B9BE3 M BeoK F R Vol.9  No.3
2024 £ 6 F Journal of Clothing Research Jun. 2024

BT & g 3 i W & B P IR AR 1T

xR, B, ARoR
(1. THAY HFHRLEOERITFIR,ILH T8 214400;2. L ¥ AF LA 4 E PR -
HrR M, A T8 21412253 TR oA ¥ WIHF R, LA L9 214122)

W EATRAGERTRBMET AT R ELEF S AZERTHRA, RRFREFITHR
FINE] P XA AR % P, R A T Pix2Pix SRR AR 68 A g K%t o ik, i e k H R 3k BOP X 4%
TR AR BHE , FF A HE AR B AE AT T 32k VA B A4S BRAFAE | 1 S5 45 AR e 18 SUAF AR 09 AT IR, 3 i R T o R4
JEFE R AR G AF IR SR A A RB A LS, AREAN, RS ER EHERN EH XA
RE" AT ARITIHMEL LB A R T EGRE, BCEFAEAR A A S IR E R
1 A AT AR T4 b, AR T B A b S A R 0t W R AE Ak H B3R I A R T A b XAEIR
R TR RS

KR P R AE R R E o 3 Pix2Pix Bk ) A1 A K

RESES . TS941.26 XEKEREM: A XEHES:2096 —1928(2024)03 — 0208 - 07

Chinese Wedding Dress Design Based on
Generative Adversarial Network

LIU Kang'”, MA Haoran’, XING Le*'?
(1. School of Digital Technology and Innovation Design, Jiangnan University, Wuxi 214400, China; 2. Jiangsu Intangible
Cultural Heritage Research Base, Jiangnan University, Wuxi 214122, China; 3. School of Design, Jiangnan University,
Wuxi 214122, China)

Abstract : In order to solve the time-consuming and low-efficiency problems in traditional Chinese wedding dress design and
development methods, this study introduced deep learning technology into Chinese wedding dress design. It proposed a
generative design method based on the Pix2Pix algorithm model. The Chinese wedding dress data was obtained through
crawler technology. It annotated contour features, edge features and semantic features, and then launched two sets of
experiments consisting of single feature control condition generation and feature joint control condition generation. The

" progressive generation method" that jointly controls conditional generation combines the

research shows that the
advantages of generative adversarial networks and conditional image generation methods. Clothing feature annotations were
used as conditions to enhance the controllability of the clothing image generation process. Compared to " single feature
control condition generation" , this approach offers superior detailed control capabilities, providing ideas for the design and

development of Chinese wedding dress.
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Fig.2 Structure diagram of generative adversarial network
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Fig.3 Sample annotation
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Fig.4 Changes in the loss function of the model
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Fig.6 Single feature control condition generation
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Fig.7 Feature joint control condition generation
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