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ARTICLE INFO ABSTRACT

Communicated by Mehdi Ghoreyshi Low order models can be used to accelerate engineering design processes. Ideally, these surrogates should meet

the conflicting requirements of large design space coverage, high accuracy and fast evaluation. Within the context

gig q;fisl;'ling of aerospace applications at transonic conditions, this can be challenging due to the associated non-linearity of
CNN the flow regime. Different methods have been investigated in the past to predict the flow-field around shapes
PointNet such as airfoils or cylinders. However, they usually have reduced spatial resolution, limiting the prediction

PCNN capabilities within the boundary layer which is of interest for transonic wall-bounded flows. This work proposes
a novel Point-Enhanced Convolutional Neural Network (PCNN) method that combines the advantages of the
well-established PointNet and convolutional neural network approaches. The PCNN model has relatively low
memory requirements in the training process, preserves the spatial correlation in the domain and has the same
resolution as a traditional computational method. The architecture is used for the flow-field prediction of civil
aero-engine nacelles in which it is demonstrated that the flow features of peak isentropic Mach number (M),
pre-shock isentropic Mach number and shock location (X /L,, ) are captured within AM;; = 0.02, AM,; =0.04,
AX/L,,. =0.007, respectively. The PCNN model successfully predicts the integral parameters of the boundary
layer, in which the incompressible displacement thickness, momentum thickness and shape factor are typically
within 5% of the CFD. Overall, the PCNN method is demonstrated for transonic wall-bounded flows for a range
of flow physics that include shock waves and shock-induced separation.

Flow prediction

1. Introduction

Within an industrial design environment, the ability to rapidly iter-
ate through engineering designs is required to ensure innovation and
competitiveness [1]. For this reason, low order methods are typically
used in the preliminary design phase [2]. In this respect, they should
fulfil the conflicting requirements of quick evaluations, high accuracy,
and sufficient coverage of the design space. To meet these requirements
emerging approaches that include multi-fidelity methods [3], dimen-
sionality reduction techniques [4] or advanced surrogate modelling [5]
are being considered. Over the last years, data-driven methods have
been developed for aerodynamic design [6]. They have been success-
fully demonstrated for a wide range of applications such us geometric
design space definition, prediction of regression or classification aerody-
namic metrics, flow-field modelling and surrogate-based optimization
[7]. For example, Li et al. [8] used a deep convolutional generative
adversarial network to produce realistic airfoil shapes by learning the
underlying features from an existing airfoil database. The model was
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able to detect abnormal geometries with expected poor aerodynamic
performance without CFD evaluations, and filtered them from a CFD-
based optimisation process. For a transonic case with a freestream Mach
number of 0.75, this resulted in a reduction in computational cost by a
factor of two. Many researchers have used a range of deep learning tech-
niques to build surrogate models and predict regression or classification
metrics [7]. They have been successfully applied to aerodynamic appli-
cations at transonic operating conditions, which establishes confidence
as a feasible method for building preliminary design capabilities.

A range of approaches has been proposed for flow-field prediction
[9-12]. In this respect, two different modelling techniques have been
considered. The first method focuses on the flow characteristics along
the surface of interest. This is referred in this paper as on-surface flow-
field prediction. The second metamodelling method is based on the full
domain, and is referred to as off-surface flow-field prediction in this
work. Within this context, different algorithms have been proposed for
the on-surface approach. Franz et al. [9] developed an isomap manifold
learning method to predict steady transonic flows along the surfaces
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Nomenclature

Roman symbols

f Non-dimensional factor
h Boundary layer shape factor
L Length

M Mach Number

P Pressure

P Velocity

r Radius

Greek symbols

p Boat-tail angle

€ Vorticity magnitude

[ Vorticity

o root mean square error
Superscripts and subscripts

hi Highlight

i Incompressible

if Initial Forebody

is Isentropic

max Maximum radius

nac Nacelle

te Trailing Edge

Acronyms

ANN Artificial Neural Network

CFD Computational Fluid Dynamics
CNN Convolutional Neural Network

DSE Design Space Exploration

Mass Flow Capture Ratio

MSE Mean Square Error

Point-Enhanced Convolutional Neural Network
Reynolds Averaged Navier Stokes

RSM Response Surface Model

of 2D airfoils and 3D wings. For this study, the geometries were fixed
and the flight Mach number and angle of attack were the independent
variables. The work considered transonic conditions with a maximum
freestream Mach number of 0.82. Relative to a conventional proper or-
thogonal decomposition (POD) approach, it was found that this novel
architecture was more accurate in the prediction of the shock location
and pre-shock Mach number. Typically, the isomap method reduced the
error by a factor of around 3 relative to POD. Immordino et al. [10] pro-
posed a deep learning framework for the prediction of pressure and skin
friction distribution along wings and airframes. The method was tested
for the Benchmark Super Critical Wing (BSCW), ONERA M6 wing and
the wing-body configurations of the NASA Common Research Model
(CRM). Independent low order models were generated for each test-
case in which the input parameters were the aerodynamic variables of
freestream Mach number (M) and angle of attack (AoA). For this study,
M and AoA varied within 0.70 - 0.84 and 0° - 5°, respectively. Relative
to numerical simulations, it was demonstrated that a fully connected
neural network captures the transonic non-linear characteristics. To fur-
ther improve the prediction of surface pressure distributions in complex
cases, Hines and Bekemeyer [11] developed a novel graph neural net-
work approach. This was also used on the NASA CRM model within the
range of flight Mach number of 0.5 and 0.9. The predicted flow-field
was used to calculate the lift (C;) and pitching moment (CMy) coeffi-
cients. The mean absolute error in the validation snapshots was 0.0046
and 0.0058 for C; and C),, respectively

Several studies have proposed deep learning methods for off-surface
flow-field prediction in airfoil applications at subsonic conditions or
moderate transonic regimes. Sekar et al. [12] combined fully connected
and convolutional neural networks (CNN) for subsonic cases at Reynolds
numbers below 2500. The CNN was used for the geometry parameteri-
zation and the fully connected network for the flow estimation. Overall,
the prediction error was approximately 3% in the pressure and velocity
fields. Duru et al. [13] developed a deep learning methodology based
on convolutional neural networks for the flow-field prediction of airfoils
at constant freestream Mach number of M = 0.7. The model used the
airfoil shape with a distance map as the shape descriptor and predicted
the pressure and Mach number distributions around the aerodynamic
shapes. Overall, it was demonstrated that the CNN predicts the main
flow features within the investigated design space. It was highlighted
that the CNN approach has limitations in terms of the predictions near
the airfoil wall due to the inherent resolution capability of the convo-
lutional neural network. Wu et al. [14] presented a data augmented
generative adversarial network (GAN) for flow prediction with sparse
data. The architecture used as inputs the airfoil shape and the freestream

Mach number within the range of M = 0.73 - 0.76. The approach pre-
dicted the shock location within Ax/c = 0.01. Previous studies for off-
surface flow-field prediction are mainly based on models that require as
input a Cartesian grid to represent the aerodynamic shape. This results in
a notable loss of accuracy near the wall regions, and is a clear drawback
of these methods for aerodynamic applications where it is important to
quantify the boundary layer characteristics. To improve the predictive
accuracy near the aerodynamic surface of interest, Kashefi et al. [15]
proposed a point-cloud deep learning method which uses the grid ver-
tices, required in a traditional CFD domain, as a point-cloud input in a
PointNet architecture [16]. This approach represents the geometry with
the same resolution as a CFD-based simulation and avoids the need to
interpolate the data onto a Cartesian grid. The method was successfully
demonstrated for incompressible laminar flow across a wide range of
aerodynamic shapes, where the root mean square error was typically
within 0.1% for the velocity and pressure fields. However, comparisons
of the boundary layer profiles were not provided. It is important to note
that this study was based on a mesh resolution with only 1k mesh cells.
For transonic applications, the cell count is expected to be several orders
of magnitude larger, making the PointNet unfeasible due to the asso-
ciated computational overhead required to train the model. Previous
studies using deep learning methods highlighted the suitability for flow-
field prediction in a variety of aerodynamic design problems. However,
for off-surface predictions it was either not suitable for wall-bounded
flows due to the methods used (e.g. CNN) or the mesh resolution was
not representative for aircraft applications at transonic conditions (e.g.
PointNet). Although the focus of this work is on the broader develop-
ment of a new deep learning approach that meets both requirements,
the method is demonstrated in a transonic aero-engine nacelle configu-
ration.

Future civil aero-engines are anticipated to operate with higher by-
pass ratios than current in-service configurations [17]. The objective
is to lower the specific thrust, enhance the overall propulsive effi-
ciency, and thereby, decrease the engine-specific fuel consumption [18].
These novel aero-engines might encompass larger fan diameters, which
presents numerous design challenges. If traditional design rules are used
and the housing components are only scaled to accommodate the new
fan size, the nacelle drag, overall weight, and the aerodynamic coupling
with the airframe will increase. As a result, the next generation of civil
turbofan engines is expected to use compact nacelles to realize the ad-
vantages offered by the new engine cycles [19,20]. Within the context
of low order models for flow-field prediction in aero-engine nacelle ap-
plications, there is limited information in the open literature [21-23].
Wang et al. [21] developed a framework for inverse design. The method
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was based on an improved generative adversarial network (GAN) cou-
pled with an artificial neural network (ANN) for the prediction of the
pressure distribution along 3D non-axisymmetric nacelles. The approach
was used to redesign a transonic nacelle at a flight Mach number of M
= 0.8, with a drag of reduction of 13.8% compared with a baseline
configuration. Similarly, Tejero et al. [22] studied two different meta-
modelling approaches for on-surface prediction of compact nacelles. The
methods were based on artificial neural networks and a combination of
singular value decomposition and ANN. For mid-cruise conditions at M
= 0.85, where the various flow features include shock-wave bound-
ary layer interaction or shock induced separation, both methods had an
overall uncertainty in the isentropic Mach number prediction of about
0.02. The ANN method had better accuracy to predict pre-shock Mach
numbers and shock-wave locations. The only work in the literature for
off-surface flow-field prediction in aero-engine nacelles was carried out
by Sureshbabu et al. [23]. The study considered a compact civil aero-
engine nacelle at mid-cruise conditions (M = 0.85) and the low order
model was based on a convolutional neural network. To improve the
predictive accuracy around the shock regions, the method was coupled
with a Sobel filter for edge detection. Relative to a baseline CNN built
with guidelines from previous work in transonic applications, the mean
square error for Mach number prediction was reduced by 75%. How-
ever, the near-wall resolution of the method was low due to the inherent
limitations of the CNN approach.

Deep learning is a suitable method to accelerate the aerodynamic
optimisation of complex configurations at early stages of the design pro-
cess. In this respect, accurate low order models for off-surface flow-field
prediction may change the current design practices. For example, they
may be an enabling technology for the prediction of real-time flow so-
lutions [24] that can be used within a multidisciplinary process [25].
For transonic wall-bounded flows, it is required to accurately predict
the boundary layer. Current methods based only on convolutional neu-
ral networks are limited to a low resolution near the walls of interest.
Although the PointNet approach preserves the spatial resolution of the
training data, it is computationally unfeasible for domains with large
number of cells which are expected for transonic applications. The nov-
elty of this paper is in the development of a deep learning capability
for flow-field prediction that combines the PointNet and CNN methods.
Whilst it is acknowledged that similar architectures have been used in
the past for object classification [26], segmentation [27] or detection
[28], their application in flow-field prediction has never been demon-
strated. By integrating the strengths of PointNet and CNNs, it is ensured
high resolution near the wall, improved spatial correlation across the
domain, and reduced computational memory requirements during train-
ing. The contribution to knowledge is in the quantification of the pre-
dictive accuracy of the proposed method with a particular emphasis on
the near wall boundary layer flows. Although this method is showed
for aero-engine nacelle applications, the findings have broader impli-
cations for the aerospace industry, where fast and accurate low-order
models are essential for preliminary design studies.

2. Methodology
2.1. Problem description

The data used in this study to build models for flow-field predic-
tion was generated with the process developed by Tejero et al. [29]
for 2D axisymmetric aero-engine nacelles. It uses a parametric geome-
try definition based on the intuitive Class Shape Transformation (iCST)
method to define the nacelle shape [30]. Overall, 7 geometric intuitive
parameters are used: L,,c. " p;s o5 F'maxs Fmax> Tip @0d Buge (Fig. 1). The
computational grids are based on a well-established multiblock struc-
tured strategy [29] with an overall cell count of approximately 30,000
cells. The CFD method solves the viscous and compressible steady Favre-
averaged Navier-Stokes equations [31] with the k — @ Shear-Stress
Transport (SST) turbulence model, and a double-precision, implicit, and
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Fig. 1. Geometry definition of the aero-engine nacelle.

Table 1
Bounds of the nacelle design variables.
Variable Lower bound  Upper bound
[ 1.1 1.3
e 0.3 0.5
— Fmax Lnae
fif =riy y— 0.6 1.5
beta,,, 9.0 15.0

density-based approach. The first cell height is adjusted for a y* of ap-
proximately 50. A Green-Gauss node based scheme with a second-order
upwind spatial discretisation is used. The thermal conductivity is com-
puted with the kinetic theory and the dynamic viscosity is calculated
from Sutherland’s law. A pressure-farfield boundary condition models
the freestream, where the Mach number and static pressure and tem-
perature are imposed. All the housing components of the aero-engine,
i.e. nacelle, intake, spinner, bypass duct and the core duct surfaces,
are modelled as no-slip adiabatic walls. The fan-face is defined with a
pressure-outlet boundary condition in which the massflow is imposed
according to the required massflow flow capture ratio (MFCR). The
flow conditions at the bypass and core duct inlets are represented as
pressure-inlets using prescribed total pressure and temperature values.
This computational approach has been extensively used in previous na-
celle design studies, where the CFD validation was reported [32].

As part of this work, the flow-field around the aero-engine nacelles
are evaluated with CFD or deep-learning methods (Fig. 2). As discussed
below, the low order models are based on convolutional neural net-
works (CNN), multilayer perceptrons (MLP) or a combination of both
(Section 2.3).

2.2. Data preparation

A wide range of different aero-engine nacelle shapes can be gener-
ated by changing the geometric intuitive parameters (Fig. 1). This work
was based on a compact nacelle with a fixed L, ,./r,; = 3.1and r,,/ry;
0.91, and the other 4 intuitive parameters were varied, i.e. 7., fiuax>
r;y and f,,.. The bounds of these variables are based on previously pub-
lished work [32,34] (Table 1). Across this design space, a wide range
of different transonic aerodynamics are encountered, which include at-
tached flows with single and double shock-topologies and shock-induced
separation. Therefore, it is a challenging problem to test deep-learning
architectures for flow-field prediction.

The generated CFD database is pre-processed to train the investi-
gated deep-learning models (Section 2.3). The inputs are the spatial
coordinates of the domain and the output is the prediction of a flow
variable, e.g. pressure or Mach number. To improve the performance
and training stability of the deep learning models [29], the data was
normalised between 0 and 1 (Eq (1)).

(v— Umin)
Form (Umax - Umin) W
where v refers to either the spatial, i.e. x-coordinate and r-coordinate or
flow variables, e.g. axial velocity, radial velocity or pressure.
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Fig. 2. Workflow to obtain the flow-field around an aero-engine nacelle using CFD or deep-learning methods. Based on [33].

2.3. Deep-learning methods

Over the last years, flow-field prediction methods based on CNNs
have been demonstrated. They have been tested for a range of applica-
tion such as airfoils [13] or aero-engine nacelles [23]. One limitation of
these methods is the reduced spatial resolution that is inherent to the
CNN, and therefore, the boundary layer cannot be typically predicted.
The PointNet method solves this issue by using as input a point cloud
with the same resolution as the CFD database [15]. PointNet architec-
tures were introduced by Qui et al. [16] as an enabling method to handle
point cloud data for object classification or part segmentation. Subse-
quently, Kashefi et al. [15] used this method for flow-field prediction
for a wide range of shapes, e.g. circles or squares, in laminar and incom-
pressible flow regimes. The PointNet was based on a series of multilayer
perceptrons (MLPs) followed by a max-pooling layer to produce an array
of global features. Features from an intermediate MLP were combined
with the global features of the max-pooling layer through a new series of
MLPs to produce the final PointNet output. This provides the objective
function of interest for each input of the point cloud, which represents
the cells of a traditional CFD computational domain. However, this ap-
proach is computationally expensive because the max-pooling operation
requires the computation of a N X N tensor, where N is the number of
cells, and each grid point is an array of d where d represents the dimen-
sionality of the problem. Within Kashefi’s work [15], the grid consisted
of N = 1024 cells which was feasible to train. However, complex engi-
neering flows typically need meshes with a significantly greater number
of cells.

The proposed novel deep learning method, named as Point-Enhanced
Convolutional Neural Network (PCNN), is an adaptation of the Point-
Net architecture. Both PCNN and PointNet use point clouds as input,
and therefore have the same spatial resolution as the CFD training data.
PointNet uses a max-pooling layer in a N X N tensor. This is compu-
tationally expensive as the size of the point cloud increases. For this
work with a modest cell count of approximately 30,000 the memory re-
quirements were prohibitive, and it was not feasible to train the model.
To enable better scalability, the deep learning PCNN method is pro-
posed, in which the max-pooling is performed in a m X N tensor, where
m << N. Whilst this approach reduces the memory requirements in the
training process, and therefore the PCNN scales better with the num-
ber of cells, a drawback is that permutation invariance is lost [15].
As the PCNN method does not preserve global features, Convolutional
Neural Networks (CNN) are used to retain spatial correlations in the
domain. Therefore, the Point-Enhanced Convolutional Neural Network
(PCNN) approach is a combination of existing methodologies to bring

together the advantages of each one. PointNet and CNNs are combined
to retain the same resolution as the underlying data (PointNet feature)
whilst maintaining spatial correlation and reduced computational re-
quirements for training the model (CNN feature). A detailed description
of the Point-Enhanced Convolutional Neural Network (PCNN) model is
described below, in which the blocking structure is also provided (Fig. 4)
to showcase a working approach that can be used for transonic aerody-
namic applications. However, it is important to note that other datasets
may require changes in the hyperparameters to maximise the predictive
accuracy [35]. The PCNN is composed by two main sections. These are
a shared MLP and a CNN, referred to in Fig. 4 as Section-I and Section-
11, respectively. Each block with a multilayer perceptron contains input,
hidden and output layers (Fig. 3a). The input layer can be defined as
x € RN, where N is the dimensionality of the input features, e.g. num-
ber of points of the computational mesh for the first MLP input. For the
hidden and output layers, the linear response (v;) of a k-th neuron can
be expressed as in Eq. (2):

m
Ve = Y WX, + by @)
j=1
where x; is the input signal from the j-th neuron of the previous layer,
wy; is the weighting coefficient that connect the k-j neurons and b, is
the bias factor.

The linear response of a neuron (v;) is then passed to an active func-
tion (¢) to produce the output of the neuron (y,). As part of this work,
two different ones are considered: Rectified Linear Unit (ReLU) due to
its simplicity and effectiveness for non-linear data [36] (Eq. (3)), and
the sigmoid activation function (Eq. (4))

$(vy) = max(0, vy) (3
1
Pv) = Tre o @

After the series of MLPs, the PCNN method follows with a convo-
lutional neural network. The CNN input is a multi-dimensional array,
i.e. tensor, that can be defined as x € R¥*WXC where H is the height,
W is the width and C is the depth. The information is passed through
convolution layers by applying a set of filters, i.e. kernels, to identify
and generate feature maps (Fig. 3b). For example, the output of the k-th
layer (c;) can be expressed as in Eq. (5):

m
=0 Wiy x; +by 5)
j=1
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Fig. 3. Sketches of the methods used in the Point-Enhanced Convolutional Neural Network.
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Fig. 4. Developed PCNN method for transonic flow-field predictions.

where W} is the set of filters for the j-th layer, for which a convolution
operator is used with the input signal (x;). As for the MLP, b, is the bias
factor.

The activation function of ReLu and sigmoid are also used for the
CNN (Eq. (6) and (7)).

¢(c;) =max(0,c;) 6)
1
Plep) = Trer (@)

As part of this work, the input of the PCNN model consists of an N
X d array, where N refers to the mesh points and d is the dimension-
ality of the problem, i.e. d =2 for this axisymmetric nacelle example.

Within Section-I, the model uses three MLP blocks (Block-I-I, Block-II-I
and Block-III-I as presented in Fig. 4) that follow a PointNet architec-
ture. The first block (Block-I-I) starts with two shared MLP layers (MLP1
in Fig. 4) with 64 filters (N f) each. Then a second set of shared MLP
layers (MLP2) of increasing number of filters N r= 64, 128 and 1024
is used. The dimension in the output of the Block-I-I is N X 1024. Since
the number of grid points (N) is different to 1024, the PCNN cannot di-
rectly use a max-pooling layer. As previously noted, the calculation of
a N X N tensor can be computationally expensive for large meshes. As
such, the inherent permutation invariance of the original PointNet [15]
is not preserved in the proposed PCNN. However, this is not required
for this work because the underlying data was generated with a fully
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structured grid. Nevertheless, it is important to highlight that this is a
limitation of the PCNN model for CFD data compiled with unstructured
grid strategies. As permutation invariance is not needed, the output from
Block-I-I (Fig. 4), which is an N X 1024 array, is transposed. This data
is then used as input in the Block-II-I (Fig. 4). A max-pooling is applied
along each of the rows to identify the dominant features in each of the
N rows (noted as “Maxpooling” in Fig. 4). This results in an output of
Nx1, which is followed by a layer where the output is expanded to N
% 1024 by tiling the original tensor (noted as “Tiling” in Fig. 4). It is im-
portant to note that the output of Block-II-I is not the extracted global
feature because the max-pooling operator is not performed in a N X
N tensor. Block-II-I is used to retain local features of the point cloud.
This is then concatenated with the output from the MLP1 to preserve
the geometrical information of the different shapes. This is known as an
intermediate skip connection, and its objective is to retain information
of the geometry from the point cloud as the deep learning architecture
progresses. The proposed PCNN is a deep network, and therefore, the
gradients used to update the weights during the training process can be-
come very small. Without this skip connection, the network could stop
learning the associated flow-fields from the different geometric shapes,
i.e. input point clouds. This concatenation is used as input for Block-
II-I (Fig. 4). This block uses 4 shared MLP layers (MLP3), in which the
depth of the layers was progressively decreased from N, = 1024 to N
= 512, 256 and 128. The output from the last layer in MLP3 is modi-
fied into N,, X N,, X 128 tensors. The dimensions these tensors, defined
by N,, and N, require that the product is equal to the original number
of points handled by the PCNN architecture (Eq. (8)). As different val-
ues of N,, and N, may fulfil Eq. (8), they are selected so that N,,/N,, is
closer to 1 and N,, > N,,. In the case that N is a prime number, padding
can be added to the original mesh points to enable the creation of the
tensor defined with N,, and N,

N =N,xN, ®

The Section-II of the PCNN uses as input the output generated in
Section-I (Fig. 4), and comprises two blocks (Block-I-II and Block-II-II).
The Block-I-1I consists of two encoding (CNN1, CNN2) and two decoding
layers (DeCNN1, DeCNN2). For this architecture, CNN1 uses 128 filters,
which are reduced to 64 in CNN2. The process is followed by the two
decoding layers of DeCNN1 and DeCCN2 which increase the size to N,,
X N, x 128. The Block-II-II comprises of a single encoder and decoder
(CNN3 and DeCNN3), and its structure is the same as the CNN1 and
DeCNN2 layers. The output of Block-II-II is a tensor of size N,, X N,
X 128 which is modified to a 2D tensor with a column of size N and
depth 128. This tensor is passed through a 1D CNN to change the size
from N x 128 to N X 1. This output (N X 1) is the predicted field-data
of the point cloud provided as input to the PCNN model. Throughout
the PCNN architecture, the ReLu activation function is used except for
the final 1D CNN output layer where the sigmoid function was utilized.

An important aspect when proposing a novel deep learning method
is to benchmark the predictive accuracy with previous existing ap-
proaches. For this purpose, the accuracy for off-surface prediction of
three different methods is compared: the PCNN model, convolutional
neural networks [23] as well as a modified PointNet architecture.
Sureshbabu et al. [23] provided a description of the CNN method for
aero-engine nacelle applications. In this study, the same encoder and
decoder architecture is used, and as a result, the technical details are
not included here. The modified PointNet (m-PointNet) is inspired by
the original PointNet model proposed by Kashefi et al. [15]. This m-
PointNet follows a similar structure as PointNet but the maxpooling
layer is not performed in a N X N tensor, and T-Nets are not used. In-
stead, the max-pooling operator is performed in a m X N tensor, where
m = 1024. The output of this section was resampled to an tensor of N X
1 to produce the final flow-field output. The m-PointNet method has the
same structure as Section-I of the PCNN architecture (Fig. 4). It is worth
highlighting that none of the three methods, i.e. CNN, m-PointNet and
PCNN, preserve permutation invariance. The spatial correlation in the
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domain is only retained in the CNN and PCNN approaches due to the
use of convolutional kernels.

2.4. Data analysis

This work investigates the flow-field prediction capabilities of low
order models. This is performed for off-surface predictions with special
emphasis in the boundary layer, in which attached and separated flows
are considered. Although a more detailed characterisation of the bound-
ary layer could be acquired with y* =1, this work uses y* =50 with
well-established wall-functions as it is sufficient to investigate whether
deep-learning approaches can predict the boundary layer characteristics
and separated flows.

Data-driven approaches for flow prediction are typically agnostic of
the underlying governing equations [37]. As such, the predicted prim-
itive variables may not be self-consistent as they are in physics-based
methods [38,39]. Within this work, independent PCNN models were
trained for each flow property and the incompressible formulation [40]
was used to determine the integral characteristics of the boundary layer,
i.e. incompressible displacement thickness (6;‘, Eq. (9)) and momentum
thickness (0;“, Eq. (10)) and boundary layer shape factor (H; = 6’.* / 9;‘).
For the calculation of 6;“ and 0;‘, the streamwise velocity component (u,)
was integrated along the wall normal direction (y,,,;;) through a trape-
zoidal numerical integration method. The compressible effects on the
characteristics of the boundary layer are typically negligible for a Mach
number below 5 [41]. This incompressible definition has been success-
fully used in the past to investigate the effect of Reynolds number on a
normal shock wave-transitional boundary later interaction over a curved
surface [42]. The outer edge of the boundary layer (6 and U,) was de-
termined based on a threshold of vorticity magnitude (e, Eq. (11)). A
second-order central differencing scheme was used to compute the ve-
locity gradients and the vorticity field (). At the boundary elements
a forward/backward difference scheme was applied instead. Typically
with a change in e from 1073 to 10, the boundary layer characteristics
were not significantly affected and therefore e = 10~ was defined as the
threshold to identify the outer edge of the boundary layer. Although the
outer flow field is not strictly irrotational immediately downstream of
a shock [43], this method was proved to be robust in the characterisa-
tion of the boundary layer for similar transonic flows [43]. As such, it
is considered a useful approach within the scope of this work.

8
* U
5i =/<1_7e>dywa[/ ©)
0
é
" U U
0,. 2/ Fe (1 - Fg) dywa,, (10)
0
B 1@,
U= Ue @ = <e (11)
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3. Results and analysis

This investigation is based on a compact aero-engine nacelle with a
fixed L, /ry; = 3.1 and r,,/ry; = 0.91, where the other four intuitive
variables of 7., fax> Fiy @and B, (Fig. 1) are varied to generate a
wide range of shapes. The work focuses on civil nacelles for long-range
applications with a flight Mach number of M = 0.85, a massflow capture
ratio of MFCR = 0.7 and a Reynolds number based on the highlight
radius of Rerm ~ 12x 100 [32]. As this work is based on 2D axisymmetric
aero-engine nacelles, the angle of attack is zero. Therefore, the input to
the low order models only depends on the geometry and the operating
conditions are fixed. This is already challenging due to the non-linearity
of transonic aerodynamics.

This is a challenging aerodynamic design space to evaluate the ca-
pabilities of the proposed PCNN deep learning method for off-surface
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Fig. 5. Example of flow-field across the design space considered for compact
aero-engine nacelles (M = 0.85).

flow-field prediction. In this respect, different flow features along the
aero-engine nacelle are encountered. For example, Fig. 5 shows three
different nacelles (Design Al, A2 and A3) within the investigated de-
sign space. Design Al has relatively low values of the initial radius of
curvature at the nacelle highlight (r; /), which results in a large initial
acceleration along the forebody with a peak isentropic Mach number
of approximately M;; = 1.88. Design A2 has a larger value of r;; and
' max> Which induces a continuous acceleration along the nacelle fore-
body to terminate on a well defined shock-wave after the nacelle crest
with a pre-shock Mach number of around 1.34. Both configurations, Al
and A2, have a boundary layer that is fully attached. However, across
the design space there are combination of nacelle design variables (r,,,,,
Smax> iy and B, as defined in Fig. 1a) that result in shapes like De-
sign A3 with clear undesirable aerodynamic flow characteristics. For this
configuration, there is also a continuous acceleration along the forebody
that terminates in a shock after the nacelle crest with a pre-shock Mach
number of 1.45. For this shape (A3), the strength of the generated shock
induces flow separation that extends until the trailing edge (Fig. 5).

A database of compact aero-engine nacelles was compiled with the
computational method described in Section 2. For this purpose, a de-
sign space exploration (DSE) based on a latin hypercube sampling [44]
of approximately 800 designs was performed. The data was randomly
split into training, validation and testing sets. As part of this work, all
the flow-field comparisons that are presented are based on the indepen-
dent testing database which was not used as part of the training process
of the deep learning models. The overall size of the dataset was approx-
imately 24 million input points (800 meshes X 30,000 cells/mesh) for
each flow variable, e.g. axial velocity, radial velocity or pressure. An in-
dependent model was generated for each flow variable. The training of
the neural networks used the gradient descent ADAM optimiser [36]. It
is a first-order gradient-based algorithm that minimizes the output of a
loss function on a training dataset. For this work, the loss function was
the root mean square error of the flow variable of interest. The learning
rate during the training was fixed at 0.0005, with the exponential decay
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Fig. 6. Off-surface flow-field comparison of the three deep learning methods
considered.

rates for the first and second moment estimates of 0.9 and 0.999, re-
spectively. The batch size was 16 which, despite being relatively small,
helped to learn the different shapes and was necessary due to the large
changes in the transonic flow physics of the database. A subset of 640
samples, i.e. 80% of the DSE, was used for the training and validation
process where the split was 576 and 64, respectively. The remaining 160
designs, i.e. 20% of the full DSE, were used as an independent dataset to
test the model’s accuracy. The PCNN model was trained for 2000 epochs
until the loss function converged. This also ensured that the model was
not overfitted, which was verified with the validation set.

N
op= %2(f€FD_fANN>2 12)
i=
where f refers to the flow variable that is being trained with the PCNN.
It is well-known that there are no established rules to define the hy-
perparameters of a deep learning model because they usually depend on
aspects such as the non-linearity of data, the amount of training samples
or the dimensionality of the problem [7]. A trial and error based method
was followed to identify a combination of hyperparameters that had a
low MSE across the design space [35]. The details of the final PCNN
used in this work were provided in Section 2.3.

3.1. Comparison of deep learning methods

To provide an initial overview of the off-surface predictive capa-
bilities of the three deep learning approaches (CNN, m-PointNet and
PCNN), the methods were trained to predict Mach number. Fig. 6 shows
a comparison of the Mach number distribution for a configuration within
the testing dataset. Relative to the CFD results, all three approaches
qualitatively capture the principal flow characteristics associated with
this particular nacelle shape. This includes an initial flow acceleration
along the nacelle leading edge that results in the formation of a shock
wave on the forebody. Although this work is focused on the nacelle
aerodynamics, it is worth highlighting that the models also predict the
complex aerodynamics of the exhaust system with similar features in
the expansion and compression waves of the jet (Fig. 6). However,
there are quantitative differences among the predictions. For instance,
m-PointNet underpredicts the peak isentropic Mach number along the
nacelle with a difference of approximately AM;; = -0.1 compared with
the numerical simulation (Table 2). The Point-Enhanced Convolutional
Neural Network (PCNN) and the CNN methods both are within AM;; =
0.04 of the CFD data (Fig. 6). All three deep learning methods predict
the location of the shock wave within AX/L,,. ~0.005. For this work,
the axial location (x) where the shock wave occurs is based on identi-
fying the x-location (x,) where the first derivative of isentropic Mach
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Fig. 7. Boundary layer comparison of the three deep learning methods considered.

Table 2
Difference between CFD and considered deep-learning methods in
peak and pre-shock isentropic Mach number and shock location.

Table 3

Relative difference between CFD and considered
deep-learning methods in boundary layer character-

istics.

Method peak M, pre-shock M,,  shock location (X /L,,.)
CNN +0.04 +0.001 +0.005 X/Lyu  Method GlL%I  o]l%)  HI%]
m-PointNet  -0.10 -0.09 +0.003 CNN 2144  37.6 -404.3
PCNN +0.02 +0.03 +0.002 0.05 m-PointNet ~ -10.8 -29.3 14.1
PCNN +1.9 +8.6 7.7
. L . CNN 5.7 7.4 -6.9
num.ber with respect.to X is m1n1m1s<?d (Eq. (1?)). The pre-shock isen- 06 m-PointNet  -5.9 81 +2.0
tropic Mach number is calculated by interrogating the Mach number at PCNN +3.2 +3.0 +0.2
X/ L4 =5/ L,z —0.003
/Lnae =X/ Lnge CNN +2.3 +30.1  -39.8
dM, (x) 0.8 m-PointNet ~ -9.9 -13.3 +3.0
X, = argmin < + > 13) PCNN +20 21 -0.1
x x

The overall predictive accuracy of the three deep learning techniques
(i.e. CNN, m-PointNet and PCNN) across the full design space is based
on 160 aero-engine nacelles that compose the testing dataset. The root
mean square error (Eq. (12)) is calculated by comparing the predicted
Mach number distributions with the CFD data across the full off-surface
domain. For the considered design space that contains a wide range of
different transonic flow aerodynamics (Fig. 5), the PCNN model outper-
forms the CNN and m-PointNet. For the training dataset the predictive
accuracy of CNN, m-PointNet and PCNN is o, ~ 1.8 x 1073, 4.5 x 1073
and 3.2 x 1079, respectively. For the training set the Point-Enhanced
Convolutional Neural Network (PCNN) has a o), = 1.1 X 1073, which
is also considerable better that the accuracy of CNN and m-PointNet
with 6, ~ 2.8x 107 and 1.3 x 107, respectively. It is important to em-
phasize that the m-PointNet method is a simplification of the original
PointNet proposed by Kashefi [15]. The main difference is that the m-
PointNet does not use T-Nets [15] and the max-pooling operator is with
am x N tensor, where m << N. Whilst this results in losing the spatial
correlation in domain and permutation invariance, it enables the train-
ing of the model as the computational requirements of the max-pooling
operator are reduced. Consequently, it is anticipated that this deviation
may lead to reduced prediction capabilities compared to the original

PointNet. Nevertheless, this study presents results using the m-PointNet
method as an approach which can handle the necessary larger grids.
For this reason, the PCNN method is proposed, which extends the m-
PointNet approach by integrating convolutional neural networks, and
thereby preserving spatial correlations in the domain. The predictive
capabilities within the boundary layer for the three methods, i.e. CNN,
m-PointNet and PCNN, are presented in Fig. 7. The comparisons are at
three axial locations with X /L,,. = 0.05, 0.5, 0.9. As expected, the
CNN method is not able to predict the boundary layer characteristics
due to the low spatial resolution near the wall [13]. The m-PointNet,
which has the same resolution as the CFD data, gives a better predic-
tion of the boundary layer compared with the CNN approach but there
are also notable local differences in the profile shape and magnitude.
For example, for the axial location X /L,,. = 0.05, the streamwise ve-
locity is underpredicted by approximately 14% at y,,;;/r r,, = 0.015.
Table 3 compares the boundary layer characteristics in terms of incom-
pressible displacement thickness (5;‘, Eq. (9)), momentum thickness (0;",
Eq. (10)) and boundary layer shape factor (H; = 67 / 91.*) between CFD
and the deep-learning methods. Overall, the PCNN approach has the
best agreement across various axial locations. A detailed analysis of the



F. Tejero, S. Sureshbabu, L. Boscagli et al.

Aerospace Science and Technology 155 (2024) 109689

Design B1 Design B1 | Design B1
CFD PCNN ) el Difference
| g ) b
Yy ) U
Design B2 Design B2 Design B2
CFD = PCNN Difference
Design B3 Design B3 Design B3
CFD PCNN i Difference
Design B4 Design B4 Design B4
CFD ‘l PCNN \ /f Difference
a !

Design B5 Design B5 Design B5
CFD PCNN \ Difference
rrlvend|

Mach number (M)

00 02 04 06 08 10 12 14

(M —M pen/ Mern) %]

-10 0 10

Fig. 8. Off-surface Mach number prediction and difference with CFD of the PCNN deep learning methods for a range of aero-engine nacelles.

prediction capabilities of the PCNN is presented below for different aero-
engine nacelles.

The CFD database generation and the training of the various mod-
els, i.e. CNN, m-PointNet, and PCNN, were conducted on an AMD
EPYC 7543 32-core CPU with an NVIDIA A100 GPU. To benchmark
the training duration, the total time (¢ yp) required to generate the
CFD database of 800 nacelles was used as reference. The training times
for the CNN, m-PointNet, and PCNN models were approximately 0.5%,
18%, and 20% of ¢ p, respectively. The m-PointNet and PCNN model
required the longest training time due to its significantly more com-
plex architecture and larger number of hyperparameters. Whilst this is a
disadvantage, it is important to note that the training process is only per-
formed once. As such, it is concluded that the proposed PCNN method
is a feasible low order model for flow-field prediction in transonic ap-
plications.

3.2. PCNN for flow-field prediction

Having established confidence on the accuracy of the PCNN model
across the design space (Section 3.1), and to test the predictive capabil-
ities for off-surface flow-field prediction, Mach number distributions for
a selected range of cases are presented in Fig. 8. By changing the na-
celle design variables Of 1,4, finaxs Fiy and By, (Fig. 1), a wide range
of flow aerodynamics arises. The PCNN model captures these flow char-
acteristics for this complex transonic aerodynamic conditions with M =
0.85. Design Bl is an example of a forward loaded configuration with a
large flow acceleration with a maximum peak Mach number of approx-
imately 1.5, in which the PCNN underpredicts it by 0.01. Across the
domain, the low order model predicts the Mach number with a maxi-
mum error of AM = 0.05. This difference is encountered at the shock
location with a difference in its prediction of AX /L, =~ 0.002. The root
mean square error on the Mach number prediction across the domain is
oy = 0.004. Relative to configuration B1, the nacelle B2 has a lower
acceleration around the nacelle lip with a maximum peak Mach num-
ber of M = 1.32, which is successfully captured by the deep learning

model within AM = 0.01. For this configuration the maximum differ-
ence in the predicted Mach number is also located at the shock location,
and has a root mean square error (o,,) of 0.003 across the full domain.
Finally, designs B3, B4 and B5 have the same double shock structure in
which the first shock appears at the forebody and the flow reaccelerates
and terminates with a second shock after the nacelle crest. Relative to
B3, the shape B4 has a reduction in the normalised axial location of the
nacelle crest (f,,,,) and an increment of the maximum radius (r,,,,),
whereas the configuration B5 has a further reduction of f,,,. and incre-
ment of r,,,,.. These changes of both design variables results in a weaker
first shock and a stronger second shock as the designs are modified from
B3 to B5. The second shock-wave for B5 has a pre-shock Mach number
of about 1.45 that induces flow separation, and extends to the nacelle
trailing edge. The nacelle B4 has shock-induced separation and reattach-
ment. A thorough analysis of the boundary layer characteristics of these
configurations is presented in Section 3.3. For these three configurations
B3, B4 and B5, the PCNN deep learning approach captures the changes
on Mach number distribution with ¢, of 0.002, 0.004 and 0.02, respec-
tively. It is important to note that the largest prediction errors are at the
shock positions for the considered B1-B5 designs (Fig. 8). This is caused
by differences in the prediction of the shock location. For the most chal-
lenging design of B5, which has the strongest pre-shock Mach number,
the error is of approximately 10%. For transonic aerodynamics with
shock waves, it is acknowledged that there will be always differences
between two methods if the shock location is predicted differently. This
error is considered acceptable as the PCNN method predicts the shock
position within AX/L,,. = 0.5%, and at worst 0.8%. This is typically
in the range of validation studies for transonic applications [45].

These results show that the PCNN method can predict the off sur-
face Mach number distributions for a wide range of nacelle designs. The
method can also be used for other flow variables. For example, the same
technique was used to train a model for static pressure. Similar levels
of accuracy were obtained, and therefore they are not presented in this
work. It is important to note that the input of the PCNN is an array
of approximately 30,000 points for the x-coordinate and r-coordinate
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Fig. 9. On-surface isentropic Mach number prediction of the PCNN deep learning method for a range of aero-engine nacelles.

Table 4
Difference between CFD and PCNN on-surface predictions for selected aero-engine configurations.
Design peak M, 1°" pre-shock 1°* shock 2" pre-shock 2" shock
M, (AM,)) location (AX/L,,.) M, (AM,)) location (AX/L,,.)
Bl +0.02 +0.001 +0.004
B2 +0.01 +0.005 +0.003 - -
B3 +0.005 0.0 +0.002 -0.02 +0.007
B4 -0.01 -0.04 -0.002 -0.002 -0.002
B5 +0.02 +0.02 -0.003 +0.002 -0.008

of the domain and the output is the flow property of interest in each
point. Therefore, the grid-points that define the nacelle surface can be
identified and the associated pressure extracted. This process allows for
on-surface prediction with the off-surface data generated with the PCNN
model. Previous studies focused on on-surface data for aero-engine na-
celles. For example, Tejero et al. [29] used artificial neural networks
for the prediction of isentropic Mach number along 2D axisymmetric
aero-engine nacelles. It was concluded that fully-connected neural net-
works can identify the main flow characteristics in terms of peak Mach
number, pre-shock Mach number and shock location.

Having a PCNN model for absolute static pressure (P;), the isentropic
Mach number (M;,) along the cowl is calculated with Eq. (14):

P (=L
M, = \/«F’WY . 1)(y—fl)

where P, refers to the freestream total pressure and y is the heat capacity
ratio.

(14)

10

Fig. 9 shows the M, distributions along the cowl for the selected
B1, B2, B3, B4 and B5 configurations. The PCNN method predicts a
wide range of different flow characteristics for this complex non-linear
aerodynamic problem. The main features of peak isentropic peak Mach
number (M,,), pre-shock isentropic Mach number and shock location
(X/L,,.) are captured within AM;; = 0.02, AM;,=0.04, 6X/L,,. =
0.007, respectively (Table 4). These comparisons demonstrate that the
technique can predict surface quantities in addition to off-surface data.

3.3. PCNN predictions in the boundary layer

Compared to more traditional CNN-based deep learning methods,
the key novel aspect of the PCNN is that it can predict the flow in the
region close to the wall. Thus, it is important to quantify the agreement
between the CFD and the PCNN prediction within the boundary layer.
For this purpose, two independent PCNN models were trained to predict
the axial and radial velocities from which the boundary layer character-
istics could be determined (Section 2.4). A subset of the nacelle designs
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Fig. 11. Boundary layer characteristics for nacelle B3. The black dashed line in (c) marks the incompressible shape factor for a turbulent boundary layer with zero

pressure gradient [46].

presented previously was used to determine the boundary layer charac-
teristics along the nacelle cowl. The case studies included an attached
boundary layer (nacelle B3), as well as two cases with boundary layer
separation (nacelles B4 and B5).

For the attached case (Design B3), the boundary layers for the CFD
data and PCNN predictions are very similar (Fig. 10). For example,
downstream of the first shock wave at Ax/L,,. ~ 0.2 (Fig. 10a) the
boundary layer characteristics are comparable with a difference in the
incompressible displacement thickness, momentum thickness and shape
factor relative to CFD of 2.1%, 0.19% and 1.89%, respectively (Fig. 11).
The boundary layer thickness increases significantly after the second
shock-wave at Ax/L,,. ~0.75 (Fig. 10b). The PCNN method predicts
the properties of 5/, 07 and H; with a difference relative to CFD of 1.7%,
1.3% and 0.4%, respectively. Across, the different axial locations of the
aero-engine nacelle the maximum difference between the PCNN and
CFD methods is 2.1% in 5;“ (Fig. 11a), 2.4% in 0‘.* (Fig. 11b) and 1.9% in
H; (Fig. 11c). At axial locations between both shocks, the shape factor
was approximately 1.3 for both methods. This is similar to an incom-
pressible turbulent boundary layer over a flat plate with zero pressure
gradient [46].

Other designs with shock induced separation and reattachment (B4)
and shock induced separation that extends until the trailing edge (B5)
were used to demonstrate the capabilities of the new PCNN method to
achieve near wall resolution. For the nacelle B4, the PCNN predicts at
axial locations of Ax/L,,. <0.65 an incompressible shape factor, mo-
mentum thickness and shape factor that is typically within 2.6%, 2.9%

11

and 0.9% of the CFD results, respectively (Fig. 12). These are upstream
of the boundary layer separation that is induced by the second shock
(Fig. 9d). For axial locations downstream of the flow reattachment the
maximum difference between both methods is of 7.6% in 5;“ (Fig. 12a),
2.6% in 07 (Fig. 12b) and 5.3% in H; (Fig. 12c). The largest discrepancy
in the integral parameters between PCNN and CFD is at X /L,,. ~ 0.75
(Fig. 12). However, the boundary layer profile is very similar between
both methods (Fig. 13), which indicated that the PCNN method broadly
capture the recovery of the boundary layer after the initial separation.
For axial locations upstream of the flow separation, e.g. X/L,,. ~0.48
in Fig. 13, the PCNN prediction is excellent as expected from the agree-
ment in the integral parameters of 6, 67 and H; (Fig. 12).

For the configuration B5, larger differences were typically identified
in the incompressible integral values relative to the nacelles B3 and B4.
Within the region of attached flow upstream of the second shock-wave,
the maximum difference in 61.*, 0‘."‘ and H; was 5.3%, 5.2% and 0.25%,
respectively (Fig. 14). Overall, for attached boundary layers the new
deep learning method (PCNN) successfully captures the incompressible
integral characteristics. As such, it is a viable rapid and fast method for
transonic wall-bounded flows. For this nacelle, the streamwise and wall-
normal extent of the separation were slightly underestimated by the
PCNN compared to the CFD (Fig. 15). For example, at Ax/L,,. = 0.57
the separation extent normal to the nacelle was approximately 0.005r ;,,,
for the PCNN, whereas it was about 0.012rf,,, for the CFD. Similarly, at
Ax/L,,. ~0.84, the thickness of the separation bubble was smaller for
the PCNN relative to the CFD.
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The results presented above demonstrate that the PCNN method
accurately predicts a range of flow-field characteristics such as shock
waves or shock-induced separation. Relative to previous CNN methods
tested for transonic applications, the PCNN approach enables the predic-
tion of the boundary layer. In addition, relative to the PointNet method,
the scalability to large computational domains has been improved. This
is a clear step forward to develop low order models with the same spa-
tial resolution as the training data. On the other hand, it is important
to acknowledge some limitations. The architecture does not preserve
permutation invariance, making it suitable only for point cloud data gen-
erated using a fully structured grid approach. Currently, the method can
be trained for one flow quantity, and in this study, independent PCNN
models were trained for each primitive variable. However, this process
does not adhere to a physics-based approach, and the underlying Navier-
Stokes equations may not be satisfied by the PCNN predictions. For this
purpose, more advanced loss functions based on physics-informed neu-
ral networks should be implemented.

4. Conclusions

This article proposes a deep learning method for transonic wall-
bounded flows. The approach, named Point-Enhanced Convolutional
Neural Network (PCNN), is based on state-of-the-art convolutional neu-
ral networks and PointNets, and reduces the computational memory
requirements in the training process while maintaining spatial corre-
lation in the domain and the same resolution in the predictions as the
underlying data.

The novelty of this work is in the development of a low order model
for flow-field prediction that preserves the spatial resolution of the train-
ing data. This enables the prediction of the boundary layer from which
integral values such as displacement or momentum thickness can be
calculated. The method has been demonstrated for a transonic flow test
case. This was an aero-engine configuration comprising an intake, na-
celle and separate jet exhaust. For the design space considered, a wide
range of different transonic flow aerodynamics is encountered. The asso-
ciated flow physics of transonic nacelles were evaluated with the PCNN
model, in which the peak Mach number, shock location and pre-shock
Mach number were successfully predicted. This deep learning approach
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is demonstrated for transonic wall-bounded flows, in which the incom-
pressible displacement thickness, momentum thickness and shape factor
are typically within 5% of the CFD. While the PCNN deep learning tech-
nique is demonstrated in nacelle applications, the results of this study
hold significant potential within the aerospace sector, particularly in
scenarios of transonic wall-bounded flows where it is required to have
high resolution and accuracy within the boundary layer.
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