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Abstract

Groundwater numerical simulation is a vital tool for water resources management; however, con-
ventional physics-based models face limitations such as high computational costs and complex pa-
rameterization. This paper proposes a novel Transformer-CNN hybrid surrogate model for effi-
ciently predicting the spatiotemporal evolution of hydraulic head fields. The model enhances the
Transformer’s ability to capture long-term dependencies in sequences by introducing a relative po-
sition encoding mechanism and leveraging Convolutional Neural Networks (CNN) to extract spatial
features. It incorporates multi-scale feature fusion and cross-modal attention mechanisms to inte-
grate physical prior knowledge, such as hydraulic conductivity fields and pumping rates, thereby
improving prediction accuracy and generalization capability. Validation based on a numerical case
study of a typical aquifer in southeastern Australia demonstrates that the model achieves a coeffi-
cient of determination (R?) of 0.993, a Mean Squared Error (MSE) of 0.0011, and a Structural Simi-
larity Index (SSIM) of 0.989 on the test set. Furthermore, the training efficiency is improved by 25.5%
compared to the baseline model (DSCNN-GRU). Experimental results indicate that the proposed
model significantly outperforms existing methods under complex hydrogeological conditions, par-
ticularly excelling in capturing long-term spatiotemporal dependencies and local heterogeneous
features. It provides a high-accuracy and efficient solution for dynamic groundwater prediction.
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Figure 1. CNN + transformer architectural schematic diagram
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Figure 2. Schematic diagram of the relative position transformer encoder section
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Figure 3. Schematic diagram of the cross-modal feature fusion module and decoder section
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Figure 4. Transient boundary conditions used in the conceptualized mathematical model of the study area
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Figure 5. The hydraulic conductivity field in the study area based on the Kriging interpolation method
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Figure 6. Training convergence curve of two models
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Figure 9. A Comparison of predicted hydraulic head fields from the two models based on random input sample A
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Figure 11. A Comparison of predicted hydraulic head fields from the two models based on random input sample C
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