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In this study, we proposed a new method to accelerate the convergence of the Poisson solver for the incompressible
CFD analysis, based on the deep learning. This method uses Convolutional Neural Network (CNN) to provide
an appropriate initial guess of the pressure field for the iteration process in the Poisson solver. Because CNN
is good at estimation of the overall structure of the pressure field, the long-wavelength error, which is known to
slowly decrease in an iterative method like Gauss-Seidel method, is reduced beforehand by using CNN. Hence,
CNN is expected to significantly reduce the number of iterations required for the convergence in the iterative
method. The test calculation of the two-dimensional cavity flow problem demonstrated that the convergence of
the present CNN-preconditioned Gauss-Seidel method is three times faster than that of the original one. The
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number of iterations required for the convergence depends on the estimation accuracy of CNN.
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Fig. 1: Flowchart of the proposed method
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Fig. 2: Network architecture
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Fig. 3: RHS of the Poisson’s equation and the pressure
at Re=5000
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Fig. 5: CNN outputs at Re=5000
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Table 2: Comparison of estimation accuracy of CNN
and number of iterations required for the convergence
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Fig. 6: Comparison of the convergence rates
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