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Abstract
To address the issues of large computational cost and long computation time
associated with traditional computational fluid dynamics methods in evaluat-
ing the aerodynamic performance of blades, a wind turbine blade aerodynamic
optimization method based on deep learning is proposed. First, a rapid airfoil
aerodynamic force prediction model based on a multilayer perceptron is con-
structed to achieve fast optimization of the aerodynamic performance of wind
turbine airfoils. Subsequently, in combination with blade element momentum
theory, a rapid calculation method for the aerodynamic performance of wind
turbine blades is established, thereby enabling the optimization of blade geome-
try. Using a 1.5 MW wind turbine as an example, airfoil optimization and blade
shape optimization are carried out with respect to the maximum lift-to-drag ra-
tio and annual energy production, respectively. The results show that the airfoil
aerodynamic force prediction model based on a multilayer perceptron achieves
an overall prediction accuracy greater than 99% on both the training and test
sets. The wind turbine blade optimized by this method exhibits a 13.74% in-
crease in power coefficient and a 4.04% increase in annual energy production,
demonstrating the practical value of deep learning in the field of aerodynamic
optimization of wind turbine blades.
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Abstract

To address the computational inefficiency and time-consuming nature of tradi-
tional computational fluid dynamics (CFD) methods in evaluating blade aero-
dynamic performance, this paper proposes a novel aerodynamic optimization
method for wind turbine blades based on deep learning. The method first con-
structs a fast aerodynamic force prediction model for airfoils using a multi-layer
perceptron (MLP), enabling rapid optimization of airfoil aerodynamic perfor-
mance. Subsequently, combined with blade element momentum theory, a fast
calculation method for wind turbine blade aerodynamic performance is estab-
lished to conduct shape optimization studies. Using a 1.5 MW wind turbine
as a case study, airfoil optimization targeting maximum lift-to-drag ratio and
blade shape optimization for maximum annual energy production are performed
separately. The results demonstrate that the MLP-based aerodynamic force
prediction model achieves overall prediction accuracy exceeding 98% on both
training and test sets. The optimized wind turbine blade exhibits a 13.74%
improvement in power coefficient and a 4.04% increase in annual energy pro-
duction, validating the practical value of deep learning in wind turbine blade
aerodynamic optimization.

Keywords: deep learning; wind turbine blade optimization; blade element
momentum theory; airfoil optimization

1. Introduction

With the continuous development of clean and renewable energy technologies,
wind energy utilization has gained significant attention worldwide, particularly
in China where wind power technology advancement is actively promoted. As
the primary energy conversion component in wind turbines, blade performance
is crucial for efficient turbine operation, making blade optimization design re-
search essential. The airfoil is a key determinant of wind turbine blade aerody-
namic performance, and optimization typically begins with airfoil design. Devel-
oped countries such as Denmark have established specialized airfoil families like
NREL-S and RisØ series, while China’s research in this area started relatively
later, with contributions from institutions such as Northwestern Polytechnical
University (NPU-WA series) and the Chinese Academy of Sciences.

Traditional aerodynamic performance evaluation relies heavily on CFD methods,
which require extensive computational time through iterative processes, result-
ing in long optimization design cycles. There is an urgent need to establish
rapid optimization methods for wind turbine airfoils to advance specialized air-
foil development. With the rise of artificial intelligence, deep learning has found
extensive applications in turbomachinery optimization design. Convolutional
neural networks (CNN) have been employed for airfoil inverse design, while re-
inforcement learning and neural network surrogate models have demonstrated
the ability to rapidly and credibly predict aerodynamic forces, significantly re-
ducing computational costs and shortening optimization cycles.
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This study proposes an efficient wind turbine blade optimization method based
on deep learning, aiming to improve computational efficiency while optimizing
blade performance. The approach establishes a deep learning-based airfoil aero-
dynamic characteristic prediction model and integrates it with blade element
momentum theory for comprehensive aerodynamic optimization.

2. Fast Prediction Method for Wind Turbine Blade Aerodynamic
Characteristics

2.1 Airfoil Parameterization and Database Construction This study
employs the Class-Shape Function Transformation (CST) method for airfoil
shape parameterization. The CST method first defines a class function to deter-
mine the fundamental airfoil category, then uses shape functions to define the
specific geometry. The basic expression is:

𝑦(𝑥) = 𝐶(𝑥) ⋅ 𝑆(𝑥) + 𝑥 ⋅ Δ𝑦𝑡𝑒

where 𝐶(𝑥) represents the class function, 𝑆(𝑥) represents the shape function
expressed as a Bernstein polynomial, 𝑥 denotes the chordwise coordinate, 𝑦
denotes the vertical coordinate, Δ𝑦𝑡𝑒 is the trailing edge offset, and 𝐴 represents
the shape function coefficients.

A Multi-Layer Perceptron (MLP), a powerful artificial neural network, is con-
structed to simulate biological signal transmission. The computational expres-
sion for a single neuron is:

𝑧 = 𝑓 (
𝑛

∑
𝑖=1

𝑤𝑖𝑥𝑖 + 𝑏)

where 𝑥𝑖 are input data, 𝑤 and 𝑏 are weights and biases between connections,
and 𝑓 represents the nonlinear activation function.

For wind turbine airfoil optimization, the primary focus is on lift and drag coef-
ficients. XFOIL software is used to calculate aerodynamic coefficients at various
Mach numbers and angles of attack, establishing a comprehensive database with
one-to-one correspondence between airfoil geometry and aerodynamic data. To
address potential limitations in airfoil shape diversity or insufficient sample size
that may affect model prediction accuracy across different operating conditions,
Latin Hypercube Sampling (LHS) is employed. Each parameter range is divided
into equal intervals, with samples selected from each interval to ensure uniform
distribution in the multidimensional design space.

The design space for airfoil shapes is illustrated in [Figure 3: see original paper].
To enable aerodynamic coefficient prediction across varying Mach numbers and
angles of attack, the Mach number range is set to [0.05, 0.4] and the angle of
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attack range to [-5°, 20°], sampled at 0.5° intervals. XFOIL calculations provide
the aerodynamic database for wind turbine airfoil optimization.

A deep branching structure model is adopted, with geometric parameters (airfoil
shape coefficients) and operating parameters (Mach number and angle of attack)
processed through separate branches since they belong to different parameter
categories. The model structure is shown in [Figure 4: see original paper].

2.2 Model Training and Performance Evaluation The dataset is divided
into training and test sets, with 163,666 training samples and 3,523 test samples.
The initial learning rate is set to 0.0002, with a standard batch size. The SELU
activation function is used. Model accuracy is calculated using relative error:

Accuracy = (1 − |𝑦pred − 𝑦true|
𝑦true

) × 100%

[Figure 5: see original paper] and [Figure 6: see original paper] compare pre-
dicted and calculated values for the training and test sets. The majority of sam-
ple points cluster near the 𝑦 = 𝑥 line, indicating excellent agreement between
predictions and XFOIL calculations. The model demonstrates outstanding pre-
dictive capability on the training set and maintains strong performance on the
test set, proving its generalization ability.

The error distributions are shown in [Figure 7: see original paper] and [Figure
8: see original paper]. For the test set, the average prediction accuracy for drag
coefficient is 98.5527%, while for lift coefficient it reaches 99.7054%. The overall
prediction accuracy exceeds 98.4767%, with most samples having prediction
errors below 0.5% and an average accuracy of 99.7036%.

3. Wind Turbine Aerodynamic Characteristics Prediction Method
Based on Blade Element Momentum Theory

The blade element momentum (BEM) theory is the most widely used method
for wind turbine blade aerodynamic calculation. The velocities and forces acting
on a blade element are shown in [Figure 9: see original paper]. Let 𝑈 be the
incoming flow velocity, 𝐵 the number of blades, 𝑈𝑎 the axial induced velocity,
𝑈𝑏 the tangential induced velocity, and Ω𝑟 the tangential velocity.

Based on the corrected BEM theory, a wind turbine aerodynamic calculation
model is established. The NREL 20 kW three-bladed wind turbine is used as a
validation case. lists its basic design parameters. [Figure 10: see original paper]
compares calculated and experimental power output, showing good agreement
and validating the accuracy of the corrected BEM theory.

The inflow angle 𝜙 at a blade element is:

𝜙 = arctan ( 𝑈(1 − 𝑎)
Ω𝑟(1 + 𝑏))

chinarxiv.org/items/chinaxiv-202602.00022 Machine Translation

https://chinarxiv.org/items/chinaxiv-202602.00022


where 𝑎 and 𝑏 are axial and tangential induction factors. The local angle of
attack 𝛼 is:

𝛼 = 𝜙 − 𝛽

with 𝛽 being the local twist angle. The Prandtl tip loss correction factor 𝐹 is:

𝐹 = 2
𝜋 arccos [exp (−𝐵(𝑅 − 𝑟)

2𝑟 sin 𝜙 )]

The corrected axial and tangential induction factors are:

𝑎 = 1
4𝐹 sin2 𝜙

𝜎𝐶𝑛
+ 1

, 𝑏 = 1
4𝐹 sin 𝜙 cos 𝜙

𝜎𝐶𝑡
− 1

where 𝜎 is the solidity, and 𝐶𝑛 and 𝐶𝑡 are normal and tangential force coefficients.
The rotor thrust 𝑇 , torque 𝑀 , power 𝑃 , and power coefficient 𝐶𝑝 are calculated
accordingly.

4. Airfoil Aerodynamic Optimization Method Based on Deep Learn-
ing

Airfoil optimization is crucial for designing high-quality wind turbine airfoils.
The genetic algorithm is selected as the optimization algorithm, with param-
eters detailed in . The optimization uses 30 design variables representing the
upper and lower surface shape coefficients, with variation ranges limited to
$±$10% of original values. The objective is maximizing lift-to-drag ratio, with
the constraint that the optimized airfoil’s lift coefficient must not be lower than
the initial airfoil’s.

The optimization model is formulated as:

max 𝐶𝑙
𝐶𝑑

s.t. 𝐶𝑙 ≥ 𝐶𝑙,initial

shape constraints

The wind turbine airfoil aerodynamic optimization platform is built using Isight
software. The platform inputs initial airfoil parameters and design conditions
(angle of attack and Mach number), uses the MLP-ClCd aerodynamic coeffi-
cient predictor to rapidly output lift and drag coefficients, and employs genetic
algorithm selection, crossover, and mutation operations to generate new airfoil
designs. The optimization iterates until convergence, outputting the airfoil with
maximum lift-to-drag ratio. The optimization flowchart is shown in [Figure 12:
see original paper].
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5. Blade Shape Optimization Method Based on Blade Element Mo-
mentum Theory

For blade shape optimization, the annual energy production 𝐸 is maximized:

𝐸 = ∑
𝑖

𝑃(𝑈𝑖) ⋅ 𝑓(𝑈𝑖) ⋅ 𝑡

where 𝑃(𝑈𝑖) is power output at wind speed 𝑈𝑖, 𝑓(𝑈𝑖) is the probability of wind
speed 𝑈𝑖, and 𝑡 is time. The chord lengths 𝑐𝑖 and twist angles 𝛽𝑖 at different
spanwise positions are used as optimization variables, with constraints ensuring
monotonic variation.

The optimization model is:

max 𝐸
s.t. 𝑐min ≤ 𝑐𝑖 ≤ 𝑐max

𝛽min ≤ 𝛽𝑖 ≤ 𝛽max

monotonicity constraints

The blade is divided into sections, and the BEM-based code performs opti-
mization by initializing a population of blade designs, evaluating aerodynamic
performance for each, and iterating until convergence to the blade geometry
with maximum annual energy production.

6. Optimization Results and Analysis

6.1 Initial Wind Turbine Blade Model A 1.5 MW wind turbine blade is
selected as the research object. The blade uses S814, S830, and S831 airfoils
at different spanwise sections, suitable for inland areas with low average wind
speeds and small variations. The basic design parameters are listed in . The
wind field is described using a Weibull distribution [Figure 13: see original pa-
per], yielding an initial power coefficient of 0.4350 and annual energy production
of 6.609 × 106 kWh.

6.2 Airfoil Aerodynamic Optimization The established aerodynamic op-
timization platform optimizes the three airfoils. The optimization status is
detailed in . [Figure 14: see original paper] compares the initial and optimized
airfoil shapes. The optimized airfoils show improved aerodynamic performance:

• S814: Lift coefficient changes from 1.1351 to 1.1922, drag coefficient from
0.0209 to 0.0203, lift-to-drag ratio improves by 9.45%

• S830: Lift coefficient changes from 1.0754 to 1.1433, drag coefficient from
0.0160 to 0.0154, lift-to-drag ratio improves by 9.12%

• S831: Lift coefficient changes from 1.0887 to 1.1553, drag coefficient from
0.0129 to 0.0121, lift-to-drag ratio improves by 13.13%
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All three airfoils demonstrate enhanced aerodynamic performance.

6.3 Wind Turbine Blade Shape Optimization Results The optimized
airfoils are stacked to form the wind turbine blade, and blade shape optimization
is performed. [Figure 15: see original paper] shows the optimization results
for chord length and twist angle distribution. Significant changes are observed:
chord length reduces from 5.96 m to 5.24 m at the root, and twist angle decreases
from 30.25° to 25.26°.

At a tip speed ratio of 7, the optimized blade achieves a power coefficient of
0.4948, representing a 13.74% improvement over the initial blade’s 0.4350. For
tip speed ratios below 7, the optimized blade’s power coefficient is slightly lower,
but this region corresponds to high wind speeds with low probability. [Figure
16: see original paper] shows the power coefficient variation with tip speed ratio,
while [Figure 17: see original paper] shows output power variation with wind
speed. The optimized blade produces more power at the same wind speed.

Assuming continuous operation without mechanical losses, the optimized blade’
s annual energy production is 6.876×106 kWh, a 4.04% increase over the initial
blade, proving the aerodynamic superiority of the optimized design.

7. Validation of Optimization Results

To further validate the deep learning-based optimization method, CFD simu-
lations are performed using FLUENT. The computational domain consists of
stationary and moving regions connected by an interface, with a total mesh
count of approximately 3.6×106 and first layer height of 4.84×10−5 m. [Figure
18: see original paper] shows the blade modeling and mesh division.

Boundary conditions are set as velocity inlet and pressure outlet, with 12 m/s
wind speed and 21.68 r/min rotational speed. The Navier-Stokes equations
are solved using the finite volume method with the k-𝜔 SST turbulence model.
[Figure 19: see original paper] compares pressure contours between initial and
optimized blades in the X-Z plane.

The output power comparison is shown in . The maximum error between BEM
theory and CFD results is 2.97%, confirming the reliability of BEM theory for
evaluating optimization effects. The optimized blade shows significant power
output improvement over the initial blade.

8. Conclusion

This study proposes an efficient wind turbine blade optimization method based
on deep learning to address the high computational cost of traditional flow field
calculations. The method constructs an MLP-based airfoil aerodynamic force
prediction model achieving over 98% accuracy on both training and test sets,
effectively replacing traditional CFD and significantly accelerating the airfoil
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optimization process. Combined with blade element momentum theory, the
method optimizes blade shape.

For the 1.5 MW wind turbine case study, the optimized blade achieves: - Power
coefficient improvement of 13.74% - Annual energy production increase of 4.04%

The results demonstrate that the proposed optimization method not only signif-
icantly improves wind turbine blade aerodynamic performance but also reduces
optimization time and computational cost, representing an efficient and feasible
optimization strategy.
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