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Research on the aerodynamic optimization of wind turbine
blades using deep learning

HAN Xu, CHEN Ronggian, LOU Jinhua, LIU Jiagi, YOU Yancheng

(School of Aerospace Engineering, Xiamen University, 361005 Xiamen, China)

Abstract : To address the challenges posed by traditional computational fluid dynamics methods, which are
computationally demanding and time-consuming in evaluating blade aerodynamic performance, a novel
aerodynamic optimization method for wind turbine blades is introduced, leveraging deep learning. First,
this method establishes a rapid prediction model for aerodynamic forces on airfoils, utilizing multi-layer
perceptrons, to facilitate rapid optimization of wind turbine airfoil performance. Subsequently, a rapid cal-
culation methodology for wind turbine blade aerodynamic performance is formulated, incorporating blade
element momentum theory, to enable the exploration of blade shape optimization. Using a 1.5 MW wind
turbine as a case study, optimizations targeting both maximum lift-to-drag ratio and annual energy produc-
tion are made for airfoil and blade shape optimizations, respectively. The results demonstrate that the air-
foil aerodynamic force prediction model, grounded in multi-layer perceptrons, achieves an overall predic-

tion accuracy of over 99% on both training and testing datasets. Notably, the optimized wind turbine
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blades exhibit a significant improvement of 13. 74% in power coefficient and a 4. 04% increase in annual

energy production, thereby proving the practical significance and value of deep learning in the field of

wind turbine blade aerodynamic optimization.

Key words :deep learning;wind turbine blade optimization ; blade element momentum theory ; airfoil opti-

mization
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Tab.5 Comparison of blade output power
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