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L, relative errors for small dam break problems

Comparison of weighted and unweighted

A AL JnAL
Ry Lo AR 22 1. 80e-02 8. 12e-03
w ) Lo AR 1R 22 1. 40e-01 6.55e-02
0sr =03
04 f 1 = Reference
| Prediction
03k -- Entropy stable
s 021
0.1
0.0 J U
-0.1 L
-1.0 -05 00 05 10 15
x
21r 1=03
20T ) =— Reference
L9F Prediction
1.8 -~ Entropy stable
1.7
1.6
= 15
1.4+ \
1.3+
1.2+
1.1
1.0 {
0.5

-1.0 -0.5 0.0 05 1.0 15
x
TRl 2 /N i 3O i) R0 T 00D fie 5 0 s s =X 4 R L
Fig. 2 Comparison diagram of predicted solutions and entropy
stable scheme results for samll dam break problems
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Tab. 2 Comparison of weighted and unweighted

L, relative errors for dam break problem
with water depth approaching zero
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Fig. 3 Comparison diagram of predicted solution and entropy
stable scheme results for dam break problem
with height close to zero
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Tab.3 Comparison of weighted and unweighted

L, relative errors in tidal modeling problems
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Concurrent PINN algorithm for solving shallow water wave equations

JIN Fang, ZHENG Su-pei”, FENG Jian-hu, LIN Yun-yun
(College of Science,Chang’an University, Xi’an 710064 ,China)

Abstract: Hyperbolic conservation equation is a special class of partial differential equations, and the
study of its numerical solution method has always been a hot topic. One of its remarkable properties is
that its solution may contain discontinuity even if the initial conditions are smooth. As a representation of
the nonlinear hyperbolic conservation law, the shallow water wave equation is difficult to be solved
precisely because of the existence of discontinuous solutions. In order to solve numerically the shallow
water wave equation,a new network is constructed based on the inverse problem framework of PINN
(Physics-informed Neural Networks). The network structure consists of two parallel neural networks,
one of which is related to the known data obtained by the entropy stable schemes. The other network is
related to the equation itself. The unknown water depth is determined by combining the known velocity
data with the shallow water wave equation itself. Finally, the feasibility of the network is verified by
some numerical examples. The results show that the new network structure can be used to solve the

shallow water wave equation,and the water depth can be accurately calculated.

Key words: shallow water wave equation;deep learning;neural networks;shock wave
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