TYiRHL 524 Ha
— 80 — Wool Textile Journal 2024 4F 4 H

DOI:; 10. 19333/;j. mfkj. 20230400608

LT DR BE =7 > W DRI ooy JIB 238 7 il B B 003000 A A4 A 7t

o~ 1 N 1 > 2 —3
= S E e SN
(L AREEH TR sl B e w8 I 3501185 2. L TR B A F2 b e TRR22BE , 56 223k 537065
3. MMM R P S MR R M 350108)

& OE T HERR TN ke B, AR R ) B B R W (A i P g B E B SR TR A A
RETR 5| B[R 3 AL st G T 4 235 R T i, ) a4 Jy B R TR Ko P i v IR 8 ™ B AT U, AP R
BT IS BT EE A AL B A% DI AT 58 B B8 rh o A T B M 7 ot 0 B I (B 5 ] PR B S
W B[R] SGIBE G 2R | BEAB IR A2 2T 7™ i B B e ) S B ) S5 R i 4, LR B AL T LA & BB A B T
FE TR B 2 2 by e PR v IR 2B 7 A 5 TSR Ay T A7

SRR VR BE AR 3T BB T s B IR B 5 LB i ; AT-DeepAR 4578

FESES TS 941 X EFRETG ;A

Construction of fast fashion clothing sales prediction model based on
deep learning
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(1. School of Transportation, Fujian University of Technology, Fuzhou, Fujian 350108, China; 2. College
of Engineering, University of Wisconsin-Madison, Madison 53706, USA; 3. School of Economics and
Management, Fuzhou University, Fuzhou, Fujian 350108, China)

Abstract; In order to accurately predict the sales volume of fast fashion clothing products and
capture the time information in the intermittent or abnormal peak sales volume, based on the deep
autoregressive model, the time attention mechanism was introduced, the network structure design was
improved , and the global timing model was constructed to predict the sales volume of fast fashion clothing
products. The study found that the deep autoregressive model based on the attention mechanism can
effectively learn the time correlation between the normal sales value of clothing products and the
intermittent or abnormal peak value from all sales data, and can identify the long-term trend and short-
term fluctuations of product sales under complex patterns, and its performance is better than other
classical models. The feasibility of constructing fast fashion clothing sales forecasting model based on
deep learning was verified.
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Fig.4 Trends in product sales data
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Fig.5 Thermal map of correlation matrix of

demand for apparel products
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