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“Hard” Boundary Low-Order Derivative Physics Informed
Neural Network: A Fluid Flow Solver

CUI Yonghe, ZHANG Wenyao, YAN Huilong. QIAN Fang, WANG Qiuwang, ZHAOQO Cunlu

(Key Lab of Thermo-Fluid Science and Engineering of MOE, Xi”an Jiaotong University, Xi’an 710049, China)

Abstract: To accelerate the training of the physics informed neural network for solving fluid
mechanics problems, a “hard” boundary low-order derivative physics informed neural network
(HLPINN) is established by converting the Navier-Stokes equations into the low-order derivative
form and imposing boundary conditions in a “hard” way to solve steady incompressible laminar
flow problems. The HLPINN is used to simulate the flow in the pipes with a variable cross-
section, and the results are compared with those obtained from the traditional “hard” boundary
physics informed neural network (HPINN). The comparison results show that both HLPINN
and HPINN can accurately simulate the flow fields in pipes with the expanding and contracting
cross-section. Compared with the HPINN, HLPINN can accelerate the back-propagation process
to accelerate the training. For either the cross-section expansion or the cross-section contraction,

the training time of the HLPINN is reduced by more than 60% compared with that of HPINN
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with the same size. The HLPINN can accelerate the two optimization algorithms: adaptive

moment estimation (Adam) algorithm and limited-memory BFGS-Bound (L-BFGS-B) algorithm

by more than 200% and 90% , respectively. In addition, the form and value range of the distance

function used to impose “hard” boundary conditions have a great impact on the calculation

accuracy, but are of negligible influence on the training time and the calculation speed of both

optimization algorithms. The results show that a continuous and smooth distance function with

the reasonable value range can improve the calculation accuracy.
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Fig. 1 Schematic of the framework of the “hard” boundary physics informed neural network
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Fig. 2 Schematic of the framework of the “hard” boundary low-order derivative physlcs informed neural network
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