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Abstract: The solution of the governing equations of the flapping wing problem on a spatiotempo-
ral scale takes a great amount of time and computational resources. To solve this challenge, this
paper proposes a hybrid coarse data-driven with physics-informed neural network model (HCDD-
PINN). The model leverages its strong nonlinear curve fitting ability to investigate the training
and predicting performance of the model for two-dimensional pitching flapping wing problems,
which involves unsteady flow characteristics and motion boundaries. The model is trained using
an order-of-magnitude grid, coarser than the traditional computational fluid dynamic (CFD) re-

quired. The architecture is devised to enforce the initial and boundary conditions and incorporate
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the governing equations into the loss of the neural network. The optimization process is conduc-

ted by ADAM and L-BFGS-B methods with a feed forward-back propagation manner, to improve

the accuracy and reliability of predicting the time evolution of nonlinear PDEs solutions. The re-

sults show that the proposed HCDD-PINN framework exhibits improved stability and accuracy

compared to the PINN models that lack internal data. It effectively reduces the prediction error of

the flow field, and accurately predicts the instantaneous aerodynamic forces, velocity and pres-

sure fields of flapping wings. Moreover, the training time has accelerated by approximately four

times. Additionally, the interested variables of the flow field at any instant can be rapidly ob-
tained by the trained HCDD-PINN model, which is superior to the traditional CFD method that

usually needs to be re-run. This study provides an effective alternative for solving {lapping wing

governing equations and even nonlinear partial differential equations (PDEs).

Keywords: physics-informed neural network; data-driven; deep learning; flapping wing;

aerodynamic performance
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Fig. 1 Schematic diagram of flapping wing kinematics
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