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Abstract: In order to improve the accuracy of mine slope displacement prediction, a mine slope
displacement prediction model based on an improved complete ensemble empirical mode
decomposition with adaptive noise (ICEEMDAN) , least squares fitting method and long short-
term memory network integrated into the attention mechanism was proposed. Firstly, considering
the temporal and nonlinear characteristics of the mining slope displacement monitoring data, an
improved mode decomposition method was employed to perform the time-frequency
decomposition of cumulative displacement, resulting in trend, periodic, and random
components, thereby effectively reducing the data complexity. Secondly, to predict the trend
component, a cubic polynomial regression prediction model was developed by using the least
squares fitting method. To predict the periodic component, an attention mechanism was
introduced to distinguish the importance of displacement data at different times, which effectively
captured the internal dependencies within the long-term displacement sequences. Finally, the
predicted results of the trend and periodic components were integrated to obtain the cumulative
displacement of the mining slope. Taking the slope of Julong Copper Mine in Xizang as an
example, the performance of the proposed method was tested. The results demonstrate that the
proposed slope displacement prediction model achieves a root mean square error (RMSE) of
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5. 99 mm and a mean absolute percentage error (MAPE) of 5. 94%. The RMSE and MAPE decrease
by 51.30% and 55. 17% compared with the traditional LSTM model, respectively. These results
highlight the significant improvement in prediction accuracy achieved by the proposed method.
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