysis: an exploratory recommendations [ J ]. IEEE Access, 2023 ( 11):

study on end-user evaluation [ J ]. Food Quality and 850-861.

Preference, 2006, 17(5) : 387-399. [35] HAN C, LEI S, ZHANG S, et al. Man-algorithm coopera-
[22] PEREIRA A M, MOURA J A B, COSTA E B, et al. tion intelligent design of clothing products in multi links

Customer models for artificial intelligence-based decision [J]. Fibres and Textiles in Eastern Europe, 2022, 30

support in fashion online retail supply chains[J]. Deci- (1): 59-66.

sion Support Systems, 2022, 158 113795. [36] IROVAN M. Digital methods in the development of adap-
[23] HONG Y, GUO S, ZENG X Y, et al. Human cognition tive clothing for people with disabilities [ J]. Industria

modeling for the metaverse-oriented design system [ J]. Textile, 2023, 74(1) . 28-34.

TEEE Network, 2024(9) . 1-10. [37] ABUGABAH A, CHENG X C, WANG J F. Learning
[24] DAI X Q, HONG Y. Fabric mechanical parameters for 3D context-aware outfit recommendation [ J ]. Symmetry,

cloth simulation in apparel CAD; a systematic review[ J]. 2020, 12(6) ; 873.

Computer-Aided Design, 2024, 167 103638. [38 ] SCHERER K R. Emotion and emotional competence:

[25]1 JO J, LEE S, LEE C, et al. Development of fashion

product retrieval and recommendations model based on

deep learning[ J]. Electronics, 2020, 9(3) : 508.

[26] PARK S J, KANG C U, BYUN Y. Extreme gradient
boosting for recommendation system by transforming

product classification into regression based on multi-

dimensional Word2Vec [ J]. Symmetry-Basel, 2021, 13

(5): 16.

SEBALD A K, JACOB F. What help do you need for your

fashion shopping? A typology of curated fashion shoppers

[27

[

based on shopping motivations[ J]. European Management
Journal, 2020, 38(2): 319-334.
[28] WANG W, FANG Y, NAGAL Y, et al. Integrating inter-

active clothing and cyber-physical systems: a humanistic

design perspective [ J ]. Sensors ( Basel, Switzerland ),

conceptual and theoretical issues for modelling agents[ J].
Series in Affective Science, 2010(1) ; 3-20.

[ 39 ] MEKRUKSAVANICH S, JITPATTANAKUL A. Deep
convolutional neural network with RNNs for complex
activity recognition using wrist-worn wearable sensor data
[J]. Electronics, 2021, 10(14) ; 1685.

[40] SCHULLER S B W. A review on five recent and near-

computational of

Emotion Review, 2021,

future developments in processing

emotion in the human voice[ J].

13(1) : 44-50.
[41] NOROOZI F. Survey on emotional body gesture recogni-
tion [ J]. Journal of IEEE Transactions on Affective

Computing, 2021, 12(2) ; 505-523.
[427] ERIC O, GYENING R M O M, APPIAH O, et al. Cocoa

beans classification using enhanced image feature extrac-



%5 I

T Bt F AR IR AR AT A 49 2 )

- 395 -

[43]

[44]

[45]

[46]

[47]

(48]

[49]

[50]

[51]

tion techniques and a regularized Artificial Neural Network
model [ J]. Engineering Applications of Artificial Intelli-
gence, 2023, 125. 106736.

RAHMAN A B S, TA HT, NAJJAR L, et al. Depres-
sionEmo: a novel dataset for multilabel classification of
depression emotions[ J |. Journal of Affective Disorders,
2024, 366, 445-458.

EKMAN P. Emotions revealed: recognizing faces and
feelings to improve communication and emotional life
[M]. New York: Times Books, 2003.

BOTA P J, WANG C, FRED A L N, et al. A review,
current challenges, and future possibilities on emotion
recognition using machine leaming and physiological
signals[ J]. IEEE Access, 2020(7) ; 140990-141020.
GARCIA - MARTINEZ B , MARTINEZ - RODRIGO A ,
ALCARAZ R, et al. A review on nonlinear methods using
electroencephalographic recordings for emotion recognition
[J]. IEEE Transactions on Affective Computing, 2021,
12(3) : 801-820.

ALARCAO S M, FONSECA M J. Emotions recognition
using EEG signals; a survey[ J]. IEEE Transactions on
Affective Computing, 2019, 10(3) ; 374-393.

ALOM M Z, TAHA T, YAKOPCIC C, et al. The history
began from AlexNet: a comprehensive survey on deep
learning approaches[ J]. ArXiv, 2018 1-39.

TAO JH, GUY H, SUNJ Z, et al. Research on vggl6
convolutional neural network feature classification algo-
rithm based on transfer learning [ C ]//2021 2nd China
International SAR Symposium. Shanghai. IEEE, 2021,
1-3.

YIN R C, LI P, WANG B. Sentiment lexical-augmented
convolutional neural networks for sentiment analysis| C]//
2017 IEEE Second International Conference on Data
Science in Cyberspace. Shenzhen: IEEE, 2017. 630-
635.

CONNEAU A, SCHWENK H, BARRAULT L, et al.

[52]

(53]

[55]

—
W
~

[

Very deep convolutional networks for text classification
[J]. Computation and Language,2017(1) ; 1606.
JOHNSON R, ZHANG T. Deep pyramid convolutional
neural networks for text categorization [ C |//Proceedings
of the 55th Annual Meeting of the Association for Compu-
tational Linguistics. Vancouver: Association for Computa-
tional Linguistics, 2017 562-570.

HUANG B X, CARLEY K M. Parameterized convolu-
tional neural networks for aspect level sentiment classifica-
tion[ J]. Association for Computational Linguistics, 2018
(1): 1091-1096.

72, B, IhEE. Bt # A T T I i Kk
JEEEE[T]. Mk, 2024, 9(2) : 127-136.

REN Ruoan, YANG Fangchao, SUN Jie. Development
and logic of digital fashion from a design perspective[ J].
Journal of Clothing Research, 2024, 9(2) . 127-136. (in
Chinese)

MALHI U S, ZHOU J F, YAN C R, et al. Unsupervised
deep embedded clustering for high-dimensional visual
features of fashion images[ J]. Applied Sciences, 2023,
13(5) . 2828.

WANG Y Z, LIU L, FU X D, et al. MCCP; multi-modal
fashion compatibility and conditional preference model for
personalized clothing recommendation [ J ]. Multimedia
Tools and Applications, 2024, 83(4) . 9621-9645.
JKIE, TRfE, WP, . T REMBESEWA
PRIERL S BT TSk SR [T, R4, 2023, 8(4):
307-314.

GU Bingfei, ZHANG Jian, XU Kaiyi, et al. Research
progress of human body shape analysis based on clustering
and morphological parameters [ J ].
Research, 2023, 8(4) : 307-314. (in Chinese)

HONG Y, XUE Z B, LIU C Y, et al. Development of

Journal of Clothing

mask design knowledge base based on sensory evaluation
and fuzzy logic[ J]. Autex Research Journal, 2021, 21
(2) : 224-230. (FERE . LR )



