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Numerical method of Fredholm integral equation based on

residual neural network model
ZHANG Diankun,JIN Congming
(School of Science, Zhejiang Sci-Tech University, Hangzhou 310018, China)

Abstract: To solve Fredholm integral equations, especially high-dimensional Fredholm integral
equations, a numerical method is proposed based on residual neural networks. Firstly, the training dataset
was generated at random in the solution domain, and the predicted value on the training set was gained by
forward propagation of residual neural network. Then, the discretization scheme was obtained by
substituting the predicted value into the Fredholm integral equation, and the loss function was defined.
Then, solving Fredholm integral equation was transformed into a least squares problem. Finally, residual
neural network was used for optimizing the solution. The new method has a simple form and does not
significantly increase the computational test for high-dimensional Fredholm integral equation problems.
Numerical experimental results show that the new method can solve Fredholm integral equations efficiently
and accurately and get good convergence precision. The residual neural networks will not suffer from
network degradation, and has the advantages of good stability and strong generalization ability.

Key words: residual neural networks; Fredholm integral equation; high dimensional integral

equation; least squares method
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