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Accurate and fast prediction of aerodynamic noise has always been a research hotspot in fluid mechanics and aeroa-
coustics. The conventional prediction methods based on numerical simulation often demand huge computational resources,
which are difficult to balance between accuracy and efficiency. Here, we present a data-driven deep neural network (DNN)
method to realize fast aerodynamic noise prediction while maintaining accuracy. The proposed deep learning method can
predict the spatial distributions of aerodynamic noise information under different working conditions. Based on the large
eddy simulation turbulence model and the Ffowcs Williams–Hawkings acoustic analogy theory, a dataset composed of 1216
samples is established. With reference to the deep learning method, a DNN framework is proposed to map the relationship
between spatial coordinates, inlet velocity and overall sound pressure level. The root-mean-square-errors of prediction are
below 0.82 dB in the test dataset, and the directivity of aerodynamic noise predicted by the DNN framework are basically
consistent with the numerical simulation. This work paves a novel way for fast prediction of aerodynamic noise with high
accuracy and has application potential in acoustic field prediction.

Keywords: aerodynamic noise prediction, deep neural network, aeroacoustics
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1. Introduction
Predicting the aerodynamic noise is of great signifi-

cance for engineering fields of aeroacoustics and fluid me-
chanics. Besides expensive and complicated experiments,
numerical simulation is also a general aerodynamic noise
prediction method. With the development of aeroacous-
tics theory and computer science technology, methods based
on computational fluid dynamics (CFD) and computational
aeroacoustics (CAA) can solve flow problems numerically,
predict acoustic fluctuations and simulate far-field acoustic
propagation.[1–5] However, these methods are accompanied
by some harsh requirements,[6] such as a good-quality time
marching scheme, a suitably designed computation grid, and
a set of radiation/outflow numerical treatments for use at the
boundaries of the computation domain. These requirements
demand enormous computing resources, which seriously af-
fect the efficiency of aerodynamic noise prediction. The sound
pressure level and directivity of far-field noise are the focus of
research in practical engineering applications. Therefore, the
establishment of a fast and accurate method to predict these
attributes is of great significance to aeroacoustics prediction.

With the rapid development of data science, data-driven
machine learning methods have the potential to augment or
replace the expensive high-fidelity analyses with less expen-
sive approximations. So far, machine learning has been
widely used in the fields of fluid mechanics,[7–13] nonlinear

dynamics,[14–17] and materials science and engineering.[18–22]

Sekar et al.[10] presented a data driven approach for the pre-
diction of incompressible laminar steady flow field over air-
foils based on the combination of deep Convolutional Neu-
ral Network and deep Multilayer Perceptron. Pathak et al.[15]

used a parallel reservoir computing approach to predict large
spatiotemporal chaotic systems. Ye et al.[20] proposed a ma-
chine learning based approach to predict the effective elastic
properties of composites with arbitrary shapes and distribu-
tions of inclusions. In recent years, researchers have also be-
gun to explore the application of machine learning in aeroa-
coustics. Tao et al.[23] introduced artificial neural network
to airframe noise reduction design, which achieved a signifi-
cant airframe noise reduction effect and excellent aerodynamic
performance simultaneously. Sanaye et al.[24] launched a ge-
netic algorithm-based multi-objective optimization scheme to
improve the efficiency of small wind turbine airfoil noise re-
duction design. Li et al.[25] developed a data-driven fast-
predicting model of rotorcraft trailing-edge broadband noise,
which can predict noise for the overall sound pressure level
from basic rotor parameters. Nevertheless, the deep neural net-
work (DNN) method for fast and accurate prediction of aero-
dynamic noise still needs further development.

In this paper, we develop a data-driven DNN framework
for fast prediction of aerodynamic noise induced by the flow
around a cylinder. The framework can predict noise for the
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overall sound pressure level (OASPL) under different inlet
velocity and receiver’s spatial coordinates. The database for
the network learning is generated using numerical simulation
by solving Navier–Stokes equations and Ffowcs Williams–
Hawkings (FW–H) acoustic analogy equations. Taking the
receiver’s spatial coordinate (x, y) and inlet velocity U∞ as in-
puts and OASPL as output, a neural network containing six
fully connected layers is proposed with high consistency be-
tween prediction and the target OASPL. Moreover, the net-
work shows good robustness, in extrapolate work conditions,
the errors of prediction are below 0.82 dB. The directivity
of aerodynamic noise predicted by the framework are basi-
cally consistent with the numerical simulation. Compared
with traditional numerical methods, the trained DNN frame-
work can get the results in only a few milliseconds, which
greatly improves the efficiency of aerodynamic noise predic-
tion. This work paves a novel way for fast prediction of aero-
dynamic noise with high accuracy and has application poten-
tial in acoustic field prediction.

2. Theory model and numerical simulation
2.1. Theory model

In aerodynamic noise simulation, the acoustic analogy
method is often used for OASPL and spectrum prediction of
far-field noise. Here, the FW–H acoustic analogy theory[26]

is introduced in the numerical simulation, and the Lighthill
equation[27,28] is obtained through the equivalent transforma-
tion of the Navier–Stokes equation:

∂ρ

∂ t
+

∂ρui

∂yi
= 0, (1)

∂ρui

∂ t
+

∂ (ρuiu j + pδi j + ei j)

∂y j
= 0, (2)

where ui represents the velocity vector component, yi repre-
sents displacement vector component of the sound source, ρ

is the density of the fluid, p is the pressure of the fluid, ei j is
the fluid viscous stress tensor, and t respects the time it takes
for the sound wave to travel to the observer.

∂ 2ρ ′

∂ t2 − c2
0∇

2
ρ
′ =

∂ 2Ti j

∂yi∂y j
, (3)

ρ
′ = ρ−ρ0, (4)

Ti j = ρuiu j− ei j +δi j (p− p0)− c2
0δi j (ρ−ρ0) , (5)

Ti j is the Lighthill stress tensor. The key idea of this theory is
to use an acoustically equivalent source term to represent the
complicated noise generation process so that the acoustic field
can be described by solving the wave equation with the source
term.

Using methods of Green function transformation, fur-
ther considering the interaction between the moving solid sur-
face and the fluid, FW–H acoustic analogy equation can be

obtained[26]
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where c0 is sound speed in the far-field, R is the geometric dis-
tance between the sound source and the sound field point, Fi is
the external force, S(τ) and V (τ) are the surface area and the
volume of the entire space except for the solids, Vc(τ) is the
solid volume, vi and a j are the velocity and acceleration vec-
tor component of the moving solid in the ζ coordinate system,
xi represents displacement vector component of the observer,
Mar is the projection of the moving Mach number of the ob-
server direction, and [ ]

τ=τe
symbol indicates that the quantity

in parentheses will be computed at ζ coordinate system and
delay time τe.

Finally, in order to obtain OASPL, equation of state is
used to construct the relationship between sound pressure and
ρ ′:

p( f ) = c2
0ρ
′. (7)

Fast Fourier transform (FFT) is performed on the sound pres-
sure, the value of OASPL can be obtained according to

SPL( f ) = 20lg
(

p( f )
pref

)
, (8)

OASPL = 10lg

(
fmax

∑
fmin

100.1SPL( f )

)
. (9)

Here, f is the frequency, pref = 2× 10−5 Pa is the reference
sound pressure. fmin = 20 Hz and fmax = 20 kHz are the lower
and upper limit of the studied sound frequency, respectively.

2.2. Numerical simulation

Aerodynamic noise induced by the flow around a cylinder
is a common problem in aerospace, navigation, wind engineer-
ing and other practical projects.[29,30] The aerodynamic noise
characteristics of the flow around a cylinder is one of the fac-
tors that must be considered in engineering design and is also
the basis of noise reduction design. Referring the experimental
model conducted by Revell et al.,[31] we carried out numerical
simulation through CFD. The two-dimensional numerical sim-
ulation physical model of aerodynamic noise generated by the
flow around a cylinder we established is shown in Fig. 1. The
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diameter of the cylinder is 19 mm, left boundary is set as the
velocity inlet and U∞ = 69.2 m/s, and the right boundary is set
as the pressure outlet. The upper and lower boundary are set
as the symmetry. Smagorinsky–Lilly model of large eddy sim-
ulation is used in numerical simulation. The fluid medium is
an incompressible ideal gas with a temperature of 300 K and a
viscosity of µ = 1.7894×10−5 kg/(m·s). The calculated time
step is set as 5× 10−6 s. In order to verify the correctness of
the numerical simulation method, we further carried out the
numerical simulation of the aerodynamic noise generated by
the flow around the cylinder with reference to the experiments
of Li et al.[32] As shown in Table 1, the first two rows repre-
sent the comparison of the numerical simulation results with
the experimental results of Revell et al., and the last three rows
represent the comparison of the numerical simulation results
with the experimental results of Li et al. All the relative errors
of the OASPL are less than 4%, which verifies the correctness
of our numerical simulation method.

Table 1. Comparison of the OASPL obtained by experiments and numerical
simulations.

Receiver U∞ Experiment Simulation Relative error
(m) (m/s) (dB) (dB) (%)

(0,−0.665) 69.2 117.0 115.3 1.479
(0,−2.432) 69.2 100.0 104.0 3.985
(0,−2) 60 105.0 102.8 2.095
(0,−2) 80 112.5 109.6 2.578
(0,−2.5) 50 98.0 96.2 1.837

x

y

R

R

R

R=19 mm

R

Velocity-inlet
Pressure-outlet

Symmetry

Cylinder

(0,0)
U
∞

Fig. 1. The two-dimensional numerical simulation physical model of aero-
dynamic noise generated by the flow around a cylinder.

3. Deep learning framework of aerodynamic
noise prediction
The fundamental idea of the conventional prediction

methods is to simulate unsteady flow and calculate the flow
field information, including the space distributions of pressure,
velocity and density by CFD, then CAA is used to extract the
sound source information according to the CFD calculation
results to solve the problem of acoustic radiation and propaga-
tion. The result of conventional prediction methods is mainly
related to the construction of the geometric model, the setting
of boundary conditions and initial conditions, the selection of

calculation domain, and so on. The mapping relationship be-
tween the results and initial conditions, boundary conditions,
geometric models and calculation domain is highly nonlin-
ear. In recent years, deep learning has shown great applica-
tion potential in nonlinear regression problems. Theoretically,
a three-layer neural network can approximate any nonlinear
function. Therefore, we try to introduce deep learning into
aerodynamic noise prediction to replace traditional numerical
simulation methods.

Here, we provide a deep learning method for aerody-
namic noise prediction. The mapping relationship between
input and output is constructed by DNN framework, so as to
realize the rapid prediction of aerodynamic noise. As shown
in Fig. 2, the method is divided into input module, nonlinear
mapping module and output module. The function of the input
module is mainly to provide input information for the method,
including initial conditions, geometric models and calculation
domain. Nonlinear mapping module is the core, which con-
sists of several fully connected layers with a number of neu-
rons in each layer, the number of neurons and hidden layers
can be adjusted according to the complexity of the prediction
problem. The first layer operates by constructing linear com-
bination of the input module features and outputs the trans-
formed features via a nonlinear activation function. The trans-
formed output of the first layer is received by the second layer,
and the operation continues layer by layer until the last layer,
which connects the output module. In this way, the given in-
put module features are mapped to the output module features
in steps through a series of mappings. It is the main training
part of the method and contains a lot of weights and biases.
Finally, the output module provides the aerodynamic noise in-
formation we need.

Initial 

conditions

Geometric 

models

Calculation 

domain

Aerodynamic noise 

information

Input module Nonlinear mapping module Output module

⋅⋅⋅⋅⋅⋅

⋅⋅⋅⋅⋅⋅

⋅⋅⋅⋅⋅⋅

⋅⋅⋅⋅⋅⋅

⋅⋅⋅⋅⋅⋅

⋅⋅⋅⋅⋅⋅

⋅⋅⋅⋅⋅⋅

Fig. 2. Schematic diagram of the method for aerodynamic noise prediction.

4. Numerical experiments and results

In Section 3, we provide a deep learning method for aero-
dynamic noise prediction. It aims to uncover the hidden rela-
tionship between physical model parameters and the aerody-
namic noise information. Next, we will verify the feasibility of
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the proposed method. We firstly establish a dataset of aerody-
namic noise generated by the flow around a cylinder by CFD
simulation. Taking the receiver’s spatial coordinate (x, y) and
inlet velocity U∞ as input, and the OASPL as output, a neural
network containing six fully connected layers is proposed with
high consistency between prediction and the target OASPL.
Through the numerical experiments, we show that the imple-
mented network can predict the OASPL of noise accurately
within a few milliseconds.

4.1. Data preparation

High-fidelity CFD simulation results will be treated as the
ground truth in our DNN prediction approach. Combined with
the numerical simulation in Subsection 2.2, we only change
the inlet velocity U∞ (m/s) and the receivers’ coordinates (x, y)
of the receivers to create the database. The data set is divided
into two parts: for the first part, the spatial coordinate of 100
receivers are shown in Fig. 3(a), U∞ several values from 10 to
100 (U∞: 10, 20, 30, 40, 50, 60, 70, 80, 90, and 100) are con-
sidered, a total of 1000 cases are created; for the second part,
the spatial coordinates of 36 receivers are shown in Fig. 3(b),
U∞ values are set as 35, 55, 75, 95, 105, and 115, a total of
216 cases are created. Then, the first part is randomly divided
into training and validation dataset in the ratio of 9 : 1; the sec-
ond part is served as test dataset. The receivers of the second
part are designed to demonstrate the directivity of the sound
source and verify the ability of the DNN framework to predict
its directivity.

9

9

3

3

-3

-3

-9

-9

y
 (

m
)

x (m)

135Ο

90Ο

45Ο

0Ο

315Ο

270Ο

225Ο

180Ο
0 (m)

3 (m)

6 (m)

(a) (b)

Fig. 3. (a) The spatial coordinates of receivers (100 red dots) for the train
data. (b) 36 receivers (red dots) are set at equal spacing within a radius of 6
meters for the test data.

4.2. DNN framework and results

Based on above method, as shown in Fig. 4, the DNN
framework is used to predict aerodynamic noise induced by
flow around the cylinder. The (x, y) coordinates and U∞ are
presented as the inputs of the framework; hidden layers con-
sist of four fully connected layers with 500 units in each layer,
Dropout[33] is a structure that can be used to reduce neural
network over-fitting, which is used after every fully connected
layer, and the dropout rate is set as 1%; OASPL serves as the

output. ReLU[34] activation function

f (x) =
{

0, for x < 0,
x, for x≥ 0 (10)

can accelerate the convergence speed of the model, and re-
duce the vanishing gradient problem. We apply it to the im-
plemented DNN framework. Since predicting OASPL is a re-
gression problem, we use the mean square error (MSE) as a
loss function to quantify the difference between the OASPL
predicted by the DNN framework and the ground truth, which
is denoted as follows:

MSE =
1
n

n

∑
i=1

(
OASPLDNN−OASPLCFD)2

, (11)

where n is the batch size. And the parameters of the network
are adjusted by backpropagation algorithm.[35,36] Adam opti-
mizer combines the benefits of AdaGrad (for sparse gradients)
and RMSProp (for online data) and doesn’t need to set step
attenuation, which is used to converge our DNN framework.

Input layer Hidden layers Output layer

x

y OASPL

1% dropout

500 units 500 units 500 units 500 units

U
∞

⋅⋅⋅⋅⋅⋅

⋅⋅⋅⋅⋅⋅

⋅⋅⋅⋅⋅⋅

⋅⋅⋅⋅⋅⋅

Fig. 4. DNN framework used in the prediction of aerodynamic noise induced
by flow around a cylinder.

Iterative adjustments are made using training dataset to
minimize the loss function. The configuration of the com-
puter is Intel(R) Core (TM) i7-4790 CPU @ 3.60 GHz. It
is realized on the Anaconda platform with python version
3.7.9. It is difficult to establish large-scale aerodynamic noise
database because of the heavy workload of numerical simu-
lation method. For the small training samples in this paper,
in addition to adding Dropout structure between neural net-
work layers, we further adopt early stopping technique to pre-
vent over-fitting problems. Compute its performance on the
validation dataset during training of the DNN framework and
stop training when the performance degrades. The root-mean-
square-error (RMSE) of results yielded by the DNN frame-
work in the verification set is 0.99 dB. The results for the
verification set predicted by the DNN framework are plotted
against those generated by CFD simulation in Fig. 5. Those
points are concentrated in the vicinity of the dashed line y = x,
indicating that the proposed DNN framework can perfectly
learn the nonlinear mapping between the coordinate location,
inlet velocity and the OASPL.
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Fig. 5. OASPLs of DNN framework prediction compared with CFD results.
The black line (dashed) is the identity line serving as the reference.

In the first part of the dataset, we only perform a simple
validation of the prediction performance of the DNN frame-
work. To further investigate the learning ability of the model,
it was thoroughly tested with the second part of the dataset.
The results of test dataset demonstrate that the DNN frame-
work works well also for other inlet velocity and receivers that
have not been encountered in the preceding training process.
Meanwhile, the directivity of aerodynamic noise predicted by
the framework is also in good agreement with the results of
CFD simulation, as shown in Fig. 6. Noted that U∞ = 105
and U∞ = 115 are outside the training inlet velocity range, the
DNN model still has good prediction accuracy, which shows
that the trained DNN framework avoids the problem of over-
fitting. In addition, RMSE is served as a test metric for our
DNN model to quantify the predictive performance. Table 2
shows the RMSE of results predicted by DNN framework for
the test dataset. All RMSEs are below 0.82 dB. Furthermore,
we compare the time required by DNN method and traditional
CFD method to predict OASPL at the same receivers under
different inlet velocity conditions. The configuration of the
computer is Intel(R) Core (TM) i7-4790 CPU @ 3.60 GHz.

As shown in Table 3, compared to CFD numerical sim-
ulations, which take thousands of seconds to obtain results,
DNN methods can complete predictions in milliseconds while
maintaining accuracy. The calculation speed differs by four
orders of magnitude, which highlights the advantages of the
DNN approach in terms of computational speed and predic-
tion accuracy.

Table 2. RMSE of results predicted by DNN framework for the test dataset.

U∞ (m/s) 35 55 75 95 105 115

RMSE (dB) 0.58 0.71 0.59 0.54 0.81 0.53

Table 3. Comparison of prediction time between DNN framework and CFD
method.

U∞ (m/s) 35 55 75 95 105 115
CFD (s) 2903 2952 3043 3118 3192 3221
DNN (s) 0.1546 0.1522 0.1571 0.1505 0.1542 0.1552
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DNN90Ο
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180Ο
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0Ο
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Fig. 6. In the test dataset, the prediction results of DNN framework are com-
pared with the results of CFD software. When U∞ (m/s) value equal to 35,
55, 75, 95, 105, and 115, figures of the OASPL values predicted by DNN
framework versus CFD results for 36 receivers are (a), (b), (c), (d), (e), and
(f) respectively.

5. Conclusion
In conclusion, we propose a data-driven DNN method to

tackle the challenge of predicting aerodynamic noise with high
accuracy and efficiency. To verify the feasibility of the pro-
posed method, a two-dimensional model of aerodynamic noise
caused by flow around a cylinder is introduced and the corre-
sponding dataset is built. A DNN framework is judiciously
developed to predict the OASPL of above aerodynamic noise
model. The prediction results show our framework can accu-
rately and efficiently predict the OASPL of aerodynamic noise
with given inlet velocity and calculated domain coordinates.
Meanwhile, the directivity of aerodynamic noise predicted by
the framework is basically consistent with that of numerical
simulation. It is worth noting that only the two-dimensional
case of aerodynamic noise generated by flow around a cylin-
der is discussed in this paper. Different from the aerodynamic
noise problem caused by the flow around a cylinder, when pre-
dicting the aerodynamic noise of irregular bluff bodies such
as aircraft landing gear and automobile rear-view mirrors, we
must consider the flow field and sound field changes caused by
the geometry changes of bluff body. Therefore, the geometric
characteristics of the bluff body become one of the important
characteristics that affect the aerodynamic noise caused by the

064305-5



Chin. Phys. B 31, 064305 (2022)

flow around it. However, unlike the cylinder, the geometric
features of irregular bluff bodies are difficult to be character-
ized by several geometric parameters. Fortunately, convolu-
tional neural networks are widely used in the field of computer
vision due to their excellent feature extraction capabilities. We
can introduce the convolutional neural network (CNN) in the
input module to extract the geometric features of the irregu-
lar bluff body as one of the inputs of the nonlinear module.
Combined with CNN, the proposed DNN method can be eas-
ily extended to predict aerodynamic noise caused by the flow
around more complex geometries. This work provides a novel
way for fast and accurate prediction of aerodynamic noise, and
has application potential in prediction of acoustic field.
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