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Abstract: Wind load is one of the key factors affecting the safety and stability of long-span space structure, so it
is of great significance to study the surface wind pressure of structure for the design of coal shed structure. Wind
tunnel test is the main method to obtain the surface wind pressure of coal shed structure, but it is costly and
time-consuming. It is one of the research hotspots to develop a rapid prediction method of wind pressure based on
the large amount of data accumulated in wind tunnel test. Based on the Long Short-Term Memory (LSTM) neural
network, a wind pressure time series prediction model of coal shed structure is established. The model uses
Gaussian smoothing to divide experimental data into smooth data and pulsating data, and then trains large-scale
network and small-scale network respectively. The results show that the proposed multi-scale network prediction
model can realize the rapid prediction of coal shed surface wind pressure, and compared with the traditional
LSTM neural network, the multi-scale LSTM neural network has the advantages of smaller error and higher
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precision. Therefore, the multi-scale network based on LSTM can provide a basis for the surface wind pressure of
coal shed and other long-span spatial structures.
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Fig. 1 Prediction results of single neural networks with different time steps
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