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Abstract : [Objective] Physics-informed neural network (PINN) has attracted great attention in the field of artificial intelligence due
to their ability to bring interpretability to traditional machine learning and deep learning via embedding physical laws into the loss
function. PINN exhibits a strong fitting ability for nonlinear problems, making them a promising tool for solving problems related to
fluid mechanics and heat transfer. The numerical simulation of thermal fluids utilizing the meshless property of PINN has become a
new hot trend in research. However, improving the efficiency of numerical solutions using PINN remains a key challenge that has
attracted the attention of scholars. [ Methods] In this study,a PINN-based numerical simulation solver for thermal fluids is coded with
DeepXDE and other related libraries. Fluid flows steadily. The solver uses the Navier-Stokes system of equations as physical
constraints,and boundary conditions are adopted to perform a complete numerical simulation process of the laminar flow and heat
transfer of incompressible fluid. Sensitivity analysis of the hyperparameters is performed,and a vertical circular tube and a horizontal
circular tube are selected as research objects for multi-operating condition solution,and the results are compared with those simulated

by Fluent. The weights and biases of the numerical simulation results under this condition are used to predict and calculate the
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operating conditions under similar boundary conditions. [ Results] The results indicate that sensitivity analysis of hyperparameters
(neural network structure, learning rate and collocation points) is essential for effective numerical simulation using PINN, and
appropriate hyperparameters have positive effects on numerical simulation results. The optimization effect of numerical simulation is
positively correlated with the number of hidden layers and neurons. When the number of hidden layers is 6, the numerical simulation
results tend to stabilize. When the number of neurons per layer reaches 50, the influence of hidden layers on numerical simulation
results is relatively small. For the learning rate,a proper learning rate can effectively improve the solving efficiency of PINN. When
the learning rate is higher than 1X10*, the loss value does not show significant changes with iteration,and the optimization process
renders the numerical simulation results meaningless for reference. When the learning rate is 5X 10", the loss value basically does
not decrease after more than 1 X 107" iterations of numerical simulation. When the learning rate is 1 X 107*, the loss value is
minimized and the optimization effect is optimal for the same number of iterations. As the number of collocation points increases, the
relative error between numerical simulation and Fluent calculation results decreases. Beyond 5 000 collocation points, the relative
error stabilizes at approximately 0. 10%. The accuracy of the algorithm is verified by utilizing an analytical solution prior to numerical
simulation. The numerical simulation results of PINN for laminar flow and heat transfer of thermal fluids in a circular tube are
accurate,and the relative error between the output parameters at each axial and radial position is less than 5%. Heat transfer process
of the flow at different Reynolds numbers is also in good agreement with the Fluent results. The efficiency of PINN numerical
simulation can be effectively improved by utilizing pre-trained weight and biase information for prediction. The average time for
predicting the velocity field and temperature field is 141. 59 s and 144. 24 s, respectively. With a pre-training (standard operating
conditions) loss value of 4. 59X 107", the effective prediction range of the velocity field for the neighboring conditions with different
inlet velocities is 8%, which is better than the prediction range of the temperature field for the neighboring conditions with different
wall temperatures (5%). With the increase of the prediction range, the relative error between the PINN prediction results and the
numerical simulation results of Fluent under the same operating conditions also gradually increases. [ Conclusion] The numerical
simulation method of PINN, constrained by governing equations, demonstrates feasibility and accuracy in the field of numerical
simulation of thermal fluids. The hyperparameter settings have an impact on the numerical simulation results, and a sensitivity
analysis of the hyperparameters is required prior to numerical simulation of PINN. This study proposes a method predicting or
retraining neighboring conditions under similar boundary conditions by using the weights and biases of pre-trained standard
conditions. This approach effectively improves the numerical simulation efficiency of PINN while maintaining accuracy within a
certain range and interpretability. The findings provide a new insight for scholars to perform numerical simulations with PINN.,
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Fig. 1 Velocity field (A) and temperature field (B) of laminar

—-0.125

0 0.125

flow and heat transfer of incompressible fluid under the

influence of gravity in a vertical circular tube
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Fig. 2 Complete process of numerical simulation and recalculation for operating conditions to be solved using PINN
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Tab. 2 Loss value after 5X10* interations of numerical

simulation of PINN with different network structures
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simulation with different structures of neural network
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