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Solving seepage equation based on deep learning
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Abstract; Deep learning-based forward and inverse modeling is currently a research hotspot. The seepage equa-
tion is a mathematical model describing the motions of fluids in porous media, and it has nonlinearities and
source-sink terms, which brings great challenges to deep learning solution. In this paper, a physical con-
straint-based deep learning method for solving the seepage equation is proposed and applied to the reservoir
parameter inversion. Aiming at the problem of strong nonlinearity and source-sink terms, a multilevel residual
framework is proposed for learning the pressure change characteristics around the wells so as to better conform
to the physical laws. By nonlinear transformation of the input temporal and spatial coordinates and introducing
adaptive parameters to increase the flexibility of the network and the expressive ability of the model, the seep-
age equation can be intelligently solved. This solution method only relies on the bottomhole pressure data,
without the need for traditional numerical calculations, and can achieve the forward modeling and parameter
inversion with high efficiency. Results of numerical experiments show that the method can accurately solve the
bottomhole pressure under variable well flow rates and effectively invert multiple reservoir parameters.,
whether in homogeneous or heterogeneous reservoirs,
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