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Abstract

Designing an airfoil shape with specific performance characteristics is a fundamental problem in the field of

rotorcraft blade design. Traditional aerodynamic design methodologies often involve iterative optimization of

the shape using low-fidelity modeling techniques during the early design phase, owing to the demanding com-

putational costs of high-fidelity adjoint-CFD based optimization. In this study, an efficient accurate approach

using Deep Neural Networks for the inverse design of rotorcraft airfoils is investigated. We leverage the Tan-

dem Neural Network (T-NN) architectures to design the airfoil for a required performance curves (lift, lift-to-drag

ratio, and pitching moment) in a novel and efficient way. The T-NN architecture allows for a modified and flex-

ible cost function making them highly efficient and accurate for the inverse design of airfoils. Three different

improvements to the T-NN architecture are proposed in this work to allow for improved accuracy and better

constraint handling capabilities, enabling a paradigm shift in the rotorcraft component design methodologies.

1 NOTATION

Symbols:

C : CST coefficients

C : Class function

S : Shape function

Cd : Drag Coefficient

Cl : Lift Coefficient

Cm : Pitching Moment Coefficient

P : Performance Polar

ψ : Normalized airfoil chord-wise coordinate

ζ : Normalized airfoil surface coordinate
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O() : Order of computational complexity

#() : Cardinality operator (number of elements)

Acronyms:

ANN : Artificial Neural Network

BEMT : Blade Element Momentum Theory

CFD : Computational Fluid Dynamics

I-ANN : Inverted Artificial Neural Network

TE : Trailing Edge

T-NN : Tandem Neural Network

2 INTRODUCTION

The optimization of rotorcraft blades has been a focus

of research for many years. Designing an airfoil shape

with specific performance characteristics is a funda-

mental problem in the field of blade design which plays

a crucial role in improving the performance of rotor-

craft. Airfoil design is a complex optimization problem

that involves multiple fields of study, such as aerody-

namics, structures, and acoustics (Ref. [1]). Conven-

tional design methods involve iterative optimization of

the shape using either less accurate low-fidelity mod-

elling techniques which don’t take into account the in-

tricate flow interactions, or adjoint-based CFD (Com-

putational Fluid Dynamics), which is more accurate

(Refs. [2, 3]) but demanding in terms of computa-

tional cost and storage (Ref. [4]) and they must be



restarted for any change in the objective function. Ad-

ditionally, the use of multi-disciplinary optimisation for

full blade design across various operating conditions

with adjoint-based CFD methods becomes impracti-

cal.

This work focuses on the development and imple-

mentation of Tandem Neural Networks (T-NNs) archi-

tecture (Ref. [5]) for the inverse design of rotorcraft

airfoils. T-NNs is a new development (Ref. [6]) in the

field of aerodynamic design. It is an extension of Ar-

tificial Neural Networks (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 (Refs. [1, 6, 7, 8]), they ex-

hibit loss of accuracy when used for inverse design

problems, due to inverse scattering. This problem

arises due to the non-invertibility of the aerodynamics,

i.e., similar load characteristics can be achieved by dif-

ferent airfoil geometries. T-NNs overcomes this limi-

tation by defining the cost function such that the Neu-

ral Networks 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 architec-

ture, where the performance polar of an airfoil is fed

as input and the T-NNs outputs the airfoil geometry.

T-NNs architecture allows for the optimization of the

airfoil geometries for the entire performance polar for

a range of Mach and Reynolds numbers. One nec-

essary requirement for airfoil design is the ability to

use multiple design constraints (maximum thickness,

trailing edge thickness, stall margin, etc.) during op-

timization. T-NNs architecture makes the inverse de-

sign process flexible enough to include multiple de-

sign constraints which makes the inverse design pro-

cessmore practical for designers. The details of these

constraints are explained in relevant sections.

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 module that can

predict a family of airfoil geometries for a given design

objective. The details of statistical analysis along with

the implementation of optimized airfoil for hover per-

formance computation using an in-house developed

BEMT (Blade Element Momentum Theory) code is

also included in the paper.

3 METHODOLOGY

This section sequentially describes the methodology

employed in generating a representative database of

airfoil geometries, training data and reduced order

surrogate models.

3.1 Airfoil Parametrization

The current study relies on CFD-trained neural net-

works for the inverse design of rotorcraft airfoils for

various operating conditions. The airfoil geometries

are parameterized by the class function - shape func-

tion transformation (CST) (Ref. [9]), where Cheby-

shev polynomials are used as shape functions in this

work instead of Bernstein polynomials proposed in the

original CST methodology (Refs. [6, 10]).

There are multiple ways of parametrizing the air-

foils; for instance, the American convention using

camber and thickness (Ref. [6]), and parametriz-

ing upper and lower surfaces separately (Refs.

[1, 8]). The airfoil parametrization using camber

and thickness is associated with an inverse prob-

lem and requires an iterative optimization to deter-

mine the defining geometry parameters. Addition of

this iterative step increases the computational cost

(O(101 seconds) for each airfoil) making it difficult to

be used as 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 cost. Andrew (Ref. [1]) shows such

parametrization using Bernstein polynomial of 8th or-

der. In recent work, Hrithwik (Ref. [8]) shows the

parametrization of airfoil with upper and lower sur-

faces using Chebyshev polynomials instead of Bern-

stein polynomials as the Chebyshev polynomials al-

low for a well-conditioned representation problem due

to their near orthogonality.

From these studies, it can be inferred that the air-

foil parametrization using Chebyshev polynomials has

advantages over Bernstein polynomials. This is fur-

ther demonstrated in Table 1, where the L1 norm

of difference of leading coefficient from 5th - 7th or-

der with the 8th order coefficient for both Bernstein

and Chebyshev polynomials clearly indicates that the

Chebyshev coefficients don’t change significantly with

order whereas Bernstein coefficients change consid-

erably since they are non-orthogonal.

However, the parametrization using upper and

lower surface requires a non-trivial constraint on the



Table 1: Comparison of Sensitivity of Bernstein and Chebyshev coefficients representing airfoil geometry with

higher order polynomials

Delta Bernstein Polynomials Chebyshev Polynomials

8th - 7th order coefficient +50.281% −5.625%
8th - 6th order coefficient +54.428% −3.831%
8th - 5th order coefficient +66.239% −9.198%

thickness to ensure the resulting geometry is an air-

foil. Instead, for the ease of implementation, a modi-

fied airfoil parametrization technique comprising of up-

per surface and thickness distribution is implemented.

It is similar to the modified CST, but the lower surface

is replaced by thickness, and the airfoil geometry con-

straint of non-negative thickness ensures no intersect-

ing surfaces in the airfoil during the inverse design.

This way of airfoil parametrization is also done using

8th-order Chebyshev polynomials for both upper sur-

face and thickness. This effectively gives 9 polyno-

mial coefficients each for upper surface and thickness;

totalling to 20 parameters including the TE (Trailing

Edge) thickness to describe the airfoil geometry.

Mathematically, each of these surfaces is repre-

sented using the chord-wise coordinate (ψ) and the

normalized surface coordinate (ζ). Eq. 1 and 2 re-

spectively 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 trailing edge characteristics) and S

represents the respective shape functions. This S is

represented as a combination of Chebyshev polyno-

mials, where the coefficients are the design parame-

ters. Eq. 3 shows the lower surface distribution ob-

tained from the parametrization.

ζU (ψ) = C(ψ)SU (ψ) + ψζTE,U(1)

∆ζ(ψ) = C(ψ)Sthn(ψ) + ψ∆ζTE(2)

ζL(ψ) = ζU (ψ)−∆ζ(ψ)(3)

To generate a representative database of rotor-

craft airfoils, fourteen airfoil sections defining indus-

trially relevant rotorcraft blades as well as reference

rotorcraft airfoil sections are selected. A total of 40

permutations per airfoil were generated using Latin-

Hypercube sampling, resulting in 560 total perturba-

tion airfoils in the geometric design space. Figure 1

shows the baseline set of 14 airfoils. Figure 2 show all

the generated perturbations of baseline airfoil geome-

tries, which form the training dataset of airfoil geome-

tries. More details of airfoil database are available in

Ref. [6].
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Figure 1: Airfoil Geometry Database; Baseline Airfoils

Figure 2: Airfoil Geometry Database; Perturbed Air-

foils

3.2 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 Hamilto-

nian path-based solution methodology (Ref. [11]) and

uses a fifth-order WENO scheme (Ref. [12]) for spa-

tial reconstruction, with Roe’s approximate Riemann

solver for inviscid flux, second-order central differenc-

ing for viscous flux, and a preconditioned GMRES



(Ref. [13]) for implicit time integration. The turbu-

lent boundary layer is modelled using the one equa-

tion Spalart-Allmaras (SA) model (Ref. [14]). HAM2D

is extensively tested and validated with various airfoil

data available in the literature (Ref. [15]). The data

used for the study in this paper has been generated

for standard rotorcraft airfoil geometries, the details

of which are available in Reference [6]. All stages

of CFD simulations, including mesh generation (Ref.

[16]), CFD flow solver setup, CFD runs, and post-

processing, are automated using Python scripts to im-

prove efficiency and reduce the potential for human

error. CFD simulations for the training data generation

are conducted for a range of angles of attack span-

ning from -10° to 20°, with a range of Mach numbers

from 0.3 to 0.5 and corresponding Reynolds numbers,

spaced linearly, ranging from 2.0 million to 3.333 mil-

lion. These flow conditions cover typical low-speed

operating conditions of rotorcraft vehicles.

3.3 Artificial Neural Networks (ANNs)

The objective of developing the surrogate model

is to predict the aerodynamic quantities of interest

for design applications, without having to perform a

full-order CFD computation. The aerodynamic per-

formance characteristics, specifically, lift coefficient,

drag coefficient and pitching moment coefficient are

fundamental design quantities. ANNs architectures,

due to their highly accurate non-linear function ap-

proximation capabilities (Ref. [17]), are used for the

surrogatemodel development in this study. The ANNs

computes the entire performance curve instead of the

performance at each angle of attack for a given ge-

ometry. Figure 4 shows the forward surrogate model

architecture used in this study. The inputs of the surro-

gate model represent the CST parameters that define

the airfoil geometry denoted by C, and the outputs are

the performance parameters denoted by P (Cl, 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 the drag predicted by

the neural networks is always positive. This approach

is consistent with all the studies presented in this pa-

per. As presented in Figure 3, the forward ANNs are

very accurate, the details of which are also explained

in Reference. [6].

Since the ANNs are trained to predict vectors of per-

formance polar rather than single points, feature engi-

neering becomes crucial. Both input and output fea-
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Figure 3: Accuracy of Forward Artificial Neural Net-

works (I-ANNs); Comparison of True Cm (CFD) with

Forward ANNs predicted Cm

tures are scaled using mean and standard deviation.

The airfoil characterization using Chebyshev polyno-

mials ensures that the input coefficients are near-

orthogonal, and therefore, Proper Orthogonal Decom-

position (POD) of input features isn’t necessary. But

the POD of the output features (performance polar)

becomes essential. For a given training data, the out-

put is a 279-dimensional vector (31 values each of

Cl, Cd and Cm at 3 Mach numbers), which makes

it even more necessary to reduce the output dimen-

sions. This is done by systematic POD on individ-

ual polar at each Mach number, resulting in a reduc-

tion of the 279-dimensional output vector to an 84-

dimensional vector while retaining more than 99% of

the information of each polar. It is to be noted that the

Mach numbers are not specified in the inputs, rather

the polar at individual Mach numbers are used as vec-

tors in the output. For inverse design, inverting the

forward ANNs as shown in Figure 5, to predict an air-

foil geometry for a given performance polar isn’t ac-

curate as presented in Figure 6. This is mainly at-

tributed to the inverse scattering problem. While the

forward problem is well defined, the inverse problem

is subjected to an inverse scattering problem i.e., the

same performance polar can be given by multiple air-

foil geometries and therefore the one-to-one mapping

of the inverse problem isn’t physical. This non-unique

mappingmakes 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. This

is demonstrated in Figure 7 where two completely dif-



ferent airfoil geometries have similar performance pa-

rameters. The cost function for I-ANNs is defined by

Equation 4.

(4) J =
1

#Train

∑
Train

(ĈTrue − ĈPredicted)
2

Figure 4: Architecture of Forward Artificial Neural Net-

works (ANNs)

3.4 Tandem Neural Networks (T-NNs)

The problem of inverse scattering is solved using a

special type of deep learning module, Tandem Neural

Networks. T-NNs architecture has two ANNs work-

ing in series as presented in Figure 8. A pre-trained

ANNs is used for the forward problem (bottom portion

in Figure 8). Taking Chebyshev coefficients as inputs

and outputting performance polar (vectors of Cl, Cd

and Cm) makes the second part of T-NN, while the

first part (highlighted in green in Figure 8 (top por-

tion)) is the same as the inverted ANNs used for in-

verse design. Performance polar are inputted to the

first part of T-NNs, which out-puts intermediate layer

data that represents airfoil geometry. The intermedi-

ate layer data is then inputted into the pre-trained for-

ward ANNs with frozen weights and outputs the per-

formance polar. In this way, the T-NNs takes perfor-

mance polar as input and returns performance polar

Figure 5: Architecture of Inverted Artificial Neural Net-

works (ANNs)
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as output, with the airfoil geometry being extracted

from the intermediate layer. The weights of the for-

ward ANNs are fixed, while the weights of the inverse

ANNs are trained to minimize the cost function defined

by Equation 5. It is to be emphasized that the cost

function for the T-NNs is different from the cost func-

tion for the I-ANNs (Equation 4). This approach over-

comes the problem of non-uniqueness in the inverse
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design process, as the T-NNs is not required to pre-

dict the same airfoil geometry but rather ensure that

the same performance polar is computed. It is also

noteworthy that the cost function for T-NNs (Equation

5) is defined using the scaled polar. This is particu-

larly important because the range of values for each

performance polar is different in the orders of magni-

tude of 10 to 1000. The L2 norm error of predicted

and original aero-dynamic coefficients for the I-ANNs

and T-NNs are presented in Table 2. The L2 norm is

computed for baseline 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 in-

verse design. The accuracy of T-NNs as presented in

Table 2 and Figure 9 is better than that of I-ANNs (Fig-

ure 6). The comparison of the performance of T-NNs

and I-ANNs is done using the vector plots of pitching

moment coefficients as shown in Figures 9 and 6 due

to the fact that the pitching moment coefficient is more

sensitive to a small change in airfoil geometry. The

vector plots of the lift coefficient and lift-to-drag ratio

follow similar trends as those of the pitching moment

coefficient.

(5) J =
1

#Train

∑
Train

(P̂True − P̂Predicted)
2

4 NEURAL NETWORK TRAINING AND COMPU-

TATIONAL COST

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 hyper-

parameter values and points are randomly searched

in the domain. The details of the number of hidden

layers and neurons in each layer are mentioned be-

low.

1. Forward ANNs: 20-20-30-50-70-90



Table 2: Comparison of quantitative error estimates of the I-ANNs and T-NNs for baseline airfoil geometries.

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

Cl 3.45× 10−2 1.97× 10−2

L/D 2.46 1.57
Cm 7.20× 10−3 3.90× 10−3

Figure 8: Architecture of TandemNeural Networks (T-

NNs)

2. T-NNs: 90-75-75-50-50-20-20 + Forward ANNs

For the forward problem with a single Mach num-

ber as input, a two-hidden layers with 20 neurons

each are sufficient to predict polar with 99% accuracy

(Ref. [6]). For the problem under consideration in this

paper, multiple Mach numbers with additional design

constraints make both forward ANNs and T-NNs have

deeper layers with a higher number of neurons.
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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 ra-

tio of 70:30. From the training data, 20% of the data

is further split as validation data to monitor the loss

to ensure there is no overfitting, the details of which

is also presented in Figure 10. Deep networks are

prone to overfitting, and therefore, standard regular-

ization is also used to prevent overfitting. Figure 10

shows the comparison of Loss with epochs and the

log(Loss) with epochs. It can be seen that the valida-

tion 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 right

side of Figure 10 shows the comparison of log(Loss)

for both training and validation data, which also shows

that there is no overfitting. The ANNs and T-NNs are

trained for 5000 epochs.

The comparison of computational cost using CFD

and Neural Networks is presented in Table 3. The

difference in computational cost with CFD and Neu-



ral Networks is very significant, and it demonstrates

that Neural Networks can be used as push-button so-

lutions for forward polar prediction and inverse design.

5 IMPROVEMENT OF T-NNS ARCHITECTURE

5.1 Improved Loss Function

A detailed study on the loss function of T-NNs is done

to ensure that the overall accuracy of the predicted pa-

rameters remains as good as the forward ANNs. As

explained in the section above, the loss function of T-

NNs is defined by the performance polar and not the

airfoil geometry parametrization coefficients. To study

this in detail, a T-NNs is trained with an improved loss

function which includes both airfoil geometries and

performance polar as mentioned in Equation 6, where

a and b represent the fraction of weights added to the

loss function. The values of a and b are varied in such

a way that their sum is always equal to 1. The im-

proved loss function is simply a transition from I-ANNs

(b = 0) to T-NNs (a = 0). Table 4 shows the compar-

ison of L2 norm for different combinations of a and

b, and it can be seen that the conventional loss func-

tion of T-NNs (a = 0) is the most accurate which also

validates our hypothesis of T-NNs solving the inverse

scattering problem. The same loss function is used in

all further studies.

J =
a

#Train

∑
Train

(ĈTrue − ĈPredicted)
2
+

b

#Train

∑
Train

(P̂True − P̂Predicted)
2

(6)

5.2 Multiple Design Constraints

The architecture of T-NNs provides flexibility in terms

of multiple design constraints. For instance, if we want

to optimize an airfoil with the objective of reducing

drag, the airfoil predicted by T-NNs can be optimized

in such a way that its maximum thickness, trailing

edge (TE) thickness and stall margin are pre-specified

by the designer. This is done by adding the design

constraints (for instance maximum thickness and TE

thickness) at both inputs and outputs of the T-NNs.

This is demonstrated in Figure 11 which has polar,

Mach number, max. thickness and TE thickness as in-

puts and outputs, and the intermediate layer has CST

coefficients representing airfoil geometry, Mach num-

ber, max. thickness and TE thickness. As explained

in section 4, the hyperbolic tangent activation function

is used in all layers except the output layer which has a

linear activation function. Adding TE thickness as an

additional constraint has the risk of neural networks

predicting an airfoil geometry with negative TE thick-

ness 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 non-negative weight constraint is

added to the output layer that predicts TE thickness in

addition to having linear activation function. The non-

negative weight constraint ensures that the TE thick-

ness is always greater than or equal to zero. Adding

such design constraints in the optimization loop en-

sures that the airfoil geometry is more practical. All

further studies in this paper have been done using

both maximum thickness and TE thickness as addi-

tional constraints in the T-NNs.

6 RESULTS

This section discusses the results of the design prob-

lem of SC1095 airfoil using T-NNs and its impacts on

the performance of a rectangular blade.

6.1 Design Problem 1: Increasing L/D of SC1095

airfoil with similar lift and stall characteris-

tics independent of Mach numbers.

The objective of this design problem is to increase the

lift-to-drag ratio of SC1095 airfoil by 5% for all angles

of attack at all three Mach numbers (0.3, 0.4 and 0.5)

while retaining the Cl and Cm characteristics as that

of baseline airfoil, i.e., reducing the drag of the air-

foil. Therefore, the design objective is to optimize the

airfoil such that the lift-to-drag ratio at all three Mach

numbers increases without changing the lift and mo-

ment polar. The lift-to-drag ratio predicted from the

forward ANNs is modified as per the design objective

and the Cl and Cm polar are unchanged to define the

target polar. The target polar along with the maximum

thickness and TE thickness is inputted to the T-NNs

which outputs the optimized airfoil geometry from the

intermediate layer. Maximum thickness and TE thick-

ness are inputted to both inputs and outputs of the

neural networks to enforce additional constraints. It is

also remarked that the Mach numbers aren’t used as



Figure 10: Comparison of Loss for both training and validation data for Tandem Neural Networks (T-NNs). Left

Figure: Loss v/s Epochs, Right Figure: Log(Loss) vs Epochs

Table 3: Comparison of Computational Cost for generating performance parameters using CFD and Neural

Networks

Computational Exercise Computational Cost (hours)

CFD Training Data Generation per Mach number 67, 704
Train Forward ANNs 0.20
Train TNNs 0.30
CFD Simulation for Single Airfoil at 1 Mach number 1.30
Evaluate Single Airfoil using ANNs 1.50× 10−7

Table 4: Comparison of L2 norm for Improved Loss Function for T-NNs.

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

0 1 1.97× 10−2 1.57 3.90× 10−3

0.2 0.8 2.60× 10−2 1.80 5.80× 10−3

0.3 0.7 2.80× 10−2 2.02 5.90× 10−3

0.5 0.5 2.30× 10−2 1.80 5.00× 10−3

0.7 0.3 3.10× 10−2 2.23 6.40× 10−3

0.8 0.2 3.10× 10−2 2.21 6.70× 10−3

1 0 3.45× 10−2 2.46 7.20× 10−3

inputs to the network, rather the polar at each Mach

number are vectorized (as explained in section 3.3)

which ensures that one single airfoil geometry is op-

timized for all three Mach numbers. A comparison of

the baseline SC1095 airfoil and the optimized airfoil

for Mach 0.4 can be seen in Figure 12. The increase

in max. L/D for Mach 0.4 is 4.067%, which is close

to the target. The results for Mach 0.3 and 0.5 follow

a similar trend. For this design problem, we don’t ex-

actly meet the target, and it may be attributed to the

difference in aerodynamic properties of the airfoil at

different Mach numbers. One single airfoil might not

be optimum at multiple Mach numbers, and it is con-

sistent with the aerodynamic properties of airfoils at

higher speeds. The airfoil geometry predicted by T-

NNs has a relatively higher thickness as compared to

SC1095 airfoil, but the position of maximum thickness

moves towards the leading edge which in turn reduces

drag and therefore increases the L/D. The comparison

of polar computed from forward ANNs for the baseline

airfoil and the optimized airfoil at Mach 0.4 is also pre-

sented in Figure 12. The polar of the optimized airfoil



Figure 11: Tandem Neural Networks (T-NNs) architecture for inverse design with multiple design constraints

computed from forward ANNs shows a good compar-

ison with the target polar for lift, lift-by-drag and mo-

ment coefficients.

6.2 Design Problem 2: Increasing L/D of SC1095

airfoil with similar lift and stall characteris-

tics at individual Mach numbers.

Unlike section 6.1, the design objective of this sec-

tion is to optimize the airfoil geometry at individual

Mach numbers, i.e., three airfoils for three Mach num-

bers (0.3, 0.4 and 0.5). The design criteria remain the

same, that is to increase lift-to-drag ratio by 5% while

retaining the Cl and Cm characteristics. T-NNs allow

for such design constraint by including Mach numbers

as both inputs and outputs of the T-NNs. It means that

the output has (31 ×3 = 93 dimension of polar (Cl,

Cd and Cm)), and the database for individual Mach

numbers is stacked horizontally. This effectively gives

three airfoil geometries at three Mach numbers. Like

section 6.1, both maximum thickness and TE thick-

ness are also added as constraints (to both inputs and

outputs of the Neural Networks) to ensure that the op-

timized airfoils have similar maximum thickness and

TE thickness as that of baseline SC1095 airfoil. 5

shows the comparison of maximum thickness for all

three optimized airfoils, and the maximum thickness

for these airfoils is closer to the baseline SC1095 air-

foil (max. thickness is 9.5%) because of the additional

thickness constraint. Figure 13 shows the optimized

airfoil geometries at all three Mach numbers and the

corresponding L/D polar. All three optimized airfoils

have similar lower surfaces but the difference in their

aerodynamics is majorly due to the difference in their

upper surfaces. The position of maximum thickness



Figure 12: Comparison of airfoil geometry and performance polar for design problem 1 at Mach 0.4. Clockwise

from top-left: Airfoil Geometry, Comparison of Cl polar, Comparison of L/D polar along with the zoomed view,

Comparison of Cm polar

changes for all three airfoils as compared to the base-

line. It is to be noted that the Cl and Cm polar follow

a similar trend. The angle of attack at which L/D is

maximum changes for both baseline airfoil and opti-

mized airfoils as shown in Table 5. It is interesting

to note that the stall margin for the optimized airfoil

is better at Mach 0.3 and 0.5 than the baseline air-

foil at the corresponding Mach numbers. Table 5 also

shows the increase in maximum L/D for each Mach

number, and it is to be emphasized that the optimized

airfoil at Mach 0.5 has a higher max. L/D than the

target. This also demonstrates that additional design

constraints can be included in the Neural Networks to

have more control over the predicted airfoil geometry

and the aerodynamic performance.

6.3 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 6.2, there

are three design objectives, one at eachMach number

and therefore we got three airfoils. To generate a fam-

ily of airfoils for a single design objective i.e., multiple

airfoils all of which give similar performance, a statisti-

cal analysis is performed where a range of maximum

thickness and TE thickness are chosen randomly from

a Gaussian distribution and for each of these combi-

nations of variables, an airfoil is generated. The up-



Figure 13: Comparison of Optimized airfoil geometries and the corresponding L/D polar at individual Mach

numbers for Design Problem 2. Clockwise from top-left: Airfoil Geometry, L/D polar at Mach 0.3, L/D polar at

Mach 0.4 and L/D polar at Mach 0.5

Table 5: Comparison of performance of optimized airfoils at individual Mach numbers

Mach

Number

αmaxL/D

Baseline airfoil

αmaxL/D

Optimized airfoil

% Increase in

Max. L/D
Max. Thickness

0.3 9 degree 10 degree 4.53 9.05%

0.4 8 degree 8 degree 4.11 9.30%

0.5 6 degree 7 degree 5.20 9.64%

per and lower limits for these variables (max. thick-

ness and TE thickness) are pre-specified by the de-

signer. For the problem under consideration, the max.

thickness and TE thickness are varied between 60%

to 110% of the baseline SC1095 airfoil. This way of

inverse design allows the designer to generate multi-

ple airfoil geometries within pre-specified criteria, and

then choose airfoils of interest from those multiple air-

foils. This approach of inverse design is a novel con-

tribution to this work and is also a more practical way

of designing airfoils.

To have constraints on both max. thickness and

TE thickness, both these quantities are used as in-

puts, outputs and intermediate layer data while train-

ing the T-NNs as explained in sections 6.1 and 6.2.

For this problem, Mach number is also specified as



an input similar to section 6.2. Figure 14 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 tar-

get polar and target Mach number are given as inputs

to the pre-trained T-NNs, and multiple airfoil geome-

tries are extracted as outputs from the T-NNs. The

design objective for Statistical Analysis is the same

as that of section 6.2. The results are demonstrated

in Figure 15. The top left of Figure 15 shows 50 airfoil

geometries predicted by the T-NNs for 50 combina-

tions of max. thickness and TE thickness as shown

in the bottom left of Figure 15. The corresponding lift

and lift-to-drag polar is also presented in Figure 15. It

is interesting to note that the Cl polar for all predicted

airfoils matches with that of the baseline SC1095 air-

foil, whereas some airfoils reach the target L/D polar

while others don’t. This is the major objective of this

analysis, i.e., to predict multiple airfoils for the same

design objective and then choose the predicted air-

foils based on the requirement. Figure 16 shows the

distribution of max. thickness and TE thickness which

are input design constraints, and the corresponding

distribution of maximum Cl and maximum L/D for 50

airfoils predicted by the T-NNs. From Figure 16, it can

be seen that the maximum Cl for the predicted airfoils

vary between 1.07 to 1.13, and the maximum L/D vary

between 76.34 to 78.31. 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 air-

foils are used as a demonstration, but since this ar-

chitecture 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 out-

comes of Statistical Analysis are:

1. A family of airfoil geometries can be designed for

the same design objective using Statistical Anal-

ysis

2. Multiple combinations of design variables can be

used as inputs. For instance, in addition to max.

thickness and TE thickness, stall margin and po-

sition of max. thickness can also be specified to

have more control of the predicted airfoil geome-

tries.

6.4 Comparison of performance of rectangular

blade with optimized airfoil

A simple rotor with 4 rectangular blades and a single

airfoil with a linear twist is considered for the analysis

at hover. The rotor radius is 26.8333 feet with a tip

Mach number of 0.5. The rotor performance is com-

puted using in-house developed Blade Element Mo-

mentum Theory (BEMT) code. The optimized airfoil

improves the rotor performance which is shown in Fig-

ure 17. The baseline corresponds to SC1095 airfoil,

the performance polar for which is generated using

the CFD. The optimized airfoil is generated from the

T-NNs, the details of which are explained in section

6.1. The performance polar of the optimized airfoil is

generated using both CFD (green line in Figure 17)

and T-NNs (blue line in Figure 17). The modification

in L/D slightly improves the performance of the rotor

which is shown in Figure 17. The performance of ro-

tor computed using both CFD and T-NNs are compa-

rable as shown in Figure 17 which also validates the

use of T-NNs for inverse design of airfoil. While the

improvement in Figure of Merit (FM) isn’t significantly

higher as shown in the bottom right of Figure 17, this

increase in FM is by only a small improvement in the

L/D. For instance, if the gross weight of a helicopter is

around 20,000 pounds, then there would be roughly

100 pounds more of payload through just this airfoil

shape optimization. It is also remarked that the air-

foil optimization using the T-NNs is like a push-button

solution, and it takes milliseconds to optimize one sin-

gle airfoil. Therefore, a highly cost-effective and accu-

rate surrogate model is developed and implemented

for the inverse design of the airfoil.

7 CONCLUSIONS AND FUTURE WORK

7.1 Conclusions

A Neural Networks based surrogate model is devel-

oped to perform inverse design of airfoils. The mod-

ified cost function for such architecture ensures that

the inverse scattering problem is avoided. The follow-

ing conclusions are derived from this study.

1. Representation of airfoil geometry using upper

surface and thickness with Chebyshev polyno-

mials ensures that there are no overlapping sur-

faces during the inverse design process.

2. The study of improved loss function highlights the

advantage of using polar in the loss function for



Figure 14: Flowchart explaining the working of Statistical Analysis with T-NNs; Generating a family of airfoils

with variable max. thickness and TE thickness

Figure 15: Statistical Analysis to generate a family of airfoils. Clockwise from top-left: Airfoil Geometries,

Comparison of Cl polar, Comparison of L/D polar, Variation of TE thickness and maximum thickness



Figure 16: Comparison of the distribution of geometric constraints and the corresponding distribution of perfor-

mance parameters. Clockwise from top-left: Distribution of max. thickness, Distribution of max. Cl, Distribution

of max. L/D, Distribution of TE thickness

T-NNs.

3. Statistical Analysis generates a family of air-foils

for a given design constraint which can be used

for further study of multiple airfoils all of which

give similar performance.

4. BEMT validates that the rotor blade with opti-

mized airfoil gives better performance.

7.2 Future Work

The possible improvements and future works adding

to this study are listed below:

1. Expanding the training database to higher Mach

numbers, and varying Reynolds number indepen-

dently of Mach number, and including variable

stall margin with inverse design framework.

2. Improving CFD data to match with the experi-

ments using Field Inversion Machine Learning

(FIML).

3. Including both fully turbulent and free transition

conditions in the database.

4. Training ANNs to predict boundary layer thick-

ness at the trailing edge.

5. Blade optimization including multiple airfoils

along the span with optimization of chord, ta-per

and twist.

6. Study on uncertainty quantification for both airfoil

parametrization and inverse design.
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