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Abstract: In recent years, the deep learning method incorporating physical information provided a new idea for
solving partial differential equations. However, most of the studies so far has low computational accuracy and
poor time extrapolation for problems with discontinuities in the solution space. To address the above 2 prob-
lems, the ROE-PIGNN model was proposed for fusing equations or data information with the graph neural net-
works and the ROE scheme in computational fluid dynamics. Numerical experiments show that, the model a-
chieves a computational accuracy comparable to that of the ROE scheme in solving the shock tube problem con-
trolled by the Eulerian equation, and has the ability of extrapolation over a certain time range. Finally, the 2D
cylindrical bypass flow traditional problem controlled by the Navier-Stokes ( NS) equations was solved. The ex-
perimental results show that, the model can predict the subsequent periodic flow and reproduce the flow struc-

ture more accurately at some key positions, with an error reduction of 60% compared to the purely data-driven
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Fig. 1 The ROE-PIGNN schematic diagram
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Fig. 2 The graph neural network architecture
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(8w, (xf,t,50) ZIRIETRZE  BEIBACY L, (05D,) = E[ | y(x",t,) 3]
3 Euler J7FEE
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AR INE 4 (a) Fron 25250 Bos Bl s 4R 5 B R IH B RN 2R T 00 2 A, A 2 sl i ] 48 1) 265 60 4> i [1]
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— predicted p, =20
— predicted p, =30
— predicted p, =40

0.24

(a) y = 0.5 B
(a) At they = 0.5 section



51 KRR, 55 . ROE A% AP BEIE 5 [ 1 22 R 455K M Euler 5)2 AT R NS J5 e 61

numerical p, =0 predicted p, =0 numerical p, (=40 predicted p, =40
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y 40 0.6 v 40 0.6 ¥y 0
80
80 0.2 80 0.2
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X X X X
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(b) 0 F120 mfa) (¢) 40 F1 60 ]2
(b) At 0 and 20 time step (c¢) At 40 and 60 time step

B 3 SOD ¥ i, LLiR/ ik 147 PDE $ 28 RORERIIRAS 1 i p 25
Fig. 3  Pressure results obtained for the model with PDE losses with the least squares method in the SOD shock tube problem
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BLANTE 6 Fi7R , SEER SRR BRI IR A5 R | i A 3R B THI 45 R I DX b O 07 B A e i g, Jo) P T iR A1
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(c) 40 Fi1 60 B[]
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B4 SOD B & M, L ROE #0344 PDE $2 (AR IR A5 14 F ik p 4553

Fig. 4 Pressure results obtained for the model with PDE losses in the ROE format for the SOD shock tube problem
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Fig. 5 Errors over time
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B 6 VIO SMET  BER T Mo 37 1 4524
Fig. 6 Results of the calculated pressure field for the model under training conditions and time extrapolation
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Fig. 7 Results of the calculated pressure field for the model with the new initial field
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Fig. 9 Overall and local views of the grid used for the calculation
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