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ABSTRACT
Rotor blade design is a fundamental problem in the field of rotorcraft aeromechanics. The conventional design methods
using high-fidelity techniques (like Computational Fluid Dynamics (CFD)) are computationally expensive and often
become impractical at the early design phase. The use of deep learning techniques for blade design is an efficient
alternative to conventional design methods. However, these machine learning techniques often require a lot of training
data which are generated using the CFD. The training data generation process becomes a bottleneck and requires a
lot of computational effort, before being able to train the neural networks. In this paper, we propose and implement a
unique multi-fidelity artificial neural network (MFANNs) architecture that takes low-fidelity (Xfoil) data as inputs and
maps/transforms it to high-fidelity data, requiring 1/10 of high-fidelity training data as compared to the conventional
high-fidelity artificial neural networks. A comprehensive study on the number of high-fidelity cases required for
training MFANNs and the sensitivity analysis of data reduction is also presented in the paper. The multi-fidelity
architecture is integrated with an evolutionary algorithm to optimize the airfoil.

INTRODUCTION

The design and optimization of rotor blades is an area of
active research for many decades. An important aspect of
blade design is the selection of airfoil geometries along the
span of the blade which meets a certain performance criteria.
Designing an airfoil geometry requires knowledge of multiple
fields like aerodynamics, structures and acoustics (Ref.
[1]). The traditional design techniques iteratively optimize
the shape of the airfoil either by using a physics-based
high-fidelity code or simplified low-fidelity codes. Most
high-fidelity codes use gradient-based optimization and
therefore makes use of adjoint-based CFD (Computational
Fluid Dynamics) solvers which are very accurate but com-
putationally expensive (Refs. [2, 3]). One more issue with
such optimization techniques is that the process needs to be
restarted for any change in the objective function. Unlike
high-fidelity codes, the simplified low-fidelity solvers are
computationally cheaper and can be used with an optimiza-
tion algorithm (like Genetic Algorithms) (Ref. [4]). But
low-fidelity codes aren’t accurate in predicting drag coeffi-
cient (Cd), the details of which are also presented in this paper.

For airfoil optimization, an efficient and accurate mapping
function (from airfoil geometry to lift coefficient (Cl), drag
coefficient (Cd) and pitching moment coefficient (Cm)) is
necessary. There has been recent developments in the field of
machine learning (ML) architectures to map airfoil geome-
tries with performance parameters (Refs. [anand2024novel,
1, 4, 5, 6]). Most of these architectures use artificial neural
networks (ANNs) for function approximation and are very
accurate. The ANNs are either trained on data generated
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by high-fidelity code or low-fidelity code. While the ANNs
are very accurate, the fidelity of code used to generate data
determines how accurate the predicted performance polar
is. While the ANNs trained on high-fidelity data are very
accurate, one major drawback of such architecture is the
cost of data generation (4 order higher than Xfoil). A lot
of training data is required to train the ANNs and cover a
wider geometric design space. This necessitates the use of
high-performance computing facility to generate data with
high-fidelity codes.

To overcome the limitation of the cost associated with train-
ing ANNs on high-fidelity data, a multi-fidelity architecture
is proposed. There has been some recent development of
the multi-fidelity framework which combines data from both
low-fidelity and high-fidelity codes. The major advantage of
using such architecture is the reduction in the number of high-
fidelity data to train the ANNs. Nagawkar et. al. [7] used
multi-fidelity neural networks for airfoil shape optimization.
Zhang et. al. [8] used a multi-fidelity deep learning model
with various infilling strategies for aerodynamic optimization.
A multi-fidelity convolution neural network for aerodynamic
optimization which dynamically incorporates new data in
each optimization loop is used in Reference [9]. A data
fusion-based multi-fidelity architecture is used by Lei et. al.
(Reference [10]) to predict aerodynamic coefficients using
a deep neural network. Reference [11] uses a multi-fidelity
convolution neural networks for high-dimensional data such
as computational flow field. Tekaslan et. al (Reference [11])
used Euler solver as low-fidelity code and viscous code with
Spallart-Allmaras (SA) turbulence model as high fidelity
code.

In this paper, a simple yet effective prediction-correction
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based multi-fidelity architecture is proposed to predict the
aerodynamic quantities of interest (Cl , Cd and Cm). Xfoil
(Reference [12]) is used as a low-fidelity code which is
computationally faster and HAM2D (Reference [13]) is
used as a high-fidelity code which is an in-house developed
Reynolds-Averaged Navier-Stokes (RANS) based code. The
low-fidelity code is used as a predictor which predicts aero-
dynamic coefficients (or performance polar) to a reasonable
accuracy, and the high-fidelity code is then used to correct
it to match HAM2D data. The hypothesis behind using a
predictor-corrector architecture is that the predictor maps
airfoil geometry to a reasonable value of Cl , Cd and Cm, and
the corrector maps the predicted Cl , Cd and Cm to high-fidelity
data. This way the number of high-fidelity data required to
train the model is reduced significantly and therefore the
cost of data generation goes down without compromising the
accuracy of the model.

This work is organized in three parts. The first part pertains
to airfoil parametrization and details of low and high-fidelity
codes. The architecture of low and high-fidelity artificial
neural networks is explained in the next section. The details
of accuracy of both neural network architecture is also
presented. At the end, multi-fidelity architecture is presented
along with the comparisons of true versus predicted aerody-
namic performance polar. The multi-fidelity neural networks
is also integrated with genetic algorithm to optimize airfoil
for improved performance. As remarked in the opening
paragraph, airfoil polar prediction is essential for blade
design and this work is expected to considerably enhance
the confidence with which multi-fidelity artificial neural
networks can be used for such problems.

TECHNICAL APPROACH AND
METHODOLOGY

This section sequentially describes the methodology em-
ployed in generating a representative database of airfoil ge-
ometries using both low-fidelity (Xfoil) and high-fidelity
(HAM2D) CFD codes, airfoil parametrization, design of ex-
periments and reduced order surrogate models.

Airfoil Parametrization

This paper presents a detailed investigation of the application
of multi-fidelity artificial neural networks (MFANNs) for
the prediction of airfoil performance polar (lift coefficient
(Cl), drag coefficient (Cd) and pitching moment coefficient
(Cm)). For training the neural networks, airfoil geometries
are given as inputs to the networks. Therefore, airfoil ge-
ometries are parametrized by class function - shape function
transformation originally used by Kulfan (Ref. [14]). For our
research, we use Chebyshev polynomials as a shape function
instead of Bernstein polynomials which was used in Ref. [14].

There are multiple ways of parametrizing an airfoil geometry.
One way is to use an airfoil’s camber and thickness to
parameterize its geometry (Ref. [6]). A major issue with
this methodology is that the camber and thickness are not
explicitly defined for an airfoil. Therefore, to determine the
camber and thickness, an inverse-optimization problem needs
to be solved and then the airfoil is parametrized using this
camber and thickness distribution. While the parametrization
is computationally inexpensive, solving inverse-optimization
for determining camber and thickness is a computationally
expensive process and takes up to a few minutes in a single
core machine for one airfoil.

A simpler and more effective way of parametrizing the airfoil
is by using the upper surface and thickness distribution. Here,
thickness is the difference between the upper and lower sur-
face and always remains positive. A negative thickness would
infer that there are intersecting surfaces in the airfoil and
therefore the airfoil isn’t practical. This way of parametrizing
airfoil is very quick and works like a push-button solution.
More details of this is presented in Ref. [6].

Figure 1 shows the comparison of CST coefficients for
airfoil thickness distribution for SC1095 airfoil using 8th
order polynomial. It can be seen from Figure 1 that the
Chebyshev polynomials carry maximum information in
the first 4 coefficients whereas the Bernstein polynomials
don’t have a well-defined pattern. This is attributed to the
near-orthogonality nature of Chebyshev polynomials. For
this work, we use an 8th-order (9 coefficients) Chebyshev
polynomial to parameterize upper surface and thickness dis-
tribution, and two extra coefficients are used to parameterize
trailing edge (TE) thickness - totalling 20 coefficients.

The chord-wise coordinate (ψ) and the normal coordinate (ζ )
is used to represent these surfaces. Equation 1 explains the
parametrization of upper surface, while Equation 2 is used for
thickness parametrization, where C and S represents airfoil
class and shape functions as presented in Equations 3 and 4
respectively. The lower surface can be constructed by sub-
tracting the thickness from the upper surface as in Equation
5.

ζU (ψ) =C(ψ)SU (ψ)+ψζT E,U (1)
∆ζ (ψ) =C(ψ)Sthn(ψ)+ψ∆ζT E (2)

C(ψ) =
√

ψ × (1−ψ) (3)

S(ψ) = ∑aiSi (4)

ζL(ψ) = ζU (ψ)−∆ζ (ψ) (5)

Low and High Fidelity Solver for Data Generation

Multi-fidelity framework uses data from both low-fidelity
code and high-fidelity codes. For low-fidelity, we use Xfoil
[12], which is an open-source panel method code with
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Figure 1: Comparison of the magnitude of 8th order CST co-
efficients for airfoil thickness parameterization using Bern-
stein and Chebyshev polynomials for SC1095 airfoil. Red:
Bernstein Coefficients, Green: Chebyshev Coefficients

boundary layer corrections for viscous flows.

Low-Fidelity Code XFOIL: XFOIL is a specialized
software tool used for analyzing and designing subsonic
airfoils [12]. The core functionality of XFOIL revolves
around its ability to compute the aerodynamic characteristics
of airfoils. This is done by solving the potential flow over
the airfoil using a panel method, which divides the airfoil
surface into a series of panels and calculates the induced
velocity at each panel. In addition to potential flow cal-
culations, XFOIL incorporates boundary layer models to
account for the transition from laminar to turbulent flow.
This allows it to predict performance aspects such as stall
characteristics and drag polar curves, which are essential for
evaluating the efficiency and effectiveness of an airfoil design.

XFOIL is known for its user-friendly GUI and the capability
to be controlled externally via text files. These text files al-
low users to specify various input parameters, such as flow
conditions, the number of panels, Ncrit, and the range of an-
gles of attack. This external control facilitates automation,
enabling users to generate comprehensive aerodynamic data
across different Mach numbers and Reynolds numbers effi-
ciently. However, XFOIL sometimes faces convergence is-
sues, particularly at high angles of attack and high subsonic
Mach numbers. At elevated angles of attack, the flow over
the airfoil can become highly nonlinear and complex, lead-
ing to significant flow separation and vortex shedding. These
phenomena can challenge the panel method used by XFOIL,
causing difficulties in convergence. Similarly, at higher sub-
sonic Mach numbers, compressibility effects introduce addi-
tional complexities to the flow field, adding to convergence
issues. To address these challenges, we have developed an

automation script that interacts with XFOIL to ensure reli-
able convergence. The script initially sets the angle of attack
(AoA) increment to a default value, typically 1°. If XFOIL
encounters divergence or convergence issues, the script mod-
ifies the AoA increment and if the convergence issues persist
after adjusting the AoA increment, the script incrementally in-
creases the number of panels from the default value (usually
160) to higher values such as 180, 200, or more, as needed.
The comparison of performance polar predicted by XFOIL for
different number of panels is presented in Figure 2. From Fig-
ure 2, it can be inferred that there is no significant change in
Cl , Cd and Cm when the number of panels varies between 120
to 240. Therefore, the step-by-step refinement of the computa-
tional grid helps address convergence problems by enhancing
the resolution of the simulation without compromising on the
consistency of the solution given by XFOIL. If convergence
is still not achieved, the script can further adjust both the AoA
increments and the number of panels iteratively, ensuring that
XFOIL generates accurate aerodynamic data. In addition to
managing convergence issues, XFOIL may not fully simulate
turbulent flow conditions. However, it can approximate tur-
bulent flow by adjusting Ncrit values and transition points. In
our studies, we found that varying the Ncrit value from the
default of 9 to lower values, such as 1, and setting the tran-
sition points to 5% of the chord length provided results that
closely mimicked fully turbulent conditions. The values of
Ncrit lower than 1 or transition points smaller than 5% led
to divergence issues. Therefore, for relatively better turbulent
flow predictions, we use a Ncrit of 1 and set the transition
points to 5% of the chord length.

High-Fidelity Code HAM2D: Similarly, an in-house devel-
oped Reynolds-Averaged Navier-Stokes (RANS) based code,
HAM2D is used for generating high-fidelity data for training.
This solver is built on a Hamiltonian path-based solution
methodology (Ref. [13]) and uses a fifth-order WENO
(Ref. [15]) scheme for spatial reconstruction, with Roe’s
approximate Riemann solver for inviscid flux, second-order
central differencing for viscous flux, and a preconditioned
GMRES (Ref. [16]) for implicit time integration. The
turbulent boundary layer is modelled using the one equation
Spalart-Allmaras (SA) (Ref. [17]) model. HAM2D is exten-
sively tested and validated with various airfoil data available
in the literature (Ref. [18]). 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 [5,
6, 19]. For all airfoil geometries, unstructured all-quad grids
are generated with a wall spacing of y+ = 1 using an in-house
mesh generation tool (Ref. [20]). All stages of high-fidelity
data generation has been automated using python scripts.

NEURAL NETWORKS

This section provides a detailed explanation of the neural net-
work architecture used in this study.
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Figure 2: Comparison of aerodynamic coefficients predicted from Xfoil for different number of panels. From left to right;
Comparison of Cl polar, Comparison of Cd polar, Comparison of Cm polar

Low-Fidelity Artificial Neural Networks (LFANNs)

The low-fidelity artificial neural networks (LFANNs) is
trained on data generated from low-fidelity code (Xfoil). For
this study, fourteen industrially relevant rotorcraft geometries
are selected, the details of which are presented in Table 1. To
generate the training data, the geometric design space is filled
by perturbing the CST coefficients of each baseline airfoil
using Latin-hypercube sampling. A total of 40 perturbations
are generated for each baseline airfoil, and therefore 560 (14
× 40) airfoils are generated. Xfoil simulations are performed
at 5 mach numbers (0.3, 0.4, 0.5, 0.6 and 0.7) and linearly
varying corresponding Reynolds number at fully-turbulent
condition, and 31 angles of attack (-10 to +20). More details
of the design of experiments are presented in Refs. [5, 6, 19].

Table 1: List of representative databases of 14 baseline rotor-
craft airfoils selected from industrially relevant geometries

Rotorcraft Airfoils
Gluharoff/Sikorsky GS-1 NASA/Langley RC-SC2
NACA 0012 Sikorsky/Balch SC1095
NACA 0012-64 Sikorsky/Lednicer, Owen SC2110
NACA 0015 Sikorsky/Flemming SSC-A09
NACA 64A-015 Boeing-Vertol V23010-1.58
RC(3)-10 Boeing-Vertol V43015-2.48
RC(4)-10 Boeing-Vertol/Dadone VR-12

Since Xfoil is computationally cheaper, it takes 15 hours to
run 86,800 (560 ×31 × 5) cases. Five neural networks are
trained, one at each Mach number. The LFANNs take airfoil
geometry as inputs and gives performance polar (Cl , Cd and
Cm) as outputs. For each training data, the outputs are vectors
of Cl , Cd and Cm, and therefore the angle of attack isn’t used
as input. It is to be noted that log(Cd) is used for training

instead of Cd to ensure that the drag is always positive. More
details on the use of vectorised implementation are presented
in Refs. [5, 6, 19]. A comparison of error distribution
of vectorized and non-vectorized implementation is also
presented in the last section of this paper. Therefore, for
each LFANNs architecture, the input is a 20-dimensional
vector and the output is 93 (31 (angles of attack) × 3 (Cl , Cd
and Cm)) dimensional vector. The architecture of LFANNs
is presented in Figure 3. The loss function for LFANNs is
presented by Equation 6, where P represents low-fidelity per-
formance polar. Equation 7 shows the mapping of airfoil CST
coefficients to performance polar, where OLow represents the
output from LFANNs, f uncLFANN represents the approximate
function from trained LFANNs and CST represents airfoil
CST coefficients.

JLFANN =
1

#Train ∑
Train

(P̂True − P̂Predicted)
2 (6)

OLow = f uncLFANN(CST ) (7)

Figures 4 to 6 presents a comparison of predicted coefficients
(from LFANNs) and true coefficients (Xfoil) for the test data
which is not a part of the training. The comparison is provided
for Mach 0.3. For all other Mach numbers, all three polar
show similar trends. From Figures 4 to 6, it can be inferred
that LFANNs is very accurate in predicting the polar of Cl , Cd
and Cm.

High-Fidelity Artificial Neural Networks (HFANN)

Like LFANNs, high-fidelity artificial neural networks
(HFANNs) is trained on data generated from high-fidelity
code (HAM2D). The same cases that were used for training
LFANNs are used to train HFANNs. Therefore, there are
a total of 560 airfoils simulated at 31 angles of attack at 5
Mach numbers. The training methodology, neural network
architecture and the cost function for HFANNs is the same as
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Figure 3: Architecture of low-fidelity Artificial Neural Network (LFANNs) with vectorized implementation of output polar.
Inputs: Airfoil CST coefficients, Outputs: Polar of Cl , Cd and Cm

Figure 4: Accuracy of Low-Fidelity Artificial Neural Net-
works (LFANNs). Comparison of predicted lift coefficient
from LFANNs with the true value (Xfoil). Mach number =
0.3, Reynolds number = 2 Million

that of LFANNs. The loss function for HFANNs is given by
Equation 8, where P represents high-fidelity performance po-
lar. Equation 9 shows the mapping of airfoil CST coefficients
to performance polar, where OHigh represents the output from
HFANNs, f uncHFANN represents the approximate function
from trained HFANNs and CST represents airfoil CST
coefficients.

Figure 5: Accuracy of Low-Fidelity Artificial Neural Net-
works (LFANNs). Comparison of predicted drag coefficient
from LFANNs with the true value (Xfoil). Mach number =
0.3, Reynolds number = 2 Million

JHFANN =
1

#Train ∑
Train

(P̂True − P̂Predicted)
2 (8)

OHigh = f uncHFANN(CST ) (9)

Figure 7 presents a comparison of predicted Cl (from
HFANNs) and true Cl (HAM2D) for the test data which is
not a part of the training. The comparison is provided for
Mach 0.3, and all other Mach numbers, all three polar show
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Figure 6: Accuracy of Low-Fidelity Artificial Neural Net-
works (LFANNs). Comparison of predicted pitching moment
coefficient from LFANNs with the true value (Xfoil). Mach
number = 0.3, Reynolds number = 2 Million

similar trends. Similarly, Figures 8 and 9 show a comparison
of predicted drag and pitching moment coefficients (from
HFANNs) with HAM2D data, and it can be seen that the
accuracy of predicted coefficients from HFANNs has similar
accuracy as that of LFANNs. This can also be inferred
from Figure 10 (combined comparison of Xfoil and CFD).
In Figure 10, the results from Cd comparison from both
LFANNs and HFANNs are combined. The predicted Cd from
LFANNs is compared with Xfoil data on the x-axis and the
predicted Cd from HFANNs is compared with HAM2D on
the x-axis. The accuracy and spread of data for both LFANNs
predicted Cd and HFANNs predicted Cd are of similar order.

Figure 7: Accuracy of High-Fidelity Artificial Neural Net-
works (HFANNs). Comparison of predicted lift coefficient
from HFANNs with the true value (HAM2D). Mach number
= 0.3, Reynolds number = 2 Million

Figure 8: Accuracy of High-Fidelity Artificial Neural Net-
works (HFANNs). Comparison of predicted drag coefficient
from HFANNs with the true value (HAM2D). Mach number
= 0.3, Reynolds number = 2 Million

Figure 9: Accuracy of High-Fidelity Artificial Neural Net-
works (HFANNs). Comparison of predicted pitching moment
coefficient from HFANNs with the true value (HAM2D).
Mach number = 0.3, Reynolds number = 2 Million

MUTLI-FIDELITY ARTIFICIAL NEURAL
NETWORKS (MFANNS)

This section presents a detailed explanation of the need for
multi-fidelity artificial neural networks (MFANNs) and the
implementation of the current methodology using both low-
fidelity (Xfoil) and high-fidelity (HAM2D) data.

Need for Multi-Fidelity Architecture

The section above explained both LFANNs and HFANNs
architecture for the same training data. From Figure 10, it was
inferred that both LFANNs and HFANNs have the same order
of accuracy. But it is to be emphasized that the predicted
neural network values for both LFANNs and HFANNs (in
Figures 5 and 8) are compared with the corresponding true
values. i.e., Xfoil data from LFANNs and HAM2D data for
HFANNs. As HAM2D is validated for a range of airfoil
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Figure 10: Accuracy of Low-Fidelity and High-Fidelity Arti-
ficial Neural Networks. Comparison of predicted drag coeffi-
cient from LFANNs with Xfoil and HFANNs with HAM2D.
Mach number = 0.3, Reynolds number = 2 Million

geometries and freestream conditions [18], a comparison of
Xfoil with HAM2D for the baseline airfoils is also presented
in this paper to evaluate the deviation of Xfoil from HAM2D.

Figure 11 shows the comparison of the lift curve for the
baseline airfoils using Xfoil and HAM2D simulations at
Mach 0.3. We see a slight deviation of Xfoil data from
HAM2D especially in the non-linear leg of the lift curve. But
Xfoil overall captures the trend of the HAM2D data. Unlike
the lift curve, the drag curve is significantly different from
Xfoil as compared to HAM2D as shown in Figure 12. Xfoil
underpredicts Cd for all the airfoil geometries for all values
of angles of attack. The Xfoil prediction isn’t accurate in the
linear-leg and worsens in the near-stall and post-stall regions.
A similar comparison of L/D is also presented in Figure 13.

Figure 11: Comparison of lift curve of baseline airfoils gener-
ated from Xfoil and HAM2D. Mach number = 0.3, Reynolds
number = 2 Million

Figure 12: Comparison of drag curve of baseline airfoils
generated from Xfoil and HAM2D. Mach number = 0.3,
Reynolds number = 2 Million

Figure 13: Comparison of lift-to-drag ratio of baseline air-
foils generated from Xfoil and HAM2D. Mach number = 0.3,
Reynolds number = 2 Million

A comparison of L/D is also presented in Figure 14 for
SC1095 airfoil at Mach 0.3 for both Xfoil and HAM2D
simulations. As expected, Xfoil overpredicts L/D for all
angles of attack (as Cd is underpredicted by Xfoil). The
maximum L/D for SC1095 airfoil as given by HAM2D is
close to 75 whereas Xfoil predicts maximum L/D to be
greater than 78. The angle of attack at maximum L/D also
changes significantly for Xfoil as shown in Figure 14. From
these studies, the following can be concluded.

1. Xfoil is significantly faster than HAM2D and predicts Cl
with reasonable accuracy.

2. The Cd prediction by Xfoil is significantly different from
HAM2D simulations and almost all the cases are under-
predicted by Xfoil.

3. The comparison of L/D for Xfoil and HAM2D is signif-
icantly different.
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Figure 14: Comparison of lift-to-drag ratio of SC1095 air-
foil generated from Xfoil and HAM2D. Mach number = 0.3,
Reynolds number = 2 Million

4. Xfoil is orders of magnitude faster than HAM2D but has
poor accuracy.

From the above conclusions, we can infer that Xfoil is faster
but has poor accuracy and HAM2D is very accurate but is
computationally expensive. Therefore, there is a need for a
neural network architecture which uses a lot of data from
Xfoil (computationally cheaper) and less data from HAM2D
(accurate) such that the predicted performance polar from the
neural network is close to HAM2D.

Predictor-Corrector Multi-fidelity Neural Network Archi-
tecture

In this section, we present a novel way of combining data
from low-fidelity (Xfoil) and high-fidelity (HAM2D) codes
and use them to train a multi-fidelity (combination of low and
high fidelity data) neural networks to predict aerodynamic
quantities of interest (Cl , Cd and Cm).

Figure 15 presents the overall working of MFANNs ar-
chitecture. As shown in Figure 15, there are two separate
artificial neural networks (ANNs) in this framework. These
two ANNs act as predictor and corrector algorithms. The first
network, highlighted in red is low-fidelity artificial neural
networks (LFANNs) trained using Xfoil data for 560 airfoil
geometries. Since Xfoil predictions aren’t very accurate, a
corrector ANNs is used in series with the predictor. MFANNs
is used as a corrector network which takes airfoil geometry
and performance polar predicted from LFANNs as inputs
and gives polar closer to HAM2D as output. MFANNs is
highlighted in green in Figure 15. LFANNs is pre-trained
and frozen such that the weights of LFANNs don’t change
while training MFANNs. The loss function of MFANNs is
explained by Equation 10, where P represents high-fidelity
polar. Equation 11 shows the mapping of airfoil CST coef-
ficients to performance polar, where OMFANN represents the

output from MFANNs, f unccorrector represents the corrector
function from trained MFANNs. It is to be emphasized that
f uncLFANN is the predictor function. The hypothesis behind
a predictor-corrector architecture is that XFOIL predicts the
performance polar with some reasonable accuracy, which
is done by LFANNs. The corrector part of the MFANNs
architecture then maps the XFOIL predicted polar to HAM2D
predicted polar, and this requires a lesser number of training
airfoils from high-fidelity code.

JMFANN =
1

#Train ∑
Train

(P̂True − P̂Predicted)
2 (10)

OMFANN = f unccorrector(CST + f uncLFANN(CST )) (11)

To validate the hypothesis, a comprehensive study on the
number of airfoil geometries required for MFANNs is also
performed. From the existing 560 airfoil geometries, a
reduced number of high-fidelity cases are randomly chosen to
train MFANNs. The objective of this exercise is to determine
the least number of airfoils required to train MFANNs without
compromising the accuracy of the model. Therefore, 1/2nd,
1/3rd, 1/4th, 1/5th, 1/6th, 1/10th, 1/15th and 1/20 cases are
randomly chosen to train the MFANNs from the pool of 560
airfoil geometries at each Mach number. The comparison of
predicted drag polar for all these cases is presented in Figure
16. As seen in Figure 16, the accuracy of all the cases looks
similar. To quantitatively illustrate the number of reduced
cases required for MFANNs, the root mean square error of
Cd for all 8 cases is compared in Table 2. As can be seen
from Table 2, the accuracy decreases with a reduction in the
number of cases. The RMSE error of minimum Cd for 1/15th
and 1/20th cases increases significantly as shown in the table,
and therefore, 1/10th of high-fidelity (HAM2D) cases is
considered optimal, which are used to train the MFANNs for
all further studies.

The envelope of airfoil geometries used to train LFANNs is
presented in Figure 17 which has 560 perturbation airfoils.
The envelope of one-tenth airfoil geometries used to train
MFANNs is also presented in Figure 18. From these Figures,
it can be inferred that the number of cases as well as the
envelope of airfoil geometries for training multi-fidelity
architecture is much smaller than the total number of cases
used to train LFANNs, which is essential to reduce the
computational cost of data generation using high-fidelity
code (HAM2D). Similarly, the envelope of Cl , Cd and Cm for
training the LFANNs and MFANNs (with one-tenth cases)
are presented in Figures 19, 20 and 21.

The comparison of predicted Cd from MFANNs for Mach
number of 0.7 is presented in Figure 22. From this figure, it
can be seen that MFANNs overall capture the drag polar very
accurately even for higher Mach number. This is particularly
interesting because many cases are transonic for Mach
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Figure 15: Architecture of Multi-Fidelity Artificial Neural Network (MFANNs). Inputs: Airfoil geometry and low-fidelity
(Xfoil) polar; Outputs: High-fidelity (HAM2D) polar

Table 2: Comparison of accuracy of MFANNs for varying numbers of high-fidelity cases

Number of High-Fidelity Cases per Mach number RMSE of Cd RMSE for minimum Cd in drag counts

17360 (Total) 1.57×10−3 0.441
8680 ( 1/2nd) 2.41×10−3 0.532
5797 ( 1/3rd) 2.78×10−3 0.711
4340 ( 1/4th) 2.89×10−3 0.944
3720 ( 1/5th) 3.21×10−3 1.910
2790 ( 1/6th) 3.35×10−3 2.212
1736 ( 1/10th) 3.56×10−3 2.184
1157 ( 1/15th) 5.65×10−3 3.672
868 ( 1/20th) 6.41×10−3 10.567

Figure 16: Comparison of accuracy of Multi-Fidelity Artifi-
cial Neural Networks (MFANNs) for varying number of high-
fidelity cases. Comparison of predicted drag coefficient from
MFANNs with the true value (HAM2D). Mach number = 0.5,
Reynolds number = 3.333 Million

0.7 and the use of predictor-corrector type multi-fidelity
architecture ensures that the model is accurate even for higher
Mach numbers. The predictions for lower Mach numbers
show a similar trend. Figure 23 shows a comparison of the
predicted drag coefficient from HFANNs with 1/10th cases
(same as MFANNs) and the RMSE of Cd is more than twice
than that of MFANNs (Table 2). It is inferred from Figure

Figure 17: Visualization of the spread of airfoil geometries for
560 airfoils used to train low-fidelity artificial neural networks
(LFANNs)

23 that 1/10th high-fidelity cases aren’t good enough to train
the HFANNs and have a much higher mean error as well
as a wider spread of error. This exercise re-validates our
hypothesis of using a predictor-corrector-based MFANNs
architecture to reduce the number of high-fidelity cases
without compromising the accuracy of the model. The
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Figure 18: Visualization of the spread of airfoil geometries for
56 airfoils (1/10 of 560) used to train multi-fidelity artificial
neural networks (MFANNs)

Figure 19: Visualization of variation in the envelope of lift
coefficient. Red: 560 airfoils simulated with Xfoil, Blue 56
airfoils simulated with HAM2D

comparison of performance polar for baseline SC1095 airfoil
is also presented in Figures 24, 25 and 26, which shows the
accuracy of MFANNs architecture for standard rotorcraft
airfoil. Some observations from the MFANNs architecture
are listed below:

1. A predictor-corrector type multi-fidelity framework
works efficiently and accurately to predict airfoil perfor-
mance polar with significantly lesser high-fidelity train-
ing data (1/10th).

2. Both LFANNs and HFANNs have the same order of ac-
curacy as that of MFANNs.

3. Xfoil predicts Cl with reasonable accuracy but the pre-
diction of Cd has a higher error and therefore requires a
correction.

Figure 20: Visualization of variation in the envelope of drag
coefficient. Red: 560 airfoils simulated with Xfoil, Blue 56
airfoils simulated with HAM2D

Figure 21: Visualization of variation in the envelope of pitch-
ing moment coefficient. Red: 560 airfoils simulated with
Xfoil, Blue 56 airfoils simulated with HAM2D

Figure 22: Comparison of accuracy of Multi-Fidelity Arti-
ficial Neural Networks (MFANNs) with 1/10th high-fidelity
cases. Comparison of predicted drag coefficient from
MFANNs with the true value (HAM2D). Mach number = 0.7,
Reynolds number = 4.667 Million
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Figure 23: Comparison of accuracy of High-Fidelity Artificial
Neural Networks (HFANNs) with 1/10th high-fidelity cases.
Comparison of predicted drag coefficient from HFANNs with
the true value (HAM2D). Mach number = 0.7, Reynolds num-
ber = 4.667 Million

Figure 24: Comparison of predicted lift coefficient for
SC1095 airfoil from MFANNs with the true value (HAM2D).
Mach number = 0.3, Reynolds number = 2 Million

Figure 25: Comparison of predicted drag coefficient for
SC1095 airfoil from MFANNs with the true value (HAM2D).
Mach number = 0.3, Reynolds number = 2 Million

Figure 26: Comparison of predicted pitching moment coef-
ficient for SC1095 airfoil from MFANNs with the true value
(HAM2D). Mach number = 0.3, Reynolds number = 2 Mil-
lion

Sensitivity Analysis of Multi-fidelity Neural Network Ar-
chitecture

As explained in the section above, 1/10th of the high-fidelity
data is used for training multi-fidelity neural networks
(MFANNs). In this section, a comprehensive study of the
number of high-fidelity cases and the corresponding error
distribution of predicted drag coefficient is presented. As
shown in Figure 16, the accuracy of MFANNs with 1/10th
high-fidelity case is the same as that of all other cases (1/2nd
to 1/6th), and therefore, for all further studies, 1/10th high-
fidelity cases were used to train MFANNs. The root mean
square error (RMSE) for all 6 cases is presented in Table 2
which also demonstrates the usability of 1/10th high-fidelity
cases for MFANNs training. A comparison of the mean error
of Cd for these 6 cases is presented in Figure 27. As expected,
the maximum error is in the extreme angles of attack (both
positive and negative). The error is of the same order for all
the cases but increases as the number of high-fidelity cases is
reduced. Figure 28 also presents a comparison of mean error
in Cd for non-vectorized implementation. A non-vectorized
implementation corresponds to the neural networks architec-
ture where angle of attack is taken as input and single values
Cl , Cd and Cm (at each angles of attack) are used as outputs
instead of the entire performance polar. As seen in Figure
28, the error distribution for non-vectorized implementation
is highly non-uniform even in the linear leg. The magnitude
of error is also higher than the vectorized implementation.
This also validates the use of vectorized implementation
for MFANNs. Similarly, Figure 29 presents a comparison
of the envelope of mean +/- standard deviation for three
cases (1/2nd, 1/5th and 1/10th). It can be seen from Figure
29 that the envelope of 1/5th and 1/10th cases is similar
with the same area under the envelope. This also demon-
strates that the reduction of the number of high-fidelity cases
from 1/5th to 1/10th doesn’t impact the accuracy of MFANNs.

The 1/10th high-fidelity cases to train the MFANNs are
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Figure 27: Mean Error distribution of predicted drag co-
efficients with MFANNs for a varying number of training
data with vectorized implementation. Mach number = 0.5,
Reynolds number = 3.333 Million

Figure 28: Mean Error distribution of predicted drag coef-
ficients with MFANNs for one-tenth training data with non-
vectorized implementation. Mach number = 0.5, Reynolds
number = 3.333 Million

Figure 29: Envelope of Mean Error and standard deviation
distribution of predicted drag coefficients with MFANNs for
a varying number of training data with vectorized implemen-
tation. Mach number = 0.5, Reynolds number = 3.333 Million

chosen randomly from the pool of 560 airfoil geometries. To
verify that there is no bias while selecting the high-fidelity
cases from 560 airfoil geometries, 5 random seeds are used
to randomly select 1/10th high-fidelity cases. The MFANNs
is trained for all these cases separately and the predicted
drag coefficient is compared with the true drag coefficient
(HAM2D) in Figure 30. As seen in Figure 30, 5 samples
represent 5 different random selections of 1/10th high-fidelity
cases from 560 airfoils. All 5 samples have the same accuracy
and similar scatter. The comparison is shown from Mach 0.5,
but the results are similar for all other Mach numbers.

Figure 30: Comparison of accuracy of Multi-Fidelity Artifi-
cial Neural Networks (MFANN) for one-tenth training data
with multiple combinations of randomly selected data. Com-
parison of predicted drag coefficient from MFANNs with the
true value (HAM2D). Mach number = 0.5, Reynolds number
= 3.333 Million

DATA PREPROCESSING AND NEURAL
NETWORK TRAINING

Data preprocessing is an important step before training the
neural networks. For LFANNs, airfoil CST coefficients are
inputs and low-fidelity (Xfoil) performance polar are outputs,
and similarly, for MFANNs, airfoil CST coefficients and
low-fidelity performance polar are inputs and high-fidelity
(HAM2D) performance polar are outputs. Therefore, there
are three sets of data, i.e., airfoil CST coefficients, low-fidelity
performance polar and high-fidelity performance polar.

As discussed in the airfoil parametrization section, the airfoil
is parametrized using the Chebyshev polynomials as shape
functions which are near-orthogonal. Therefore, airfoil
CST coefficients are only scaled using mean and standard
deviation without having to perform Proper Orthogonal
Decomposition (POD). Unlike airfoil CST coefficients, the
performance polar (both low-fidelity and high-fidelity) are
non-orthogonal and are transformed using POD after scaling.
The dimension of transformed performance polar is reduced
ensuring that 99 % of the explained variance is retained.
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After reducing the dimension, Cl is transformed from 31
dimensions to a 10-dimensional vector, Cd from 31 to an
18-dimensional vector and Cm from 31 to an 8-dimensional
vector. The transformed CST coefficients and performance
polar are used to train both LFANNs and MFANNs, and
the loss function is defined using the transformed polar to
minimize bias.

Both neural networks are trained using Keras which is a high-
level API of TensorFlow (Ref. [21]). The hyperparameters
of both LFANNs and MFANNs are optimized using a grid-
search algorithm. The hyperbolic tangent activation function
is used in all neurons. The data is split into training (54
%), test (30 %) and validation sets (16 %). Both networks
(LFANNs and MFANNs) are trained to 5000 epochs and con-
vergence of loss is monitored to ensure that there is no over-
fitting or underfitting. The comparison of loss with epochs is
presented in Figures 31 and 32. As seen in Figures 31 and
32, the validation loss is very close to the training loss and
there is no overfitting. Standard L2 regularization is also im-
plemented to minimize overfitting, the details of which is ex-
plained in Equation 12. The details of the number of neurons
and hidden layers are mentioned below:

Figure 31: Comparison of convergence of loss for both train-
ing and validation data for Multi-Fidelity Artificial Neural
Networks (MFANN)

Regularized Loss = Original Loss+λ × ∑
#n

w2

(12)

1. LFANNs: 20(Inputs)-20-30-50-70-36(Outputs)

2. MFANNs: 56(Inputs)-20-20-20-36(Outputs)

AIRFOIL OPTIMIZATION USING GENETIC
ALGORITHM WITH MFANNS

The MFANNs architecture can be used as an approximate
function evaluation and can be combined with an opti-
mization algorithm to optimize airfoil geometry for a given

Figure 32: Comparison of convergence of log(loss) for both
training and validation data for Multi-Fidelity Artificial Neu-
ral Networks (MFANN)

target performance polar. In this section, we use Genetic
Algorithms (GA) [22] with multi-fidelity artificial neural
networks (MFANNs) at Mach 0.3 to optimize airfoil geome-
try to improve lift-to-drag ratio (L/D) of the airfoil without
changing the lift coefficient.

Figure 33 shows the steps involved in the optimization pro-
cess using GA, an evolutionary global optimization algorithm
inspired by the process of natural selection. The input de-
sign variables are evaluated for a defined objective function
and these design variables iteratively evolve through selection,
crossover and mutation to explore the solution space. The
best-performing design survives in each generation to find a
global optimum in the design space.

Equation describes a least squares objective function which
is used to arrive at the best-performing airfoil geometry using
GA and MFANNs. It is again emphasized that the pre-trained
MFANNs architecture is used as a function evaluation in the
optimization loop. The values of (λi) are used to tune the
relative importance of each parameter and remove any bias
by scaling all three parameters (Cl , Cd and Cm) to be in the
same order of magnitude. There are 20 design variables (air-
foil CST coefficients). For each of them, GA arrives at an op-
timal airfoil with an initial randomly distributed population of
size 32, continuous random variables for crossover and a 10%
mutation rate to ensure diversity in the design space. A to-
tal of 500 generations are performed and the best-performing
design is chosen at the end of the last generation.

JGA = λ1
∥∥cl−cl,target

∥∥2
2+λ2

∥∥cd − cd,target
∥∥2

2+λ3
∥∥cm−cm,target

∥∥2
2

The objective of the airfoil optimization problem is to improve
the L/D of SC1095 airfoil by 5% for all angles of attack with-
out changing the lift and moment polar. The maximum thick-
ness of the airfoil is allowed to vary between 8.5% - 10.5%.
The GA algorithm explained above is used with MFANNs as
an evaluation function to optimize the airfoil. Figure 34 shows
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Figure 33: Genetic algorithms methodology and sequence of steps

the comparison of optimized airfoil geometry and the corre-
sponding L/D polar. As seen in Figure 34a, the optimized
airfoil becomes thicker (t/c = 10.3%) but remains within the
defined thickness bound. There is an increase of maximum
L/D by 4% than the baseline as seen in Figure 34b. This op-
timization problem is a sample test case to demonstrate the
applicability of MFANNs for solving the airfoil optimization
problem in addition to the airfoil polar prediction.

COMPUTATIONAL COST

The main objective of using a multi-fidelity framework is to
reduce the computational cost of data generation without com-
promising on accuracy. The details of the computational cost
associated with generating both high and low-fidelity data
at multiple Mach numbers and training both LFANNs and
MFANNs are presented in Table 3. It can be seen from Ta-
ble 3 that the total time taken to generate low-fidelity perfor-
mance polar for 560 airfoils at 31 angles of attack and 5 Mach
number (86,800 cases) is close to 15 hours on a single core
machine, which is less than 1 second per case. Unlike Xfoil,
it takes HAM2D around 338,000 core hours to generate the
training data for 560 airfoils at 5 Mach number and 31 angles
of attack. This is a significantly larger number and requires
a lot of computational resources, and can sometimes become
impractical. Using MFANNs reduces the computational cost
by 1/10th for generating high-fidelity (HAM2D) performance
polar and it takes about 33,800 core hours to generate high-
fidelity (HAM2D) data for training MFANNs. Once training
data is generated, it takes about 12 minutes to train LFANNs
and 1.2 minutes to train MFANNs.

CONCLUSION AND FUTURE WORKS

Conclusions

The current study provides a novel multi-fidelity artificial
neural network architecture which works like a predictor-
corrector algorithm to map airfoil geometry with performance
polar. A neural network trained on low-fidelity (Xfoil) data

is treated as a predictor which gives an initial prediction
of performance polar. This network is trained on a lot
of low-fidelity data which are computationally cheaper to
generate (4 orders cheaper than high-fidelity (HAM2D)). A
multi-fidelity artificial neural network (MFANNs) is trained,
which works like a corrector algorithm and maps low-fidelity
data to high-fidelity (HAM2D) data with a much lesser
number of training data (1/10th) without compromising on
the accuracy of the model (RMSE of minimum Cd = 2.184
drag counts).

The current study also presents a comparison of the aero-
dynamic performance polar for low-fidelity (Xfoil) and
high-fidelity (HAM2D) codes. This comparison shows the
limitation of low-fidelity (Xfoil) code in predicting drag
coefficient at all Mach and Reynolds numbers.

A detailed study on the number of high-fidelity (HAM2D)
data required for training MFANNs is also presented. This
allows using much lesser (1/10th) high fidelity (HAM2D)
data without compromising on the accuracy of the model.
The computational cost of generating data for the multi-
fidelity network is reduced by one-tenth as compared to the
high-fidelity trained neural networks.

The multi-fidelity artificial neural network (MFANNs) is
combined with Genetic Algorithms (GA) to optimize SC1095
airfoil geometry to improve the lift-to-drag ration without
changing lift and moment polar. This exercise demonstrates
the applicability of MFANNs architecture for solving airfoil
optimization problems.

Potential Extensions of the Current Study

The current multi-fidelity architecture can be extended to
perform inverse design of airfoils. This can be a robust
multi-fidelity inverse-design framework to design airfoils for
a required performance polar. The inverse design architecture
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(a) Airfoil geometry comparison (b) L/D polar comparison

Figure 34: Comparison of optimized airfoil geometry (from GA + MFANNs) and the corresponding L/D polar with the baseline
SC1095 airfoil.

Table 3: Comparison of computational cost for generating performance parameters using CFD, Neural Networks training and
evaluation

Computational Exercise Computational Cost (hours)

Xfoil Training Data Generation for LFANN 15
HAM2D Training Data Generation for HFANN 338,000
HAM2D Training Data Generation for MFANN 33,800
Train LFANN 0.20
Train MFANN 0.02
CFD Simulation for Single Airfoil at 1 Mach number 1.30
Evaluate Single Airfoil using ANNs 1.34×10−7 (milliseconds)

can then be integrated with Blade Element Momentum
Theory (BEMT) code to optimize rotor blades.

The current multi-fidelity framework is only trained on
fully turbulent cases. As a continuation of this study,
transition cases and low Reynolds number cases can also
be included. A detailed study on uncertainty quantification
for predictor and corrector architecture can also be performed.

The current MFANNs architecture allows for the addition of
higher fidelity in series, and therefore, some experimental
data can also be included as corrector-2 in the MFANNs
architecture. This will ensure that the output from MFANNs
isn’t only close to the high-fidelity (HAM2D) data, but also
close to the experiments.
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