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Abstract

For a long time, environmental monitoring and water spraying to suppress dust have been the key
concerns of the coal industry in the coal storage link. Strengthening the research of dust suppres-
sion and dust prevention technology in coal storage yard is of great significance to solve coal dust
emission, reduce air pollution, and realize the construction of green industry. In order to streng-
then the research and optimization of coal dust suppression technology, this paper proposes a
coal surface moisture content prediction method based on deep learning BP neural network. This
method realizes the function of predicting changes in coal surface moisture content based on en-
vironmental information by analyzing and learning the impact of environmental changes around
the coal storage yard on coal. Experimental results show that this method can predict the change
value of coal surface moisture content more accurately, and the prediction error is less than 20%.
The prediction method of deep learning replaces the traditional timed sprinkling through artifi-
cial observations, which can achieve high-efficiency dust suppression and water conservation, and
provide a new idea and important basis for the dust prevention and dust suppression work of the
storage yard.
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Figure 1. Three-layer BP neural network structure principle
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Table 1. Data set structure
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Figure 2. Neural network workflow
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Figure 3. Loss curve of neural network training
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Figure 4. Comparison of the model’s prediction results on the test set and the actual value of the test set
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Figure 5. The model's prediction error distribution on the test set
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