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Abstract: In this paper, a numerical method for reconstructing the wind turbine wake field from sparse sensors is proposed by using
a physics-informed neural network (PINN). The study focuses on the wake of a single wind turbine tested in the NTNU BT1 wind
tunnel experiment. Firstly, high-fidelity CFD calculations are performed to obtain data set for the training of neural networks. Then, a
physics-informed neural network (PINN) model for wind turbine wake reconstruction is proposed, with input parameters including
the rotation characteristics of the wind turbine and the spatial-temporal coordinates of the sparse sensors, and the output being the
entire wake field at the same instances. Physical constraint, i.e. the conservation of mass in incompressible fluid, is then added to the
loss function. By doing this, a high-dimensional nonlinear neural network mapping relationship between the rotation information of
the wind turbine and its wake field is established. The wake field predicted by the PINN network is compared with the wake field
obtained from CFD calculations and predicted by a neural network without incorporating physical losses. The results show that the
inclusion of physical losses significantly improves the accuracy and generalization performance of the model, proving that the PINN
network proposed in this paper successfully reconstructs a more realistic wind turbine wake field based on sparse spatial measurement
points. This validates the feasibility and reliability of the PINN network for wind turbine wake field prediction in this paper.
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Fig.2 Computational mesh adopted in the CFD simulations
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