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Naoual Afif et. al.
simulation frameworks, such as Blade Element Momentum (BEM) codes or adaptive control
systems, enabling real-time performance estimation for morphing smart blades. This work
contributes a scalable and efficient surrogate modeling approach for aerodynamic prediction
across diverse airfoil geometries.
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1. INTRODUCTION

The growing need for renewable and clean forms of energy has provided substantial
incentive for optimizing the performance of wind turbines. Of many different methods
currently being investigated, use of adaptive or ‘smart’ blades that can vary their aerodynamic
shapes based on operating conditions has been identified as a viable method for increasing
aerodynamic effectiveness, minimizing loads, and improving turbine longevity [1][2]. However,
assessment of such blade configurations accurately and efficiently poses a computational
challenge because complex relationships between geometry, flow conditions, and a chosen
measure of performance exist. The Blade Element Momentum (BEM) approach has gained
widespread usage due to its ease and effectiveness in simulating wind turbines, particularly at
early design stages [3]. However, conventional BEM is based on pre-calculated aerodynamic
coefficient tables and is typically limited to fixed-profile airfoils and does not account for the
morphing geometries’ dynamic behavior. At the opposite extreme, high-fidelity Computational
Fluid Dynamics (CFD) simulations provide rich information but have a computation cost that
is too high when utilized within iterative optimization or real-time control loops [4]. To
overcome this limitation, recent research literature has suggested utilizing Artificial Neural
Networks (ANNs) as surrogate models for swift aerodynamic estimation [5]-[6]. Recent

surrogate models based on deep learning achieved drag reduction exceeding 80% for rotor
Solar Energy and Sustainable Development, Volume (14) - No (2). December 2025

365



A Surrogate ANN-BEM Frameworf, for Aerodynamic Modefing of Smart Wind Tiurbine Blades
airfoils while requiring significantly less computation time than CFD [7]. ANNs can learn
intricate nonlinear mappings between airfoil geometry, angle of attack, and aerodynamic
coefficients and can provide real-time estimates of lift and drag with very good accuracy. Haiek
etal. [1], for instance, showed the possibility of utilizing ANN-based metamodels for estimating
the NACA series airfoil’s performance over a large range of geometrical parameters and angles
of attack. Their work also shows promise for combining the machine learning models and
physical solvers and building hybrid frameworks for simulation of performance. Unlike
traditional surrogate methods such as Kriging or Radial Basis Functions (RBF), artificial neural
networks (ANNs) offer superior scalability for highdimensional nonlinear aerodynamic spaces,
as demonstrated in recent studies [6]. “Multi-fidelity deep learning approaches have also
demonstrated their ability to optimize airfoil performance while balancing data complexity and
computational cost [8]-[9]” “A recent review outlines how ML-based methods, such as ANN,
Kriging, and SVR, are increasingly used in aerodynamic design tasks due to their flexibility and
predictive accuracy [10]”In addition to these modeling advances, various physical strategies
have also been explored to enhance blade performance [11-14].

By way of background, the work put forward here involves a new coupled approach that
incorporates an ANN-based aerodynamic predictor within a BEM solver to model
variableairfoil-geometry smart blades. The ANN is trained on predicting lift and drag
coefficients for NACA 4-digit shapes from geometric attributes and angle of attack while
physics-based rotor dynamics are addressed by the BEM model. This combined structure
inherits the twofold benefits of accuracy and computational speed and is thus appropriate for
integration within design loops and optimization studies and real-time use.

The rest of this paper is organized as follows: Section 2 gives the entire framework
architecture. Section 3 gives the mathematical foundation of the BEM method. Section 4
outlines the building of the ANN metamodel and verifies the predictions of ANN. Section 5
gives the coupling strategy and shows simulation results. Section 6 provides concluding
remarks, including a synthesis of the main results and prospects for future work.

2. ARCHITECTURE OF COUPLED ANN-BEM MODEL

The proposed modeling framework (Fig.1) is designed to simulate and predict the
aerodynamic behavior of smart blades equipped with morphing airfoils. It integrates two key
components: a physics-based Blade Element Momentum (BEM) model for system-level
performance evaluation, and a data-driven Artificial Neural Network (ANN) surrogate model
for rapid and accurate estimation of local aerodynamic coefficients (Cl and Cd). This hybrid
structure combines the strengths of both methods:

BEM provides a reliable and computationally efficient method for estimating the
performance of rotating blades, widely used in wind turbine and propeller analyses.

ANN is used to replace traditional lookup tables or analytical expressions for airfoil data,
enabling flexibility in geometry (across NACA series) and operational conditions (e.g., varying
AoA).
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Figure 1: Architecture of coupled ANN-BEM framework for smart blade.

The overall architecture follows a sequential workflow where blade geometry and operating
conditions, such as rotational speed, inflow velocity, and the number of blade elements, are first
defined. For each element along the blade span, the local angle of attack (AoA) is computed
using the BEM model, and the corresponding airfoil geometry (typically a NACA profile) is
identified. The AoA, along with key geometric parameters including airfoil thickness, position
of maximum thickness, camber, and position of maximum camber, are then fed into an
Artificial Neural Network (ANN). The ANN outputs the corresponding lift and drag
coefficients, Cl and Cd, which are passed back into the BEM loop to calculate the local
aerodynamic forces and moments. These are integrated across the blade to compute the overall
performance of the rotor, including torque, thrust, power, and the power coefficient. The hybrid
ANN-BEM framework offers significant advantages: it is flexible, easily adaptable to other
airfoil families such as NACA 5-digit or morphing profiles; it is fast, eliminating the need for
time-consuming CFD simulations at each evaluation; and it is integration-ready, making it
suitable for use in iterative design loops, control simulations, and real-time optimization
environments.

3. BLADE ELEMENTS MOMENTUM FOR BLADE MODELING

The momentum part of BEM is derived from the conservation of linear and angular
momentum applied to an annular control volume through which air flows as it interacts with
the rotating blade.

Assuming axial flow and a steady-state, incompressible system, the thrust T produced by a
rotor disk of radius R is:

T = (Vi — Va) = pAv (Vi — v) (1)
Where:

V... freestream wind speed,

V4 wind speed downstream of rotor,

v: induced axial velocity at rotor plane,

A=nR’: rotor disk area, p : air density.

By defining the axial induction factor a such that:

v=aV,=> T = 2pAV2a(l-a) (2)
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This equation provides the total thrust generated by the rotor disk using momentum
balance. In the blade element part, the blade is divided into radial segments. For each segment,
aerodynamic forces are computed using 2D airfoil theory:

dL =2 pV2,cCodr; dD =~ pV2,cCpdr (3)
Where:
¢ : chord length of the blade element,
dr: radial thickness of the segment,
V. : relative wind speed at the segment,
Ci, Cp : lift and drag coefficients from the ANN.

The relative wind speed V.., at radius r is:

Vrer = J V(1= a))" + (@r(1+ a)y? (4)

Where:

w : angular speed of the rotor,

a : axial induction factor,

a': tangential induction actor.

The inflow angle ¢ (between relative wind and rotor plane) is:

_ -1 Voo(l—a)
¢ =tan (wr(1+a’)) ()
The local angle of attack is:
a=¢—0 (6)

Where: 0 : local pitch angle (blade twist + collective pitch).
Once C; and Cp are computed from the ANN surrogate model, the axial and tangential forces
on the blade element are:

dT = dF, = pV4c(Crcosp + Cpsing) dr (7
dQ = dFy = %erélcr(CLsinq’) — Cpcose) dr (8)
Then:
Total thrust (T) = [ dT 9)
Torque (Q) = [ dQ (10)
Power (P) = wQ (11)

4. ANN METAMODEL BUILDING
4.1. Airfoil Dataset and Problem Formulation

The National Advisory Committee for Aeronautics (NACA) developed a standardized
system for defining airfoil geometries, which remains a foundational reference in aerodynamic
analysis. In this work, we focus on the NACA 4-digit series (Fig.2), where the airfoil shape is

defined by three parameters: maximum camber, position of maximum camber, and maximum
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thickness — all expressed as percentages of the chord length. This parametric structure allows
for systematic variation of geometry and supports the generation of a wide design space suitable
for training a generalizable machine learning model.
Each NACA 4-digit airfoil is encoded using a 4-digit code (e.g., NACA 2412), where:

o The first digit indicates the maximum camber as a percentage of the chord.

« 'The second digit gives the location of the maximum camber (in tenths of the chord).

« The last two digits specify the maximum thickness.

A large dataset was generated by varying these parameters across the feasible domain

(Fig.3, Fig.4), resulting in hundreds of unique airfoil shapes.
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Figure 4: Cl/Cd for each NACA airfoil.
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4.2. Development of the ANN-Based Surrogate Model

In this study, we developed a supervised learning-based surrogate model designed to
predict the aerodynamic performance of wind turbine blade profiles. Similar studies using
Random Forest and Gradient Boosting also reported high accuracy for Cl/Cd prediction
across wide AoA ranges [15]. The aim of this surrogate is to replace costly CFD simulations
by rapidly estimating lift (Cl) and drag (Cd) coefficients from airfoil geometry and angle
of attack.
The neural network receives five characteristic parameters of the airfoil as
inputs: a : angle of attack,

Tm : maximum relative thickness,

Pt : position of maximum thickness,
Cm : maximum camber,
Pc : position of maximum camber.

These inputs form a vector X€R®. The network is trained to predict an output vector yERA2, which
contains the aerodynamic coefficients C; and Cp, based on a numerically generated dataset.

4.3. Neural Network Architecture

The surrogate model is implemented as a feedforward artificial neural network with three layers
(Fig.5):

An input layer of 5 neurons, corresponding to the five airfoil parameters.

A hidden layer with 10 neurons using a sigmoid activation function, designed to capture
complex nonlinear relationships.

An output layer of 2 linear neurons, responsible for predicting C; and Cp.

This architecture was chosen to provide a good trade-off between generalization ability and
computational simplicity.
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Figure 5: neural network architecture for airfoil metamodel.

4.4. Training Methodology

The training process was carried out in three sequential phases:
1. Training using 75% of the data,
2. Cross-validation on 15% of the data,
3. Testing on the remaining 10%.

The ANN was trained for 200 epochs with a learning rate of 0.001 and a batch size of 32.
Instead of using random or stratified sampling, the dataset was built by ordering NACA 4-digit
profiles by increasing relative thickness. This deterministic sampling strategy guarantees a
controlled exploration of aerodynamic variations as a function of airfoil thickness. Validation
airfoils were randomly selected from the full dataset to ensure generalization to unseen
geometries. The Levenberg-Marquardt optimization algorithm was used for training, known
for its efficiency in nonlinear regression tasks. It blends the advantages of gradient descent and
the Gauss-Newton method, allowing fast convergence toward a local minimum of the mean
squared error (MSE), Table 1.

The main performance indicator was the coefficient of determination (RA2), supported by
MSE as a complementary metric. These metrics were used throughout all three phases to
monitor learning progress, prevent overfitting, and assess the model’s robustness on unseen
data.

Table 1. Values of R* and MSE during the construction of the metamodel.
Observations MSE R?
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Training 9677 1.98410 e-3 9.97483 e-1
Validation 2074 2.34837 -3 9.97016 e-1
Test 2074 2.10805e-3 9.97221 e-1

4.5. Test and validation

The validation phase aims to assess the ability of the artificial neural network (ANN)-based
metamodel to reliably predict the aerodynamic coefficients Cl and Cd for airfoil profiles that
were not encountered during training. This step is crucial to ensure that the model does not
merely memorize the data, but can generalize effectively to new geometric configurations and
different angles of attack.

Best Validation Performance is 0.0023934 atepoch 150

—Tam |
Valdation
|

Bent

Mean Squared Error (MSE)

Epochs

Figure 6: Mean Squared Error (MSE).

The model is considered successful if it satisfies the following conditions:

e R’~1 on training and validation sets,

« Alow and stable MSE after a reasonable number of training epochs,

o Convergence of gradients and stabilization of the damping parameter y in the

LevenbergMarquardt algorithm.

Visual tools such as the MSE curve across epochs (Fig.6) and scatter plots comparing
predicted vs. target values (Fig.7) further demonstrate the strong agreement between model
predictions and reference aerodynamic data.
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Training: R=0.99727 Validation: R=0.99694

Output ~= 0.99*Target + 0.00084
Output ~= 1*Target + -0.00022

Target
Test: R=0.99724

Output ~= 1*Target + 0.00024
Output ~= 0.99*Target + 0.00059

Target
Figure 7: MSE of different phase of ANN model building.

4.6. Analysis on Unseen Airfoil Profiles
A subset of NACA profiles not used during training (e.g., NACA 2315, 0012, 4415...) was
selected to evaluate the metamodel on real-case scenarios. For each profile:
 'The model receives as input the geometric parameters (t,tp,c,cp) along with the angle of
attack a,
« It outputs the corresponding aerodynamic coefficients,
o These predictions are then compared with reference values obtained from BEM
simulations or validated CFD databases (Fig.8).
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Figure 8 : Comparison between the Cl/Cd ratio values generated by the metamodel and those obtained
through simulations for NACA 2315.Zaa.
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The results demonstrate that the ANN is capable of accurately capturing the C_l (a) and
C_d (a) curves, with a relative error of less than 3% across most of the angle of attack range.

The metamodel demonstrates strong generalization capability, even for geometries outside
the training distribution. This characteristic makes it particularly suitable for integration into
optimization tools or fast simulation frameworks (such as BEM), where thousands of profile
evaluations are required.

However, it should be noted that the model’s performance may decline at very high angles
of attack, where stall phenomena are difficult to predict without turbulence models or enriched
CED data.

5. COUPLING THE ANN METAMODEL WITH THE BEM MODEL

Integrating the artificial neural network (ANN) into the Blade Element Momentum (BEM)
model enables the construction of a hybrid simulator capable of rapidly assessing the
aerodynamic performance of a smart blade, while accounting for geometric variations in airfoil
profiles (e.g., morphing). This section presents the coupling strategy, algorithmic
implementation, and results derived from the combined simulation framework.

In a classical BEM formulation, the aerodynamic coefficients C, and C, are typically
obtained from:

« Experimental lookup tables (applicable only to fixed profiles),» =~ CFD-generated polar
curves (which are computationally expensive),

« Simplified analytical models (which are often limited in accuracy).

« The ANN metamodel provides an efficient alternative by:

 Delivering real-time predictions of C; and C, based on the local angle of attack and the
instantaneous geometry of each blade element,

 Enabling the simulation of variable-geometry or morphing blades, which are otherwise
difficult to model using static aerodynamic databases.

04E T T T T T T T T T n
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.U

T

1
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Figure 9: Cp variation function Angle of attack.
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Figure 10 : Cp variation function airfoil thickness.

The last two figures (Fig.9, Fig.10) illustrate the variation of the power coefficient Cp as a
function of different geometric parameters of the airfoil. These results highlight the ability of
the hybrid ANN-BEM model to accurately simulate the aerodynamic performance of both
individual blades and the entire rotor across a wide range of airfoil shapes. This confirms the
model’s flexibility in handling diverse airfoil geometries, including those with morphing
characteristics. As such, the proposed framework is well-suited for optimization studies and
serves as a robust tool for the simulation and control of smart blades equipped with adaptive or
morphing airfoils.

Despite the good generalization ability shown by the ANN metamodel across various
airfoil profiles, some limitations must be acknowledged. In particular, the model exhibits
decreased accuracy at high angles of attack, where stall effects become prominent—phenomena
not captured in the training dataset. Moreover, the performance may be sensitive to small
perturbations in the geometric inputs, which could arise from uncertainties in morphing
mechanisms or measurement noise. Additionally, prediction variability has not been formally
quantified. Including standard deviation or error bars in test results would enhance the
assessment of model uncertainty, particularly in applications such as active control or online
optimization. Compared to conventional methods such as classical BEM models relying on
static lookup tables for Cl and Cd, the proposed ANN-based approach significantly reduces
computational time while maintaining comparable accuracy. Unlike CFD, which offers high
fidelity but at a prohibitive computational cost, the ANN-BEM hybrid enables rapid simulation
and is more suitable for integration in optimization or real-time control applications. Overall,
wind turbine blades represent a promising field for research and innovation [16].

6. CONCLUSION

This work has proposed and tested a surrogate modeling approach that marries an Artificial
Neural Network (ANN) metamodel with the Blade Element Momentum (BEM) theory to
estimate the aerodynamic behavior of morphing airfoil geometric smart blades. The ANN is
trained on key airfoil parameters and angle of attack and used to approximate lift and drag
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coefficients in place of conventional static aerodynamic databases. When embedded within the
BEM computational routine, such a surrogate model can be used for fast and accurate and
flexible simulation of rotor behavior under different geometric and operational states. The
coupled ANNBEM model exhibits good predictive power and generalization among
unobserved shapes of airfoil, and simulation cases exhibit a good agreement with traditional
BEM and CFD solutions while achieving substantial reduction in computation time. Due to its
adaptability, the model is very fit for use in tasks related to optimization, design loops, and real-
time control for intelligent blades. This framework is well-suited for integration into industrial
wind turbine design software to accelerate optimization and reduce prototyping costs. The
inclusion of confidence intervals around ANN model predictions can enhance the assessment
of result reliability, particularly in sensitive contexts such as real-time control or robust
optimization.

Future work will include continuing model development with Reynolds number influences,
3D geometrical variations for blades, and integrating feedback loops for active morphing blade
control in dynamically varied environments. In parallel, uncertainty quantification techniques
such as adding confidence intervals or estimating prediction errors will be integrated to enhance
the model’s robustness and reliability in critical applications. Finally, explainable AI (XAI)
methods will be investigated to shed light on the ANN’s internal decision-making processes and
improve interpretability, which is essential for building trust and facilitating adoption in
engineering design workflows.
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