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A bottom air temperature prediction model based on PSO-Elman neural network
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Abstract: Currently, most underground wind temperature predictions use BP neural networks. But their
prediction precision is affected by the number of learning samples and they are prone to falling into local optima.
Elman neural networks have local memory capability, which improves the stability and dynamic adaptability of
the network. However, there are still problems such as slow convergence speed and easy falling into local optima.
In order to solve the above problems, the particle swarm optimization (PSO) algorithm is used to optimize the
weights and thresholds of the Elman neural network. A bottom air temperature prediction model based on the PSO
Elman neural network is established. The analysis shows that the relative humidity of the inlet and outlet wind, the
surface inlet wind temperature, the surface atmospheric pressure, and the depth of the shaft are the main
influencing factors of the bottom air temperature. Therefore, they are used as input data for the model, and the
output data of the model is the bottom air temperature. The experimental results on the same sample dataset show
that the Elman model converges at 90 iterations and the PSO Elman model converges at 41 iterations. It indicates

that the PSO-Elman model converges faster. Compared with the BP neural network model, support vector
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regression (SVR) model, and Elman model, the prediction error of the PSO-Elman model is significantly reduced.

The mean absolute error, mean square error (MSE), and mean absolute percentage error are 0.376 0 °C, 0.278 3,

and 1.95%, respectively. The determination coefficient R* is 0.992 4, which is very close to 1, indicating that the

prediction model has good predictive performance. The verification results of the example show that the relative
error range of the PSO-Elman model is —4.69%-1.27%, the absolute error range is —1.06-0.29 °C, and the MSE is

0.26. The overall prediction precision can meet the actual needs of the underground.

Key words: underground heat hazard prevention and control; bottom air temperature prediction; particle

swarm optimization algorithm; Elman neural network; PSO-Elman
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Table 2 Prediction results and errors of bottom air temperature of four models
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f&/°C 24/°C 2£/% {H/°C 7/°C /% f&/°C 22/°C /% {H/°C 24/°C %1%
1 27.9 27.213 1 —0.686 9 —2.46 27.8983  —0.0017 —0.01 27.7709  —0.1291 —0.46 27.8026 —0.0974 —0.35
2 27.6 26.959 5 —0.640 5 —-2.32 277180 0.1180 0.43 27.0653 0.0053 0.02 27.604 8 0.004 8 —0.02
3 28.9 272982 -1.6018 —5.54 279765 —0.9235 -3.20 27.8461 —1.0539 -3.65 27.8981 —1.0019 -3.47
4 27.4 27.1367 —0.2633 —0.96 27.624 8 0.2248 0.82 27.524 6 0.124 6 0.45 27.6149 0.2149 0.78
5 28.0 274548 —-0.5452 -1.95 28.3935 03935 1.41 28.1950 0.1950 0.70 28.1494 0.1494 0.53
6 16.2 16.489 4 0.2894 1.79 152606 —0.9394 —5.80 15.153 6 —1.046 4 —6.46 16.382 0 0.1820 1.12
7 15.8 148908 —0.9092 =5.75 14.6212 —1.1788 —7.46 14.6948 —1.1052 —6.99 147649 —-1.0351 —6.55
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Table 3  Evaluation indicators of four prediction models
TR MAE/C MSE MAPE/% R

BPHfiZ: 4% 0.8935 1.2557 4.65 0.965 8
SVR 0.7556 0.8153 4.31 0.998 5
Elman 0.724 1 0.7774 4.14 0.978 8
PSO—Elman 0.376 0 0.278 3 1.95 0.992 4

AR MRS

MR E AR/ C . R /m FIERE/ C

WEE/% R SI/P
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—% 21.8 86.90 104633 521.5 228
B 224 78.80 106 604 521.5 24.6
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Table 5 Evaluation results of prediction data of
bottom air temperature
B/ C Tt/ °C. A xR 2/ C FXFRZEY%  MSE
243 24.46 0.14 0.66
23.0 22.82 -0.18 -0.78
226 21.54 -1.06 —4.69 0.26
22.8 23.09 0.29 127
24.6 2438 -0.22 —0.89
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