41 % B Vol.41 Suppl T B h %
2024 4F 6 H June 2024 ENGINEERING MECHANICS 179

XEHS: 1000-4750(2024)Suppl-0179-08

Bl I XUE B9 22 RIEACHRHERICIZ
L P LR TN 73 7

KOE, IR, Gk B3, XK TR
(1 AR EEBRGE R LR TS, A 050043;
2. AR RS R S @Al LR 3T NS RG22 E X E A=, AKX 050043;
3. b KT FE AN XBEFI ] TREROARBIHT L, A S 050043)

OB ML I S 5 2 () 45 i e A M AR B M ) SR R 22—, TR ATT 2 465 ) 3 T XU o A 48 e 4%
TEAETE L, KRR SREUEN S M R T RUE R E 77, B IR AR s AR I R K ) 1) B, )
TR E6 AR 2 KR B R R R R T 7 92 H AT F R s 22— % LUK E HAIE 12 (Long Short-Term
Memory, LSTM) {2 W48 RyFnt, @7 7 BEMNSE A X B TR AR Y, 22 A 7Y ) B s 307 13 K S 36 B8 o Ay
e A K S, BT BN R R R E RIS AN R BE 4 . S5 R BT e H ) 22 RORE X 44 T AR 7Y ] DL
SEI BRI TH RS PG TR, BAREL TAE4 LSTM & M%%, £ REE LSTM fi& % BAa =/, FE
g, Bk, FETF LSTM 22 RUBE A0 2R /N 4% ] LUy KEAI 45 s 2 8] 45 4 2% T XS B AR 3 .

EBRIA: N KEDWICIZ: KUETN: #RE M4t KEsas a4
FESES: TU312+1 XHEFRERD: A doi: 10.6052/j.issn.1000-4750.2023.05.5029

MULTI-SCALE LONG-SHORT TERM MEMORY NEURAL NETWORK
METHOD FOR PREDICTING WIND PRESSURE ON
COAL SHED SURFACE
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(1. School of Civil Engineering, Shijiazhuang Tiedao University, Shijiazhuang 050043, China;
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Shijiazhuang Tiedao University, Shijiazhuang 050043, China;
3. Innovation Center for Wind Engineering and Wind Energy Technology of Hebei Province, Shijiazhuang 050043, China)

Abstract: Wind loading is a crucial factor affecting the safety and stability of long-span space structures.
Therefore, studying the surface wind pressure is important for the design of coal shed structures. The wind tunnel
test is the main method for obtaining the surface wind pressure of coal shed structure. However, it is associated
with high costs and time-consuming procedures. One of the current research hotspots to develop a rapid wind
pressure prediction method is adopting the large amount of data accumulated from wind tunnel test. In this study,
a time series prediction model for coal shed structure wind pressure is thusly established upon Long Short-Term
Memory (LSTM) neural network. The model utilizes Gaussian smoothing to divide experimental data into smooth
and pulsating data, and then trains large-scale and small-scale networks separately. The results show that the
multi-scale network prediction model proposed can achieve the rapid wind pressure prediction on the surface of
coal shed. Compared to traditional LSTM neural network, the multi-scale LSTM neural network demonstrates
advantages such as lower error and higher accuracy. Therefore, the multi-scale network based on LSTM can
provide a basis for predicting surface wind pressure for long-span spatial structures such as coal sheds.

Key words: coal shed; LSTM; wind pressure prediction; neural network; long-span structure
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