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Velocity Prediction for Blast-Induced Vibration in Open-Pit Mine
Based on Bi-LSTM Algorithm
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Abstract; The traditional formula for prediction of blast-induced vibration has low accuracy, thus a prediction model for
blast-induced vibration velocity in open-pit mines was constructed based on bidirectional long-short-term memory network
(Bi-LSTM). This model can process time series data in both directions while capturing the dependency between inputs of
the past and future information at upper and lower layers and the outputs. From the monitoring data of blasting operation
in Gaocun Iron Mine of Maanshan Iron and Steel Group, the relevant data were selected as the inputs, and the prediction
results by Bi-LSTM were compared with those based on Sadaovsky formula. The results show that the blast-induced
vibration velocity predicted based on Sadaovsky formula has a mean error of 26.87%, and the blast-induced vibration
velocity predicted by Bi-LSTM algorithm has a mean error of 8.95%. It is shown that the Bi-LSTM model can have the
prediction results in a high degree of agreement with the measured results. In the future, this Bi-LSTM model will be
trained with the monitoring data of other mines to improve its generalization ability, and also will be implanted by
transfering learning into a real-time safety monitoring and early warning platform for mines.
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Fig.2 Schematic diagram of calculation at forget gate
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Fig.4 Fitting results of Sadovsky formula
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Fig.5 Graph of the error of data fitting with tangent based on

Sadovsky formula varying with time
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Fig.6  Comparison of predicted and measured results
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