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A B S T R A C T

This study introduces a novel approach to predict the turbulent flow dynamics around morphing wings, spe
cifically focusing on the flow around an Airbus A320 airfoil at a Reynolds number of 1 million and an angle of 
attack (10◦). The flow exhibits detachment near 70% of the chord. The proposed method uses an extended Proper 
Orthogonal Decomposition (POD) mesh-based approach, accounting for real-time wing deformation according to 
a Travelling Wave (TW) to manipulate flow separation and wake instabilities. The POD is coupled with Machine 
Learning models, particularly Long Short-Term Memory (LSTM), allowing for extension of the Hi-Fi solution over 
a longer physical time rapidly. The results are compared to the High-Fidelity approach. The relative error is less 
than 3% located further downstream in the wake. The study compares several model architectures such as 
standard and Bidirectional LSTM, ultimately proposing a Hybrid model associating a POD reconstruction to the 
best LSTM architecture with both models that demonstrates high accuracy in predicting time averaged and 
unsteady velocity fields based in the wake compared to the other models.

1. Introduction

Global warming, climate change, and environmental pollution have 
become major, interrelated challenges threatening life on Earth. As at
mospheric CO2 accumulates, it traps infrared radiation emitted by the 
planet’s surface, thereby amplifying the greenhouse effect and driving 
global warming (Zandalinas et al., 2021). The European Commission has 
outlined a policy framework aimed at achieving climate neutrality by 
2050, which includes an interim objective of reducing net greenhouse 
gas emissions by 55% by the year 2030 (https://commission.europa. 
eu/energy-climate-change-environment_en). Industry initiatives have 
improved fuel efficiency, yielding up to a 24% reduction in fuel burned 
per passenger between 2005 and 2017. However, these gains have been 
largely offset by the substantial growth in air travel over the same 
period. By 2017, passengers were flying on average 60% farther than 
they did in 2005, diminishing the net environmental benefits of 
improved efficiency. Aviation accounted for approximately 3.8% of total 

EU-28 greenhouse-gas (GHG) emissions in 2017, making it the second- 
largest source of emissions within the transport sector after road trans
port. However, it represented about 13–14% of the transport sector’s 
emissions, which highlights the disproportionate impact of aviation on 
climate despite its relatively smaller share of overall GHG emissions. 
(https://www.eea.europa.eu).

Multiple strategies have been proposed to reduce fuel consumption 
by enhancing the aerodynamic efficiency of aircraft, including the 
development of novel designs and advanced optimization approaches. 
However, achieving these improvements typically relies on high-fidelity 
computational simulations, which demand substantial computational 
resources and access to High-Performance Computing (HPC) in
frastructures. These requirements often limit the pace and cost- 
effectiveness of design exploration. Unsteady high-fidelity simulations 
for turbulent flows are usually time consuming, contain non-linear dy
namics, separations, instabilities, shear-layers and wake development 
such as flows around wings. The optimization of these conditions such as 
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reducing or delaying the separation were investigated by (Truong et al., 
2023). This study has shown a drag decrease. Manipulation of the shear- 
layers leading to reduction of the wake drag and attenuation of in
stabilities leading to an improvement of the wing’s performances have 
been widely studied by the morphing research studies (Tô et al., 2019, 
Simiriotis et al., 2019, and Marouf et al., 2021, 2023). More recently, 
traveling waves for transonic speed under buffet conditions (Abou Khalil 
et al., 2024) has shown that an important reduction of the drag could be 
achieved through the manipulation of the shock wave position under the 
effect of a travelling wave.

Since parametric studies are challenging and time consuming, many 
researchers have focused on developing new simulation models with 
Machine Learning algorithms coupled with High-Fidelity (Hi-Fi) simu
lation to replace traditional models, to conduct optimization with less 
demanding time and faster CFD. Machine Learning has the potential to 
improve CFD and to speed up the Hi-Fi simulations, enhance and 
develop turbulence models, and elaborate a new family of Reduced 
Order Models for several areas such as experimental measurements, flow 
control applications, and other fields. Direct Numerical Simulation 
(DNS) requires a very fine grid to capture all degrees of freedom and to 
resolve all the flow structures with their multi-scale energy distribution.

Deep learning models were proposed to improve the DNS efficiency 
(Bar-Sinai et al., 2019), such as improving high order schemes (Stevens 
and Colonius, 2020a), or by using coarser grids (Li et al., 2020). (Stevens 
and Colonius, 2020b), used full-convolutional with long short-term 
memory (LSTM), (Hochreiter and Schmidhuber, 1997) to enhance the 
accuracy of discretization methods. In the context of Reynolds Averaged 
Navier Stokes (RANS) simulations, recent studies have shown that deep 
learning could be used for RANS modelling and outperforms in some 
cases classical RANS models (Ling et al., 2016, and Kutz, 2017).

Recently, Physics-informed NNs (PINNs) demonstrated their ability 
to solve the RANS equations without any specific model or assumption 
for turbulence and using data on the domain boundaries showing good 
accuracy of Reynolds-stress components (Eivazi et al., 2022). CNNs are 

also used in LES modelling for subgrid-scale (SGS) models (Beck et al., 
2019; Lapeyre et al., 2019). The application of neural networks for high- 
fidelity simulations, such as training models with hundreds of thousands 
or even millions of volume cells for a single parameter such as velocity or 
pressure fields over an extended simulation period, can lead to pro
longed training times. This fact may be impractical for parametric or 
optimization processes.

ROM modelling is employed together with Machine Learning algo
rithms to better improve the Hi-Fi simulations prediction. Proper 
Orthogonal Decomposition (POD) projects high-dimensional non-linear 
simulations data to an orthogonal vector of eigenmodes in a low- 
dimensional level, allowing building the Reduced Order Model 
(ROM). The POD has been applied to turbulent flows by (Lumley, 1967), 
The work of (Sirovich, 1987) developed the separable POD in respect of 
space and time through the snapshot method involving a construction of 
time series matrix, calculation of a correlation matrix and its related 
eigen values and vectors. The objective of construction Reduced Order 
Models (ROMs) is to avoid the resolution of the full system of Navier- 
Stokes equations in intermediate parameters of a large parametric 
space. ROMs have been derived for optimization of flows such as flow 
control systems, because of their low cost of computation and efficiency 
to construct control system. The POD provides spatial and temporal 
modes organized from high to low dominant energy. The use of Machine 
Learning employing various types of Neural Networks (NNs) such as the 
feedforward, conventional and recurrent types promise an important 
achievement together with the POD.

(Mohan and Gaitonde, 2018) considered two-dimensional flows 
using a very short spatial window for training and used a deep learning- 
based approach to build a ROM using the POD basis of canonical DNS 
datasets. (Maulik et al., 2021) proposed a new model based on Con
volutional AutoEncoders (CAE)-LSTM method and compared it to the 
POD Galerkin Projection (GP), they focused on flows without bluff 
bodies, thus excluding shear layers, wake instabilities, and flow sepa
ration, and limited their study to Reynolds numbers up to 4000. (Du 

Fig. 1. Illustration of the Travelling Wave (TW) concept implemented on the so-called “Intermediate Scale − IS” A320 morphing wing prototype of the BEALIVE 
project having a chord of 70 cm, approximately 1/4 of the real swept wing chord near half-span. On the left, presentation of the mesh deformation. (Down): 
presentation of the boundary conditions and the flow domain.
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et al., 2024) employed encoder–decoder architectures based on CNNs 
and Convolutional LSTMs to predict flow fields, without using any POD- 
based reduced-order modelling. The focus of this study is related to the 
application of the Long Short-Term Memory LSTM (Hochreiter and 
Schmidhuber, 1997) due to its predictive ability of time dependent 
systems compared to classical Recurrent NNs. The use of LSTM-POD in 
turbulent flows and their reconstruction with the learning ability of 
LSTM has been shown by (Deng et al., 2019) with experimental time- 
resolved PIV velocity fields. The developed model provided better per
formance with high accuracy and low relative reconstruction errors. A 
comparison between various types of LSTM has shown that over-fitting 
problem is caused for the application of modelling complex sequential 
data for turbulent flow and flow control applications by Mohan and 
Gaitonde (2018). Application to wind farms for unsteady fluid systems 
was proposed by Zhang and Zhao (2020). The developed model was able 
to predict the unsteady turbines wakes with an acceptable error 
compared to the Hi-Fi simulation.

The present study introduces a novel framework for Fluid–Structure 
Interaction (FSI) problems with application to morphing wings, 
combining Proper Orthogonal Decomposition (POD) with Machine 
Learning techniques based on Long Short-Term Memory (LSTM) neural 
networks. The approach enables the prediction of unsteady flow phe
nomena, such as trailing-edge separation and wake dynamics, while 
accounting for the interaction with a deformable wing and real-time 
mesh deformation. The POD methodology is extended to include mesh 
motion. Several LSTM architectures are evaluated and compared to the 
Hi-Fi simulations to assess their accuracy and robustness.

2. Physical parameters

2.1. Case of morphing with traveling wave

Within the framework of the HORIZON-2023-2027-PATHFINDER 
Project N◦ 101129952-BEALIVE-“Bioinspired Electroactive multiscale 
Aeronautical Live skin”, http://horizon-europe-bealive.eu/ and https:// 
cordis.europa.eu/project/id/101129952, our research group is investi
gating the implementation of an innovative “live skin” concept on a 
strategic part of the suction side of the wing. This morphing concept, 
realised experimentally by a high Degree of Freedom (DoF) of piezo- 
actuators, creates a Travelling Wave (TW) actuation mechanism that 
has been implemented in the CFD code NSMB (Navier-Stokes Multi- 
Block, (Vos et al, 1998, Hoarau, 2002)). The mesh deformation is 
handled by Arbitrary Lagrangian Eulerian (ALE), (Donea et al, 1982), as 
illustrated in Fig. 1.

The main parameters of the Travelling Wave (TW) are the frequency, 
amplitude, wavelength and location of the actuation zone. Optimal 
ranges have been determined through a large parametric study (El 
Akoury et al., 2024). In this study, our focus only on a fixed configu
ration with an amplitude (A) of 0.15% of the total chord. The wave
length (λ) is fixed to 8.5% of the total chord close the wavelength of the 
upper shear layer. The actuation frequency is set to 300 Hz, which 
proved optimality from trailing-edge actuations studies (Marouf et al., 
2021). The starting point of the Travelling Wave is set at 30% of the 
chord until the end of the trailing-edge. 

Z(x, t) =

⎧
⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎩

x − x0

x1 − x0
Asin(kx − ωt + ϕ) if x ∈ [x0, x1]

Asin(kx − ωt + ϕ) if x ∈ [x0, x1]

xf − x
xf − x2

Asin(kx − ωt + ϕ) if x ∈
[
x2, xf

]

(1) 

k is the wave number (2π/λ), the ω is the angular frequency (2πftw)
calculated from the imposed wave frequency (ftw). An appropriate 
smoothing has been applied to the extremities of the travelling wave 
between x0 − x1 and x2 − xf to avoid sharp deformation and cells 
distortion.

2.2. Governing equations and turbulence model

The simulations over the A320 aerofoil have been accomplished by 
using the Navier-Stokes Multi Block (NSMB) code, recent development 
of turbulence modelling could be found in Marouf et al. (Marouf et al., 
2025). The Navier-Stokes equations are solved for compressible flows. A 
preconditioning method based on artificial compressibility was 
employed within our compressible solver, NSMB, using the implicit dual 
time-stepping approach combined with the Lower–Upper Symmetric 
Gauss–Seidel (LU-SGS) scheme. For the spatial discretization, a second- 
order central scheme was employed for the diffusive terms, while a 
fourth-order standard central skew-symmetric scheme supplemented 
with artificial dissipation terms (Jameson, 1993) was used for the 
convective terms. The grid resolution ensures that the y+ values remain 
below 0.5 throughout the near-wall region, thereby guaranteeing 
optimal performance of the near-wall turbulence modelling.

The finite volume method is employed on multi-block structured 
grids, using Message Passing Interface (MPI) for parallel simulations. 
The continuity and momentum equations, according to Favre (Favre, 
1983) averaging in respect of the compressibility and in cartesian co
ordinates are expressed in their conservative form as follows: 

∂ρ
∂t

+
∂

∂xi

(

ρũi

)

= 0 (2) 

∂
∂t

(

ρũi

)

+
∂

∂xj

(

ρũjũi

)

= −
∂p
∂xi

+
∂

∂xj

(

τ̃ij − ρũʹ́
j uʹ́

i

)

(3) 

∂
∂t

(

ρẼ +
ρũʹ́

j uʹ́
i

2

)

+
∂

∂xj

(

ρũjH̃ + ũj
ρũʹ́

j uʹ́
i

2

)

=
∂[ũi (̃τij − ρũʹ́

j uʹ́
i )]

∂xj

+
∂(qj − ρũʹ́

j Hʹ́ + τ̃ijuʹ́
i −

1
2

ρ ̃uʹ́
j uʹ́

i uʹ́
i )

∂xj

(4) 

where: 

p = ρrT̃ and ρ̃ui = ρũi (5) 

tij = − ρũʹ́
j uʹ́

i (6) 

tijis the Favre-averaged Reynolds stress tensor.
The turbulence modelling approached used is the organised Eddy 

Simulation (OES) sensitised to capture the coherent structures devel
opment (Braza et al., 2006, Bourguet et al., 2008, Szubert et al., 2015), 
able to predict correctly the coherent structure dynamics and the related 
flow instabilities as presented in the following.

In the configuration shown in Fig. 1, a fixed-velocity inlet is set as an 
inflow condition. The present configuration corresponds to an internal 
(confined) flow that respects the dimensions of the S4 wind tunnel of 
IMFT in which experimental results are conducted too. Regarding the 
walls, both slip and no-slip boundary conditions were tested, and their 
influence on the flow was found to be negligible. The slip condition was 
therefore adopted to avoid resolving boundary layers near the walls, 
which could otherwise slightly affect the flow around the airfoil due to 
the confined geometry (i.e., the small distance between the airfoil and 
the walls). Concerning the computational domain horizontal dimension, 
a careful study was undertaken to avoid any feedback effect from arti
ficial confinement at the outlet boundary, where non-reflecting bound
ary conditions have been used inspired from (Jin & Braza, 1993), 
applied to low subsonic/incompressible flows as well as (Poinsot & Lele, 
1992), for compressible flows formulation.

These facts prevent pressure feedback effects from the outlet 
boundary towards the inner region. Corrections at the outlet, result in a 
smoother residual evolution and improved robustness of the solution 
procedure.

This type of outlet condition is particularly well suited for confined 
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internal flows, where artificial boundaries are introduced and the outlet 
pressure must adapt dynamically to the internal flow development. The 
lateral boundaries are defined as symmetry planes.

2.3. Proper orthogonal decomposition with mesh deformation

To analyse the dynamics of the wake coherent structures and to 
reduce the large number of degrees handled by the Hi-Fi simulations, the 
POD has been applied. The mesh deformation has been handled using 
the Arbitrary Lagrangian Eulerian (ALE) (Donea et al, 1982) to maintain 
a similar mesh topology when the Travelling Wave is activated. The 
solution state vector including the mesh deformation and the flow state 
variables such as velocity and pressure fields is defined as s(x, t) and can 
be written as follows: 

s(x, t) =

⎛

⎜
⎜
⎜
⎜
⎜
⎝

χi(x, t)

ρ(x, t)
vi(x, t)

p(x, t)

⎞

⎟
⎟
⎟
⎟
⎟
⎠

with i = 1, 2, 3 (7) 

where ρ, vi and p are the density, the three components of the velocity, 
and the pressure. A series of snapshots is collected from the Hi-Fi sim
ulations. The state vector is decomposed using Reynolds decomposition 
to the statistical mean and fluctuating part, as follows, where the fluc
tuating part is decomposed through the POD to a series of spatial modes 
multiplied by the temporal coefficients: 

si(x, t) = 〈si(x)〉+ śi(x, t) = 〈si(x)〉+
∑∞

j=1
ϕsi

j (x)a
si
j (t) (8) 

The term śi(x, t) denotes the fluctuation beyond the mean, according 
to the Reynolds decomposition. It is assumed that the flow solution is 
statistically steady. The unsteady part of the state vector in Eq. (8) can 
also be described using time-invariant POD spatial modes ϕsi

j (x) and 
spatially invariant POD temporal modes asi

j (t). The approximated solu
tion of the state vector employs a reduced number of energy dominant 
POD modes ϕsi

j (x) and their associated time coefficients asi
j (t), as illus

trated in the following equation: 

si(x, t) ≈ 〈si(x)〉+
∑NSi

r

j=1
ϕsi

j (x)a
si
j (t) t1 ≤ t ≤ tsn (9) 

A reduced-order solution can be derived for the time interval during 
which snapshots are collected specifically from t1totsn. In this context, 
NSi

r denotes the reduced number of POD modes for si, which may vary for 
each variable of the solution state vector. Here, t1 and tsn represent the 
times of the first and last snapshots, respectively. Let’s R be the two- 
point time-correlation function, defined as follows: 

R(η) =

⎛

⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎝

Rχi
(ti ×tj)
.

.

Rρ
(ti ×tj)
.

.

Rp
(ti ×tj)
.

.

Rv1,2,3
(ti ×tj)

⎞

⎟
⎟
⎟
⎟
⎟
⎟
⎟
⎟
⎟
⎟
⎟
⎟
⎟
⎟
⎠

=
1
Nt

⎛

⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎝

(
(χ1,2,3(x, ti), χ1,2,3

(
x, tj
) )

Ω
.

.(
(ρ(x, ti), ρ

(
x, tj
) )

Ω
.

.(
(p(x, ti), p

(
x, tj
) )

Ω
.

.(
(v1,2,3(x, ti), v1,2,3

(
x, tj
) )

Ω

⎞

⎟
⎟
⎟
⎟
⎟
⎟
⎟
⎟
⎟
⎟
⎟
⎟
⎟
⎟
⎠

(10) 

where Nt represents the number of snapshots used to estimate the time- 
correlation tensor. The subscript (ti × tj) indicated the dimensions of 
each element within the correlation tensor. The correlation tensor R(η)
is determined by solving an eigenvalue problem, as described in the 
following equation: 

Rsi asi
j (t) = λsi

j asi
j (t) (11) 

where λsi
j represent the eigenvalues. The eigen functions asi

j (t) satisfy, 
(

asi
j (t), a

si
k (t)

)

tsn
= δjk (12) 

where δjk is the Kronecker delta. The POD modes are organized in 
descending order based on their energy content (eigenvalues), such that 
λsi

1 ≥ λsi
2 ≥ ..⋯..⋯.. ≥ λsi

Npod
> 0. The orthonormal POD spatial modes are 

derived ensuring that 〈ϕsi
j (x),ϕsi

k (x)〉Ω = δjk using the following equation: 

ϕsi
j (x) =

1
̅̅̅̅̅̅̅̅̅̅̅
Nt λsi

j

√
(

śi(x, t), asi
j (t)

)

tsn
(13) 

The corresponding POD time coefficients are given by: 

asi
j (t) =

(
ϕsi

j (x), śi(x; t)
)

Ω
=

̅̅̅̅̅̅̅̅̅̅̅

Nt λsi
j

√

asi
j (t)/

⃒
⃒
⃒asi

j (t)
⃒
⃒
⃒
T

(14) 

Generally, the number of reduced POD modes (Nsi
r ) is much smaller 

than the total number of POD modes (Nsi
r << NPOD

si
), under the condition 

that it captures most of the system energy.

2.4. Long-short term memory (LSTM)

The LSTM neural networks were specifically designed to address the 
exploding and vanishing gradient issues encountered during the training 
of transitional Recurrent Neural Networks (NNs). LSTM networks 
exhibit exceptional learning capabilities in handling classification and 
regression tasks based on time-series data. The fundamental structure of 
LSTM NNs is illustrated in Fig. 2. Each LSTM unit consists of the 
following multiplicative gates: the input, output, and forget gate. These 
gates enable the LSTM memory cell to retain and retrieve information 

Fig. 2. Illustration of the LSTM network architecture with a multi-time-step model.
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over extended periods, thereby decreasing the vanishing gradient issue.
The forget gate decides whether to discard or preserve information, 

acting similarly to memory processes. The equations for the LSTM at 
each time step are given by: 

it = σ(Wixt +Uiht− 1 + bi),

ft = σ
(
Wf xt +Uf ht− 1 + bf

)
,

C̃t = tanh(Wcxt +Ucht− 1 + bc),

Ct = it ⊗ C̃t + ft ⊗ Ct− 1,

Ot = σ(Woxt +Uoht− 1 + bo),

ht = Ot ⊗ tanh(Ct),

xt represents the cell input and ht denotes the cell output. The variables ft 
denotes the forget gate, it the input gate and Ot corresponds to the output 
gate. Ct and C̃t represent the cell state and its update respectively. The 
terms W and U refer to the weight matrices associated with different 
gates, and the b terms are bias vectors. These weights and biases are 
learned during the training process. σ is the logistic sigmoid function, 
and ⊗ denotes element-wise multiplication operator.

The conventional LSTM models sequential data using information 

Fig. 3. Comparison of LSTM (Hochreiter and Schmidhuber, 1997) and Bi-LSTM, (Graves et al., 2005) architectures.

Fig. 4. Flow chart of POD with spatial and temporal modes decomposition with LSTM and Bi-LSTM with the reconstruction field for flow prediction.
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propagated in a single temporal direction. The Bidirectional LSTM em
ploys two recurrent layers that process the sequence in forward and 
backward directions (Fig. 3). This architecture enables the model to 
exploit both preceding and subsequent temporal information within the 
sequence, thereby enhancing its ability to represent complex spatio
temporal dependencies.

The LSTM neural networks have been implemented using the open- 
source TensorFlow package (Abadi et al., 2016). TensorFlow offers a 
Python Application Program Interface (API) that provides access to a 
wide range of tensor and matrix operations, many of which are opti
mized for deep-learning applications. A widely used high-level wrapper 
“Keras” library, (Chollet et al., 2018), for TensorFlow that provides a 
concise interface and simplifies the neural-network construction. Com
bined with standard Python libraries for numerical modelling, such as 
NumPy and Matplotlib, these tools have been used to build a self- 
contained framework capable of importing datasets and constructing 
ROMs. The network architecture consists of two hidden layers; this 
intentionally shallow design enabled direct comparison with a Bidirec
tional LSTM (Bi-LSTM) of a similar structure while also reducing 
computational expense. Hyperparameters including the number of 
units, learning rate, and batch size were tuned using a random search 
strategy. The mean absolute error has been selected as the loss function, 
and the Adam (Adaptive Moment Estimation) optimizer was found to 
deliver superior performance. All reported results have been obtained 
from an ensemble of hundred training runs per case, each trained for 100 
epochs, to account for stochastic variations in the optimization process.

2.5. Dimensionality reduction and reconstruction POD-LSTM

The proposed methodology POD-LSTM with mesh deformation is 
shown in Fig. 4. A non-intrusive reduced dimension approach for high- 
dimensional flow field data is proposed. A data field is acquired with the 
state vector si(x, t) as historical snapshot information through the Hi-Fi 
simulations around the airfoil. Then, the POD method is applied to 
extract the spatial modes ϕj(x), j = 1, 2, ⋯, Nsi

r , which capture the 
essential dynamics of the flow and the wake together with the temporal 
coefficients that are determined from high to low order based on the 
energy of the spatial modes (Fig. 4). The low order modes represent the 
predominant flow and wake instabilities containing higher energy, 
whereas the high order modes highlight low energy (higher frequency) 
properties of smaller scale vortex structures. The temporal coefficients 
are predicted and extrapolated in time with the LSTM and Bi-LSTM 
models. The model reliability is critically assessed through their pre
diction error compared to the original data signal from Hi-Fi simulation 
fields. The reconstructed flow field with the multiplication of both 
spatial modes and the new predicted temporal coefficients results into a 
new prolongated Hi-Fi simulation up to the time tpr (Fig. 4). The simu
lation is then extrapolated in time considering all non-linear unsteady 
behaviour of the flow around the aerofoil, and the wake instabilities.

3. Results

3.1. Verification of the Hi-Fi simulation model

The A320 wing prototype “Intermediate Scale − IS” of the BEALIVE 
project has been considered, having a chord of 0.70 m chord and span of 
0.59 m length, the same dimensions as in the S4 wind tunnel of IMFT – 
Institut de Mécanique des Fluides de Toulouse where the “live-skin” 
morphing experiments are carried out. Regarding the mesh sensitivity, 
two-dimensional grids are constructed following the experimental S4 
wind tunnel similar to its test section. The grids have been thoroughly 
studied in previous studies (Marouf et al., 2023). Reynolds number has 
been set to 1 million and the wing has been placed at an incidence angle 
of 10◦.

The mesh sensitivity is presented in Table 1:
Regarding the mesh sensitivity, the difference in total cell count 

between Mesh 1 and Mesh 4 is 47%. The mesh refinement was not 
applied uniformly or arbitrarily. Instead, it was focused on the airfoil 
region and the wake. In particular, refinements were introduced in the 
first cell height, expansion ratio, and in the number of cells along both 
the horizontal and vertical directions.

All grids were compared to the finer grid (Mesh 4), and the relative 
error was calculated. This error decreases as the number of cells in
creases, reaching an error less than 1% for the lift coefficient and 0.34% 
for the drag coefficient. The Mesh 3 has been selected for further 
investigation. Given the significant influence of unsteady wake dy
namics and the interactions of multi-frequency instabilities that enrich 
the energy spectra at this Reynolds number, it is essential to investigate 
the effect of the time step using an implicit dual-time stepping scheme. 
Table 2 presents the dependence of the time-averaged aerodynamic 
coefficients on the various time steps for Mesh 3. A time step (dt) of 1 ×
10− 5 s compared to 5 × 10− 6 s yields errors of 0.19% and 0.62% for the 
lift and drag coefficients, respectively. The following time step has been 
selected for conducting unsteady simulations due to its optimal balance 
between simulation duration and CPU resources needed.

A test section identical to that used in the wind-tunnel experiments 
was selected to validate the numerical model with time-resolved PIV 
(TRPIV) measurements reported by (Jodin et al., 2017). The comparison 
is performed on time-averaged velocity fields obtained from both the 
experiments and the numerical simulations, as shown in Fig. 5.

The experimental measurements were conducted over a field of view 
of 14 014 pixels (143 × 98). The time-averaged velocity field reveals a 
good agreement between the experimental and numerical results in 
terms of velocity deficit magnitude, wake thickness, and downstream 
evolution of the wake. Both results exhibit a similar wake spreading rate 
and comparable recovery of the streamwise velocity along the centre
line, indicating that the numerical model captures the main character
istics of the mean wake flow obtained experimentally.

Fig. 6 presents comparison of the longitudinal mean velocity profiles 
between the simulations and experiments. Overall, the numerical model 
provides a good agreement with the experiment. A slight overestimation 
of the velocity deficit is observed in the numerical results farther 
downstream, at x/C = 1.15 and x/C = 1.20.

Table 1 
Sensitivity study of various grids in respect of the mean aerodynamic coefficients 
(lift and drag) for steady simulations.

Mesh 1 Mesh 2 Mesh 3 Mesh 4

Number of cells 246 k 276 k 323 k 362 k
CL 1.4918 1.5002 1.5018 1.5164
⃒
⃒
⃒
⃒
CLfine − CLi

CLfine
× 100

⃒
⃒
⃒
⃒

1.6244 1.0726 0.9652 −

CD 0.0271 0.0270 0.0272 0.0267
⃒
⃒
⃒
⃒
CDfine − CDi

CDfine
× 100

⃒
⃒
⃒
⃒

1.5711 1.3735 0.3423 −

Table 2 
Sensitivity study of various time steps for the mesh 3 regarding the time-average 
aerodynamic coefficients of lift and drag for unsteady simulations.

5e-4 s 1e-4 s 5e-5 s 1e-5 s 5e-6 s

CL 1.4808 1.4433 1.4211 1.4491 1.4484
⃒
⃒
⃒
⃒
CL1e− 5 − CLi

CL1e− 5
× 100

⃒
⃒
⃒
⃒

2.1923 0.7484 1.9285 − 0.1914

CD 0.0327 0.0321 0.0305 0.0292 0.0288
⃒
⃒
⃒
⃒
CD1e− 5 − CDi

CD1e− 5
× 100

⃒
⃒
⃒
⃒

11.7758 9.8889 4.4872 − 0.6163
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Fig. 5. Time-averaged velocity field in the near trailing-edge wake: comparison between experimental TR-PIV measurements (top) and two-dimensional numerical 
simulation (bottom).

Fig. 6. Time-averaged velocity profiles along vertical lines in the near trailing-edge wake: comparison between experimental TR-PIV measurements and three- 
dimensional numerical simulations.

Fig. 7. Q criterion (=1000) iso-surfaces coloured with the velocity magnitude with a plane of pressure field with three-dimensional simulations.
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3.2. Flow and wake dynamics description

As seen in Fig. 7, the Hi-Fi simulations can produce the physical flow 
structures involving the separation area, the upper and lower shear 
layers development with the Kelvin-Helmholtz vortex structures pro
ducing farther downstream the alternating von Kármán vortex pattern, 
following the amplification of the related flow instabilities. Further
more, the model provides the spanwise undulation of these vortex rows, 
following the secondary instability, as in DNS by Braza et al. (Braza 
et al., 2001). Main flow instabilities such as near trailing edge boundary 
layer separation are shown in Fig. 7 and an appearance of the upper and 
lower shear layer instabilities with von Kármán vortices developed 

further in the wake.
According to the discussion in this section, the present Hi-Fi 

modelling has been validated in respect of its ability to capture the 3D 
flow dynamics that is essential for the evaluation of the aerodynamic 
forces. The LSTM model ability to provide a training and extension of the 
time solution is reliable under the condition that the Hi-Fi data base 
contains the main flow physics correctly. A comparison to other turbu
lence models can be found in (Marouf, 2020), where it was shown that 
they failed to predict correctly the flow separation and consequently, the 
development of the related instabilities and coherent structures in the 
wake. These limitations that significantly impacts the accuracy of 
aerodynamic force predictions.

Fig. 8. Streaklines visualization showing the shear layer undulations, formation of Kelvin-Helmholtz vortices and von Kármán vortices, static (unactuated) case.

Fig. 9. Decomposed POD spatial modes and FFT of temporal modes. (top): mode 2. (down): mode4. (left): vorticity computed from spatial modes. (right): FFT of 
temporal coefficients related to the modes.
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Fig. 8 presents streaklines visualization of the wake through a 
zoomed view of the near trailing-edge region and of the wake illus
trating the shear layer undulation that creates Kelvin-Helmholtz (KH) 
vortices, as well as the alternating vortex shedding with the von Kármán 
vortices farther downstream. The wavelength λKH of the upper shear 
layer downstream of the separation area has been estimated to be 8–10% 
of the airfoil’s chord. The upper shear layer is characterised by a pre
dominant frequency, fUSL in the range of (195–200) Hz. The lower shear 
layer frequency, fLSL is of 240 Hz. The natural shedding frequency of the 
von Kármán vortices, fvK is in the order of 160 Hz. The above frequencies 
have been identified from detailed from tracking of the coherent vortices 
according to a detailed exploitation of the numerical flow visualisation 

instantaneous fields whose an example is presented in Fig. 8. These 
frequency peaks appear as predominant bumps and not all as sharp 
peaks due to the interaction with the chaotic turbulence that produces a 
slight “smearing” of these frequencies around the aforementioned 
values.

3.3. POD and machine learning analysis for the non-actuated case 
(static) case

The POD analysis has been performed on Hi-Fi simulations using 
instantaneous velocity fields (Ux,Uz), through 600 snapshots, collected 
at a time interval of Δt = 10− 4s. The resulting spatial modes and 

Fig. 10. Temporal POD coefficients: comparison between high-fidelity data (1 − 600) × 10− 4s and predictions obtained using LSTM and bidirectional LSTM (Bi- 
LSTM) models (601–1000) × 10− 4s.

Fig. 11. Time-averaged non-dimensional velocity magnitude comparison between High-Fidelity simulations, LSTM (standard), LSTM-Bidirectional and the 
Hybrid model.
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temporal coefficients have been computed and ranked according to their 
energy content. Fig. 9(left) presents the vorticity field (ωy) recon
structed from the spatial modes derived from the velocity data for mode 
2 (top) and 4 (bottom) respectively.

The spatial modes 2 and 4 exhibit significant energy associated with 
counter-rotating vortices within the region between x = 1.1 and x =

1.6. This is attributed to predominant frequencies of both the shear layer 
and the von Kármán vortices. A Strouhal number based on the wing 
chord in the range of (10–11) corresponds to the primary instability of 
the shear layer which develops in the near-wake region (in agreement 
with the experimental study and POD of (Jodin et al., 2017), while a 
lower Strouhal number in the range (3–4) is associated with the von 
Kármán vortices, which form further downstream in the wake.

Fig. 10, shows the comparison between the LSTM and Bi-LSTM 
model where the POD temporal coefficients signals are presented.

The Bi-LSTM demonstrates superior performance in predicting the 
temporal evolution of POD coefficients (Fig. 10). This is consistent with 
previous findings reported in (Graves et al., 2005), where the Bi-LSTM 
outperformed the standard LSTM and other recurrent neural network 
architectures.

The present signals are characterised by a rich frequency content due 
to the turbulence fluctuations at Reynolds number of 1 Million. For low- 
frequency signals, the standard LSTM performs adequately, offering 
similar accuracy with reduced training time and lower model 
complexity.

The hybrid model proposed here combines the strengths of both 
approaches: for each predicted temporal coefficient, the outputs from 
the LSTM and Bi-LSTM models are compared, and the signal with the 
lower prediction loss is selected. This strategy ensures that the best 
prediction is retained for each mode while minimizing the overall error.

The POD decomposition providing these various modes with their 
related energy allows the LSTM model to directly predict each mode 
from high energy with coherent vortices to low energy chaotic small- 
scale vortices, while maintaining the correct energy transfer between 
them.

The time-averaged dimensionless velocity field has been computed 
from the Hi-Fi simulations and from the POD reconstructions using two 
LSTM architectures namely, the LSTM (standard) and LSTM- 
Bidirectional. Furthermore, the present study has developed a Hybrid 
model (Fig. 11) that selects the best predictions with the minimum loss 
error from the LSTM (standard) and the LSTM-Bidirectional model.

The hybrid model shows very good agreement with the Hi-Fi simu
lation. It accurately captures the velocity deficit associated with the 
separated boundary layer, as well as the evolution of both the upper and 
lower shear layers and the wake development. The POD-Bidirectional 
model slightly overestimates the wake deficit, particularly in the re
gion x/C ∈ [1.25,1.35].

The POD-LSTM (standard) model fails to reproduce the averaged 

velocity field correctly, Fig. 11. The velocity field shows fluctuations and 
a discontinuity in the velocity deficit around x/C = 1.3, indicating that 
the spatio-temporal evolution of the wake has not been properly 
reconstructed. The LSTM (standard) model, due to its relatively simple 
architecture, demonstrated limited capability in accurately predicting 
the temporal signals that exhibit shifts across frequency bands.

To better compare the efficiency of these different models, the mean 
longitudinal velocity is presented in various vertical positions, at x/C =
1.15, 1.25 and 1.35 along the vertical axis z/C axis (Fig. 12). At x/C =
1.15, all models are in good agreement in the velocity deficit. However, 
the LSTM (standard) shows an acceleration on the lower shear layer. 
Downstream in the wake, at x/C = 1.25 the LSTM (standard) over
predicts the velocity deficit and both inflection points are deviated from 
the Hi-Fi solution. The Bidirectional LSTM model also shows also an 
over-estimation of the velocity deficit. At x/C = 1.35, only the hybrid 
model maintains a good prediction of the wake velocity, the LSTM 
(standard) showing an increase of the velocity (seen also in the previous 
figure). Moreover, the Bidirectional LSTM tends to over-estimate the 

Fig. 12. Time-averaged non-dimensional velocity magnitude extracted along different locations in the near wake region.

Fig. 13. Iso-vorticity for the predicted reconstructed solution with POD-Hybrid 
method, (top): t* = 20.05 (0.653 s), (middle): t* = 21.90 (0.713 s) and (down): 
t* = 24.72 (0.803 sec).
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velocity.
The overall time-averaged velocity magnitude shows that the hybrid 

model demonstrates good results relative to High-Fidelity simulations. 

The relative error, calculated as follows |UHybrid − UHigh-fidelity|
UHigh-fidelity

× 100%, was 

evaluated for the hybrid model, which selects the best predictions be
tween LSTM and Bidirectional LSTM. The maximum error was found to 
be below 3% for the overall time-averaged velocity.

Fig. 13 shows the ability of the Hybrid model in predicting the un
steady flow dynamics by the reconstruction of the extended temporal 
and spatial coefficients. The contours of the vorticity ωy are shown for 
various times according to this model. It has been shown that the hybrid 
model has been able to reconstruct the upper and lower shear layers and 
their interactions. The weak undulation of the shear layers near the 
trailing edge region according to the related shear layer instability in the 
near wake, presenting small amplitude oscillations or waviness and 
leading to formation of Kelvin Helmholtz (KH) vortices dominating the 
initial growth of the shear-layer, is illustrated. Achieving critical am
plitudes, the KH begins to roll up into discrete vortical structures (larger 
coherent structures), where the first “vortex core” is visible near x/C =
1.4 − 1.6. Each side of the shear layer sheds alternating vortices of 

opposite sign. This interaction produces the von Kármán street regime 
from x/C = 1.5 − 2.5. The formation of the von Kármán vortex shedding, 
and the development of the wake which tends to expand also in the 
crossflow direction with a constant shedding frequency are obtained. 
These vortices are advected in the spatio-temporal framework properly. 
The convection of these coherent structures has been well respected 
through the Hybrid model (Fig. 13). Therefore, the POD-ML hybrid 
model is able to capture the wake unsteadiness by limiting the numerical 
diffusion and dissipation.

Fig. 14 show the Power Spectral Density (PSD) at two monitor points, 
one in the near wake and another further downstream, with all models 
compared to high-fidelity simulations. The models capture the main 
predominant frequency bumps and peaks associated with the dynamics 
of the coherent structures, such as the von Kármán vortices and the 
Kelvin-Helmholtz (KH) vortices in the upper and lower shear layers. 
Both LSTM and Bi-LSTM tend to overpredict the amplitude (energy) of 
smaller-scale, high-frequency (chaotic) structures. The Hybrid model 
exhibits excellent agreement with the high-fidelity simulation across the 
full frequency spectrum.

Fig. 14. PSD of crossflow velocity (UZ) with the flow dynamics in the near wake and farther downstream. fvK and fUSL correspond to the von Kármán and upper shear 
layer natural frequencies respectively. A comparison between High-Fidelity simulation and predictive models of POD with Machine Learning.
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3.4. POD and machine learning analysis for the actuated case (travelling 
wave)

In this section, the POD is extended to the morphing case with an 
imposed Traveling Wave (TW) in the region between 30% of the chord 
up to the trailing-edge, with an imposed amplitude (A) of 0.15% of the 
total chord. The wavelength (λ) is set at 8.5% of the total chord and the 
frequency actuation is fixed at 300 Hz.

Fig. 15 compares the static case with the morphing case employing a 
travelling wave (TW) actuation. In the morphing case, the wavelength of 

the travelling wave, λTW, is close to the frequency of the upper shear 
layer, λUSL. This proximity induces a coupling between the TW wave
length and the one of the natural upper shear layer frequency (also 
shown in Fig. 8), resulting in a lock-in phenomenon where the wave
length of the upper shear layer is close to the one imposed by the 
actuation. This reinforces the regularity of the USL creating a longer 
formation region than in the static case. Consequently, the formation of 
the von Kármán vortex shedding is swept farther downstream and the 
near wake’s width is reduced, thus enhancing an overall drag reduction 
and improves the aerodynamic efficiency.

The POD in the present case accounts for the variation in the mesh 
deformation due to the imposed displacement. This deformation is 
included into the snapshot matrix, where the grid coordinates are 
involved as a variable, together with the velocity components. The 
additional relevant modes associated with the grid deformation are now 
calculated together with the modes corresponding to the velocity com
ponents Ux and Uz.

The newly identified modes are linked to the deformation of the TW 
surface. Fig. 16 illustrates the crossflow deformation for mode 2, high
lighting both upward and downward displacements of the advected 
surface wave. Modes Ux and Uz describe flow-dominated instabilities 
that arise as a combination of natural instabilities of the predominant 
shear-layer regime presented by the mode 4 (Fig. 17). These instabilities 
are manipulated through the TW actuation, shown having a high energy 
along the suction side of the wing. Counter rotating vortices are 
captured by the vorticity (ωy) containing high energy due to the inter
action of the TW and the upper shear layer. Therefore, the POD-Mesh 

Fig. 15. Instantaneous streaklines visualization with, in background, the field of streamwise velocity for the static case (top) and the morphing case (bottom).

Fig. 16. The new mode 2 related to the vertical deformation computed from 
the pod.

Fig. 17. Spatial mode 4 and fft of the temporal coefficient. the mode shows the tw effect on the upper shear layer and its signature on the fft with the actuation 
frequency at 300 Hz (St = 9.76).
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has been able to capture these effects due to the imposed spatio- 
temporal deformation considered in the POD snapshot.

The reconstruction of the POD shows the correct deformation of the 
wall as presented in Fig. 18. The non-dimensional crossflow velocity 
shows the effect of the Travelling Wave by imposing not only an 
advective velocity to the streamflow velocity but also by injected small- 
scale turbulent structures inside the upper shear layer. It consists of the 
coupling between the imposed wavelength of the TW and the one of the 
upper shear-layer. These structures modify the near wake vortices 
downstream.

These effects are well captured by the POD-reconstruction and 

furthermore the predicted POD-Mesh-ML models.
To evaluate the accuracy of the developed model various monitor 

points are extracted from the wake presented by the instantaneous non- 
dimensional crossflow velocity (Uz/U∞) (Fig. 19 (left)). The non- 
dimensional streamflow velocity (Ux/U∞) is presented in Fig. 19
(right) for both reconstructed POD in the non-dimensional time (reini
tialized) range [0–2] and predicted POD-Mesh-ML model [2–3]. The 
predicted model shows a similar behaviour of amplitudes and fre
quencies to the Hi-Fi model in different regions of the wake from near 
trailing edge up to 1.8C further downstream. These figures illustrate the 
ability of the hybrid model to capture both, higher frequency dynamics 
in the near trailing-edge region due to the KH vortices formation and the 
lower frequency dynamics dominant farther downstream in the wake 
due to the VK mode.

4. Conclusion

The study proposes a new approach to predict turbulent flow dy
namics in the context of fluid–structure interaction produced from sur
face deformation through morphing. The application concerns Hi-Fi 
simulations involving Travelling Waves (TW) on the suction side of the 
“Intermediate Scale − IS” A320 morphing prototype of the HORIZON- 
2023–2027-PATHFINDER Project N◦ 101129952-BEALIVE-“Bioinspired 
Electroactive multiscale Aeronautical Live skin”, https://horizon 

Fig. 18. Reconstructed POD of the non-dimensional instantaneous crossflow 
velocity (Uz) in the suction side of the airfoil.

Fig. 19. (Top) Hi-Fi dimensionless instantaneous crossflow velocity (Uz) in the wake region with chosen extracted monitor points. (Bottom) illustrating the 
dimensionless streamflow velocity (Ux). The blue coloured signals refer to the reconstructed POD and the red coloured are the prediction with the Hybrid model. (For 
interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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-europe-bealive.eu/.
A Reduced Order Modelling methodology has been developed based 

on LSTM NNs training of the POD temporal coefficients to extend the 
duration of the Hi-Fi solution that is time consuming in terms of CPU. on 
the purpose to increase the optimum design cycles in realistic times and 
by involving the complex unsteady flow dynamics appearing in the high 
Reynolds number range due to turbulence, towards enabling near real 
scale design. The study employs the POD methodology that allows 
reduction of the principal temporal and spatial modes governing the 
dynamic system in the range of high and moderate energy modes. In this 
article, the POD is extended to a deforming mesh and coupled with the 
LSTM methodology.

To this end, Hi-Fi simulations have been first provided with appro
priate turbulence modelling able to capture the instabilities develop
ment and the dynamics of the related coherent structures around the 
wing. These simulations have been performed in two and three di
mensions at Reynolds number of 1 million, Mach number of 0.06 and 
angle of incidence of 10◦, corresponding to take-off conditions in the low 
subsonic regime.

The results provided the ability of extending the Hi-Fi solution 
through training of the POD temporal coefficients by means of the LSTM 
model and reconstruction afterwards by considering a significant num
ber of low order modes representing the main dynamics around the 
wing.

A critical assessment of the LSTM and the Bi-LSTM training has been 
addressed in comparison with the Hi-Fi simulation. A hybrid model 
associating both the standard and the bidirectional LSTM has been 
developed. The superiority of this model in correctly capturing the flow 
dynamics compared to the Hi-Fi simulations has been demonstrated for 
the unactuated (static case) and the morphing case through travelling 
waves applied on a specific area of the suction side of the A320 
morphing prototype by saving CPU time considerably.

The effects of the deformation of the suction side surface in respect of 
the travelling wave on the flow dynamics has been also accurately 
predicted in comparison to the Hi-Fi simulations through the POD-Mesh- 
ML model involving the grid deformation as a principal variable in the 
POD correlation matrix in addition to the velocity component variables 
and trained in the POD process through the LSTM.

The present article offers a new approach for fast prediction of un
steady flows without the need for a large database to train the model. 
The approach can be implemented in real time simulations.

As a direct perspective in the ongoing developments of the research 
team involved in this study, the pressure coefficients variable is also 
included in the POD to allow the prediction of the aerodynamic forces. 
Therefore, optimisation regarding the aerodynamic efficiency increase 
through the morphing and the present hybrid model is under investi
gation with reduced simulation time.
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