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Fig. 1 BP neural network structure
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Fig. 2 Flow chart of network training and prediction
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Fig. 3 Numerical results of example 1 and variation diagram of loss function
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Application of machine learning in solving one-dimensional

hyperbolic conservation law equation

ZHAO Qing-yu, ZHENG Su-pei”, LI Xiao
(College of Science,Chang’an University, Xi’an 710064 ,China)

Abstract: The hyperbolic conservation equation is of great significance in the calculation of aerodynamics,
physics, oceanography and many other fields. In this paper, the BP neural network based on a machine
learning framework is applied to solve the hyperbolic conservation equation approximately. First of all,
the algorithm constructs the network input from the numerical solutions of multiple time layers obtained
from the entropy stable scheme and based on the adaptive moving grid,and uses the numerical solution of
the corresponding multiple time layers obtained by the high-resolution entropy stable scheme to
construct the network output,and the data set is normalized. Then, using the training data of three-layer
BP neural network,the neural network with good performance is obtained,so as to realize the prediction
of the numerical solutions at any given time level node. Finally, five numerical examples show that the
algorithm is suitable for solving this kind of problems,and it has high resolution with no physical oscilla-

tions.

Key words: hyperbolic conservation law equation; machine learning; BP neural network; entropy stable

scheme;adaptive moving grid
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