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Abstract

The performance of a wind turbine and its efficiency majorly depends on wind-

to-rotor efficiency. The aerodynamic design of the wind turbine blades using high-

fidelity tools such as adjoint-computational fluid dynamics (CFD) is accurate but com-

putationally expensive. It becomes impractical when the number of design variables

increases for multidisciplinary optimization (MDO). Low-fidelity tools are computa-

tionally cheaper but are not accurate, especially in regions of adverse pressure gradi-

ent and reverse flows. Surrogate modeling has been used in many aerodynamic

problems. We develop and apply a recent architecture of the deep learning module,

tandem neural networks (T-NNs) for the inverse design of wind turbine airfoils. The

T-NNs trained on CFD data for fully turbulent cases predict not only the perfor-

mance parameters for the given airfoil geometry but also the airfoil geometry for a

given design objective. This framework uses the entire performance polar for inverse

design which ensures that the airfoil optimization is not a single-point optimization

problem which is essential for practical design problems. The T-NNs are also opti-

mized to include multiple constraints like maximum thickness and trailing edge

(TE) thickness which is a novel contribution in the field of inverse design using surro-

gate models. A statistical analysis is also performed to predict a family of airfoil

geometries.

K E YWORD S
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1 | INTRODUCTION

The optimization of wind turbine rotors has been a focus of research for many years. Designing an airfoil shape with specific performance charac-

teristics is a fundamental problem in the field of wind turbine blade design and plays a crucial role in improving the performance of wind turbines.

The blade design is a complex optimization problem that involves multiple fields of study, such as aerodynamics, structures, and acoustics.1 High

power output and low thrust are design requirements for wind turbine blades. The standard wind turbine blade design involves designing the

blades using predefined airfoil geometries to capture the required power under steady-state conditions.2 It is, therefore, imperative that the air-

foils of wind turbine blades should be optimized in such a way that these design requirements are satisfied for higher efficiency and lower opera-

tional cost. Conventional airfoil design methods involve iterative optimization of the shape using less accurate low-fidelity modeling techniques
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which do not account for certain physical phenomena, especially in the regions of adverse pressure gradient and reverse flows. Some design pro-

cesses also involve adjoint-based computational fluid dynamics (CFD), which is more accurate but demanding in terms of computational cost. The

high-fidelity CFD simulations are very exhaustive computationally and can take up to thousands of core hours.3,4 Additionally, using multi-

disciplinary optimization (MDO) for full blade design across various operating conditions with adjoint-based CFD methods becomes impractical.

To accelerate the design process, there have been several studies in the field of data-driven surrogate modeling which approximate the CFD

models (Ref.1,5–7). With lower computational costs, these models also explore a wide range of design spaces. Some common surrogate models

include polynomial expansions,8 kriging,9 radial basis functions,10 support vector machines,11 and artificial neural networks (ANNs).12. Among

these, ANNs have become one of the most popular surrogate models as these are highly flexible and have been shown to perform exceptionally

well for highly nonlinear function approximations. ANNs are capable of recovering smooth functions with a sufficient number of hidden layers,

neurons, and activation functions. ANNs have also been coupled with standard optimization algorithms like genetic algorithms (GA),12–14 where

ANNs model the forward relationship of airfoil geometry to performance polar computation, and GA does the inverse design.

This work focuses on the development of a novel approach for the inverse design of wind turbine airfoils with practical design constraints

using a special type of deep learning modules, tandem neural networks (T-NNs).15 T-NN is a new development6,13 in the field of aerodynamic

design. It is an extension of ANNs with a modified cost function. While the standard ANNs can be efficiently and accurately used to determine

the load coefficients for given airfoil geometry,1,5,12,13 they exhibit loss of accuracy when used for inverse design problems, due to inverse scatter-

ing. This problem arises due to the noninvertibility of the aerodynamics, that is, similar load characteristics can be achieved by different airfoil

geometries. T-NNs overcome this limitation by defining the cost function such that the neural network is not forced to predict the same

airfoil geometry, rather it predicts an airfoil geometry which outputs the required load coefficients. This is also the novelty associated with this

inverse design architecture, where the performance polar of an airfoil is fed as input and the T-NNs output the airfoil geometry. T-NNs architec-

ture allows for the optimization of the airfoil geometries for the entire performance polar for a range of Mach and Reynolds numbers. One neces-

sary requirement for airfoil design is the ability to use multiple design constraints (maximum thickness, trailing edge [TE] thickness, stall margin,

etc.) during optimization. T-NNs architecture makes the inverse design process flexible enough to include multiple design constraints, making the

inverse design process more practical for designers. The details of these constraints are explained in Section 5.2.

It is also remarked that the T-NNs architecture for inverse design uses the entire performance polar which also ensures that the inverse

design is not a single-point optimization problem which is practical way of designing airfoils. The standard T-NNs architecture is deterministic,

and therefore, for a given design objective, only one airfoil shape is generated. This paper also focuses on statistical analysis with the T-NNs mod-

ule that can predict a family of airfoil geometries for a given design objective. These models can additionally be used to create accurate databases

for a wide variety of wind-turbine airfoils as a push-button solution. T-NN has both forward and inverse design capabilities and once trained can

give polar as well as the airfoil design. The details of statistical analysis are included in Section 6.2.

The remainder of the paper is structured as follows: Section 2 provides the technical background and methodology employed in generating

airfoil database and design space exploration techniques. Section 3 provides a comprehensive study in neural networks training and inverse design

framework, while the details of neural network training and computational cost are presented in Section 4. A detailed study in improvement of

T-NNs architecture is presented in Section 5, and results of design problems and statistical analysis are explained in Section 6 followed by conclu-

sion and future works in Section 7.

2 | TECHNICAL APPROACH AND METHODOLOGY

This section sequentially describes the technical approach and methodology employed in airfoil geometry parametrization, design space explora-

tion employed for generating airfoil database, and deterministic CFD solver to generate the training data.

2.1 | Airfoil geometry parametrization

The current study relies on CFD-trained neural networks for the inverse design of wind turbine airfoils for a range of operating conditions. The

airfoil geometries are parameterized by the class function - shape function transformation (CST),16 where Chebyshev polynomials are used as

shape functions in this work instead of Bernstein polynomials proposed in the original CST methodology.13

There are multiple ways of parametrizing the airfoils; for instance, the American convention using camber and thickness,13 and parametrizing

upper and lower surfaces separately.1,12. The airfoil parametrization using camber and thickness is associated with an inverse problem and

requires an iterative optimization to determine the defining geometry parameters. The addition of this iterative step increases the computational

cost (Oð101 secondsÞ for each airfoil) making it difficult to be used as a push-button solution, compromising the major objective of this work.

Parametrizing the airfoils using upper and lower surfaces solves the problem associated with higher computational costs. Glaws et al1 show

such parametrization using Bernstein polynomial of eighth-order. In recent work, Shalu et al12 show the parametrization of airfoil with upper and
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lower surfaces using Chebyshev polynomials instead of Bernstein polynomials as the Chebyshev polynomials allow for a well-conditioned repre-

sentation problem due to their near orthogonality.

From these studies, it can be inferred that the airfoil parametrization using Chebyshev polynomials has advantages over Bernstein polyno-

mials. This is further demonstrated in Figure 1, which clearly indicates that the first few coefficients of Chebyshev polynomials carry the maximum

information unlike Bernshtein polynomials since Chebyshev polynomials are near-orthogonal.

However, the parametrization using upper and lower surfaces requires a nontrivial constraint on the thickness to ensure the resulting geome-

try is an airfoil. Instead, for ease of implementation, a modified airfoil parametrization technique comprising upper surface and thickness distribu-

tion is implemented. It is similar to the modified CST, but the lower surface is replaced by thickness, and the airfoil geometry constraint of

nonnegative thickness ensures no intersecting surfaces in the airfoil during the inverse design. This way of airfoil parametrization is also done

using eighth-order Chebyshev polynomials for both upper surface and thickness. This effectively gives nine polynomial coefficients each for upper

surface and thickness, totalling 20 parameters including the TE thickness to describe the airfoil geometry.

Mathematically, each of these surfaces is represented using the chord-wise coordinate (ψ ) and the normalized surface coordinate (ζ). Equa-

tions (1) and (4), respectively, explain the parametrization of the upper surface and the thickness distributions. Here, C is the airfoil class function

(describing the rounded leading edge and sharp TE characteristics) and S represents the respective shape functions. This S is represented as a

combination of Chebyshev polynomials, where the coefficients are the design parameters. Equation (5) shows the lower surface distribution

obtained from the parametrization.

ζUðψÞ¼CðψÞSUðψÞþψζTE,U class� shape function ð1Þ

CðψÞ¼ ffiffiffiffi
ψ

p �ð1�ψÞ class� function ð2Þ

SðψÞ¼
X

aiSi shape� function ð3Þ

ΔζðψÞ¼CðψÞSthnðψÞþψΔζTE ð4Þ

ζLðψÞ¼ ζUðψÞ�ΔζðψÞ ð5Þ

2.2 | Design space exploration

To generate a representative database of wind turbine airfoils, airfoil sections defining industrially relevant wind turbine blades as well as refer-

ence wind turbine airfoil sections of varying thickness are selected. Ultimately, we downsampled this to a representative baseline set of eleven

airfoils, listed in Table 1. These airfoils have thickness distributions ranging from 18%–36%, encompassing a wide spread of potential geometries.

F IGURE 1 Comparison of magnitude of class function - shape function transformation (CST) coefficients for upper surface parametrization
using Bernstein and Chebyshev polynomials.
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These baseline airfoils are shown in Figure 2 which are represented by black lines. To train the neural networks and fill the geometric design

space, the design parameters representing the upper surface coefficients and thickness coefficients are perturbed, up to �20% and �10%, respec-

tively. A total of 40 permutations per baseline airfoil were generated using Latin-Hypercube sampling,17 resulting in 440 (11 � 40) total perturba-

tion airfoils in the geometric design space. The left of Figure 2 shows all perturbations of baseline airfoil geometries using Chebyshev coefficients

along with the baseline airfoils, which completes the geometry input for training data. It is emphasized that the airfoil is parametrized using

Chebyshev coefficients which are near-orthogonal. This way of parametrizing the airfoils also ensures that a lesser number of perturbations per

baseline airfoil are required to fill the geometric design space. Glaws et al1 and Marepally et al5 use the training data that were generated by per-

turbing the Bernstein coefficients to 80 perturbations per baseline airfoils as shown in the right of Figure 2. From Figure 2, it can be inferred that

the 40 perturbations of the baseline airfoils using Chebyshev polynomials cover similar geometric space as the 80 perturbations of Bernstein poly-

nomials for the same baseline airfoils. Having a lesser number of perturbations also reduced the computational cost of data generation by half

(33,000 h for this study).

Therefore, an efficient and accurate perturbation strategy is employed to generate the training data. The details of the accuracy of training

data are explained in Section 3.

2.3 | Deterministic CFD solver and validation

To obtain the performance profiles of the database of airfoils, an in-house solver HAM2D is used to perform CFD simulations. This solver is built

on a Hamiltonian path-based solution methodology18 and uses a fifth-order WENO scheme19 for spatial reconstruction, with Roe's approximate

Riemann solver for inviscid flux, second-order central differencing for viscous flux, and a preconditioned GMRES20 for implicit time integration.

The mesh is generated using an automated grid generation tool for airfoils.21 The mesh for all the cases are unstructured with All-Quad elements.

The initial wall normal spacing of y+=1 is used and the far-field boundary at 300c. Figure 3 shows the sample grid generated on DU97-W-

300LM airfoil.

HAM2D is extensively tested and validated with various airfoil data available in the literature.22 For the previous studies, the turbulent

boundary layer was modeled using the Spalart–Allmaras (SA) model,23 which is a one equation model that solves for modified eddy viscosity νt.

For this paper, we use strain adaptive linear Spalart–Allmaras (SA-noft2-salsa)24 turbulent model with low Reynolds number correction. The com-

bination of two variants of SA showed significant improvement in poststall regions. The details of these turbulence models and the comparison

with the experimental data are presented in Appendix A.

TABLE 1 List of baseline wind turbine airfoils.

Wind turbine airfoils

DU99-W-350LM DU97-W-300LM

DU91-W2-250LM DU93-W-210LM

NACA64-618 FFA-W3-211

FFA-W3-241 FFA-W3-270blend

FFA-W3-301 FFA-W3-330blend

FFA-W3-360

F IGURE 2 Baseline and perturbed airfoils, left: perturbation of Chebyshev polynomials, right: perturbation of Bernstein polynomials.

4 ANAND ET AL.
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3 | MACHINE LEARNING FRAMEWORKS

This section presents the details of deep learning frameworks used for both the forward computations (airfoil geometry is input, and performance

polar is output) and inverse design (performance polar is input, and airfoil geometry is output).

3.1 | ANNs

One of the objectives of developing the deep learning module is to predict the aerodynamic quantities of interest for design applications, without

having to perform a full-order CFD computation. The aerodynamic performance characteristics, specifically, lift coefficient, lift-to-drag ratio, and

pitching moment coefficients are fundamental design quantities. ANNs architectures, due to their highly accurate nonlinear function approxima-

tion capabilities,25 are used for the surrogate model development in this study.

There are two ways of training the ANNs. One is to use CST coefficients and angle of attack (α) as inputs with Cl, Cd, and Cm as outputs. Most

papers1,5 on surrogate modeling use this strategy for training the ANNs. The second way of training the ANNs is by vectorizing the polar such that

the entire polar of Cl, Cd, and Cm is vectorized as output and α is not a part of training.13 It is emphasized that the proper orthogonal decomposi-

tion (POD) of Cl, Cd, and Cm is used in training, and the cost function is also defined for the POD values. Since the POD makes the individual polar

orthogonal, the first few modes are the most dominant and majorly contribute to the loss function. A comparison of estimates of accuracy for

ANNs using the nonvectorized and vectorized polar is presented in Figures 4 and 5, respectively. This way of training not only ensures higher

F IGURE 3 Sample DU97-W-300LM airfoil mesh. Left: mesh around DU97-W-300LM airfoil. Right: mesh at finite thickness trailing edge.

F IGURE 4 Accuracy of forward artificial neural networks (ANNs) trained with nonvectorized polar; comparison of true Cd (computational
fluid dynamics [CFD]) with FWD. ANNs predicted Cd

ANAND ET AL. 5

 10991824, 0, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/w

e.2918 by U
niversity O

f M
aryland, W

iley O
nline L

ibrary on [27/06/2024]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



accuracy but also a necessity for the inverse design, the details of which are explained in Section 3.2. Therefore, for all further studies, the vec-

torized polars are used in the ANNs without having to use the angles of attack as inputs. Figure 6 shows the forward surrogate model architecture

used in this study. The inputs of the surrogate model represent the CST coefficients that define the airfoil geometry denoted by C, and the out-

puts are the performance parameters denoted by P (Cl , log(Cd), and Cm), and this is referred to as the forward problem in this paper. For training

the neural networks, log(Cd) is used instead of Cd to ensure that the drag predicted by the neural networks is always positive. This approach is

consistent with all the studies presented in this paper.

Since the ANNs are trained to predict vectors of performance polar rather than single points, feature engineering becomes crucial. Both input

and output features are scaled using mean and standard deviation. The airfoil characterization using Chebyshev polynomials ensures that the

input coefficients are near-orthogonal, and therefore, proper orthogonal decomposition (POD) of input features is not necessary. However, the

F IGURE 5 Accuracy of forward artificial neural networks (ANNs) trained with vectorized polar; Comparison of true Cd (computational fluid
dynamics [CFD]) with fwd. ANNs predicted Cd

F IGURE 6 Architecture of artificial neural networks (ANNs) for forward problem.

6 ANAND ET AL.
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POD of the output features (performance polar) becomes essential. For a given training data, the output is a 75-dimensional vector (25 values

each of Cl, log(Cd) and Cm), which makes it even more necessary to make them orthogonal. This is done by systematic POD on individual polar

such that the first five modes carry more than 99% of the information. This is quantitatively estimated using percentage explained variance for

each polar. As shown in Figures 7–9, first five POD values of each polar hold more than 99% of the information, and therefore, these first five

mode contributes majorly to the loss function. The ANN, once trained, gives POD of the polar as outputs which is then retransformed to the orig-

inal dimension to extract original polar. It is emphasized that the POD is done after scaling the polar of Cl, log(Cd), and Cm. The cost function for

the ANNs is defined by Equation (6). The forward ANNs are very accurate as presented in Figure 5. The quantitative estimate of error is presented

in Section 3.2.

J¼ 1
# Train

X
Train

ðPTrue�PPredictedÞ2 ð6Þ

For inverse design, inverting the forward ANNs as shown in Figure 10, to predict an airfoil geometry for a given performance polar, is not

accurate as presented in Figure 11. This is mainly attributed to the inverse scattering problem. While the forward problem is well-defined, the

inverse problem is subjected to an inverse scattering problem, that is, the same performance polar can be given by multiple airfoil geometries and

therefore the one-to-one mapping of the inverse problem is not physical. This nonunique mapping makes it difficult for the inverted artificial neu-

ral networks (I-ANNs) to converge on a solution and hence cannot be directly used for airfoil design. The cost function for I-ANNs is defined by

Equation (7).

F IGURE 7 % Explained variance ratio after proper orthogonal decomposition (POD) for Cl for training dataset.

F IGURE 8 % Explained variance ratio after proper orthogonal decomposition (POD) for log(Cd) for training dataset.

ANAND ET AL. 7
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J¼ 1
# Train

X
Train

ðCTrue�CPredictedÞ2 ð7Þ

3.2 | T-NNs

The problem of inverse scattering is tackled using a special type of deep learning module, T-NNs. T-NNs architecture has two ANNs working in

series as presented in Figure 12. The bottom part of the T-NNs is the pretrained forward ANNs (highlighted by blue in Figure 12). These forward

ANNs take airfoil CST coefficients and predict performance polar as explained in Section 3.1. It is emphasized that the forward ANN is pretrained,

that is, the weights of the forward ANNs are frozen. The top portion of the T-NNs has an inverse ANNs (I-ANNs) which takes performance polar

as inputs and gives airfoil CST coefficient as outputs. The entire architecture of the T-NNs is trained taking performance polar as input to the first

F IGURE 9 % Explained variance ratio after proper orthogonal decomposition (POD) for Cm for training dataset.

F IGURE 10 Architecture of inverted artificial neural networks (I-ANNs) for inverse problem.
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network (highlighted in green) which gives CST coefficients as outputs in the intermediate layer. This CST coefficient is fed as input to the second

network (highlighted by blue), which gives performance polar as output. During training, the weights of the first network (highlighted in green) are

updated but the weights of the second network (highlighted in blue) are frozen. The cost function of the T-NNs is defined by Equation (8). From

Equation (8), it can be seen that the cost function is defined based on the performance polar and not the airfoil CST coefficients. This is particu-

larly important to minimize the inverse-scattering problem because this way of defining the cost function does not require the T-NNs to predict

the same airfoil geometry, rather it generates an airfoil geometry which gives the same performance polar. It is also noteworthy that the cost func-

tion for T-NNs (Equation (8)) is defined using the scaled polar. This is particularly important because the range of values for each performance

polar is different in the orders of magnitude of 10 to 1000. The L2 norm errors of predicted and original aerodynamic coefficients for the I-ANNs

and T-NNs are presented in Table 2. The L2 norm is computed for the airfoils which are not a part of training for both I-ANNs and T-NNs. The L2

norm for I-ANNs is significantly higher than that of T-NNs. This also quantitatively validates the use of T-NNs for inverse design. The accuracy of

T-NNs as presented in Table 2 and Figure 13 is better than that of I-ANNs (Figure 11). The comparison of the performance of T-NNs and I-ANNs

is done using the vector plots of drag coefficients as shown in Figures 11 and 13. The vector plots of the lift coefficient and pitching moment

coefficient follow similar trends as those of the drag coefficient.

J¼ 1
Train

X
Train

ðPTrue�PPredictedÞ2 ð8Þ

4 | NEURAL NETWORK TRAINING AND COMPUTATIONAL COST

The neural networks are trained using the TensorFlow library. The hyperparameters for both forward ANNs and T-NNs are tuned using Random

Search. The search space is bounded by a pre-defined domain of hyperparameter values (number of neurons, number of layers, etc.), and points

are randomly searched in the domain. The number of neurons in each hidden layer of forward ANNs and T-NNs are mentioned below:

1. Forward ANNs: 20(Inputs)-25-25-50-75-75(Outputs)

2. T-NNs: 75(Inputs)25-20-20-30-20 + Forward ANNs

For both ANNs and T-NNs, the hyperbolic tangent activation function is used in all layers except the last layer where the linear activation

function is used. The Huber Loss function is used for training. The entire database is split into training and test data in the ratio of 70:30. From

the training data, 20% of the data is further split as validation data to monitor the loss to ensure that there is no overfitting, the details of which is

also presented in Figure 14. Deep networks are prone to overfitting, and therefore, standard L2 regularization is used during training to penalize

large weights by adding a penalty term in the loss function of the neural networks to prevent overfitting. Equation (9) represents the regularized

loss after adding the regularization term.

F IGURE 11 Accuracy of inverted artificial neural networks (I-ANNs) trained with vectorized polar; comparison of true Cd (computational fluid
dynamics [CFD]) with forward ANNs predicted Cd
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Regularized Loss ¼ Original Loss þ λ �
X
n

w2 ð9Þ

In Equation (9), λ is the strength of the regularization parameter. This ensures that during the optimization process, smaller weights are

favored leading to a more simple model. For our ANNs, a range of λ varying from 0.1 to 0.0001 is tested, and the best among them is chosen for

all the cases. Adam optimizer is used to optimize the weights as it's an adaptive learning rate optimization algorithm and is efficient for deep learn-

ing modules.

F IGURE 12 Architecture of tandem neural networks (T-NNs) for forward and inverse problem.

TABLE 2 Comparison of quantitative error estimates of the I-ANNs and T-NNs for test data.

Aerodynamic coefficients L2 norm of I-ANNs L2 norm of TNNs

Cl 5:51�10�2 2:50�10�2

L=D 2.78 1.11

Cm 8:44�10�3 3:49�10�3

Abbreviations: I-ANN, inverted artificial neural networks; T-NN, tandem neural networks.
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Figure 14 shows the comparison of log(Loss) with epochs. It can be seen that the validation loss is very close to the training loss and there is

no increasing trend of the validation loss with epochs, which validates that there is no overfitting. The ANNs and T-NNs are trained for 10,000

epochs.

The comparison of computational cost using CFD and neural networks is presented in Table 3. The difference in computational cost of CFD

with neural networks is very significant, and it demonstrates that neural networks can be used as push-button solutions for forward polar predic-

tion and inverse design.

F IGURE 13 Accuracy of tandem neural networks (artificial neural networks [ANNs]); comparison of true Cd (computational fluid dynamics
[CFD]) with fwd. Tandem neural networks (T-NNs) predicted Cd

F IGURE 14 Comparison of log(Loss) versus epochs for both training and validation data for tandem neural networks (T-NNs)

ANAND ET AL. 11
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5 | IMPROVEMENT OF T-NNS ARCHITECTURE

5.1 | Improved loss function

To validate our hypothesis that T-NNs solves inverse scattering problem by defining the loss function interms of polars rather than airfoil CST

coefficients, a comprehensive study of the loss function is performed. The improved loss function has both CST coefficients as well as perfor-

mance polar with a fractional weight added to both. This fractional weight is represented by a and b as presented in Equation (10). The values of a

and b are varied in such a way that their sum is always equal to 1. The improved loss function is simply a transition from I-ANNs (b = 0) to T-NNs

(a = 0). Table 4 shows the comparison of L2 norm for different combinations of a and b for test data, and it can be seen that the conventional loss

function of T-NNs (a = 0) is the most accurate for the test data which is not a part of training. And therefore, it validates our hypothesis of T-NNs

solving the inverse scattering problem. The same loss function is used in all further studies.

J¼ a
Train

X
Train

ðCTrue�CPredictedÞ2þ b
# Train

X
Train

ðPTrue�PPredictedÞ2 ð10Þ

5.2 | Multiple design constraints

The architecture of T-NNs provides flexibility in terms of multiple design constraints. Without design constraints, a designer has no control over

the predicted airfoil geometries and the airfoils can be either much thicker or thinner than the baseline, which is not a very practical way of solving

the inverse-design problem. The additional design constraints allow the designer to pre-specify the geometric constraints like maximum thickness,

TE thickness, and so on.

A noble contribution of this work is the implementation of realistic geometric design constraints for the inverse design problem. As a test

case, we use maximum thickness and TE thickness as design constraints. Implementing TE thickness constraint is straightforward as this is one of

the CST coefficients. However, the implementation of the maximum thickness constraint is relatively complicated as this is not directly included

in the CST parametrization. To implement maximum thickness as a geometric constraint, a function approximation is introduced in the intermedi-

ate layer as shown in Figure 15. This function approximation can either be an inverse CST transformation (which computed maximum thickness

from CST coefficients) or a separate neural network. For ease of implementation, we use ANNs as a function approximation which relates CST

coefficients to maximum thickness and TE thickness. The neural network for function approximation is trained offline (i.e., pretrained with frozen

TABLE 3 Comparison of computational cost for generating performance parameters using CFD and neural networks.

Computational task Computational cost (approx. hours)

CFD training data generation per Re 33,325

Train forward ANNs 0.20

Train TNNs 0.30

CFD simulation for single airfoil at 1 Re 3.00

Evaluate single airfoil using ANNs 8:33�10�8 ( 0.3 ms)

Abbreviations: ANN, artificial neural network; CFD, computational fluid dynamics; T-NN, tandem neural networks.

TABLE 4 Comparison of L2 norm for improved loss function for T-NNs for test data.

a b L2 norm of Cl L2 norm of L=D L2 norm of Cm

0 1 2:50�10�2 1.11 3:49�10�3

0.2 0.8 3:02�10�2 1.56 3:53�10�3

0.3 0.7 3:23�10�2 1.71 5:13�10�3

0.5 0.5 3:52�10�2 1.84 4:11�10�3

0.7 0.3 4:12�10�2 2.25 5:10�10�3

0.8 0.2 4:32�10�2 2.37 5:15�10�3

1 0 7:48�10�2 3.41 11:3�10�3

Abbreviation: T-NN, tandem neural networks.

12 ANAND ET AL.
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weights) which makes the constraint implementation more rigorous and practical. Despite a rigorous constraint on thickness, the neural networks

have some associated errors, and therefore, the inverse-designed airfoil can have a slightly different maximum thickness than the target. The

details of the implementation of these constraints and the difference in target thickness with the baseline are explained in Section 6.1.2. Adding

TE thickness as an additional constraint has the risk of neural networks predicting an airfoil geometry with negative TE thickness given that TE

thickness values are very small and for some airfoils these are zero. A negative TE thickness gives airfoil with intersecting surfaces which is

impractical. To ensure that the TE thickness is always positive, a nonnegative weight constraint is added to the layer that predicts TE thickness in

addition to having a linear activation function. The nonnegative weight constraint ensures that the TE thickness is always greater than or equal to

zero. Adding such design constraints in the optimization loop ensures that the airfoil geometry is more practical. All further studies in this paper

have been done using both maximum thickness and TE thickness as additional constraints in the T-NNs.

6 | RESULTS AND DISCUSSIONS

6.1 | Design problems

6.1.1 | Increasing L/D of DU93-W-210LM airfoil from 5-15% with similar lift and stall characteristics

The objective of this design problem is to increase the lift-to-drag ratio of DU93-W-210LM airfoil from 5%–15% for all angles of attack while

retaining the Cl and Cm characteristics as that of baseline airfoil, i.e., decreasing the drag coefficient of the airfoil. Therefore, the design objective

F IGURE 15 Tandem neural networks (T-NNs) architecture for inverse design with maximum thickness and trailing edge (TE) thickness design
constraints in input, intermediate and output layers.

ANAND ET AL. 13
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is to optimize the airfoil such that the lift-to-drag ratio increases without changing the lift and moment polar. The L/D of the baseline DU93-W-

210LM airfoil is modified such that the target L/D is changes as shown in Table 5.

For these five cases, the T-NNs predict five different airfoil geometries all of which are shown in top left of Figure 16. It is to be noted that,

for this design problem, no thickness constraint is enforced, that is, the maximum thickness of predicted airfoils is allowed to change. From

Figure 16, it can be seen that the five predicted airfoil geometries not only have slightly lesser thickness (varying from 20.5% to 19.4%) than the

baseline, but their camber also changes considerably. It is interesting to note that the lower surface of all these airfoils is different from the base-

line, and the position of maximum thickness moves towards the leading edge for all five cases. The TE thickness for all these airfoil geometries is

positive. While the maximum thickness for these airfoils is slightly lesser (between 19.4% and 20.5% for all five cases) than the baseline, there are

no overlapping surfaces.

The corresponding lift polar is presented in top right of Figure 16, and it can be observed that the lift coefficient for all the design cases are

very close to the baseline. Similarly, the lift-to-drag ratio is presented in the bottom right of Figure 16, and it can be seen that the lift-to-drag ratio

increases for all optimized airfoils. Table 5 shows the comparison of target polar and the corresponding true polar for all five design cases. For all

five cases, the actual improvement in maximum L/D is either close to the target or higher than the target. There is no significant difference in α at

which L/D is maximum for all optimized airfoil geometries, and this is consistent with the inputs to the T-NNs where the stall margin is not modi-

fied. bottom left of Figure 16 shows the corresponding drag polar in the log scale.

6.1.2 | Increasing L/D of DU93-W-210LM airfoil by 10% with maximum thickness and TE thickness constraints

The objective of this design problem is to increase the lift-to-drag ratio of DU93-W-210LM airfoil by 10% for all angles of attack while retaining

the Cl and Cm characteristics as that of baseline airfoil, that is, decreasing the drag coefficient of the airfoil. The difference between this design

problem with the one explained in Section 6.1.1 is the imposition of the maximum thickness and TE thickness constraints as explained in

Section 5.2. The major objective of this study is to understand the impact of imposing constraints on the inverse design framework.

Two different neural networks are trained, one with constraints and one without constraints. To impose the constraints for the inverse design

problem, the target is defined in such a way that the optimized airfoil has the same maximum thickness and TE thickness as that of the baseline

airfoil. Figure 17 presents the comparison of baseline airfoils with optimized airfoils, one with constraints and one without constraints as

highlighted in red and yellow colors, respectively. The top left of Figure 17 shows the comparison of the airfoil geometries. The airfoil geometry

with the constraints has the same thickness as that of the baseline (Δ t/c = 0.01) but the airfoil geometry without the constraint is much thinner

than the baseline (Δ t/c = 1.46). It is also interesting to note that the inverse-designed airfoil with thickness constraint has a different camber as

well as a different position of maximum thickness as can be seen in Figure 17. This is because these parameters are not included in the con-

straints. Similarly, the Cl polar for both cases are comparable with the baseline as shown in the top right of Figure 17. The bottom of the

Figure 17 shows the comparison of log(Cd) polar and L/D polar. The improvement in L/D of the inverse-designed airfoil with and without the con-

straints are comparable as shown in the bottom right of Figure 17. This demonstrates the importance of using design constraints in the inverse-

design architecture. The resultant inverse-designed airfoil has maximum thickness and TE thickness comparable to the baseline and has higher

L/D, and therefore better performance without compromising on the geometric constraints. This way of inverse-design in noble and an important

contribution of this paper.

6.1.3 | Observations from design problems

The following can be inferred from the design problems:

1. T-NNs architecture can be used for both forward predictions of polar and inverse design of airfoil.

TABLE 5 Comparison of target improvement and actual improvement for design problem 1.

Case Target % improvement of max. L/D Actual % improvement of max. L/D

Design 1 5 6.35

Design 2 8 9.82

Design 3 10 11.97

Design 4 12 13.97

Design 5 15 16.66

14 ANAND ET AL.
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2. T-NNs architecture is like a push-button solution which takes milliseconds to design one single airfoil and generate the entire polar.

3. T-NNs architecture is flexible to be used with and without the constraints

4. Addition of design constraints ensures that the predicted airfoil geometry is closer to the target, but the corresponding polar is relatively off-

target.

6.2 | Statistical analysis: Generating a family of airfoils

The current T-NNs architecture is deterministic and therefore for a given design objective, only one airfoil can be generated. For instance, in

Section 6.1.1, there are five design objectives, and therefore, we got five airfoils. To generate a family of airfoils for a single design objective, that

is, multiple airfoils all of which give similar performance, a statistical analysis is performed where a range of maximum thickness and TE thickness

is chosen randomly from a Gaussian distribution, and for each of these combinations of variables, an airfoil is generated. The distribution of max.

thickness and TE thickness is presented in Figure 18. The upper and lower limits for these variables (max. thickness and TE thickness) are

prespecified by the designer. For the problem under consideration, the max. thickness and TE thickness are varied between 60% and 110% of the

baseline DU93-W-210LM airfoil. This way of inverse design allows the designer to generate multiple airfoil geometries within prespecified criteria

and then choose airfoils of interest from those multiple airfoils. This approach of inverse design is a novel contribution to this work and is also a

more practical way of designing airfoils.

F IGURE 16 Comparison of airfoil geometries and the corresponding polar for design problem 1. Clockwise from top left; airfoil geometries,
Cl polar, L/D polar, log(Cd) polar. Design 1 = 5% improvement in L/D, design 2 = 8% improvement in L/D, design 3 = 10% improvement in L/D,
design 4 = 12% improvement in L/D, design 5 = 15% improvement in L/D.
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The geometric constraints on the maximum thickness and TE thickness are imposed, the details of which is explained in Section 6.1.2.

Figure 19 shows the workflow of statistical analysis combined with T-NNs to generate a family of airfoils. The combination of max. thickness and

TE thickness along with the target polar and target Mach number (which is constant for this problem) are given as inputs to the pretrained T-NNs,

and multiple airfoil geometries are extracted as outputs from the T-NNs. The design objective for statistical analysis is the same as that of

Section 6.1.2. The results are demonstrated in Figure 20. The top left of Figure 20 shows 50 airfoil geometries predicted by the T-NNs for

F IGURE 17 Comparison of airfoil geometries and the corresponding polar for design problem 2 (with and without thickness constraints).
Clockwise from top left; airfoil geometries, Cl polar, L/D polar, log(Cd) polar.

F IGURE 18 Comparison of the distribution of geometric constraints for statistical analysis. Left: distribution of max. thickness. Right:
distribution of trailing edge (TE) thickness.

16 ANAND ET AL.
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50 combinations of max. thickness and TE thickness as shown in Figure 18. The corresponding lift and lift-to-drag polar is also presented in

Figure 20. It is interesting to note that most of the Cl polar for all predicted airfoils are close to that of the baseline airfoil, whereas some airfoils

reach the target L/D polar while others do not. This is the major objective of this analysis, that is, to predict multiple airfoils for the same design

F IGURE 19 Flowchart explaining the working of statistical analysis with T-NNs; generating a family of airfoils with variable max. thickness
and trailing edge (TE) thickness.

F IGURE 20 Statistical analysis to generate a family of airfoils with distribution of max. thickness and trailing edge (TE) thickness. Clockwise
from top-left: Airfoil geometries, comparison of Cl polar, comparison of L/D polar, comparison of log(Cd) polar.

ANAND ET AL. 17
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objective and then choose the predicted airfoils based on the requirement. Figure 21 shows the distribution of maximum Cl and maximum L/D

for 50 airfoils predicted by the T-NNs. From Figure 21, it can be seen that the maximum Cl for the predicted airfoils varies between 1.53 and

1.56, and the maximum L/D varies between 72.3 and 77.5. The change in maximum Cl for the baseline and optimized airfoil geometries lies

between �1.29% and +0.64%. Similarly, the change in maximum L/D for the baseline and optimized airfoil geometries is +1.10% to +8.40%. It is

imperative that the maximum Cl of all optimized airfoils are closer to the maximum Cl of the baseline airfoil as the target was to retain the Cl

values. But the maximum improvement in L/D is close to 8.40%. For all airfoil geometries, the maximum L/D is higher than the baseline. From

these observations, it can be concluded that our hypothesis for Statistical Analysis and inverse design remains valid such that multiple airfoil

geometries are generated all of which have similar performance polar. For this work, 50 airfoils are used as a demonstration, but since this archi-

tecture is developed as a push-button solution, the generation of hundreds of thousands of airfoils using T-NNs can be done in a few seconds.

The key outcomes of statistical analysis are as follows:

1. A family of airfoil geometries can be designed for the same design objective using statistical analysis

2. Multiple combinations of design variables can be used as inputs. For instance, in addition to max. thickness and TE thickness, stall margin and

position of max. thickness can also be specified to have more control of the predicted airfoil geometries.

7 | CONCLUSION AND FUTURE WORKS

7.1 | Conclusions

The current study introduces a paradigm-shift in the exploration of wind turbine airfoil design, with the integration of T-NNs. This novel

application leverages the inherent capabilities of neural networks and also mitigates the inverse scattering problem, serving as a versatile tool

for both forward aerodynamic polar predictions and inverse airfoil design. The utilization of T-NNs in our design framework along with the

methodology for enforcing geometric constraints allows for adaptability to the intricacies of aerodynamics, providing versatility in airfoil shape

optimization.

A notable contribution of this work is the successful integration of design constraints within the T-NNs optimization framework. This allows

designers to enforce certain geometric requirements, such as maximum thickness and TE thickness, steering the inverse design process towards

practical outcomes that meet real-world engineering requirements. This not only enhances the precision of airfoil designs but also facilitates a

smoother transition from theoretical models to tangible applications.

Diverging from conventional ML approach to predict the performance at a single angle of attack, the current methodology distinguishes itself

by considering the entire range of polar data. This nuanced approach captures the aerodynamic behavior across the operating envelope, and the

inverse design using the entire polar stands closer to the conventional airfoil design philosophy. Further, the adoption of entire polars circumvents

the constraints associated with shape optimization performed at isolated angles of attack.

Another significant advancement in the T-NN methodology is the introduction of statistical analysis into airfoil design, allowing for the rapid

generation of a family of airfoils for a specific design objective. Leveraging the deterministic nature of T-NNs, this approach introduces variability

F IGURE 21 Comparison of the distribution of performance parameters of predicted airfoils. Left: distribution of max. Cl. Right: distribution of
max. L/D.

18 ANAND ET AL.

 10991824, 0, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/w

e.2918 by U
niversity O

f M
aryland, W

iley O
nline L

ibrary on [27/06/2024]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



in design parameters, resulting in the swift generation of multiple airfoil geometries with similar performance characteristics. The statistical per-

spective adds a layer of flexibility to the design process, enabling exploration of diverse design possibilities and providing valuable insights for

designers.

Applications of T-NNs specifically to aerodynamic design problems are presented, demonstrating a more practical and controlled inverse

design process with the inclusion of design constraints, the adaptability of the framework to a spectrum of geometric constraints, and the effi-

ciency in generating diverse airfoil shapes with similar performance characteristics. Each design problem serves as a case study, illustrating the

versatility and applicability of our methodology in addressing real-world engineering challenges.

In conclusion, the current study represents a significant stride in wind turbine airfoil design methodologies. The amalgamation of T-NNs,

design constraints, comprehensive polar utilization, and statistical analysis not only contributes to advancements in each specific area but also col-

lectively propels the field towards more efficient and practical airfoil design solution methodologies.

7.2 | Future work

The possible improvements to enhance the current study are listed below:

1. Expansion of training database and design of experiments:

The current database can be expanded to include a more comprehensive range of Mach and Reynolds numbers. Further, the effects of differ-

ent aerodynamic and geometric operating parameters such as freestream turbulence intensity and surface roughness can be included. With

the increasing number of design and operating parameters, suitable design of experiment strategies must be employed to control the computa-

tional requirements associated with training data generation.

2. Towards 3D - blade optimization:

The study can be expanded to optimizing the blade design with design variables including local airfoil geometries as well as the variation of

chord, twist, and sweep along the span of the blade. Suitable low-fidelity high-fidelity blending strategies become important in this scenario,

owing to the computational cost associated with a single 3D CFD simulation as well as the total number of simulations required to build a

training database.

3. Uncertainty quantification:

With the T-NNs being relatively new methodology, methods for estimating the uncertainties associated with T-NN predictions must be devel-

oped. This, in the context of airfoil design problem, may translate to the sensitivity of geometric variables corresponding to a required change

in performance. This becomes valuable in terms of developing more robust and novel control mechanisms to achieve a desired fluctuation in

the aerodynamic performance.
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APPENDIX A: ADDITIONAL DETAILS

A.0.1 | Limitation of SA model

The SA model performs appropriately for attached boundary layer flows; however, it suffers in the regions of strong adverse pressure gradient.

The reason for this discrepancy is that the model was formulated based on empiricism and dimensional analysis. The model is calibrated in zero

adverse pressure gradient in accordance with the logarithmic law of the wall. The formulation of SA model allows for modification of defect layer

through calibration of its coefficients for a specific flow. Two terms of relative more importance are cw1 and cw2 which affect the rate of dissipa-

tion of turbulent kinetic energy while eddies transport in the flow. Researchers have proposed a few modifications to these terms for accurate

modeling of turbulent flows.
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A.0.2 | Low Reynolds number correction (SA-noft2-LRe)

The low Reynolds number correction to the baseline SA models leads to more accurate prediction of skin friction.26 In the baseline SA model, cw2

is a constant value, that is, 0.3 that was calibrated corresponding to momentum thickness Reynolds number of 104. This constant affects the

strength of near-wall destruction which in turn controls the skin friction. In the SA model with Reynolds number correction, cw2 is no longer con-

stant rather it is calculated using χ parameter—a ratio of proxy of eddy viscosity to laminar viscosity. This parameter is representative of turbu-

lence Reynolds number. The cw2 term is calculated by the following expression.

cw2,LRe ¼ cw4þ cw5
χ
40þ12

ðA1Þ

where cw4 = 0.21, cw5 = 1.5 and χ is the ratio of a working variable of turbulent viscosity to laminar viscosity.

The value of cw2 varies between 0.21 and 1.4. As the thickness of the boundary layer increases along the chord length, the turbulence viscos-

ity increases which in turn increases χ, decreases cw2, increases wall damping function fw , increases turbulence destruction, thus increases the skin

friction at low Reynolds number.

A.0.3 | SA-noft2-salsa

The strain adaptive formulation of SA model24 was developed primarily to extend the predictive capability of the model for nonequilibrium condi-

tions like flows with unsteadiness, strong pressure gradients, and/or shock waves. This form invokes various modifications. The term Cb1 is no lon-

ger a constant and is sensitized to variable strain rates. This coefficient is crucial to the model's predictive performance and is defined by

Equations (A2) to (A4).

cw1 ¼ c0b1
k2

þ1þ cb2
σ

ðA2Þ

c0b1 ¼0:1355
ffiffiffi
Γ

p
ðA3Þ

Γ¼min½1:25,maxðγ,0:75Þ� ðA4Þ

γ¼max½α1,α2� ðA5Þ

α1 ¼ 1:01
~ν

~Sk2d2

� �� �0:65
ðA6Þ

α2 ¼max 0,1� tanh
χ

68

� �h i0:65
ðA7Þ

where γ, α1 and α2 are empirical constants.

Two-dimensional steady flow is studied for NACA0012 and DU-91-W2-300 airfoil. NACA0012 airfoil is primarily used to choose turbulence

models as the NASA-certified experimental data is readily available. The DU-91-W2-300 airfoil has been chosen as it not only represents our

wind turbine airfoil but also gives a rigorous comparison of turbulence models because of its higher thickness to chord ratio, that is, 30%. The

results of the test cases are explained in the following paragraphs.

A. NACA0012 Airfoil: The lift and drag predictions from the NACA0012 airfoil at Reynolds number of 6 million and Mach number of 0.15 are

shown in Figure A1. All the models show close agreement of lift and drag coefficients with experimental data in the pre-stall region. However,

deviations can be observed at α 15 � or higher. The LRe as well as salsa improves the lift coefficient predictions in comparison with the base-

line SA-noft2 model in the stall range. However, LRe is observed to increase skin friction more specifically in the stall range. The combination

of LRe and Salsa performs even superior to using separately thus proving it a suitable combination for generating CFD data.

B. DU-91-W2-300 Airfoil: The simulations for DU-91-W2-300 airfoil are performed at Reynolds number of 3 million and Mach number of 0.22.

The lift and drag predictions are shown in Figure A2. All the candidate models predicted the same lift coefficient as the experimental data in

the linear range. The deviations between CFD and experimental lift coefficient in the stall range of DU-91-W2-300 airfoil is more than

ANAND ET AL. 21
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NACA0012 airfoil. This large difference is attributed to stronger adverse pressure gradient experienced by the boundary layer as well as

three-dimensional effects which are more pronounced on thicker airfoils. Such effects have not been accounted for in these turbulence

models. The models show a slight difference in CFD and experimental drag coefficient which grows with an increase in angle of attack. Besides

this discrepancy, the combination of LRe and salsa model still provides relatively more accurate predictions further corroborating their feasibil-

ity for generating high-fidelity data.

Based on these studies, the salsa model with LRe correction is used to generate data for this study. All stages of CFD simulations, including

mesh generation (Ref.27), CFD flow solver setup, CFD runs, and postprocessing, are automated using Python scripts to improve efficiency and

reduce the potential for human error. CFD simulations for the training data generation are conducted for a range of angles of attack spanning

from �4� to 20�, Reynolds numbers of 3 million and Mach number of 0.1. These flow conditions cover typical operating conditions of wind

turbines.

F IGURE A2 Comparison of accuracy of variants of Spalart–Allmaras (SA) turbulent model for DU-91-W2-300 airfoil; Re = 3 million, Mach =

0.22

F IGURE A1 Comparison of accuracy of variants of Spalart–Allmaras (SA) turbulent model for NACA0012 airfoil; Re = 6 million, Mach = 0.15

22 ANAND ET AL.

 10991824, 0, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/w

e.2918 by U
niversity O

f M
aryland, W

iley O
nline L

ibrary on [27/06/2024]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense


	A novel approach to inverse design of wind turbine airfoils using tandem neural networks
	1  INTRODUCTION
	2  TECHNICAL APPROACH AND METHODOLOGY
	2.1  Airfoil geometry parametrization
	2.2  Design space exploration
	2.3  Deterministic CFD solver and validation

	3  MACHINE LEARNING FRAMEWORKS
	3.1  ANNs
	3.2  T-NNs

	4  NEURAL NETWORK TRAINING AND COMPUTATIONAL COST
	5  IMPROVEMENT OF T-NNS ARCHITECTURE
	5.1  Improved loss function
	5.2  Multiple design constraints

	6  RESULTS AND DISCUSSIONS
	6.1  Design problems
	6.1.1  Increasing L/D of DU93-W-210LM airfoil from 5-15% with similar lift and stall characteristics
	6.1.2  Increasing L/D of DU93-W-210LM airfoil by 10% with maximum thickness and TE thickness constraints
	6.1.3  Observations from design problems

	6.2  Statistical analysis: Generating a family of airfoils

	7  CONCLUSION AND FUTURE WORKS
	7.1  Conclusions
	7.2  Future work

	ACKNOWLEDGMENTS
	PEER REVIEW
	DATA AVAILABILITY STATEMENT

	REFERENCES
	APPENDIX A ADDITIONAL DETAILS
	  Limitation of SA model
	  Low Reynolds number correction (SA-noft2-LRe)
	  SA-noft2-salsa



