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Abstract

To address the issue of low prediction accuracy in traditional methods for forecasting chamber
pressure during shield tunneling in complex geological conditions, this article proposes a hybrid
neural network model based on Temporal Convolutional Network, Sparse Multi-Head Attention,
Long Short-Term Memory, and Temporal Pattern Attention. The model is designed for precise pre-
diction of chamber pressure in shield construction. The TCN module captures local features of time
series through multi-layer convolution, while the SMHA mechanism further strengthens the model’s
ability to model long-range dependencies. The LSTM layer focuses on extracting long-term depend-
encies in time series, and the TPA module adaptively adjusts attention weights to improve predic-
tion accuracy. The application of this model in shield tunneling demonstrates its high accuracy and
adaptability in forecasting chamber pressure under complex geological conditions, contributing to
real-time monitoring and decision-making in tunneling operations.
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Figure 1. Unit structure of TCN
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Figure 2. Network architecture of the model
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Figure 3. Prediction results of the models
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