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Abstract

Modern aircraft development requires ever-faster evaluations of physical quantities con-
sidering large parameter spaces. Conventional computational methods are prohibitive
due to the required computational e ort. Data-driven surrogate models allow very fast
evaluation times, by shifting computational e ort to a prior training phase. Deep-learning
models have proven capable of capturing high-complexity data.

Unsteady aerodynamic e ects, e.g. caused by discrete gusts, must be considered during
aircraft design. Conventional methods such as the linear frequency domain solver allow
computing solutions in the frequency domain. This work investigates the applicability
of graph neural networks as surrogate models for such problems. Graph neural networks
can use the spatial information given by a computational mesh to enhance the prediction
accuracy as prior work on steady aerodynamic problems has shown.

Two types of graph neural networks, namely a graph convolutional network with Re-
sidual Gated Graph ConvNetsonvolution, and the graph network simulator model are
compared using only global ow featuresM, , and! with models using pressure as an
additional local ow feature. The complex-valued increment to the pressure coe cient at
the airfoil surface is used as the target quantity. An interpolation model and a node-wise
predicting fully-connected neural network are used as comparisons.

In this work, all models are compared using the NACA 64A010 airfoil as a two-dimensional
test case. Therefore, a sampling strategy is described to generate a dataset. Subsequently,
the models are optimized towards the available data.

Evaluating the models using four di erent metrics indicates that the two graph neural
network approaches using local and global ow features deliver the best predictions. Espe-
cially, comparing the deep-learning results to the interpolation model shows advantages in
the capability of capturing non-linear ow characteristics in the transonic ight regime.
However, with the available dataset and chosen hyperparameters, none of the models
delivers satisfactory predictions, especially at low reduced frequency transonic samples.

Further investigations test the models' behaviours on di erently sized datasets, as well as
datasets containing subsets of reduced frequencies respectively subsets of Mach numbers
and angle of attack. Regarding the computational e ort, all data-driven approaches show
the potential to evaluate samples approximately four orders of magnitude faster than the
linear frequency domain approach. Overall the graph network simulator model using local
ow features shows the greatest potential. Finally, ideas regarding further improvements
and continuing investigations are given.
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Chapter 1

Introduction

Future aircraft design by means of multidisciplinary design optimization requires com-
puting results in various disciplines across large parameter spaces and multiple times to
result in disruptive layouts. To be able to compute large parameter spaces numerous
times, fast computation models are needed when computational resources are limited.
Unsteady aerodynamic e ects such as gust responses must be regarded according to the
certi cation speci cation [1].

Linear potential methods, such as the doublet lattice method (DLM) [2], can be computed
fast. However, they are not able to capture non-linearities that are present in the tran-
sonic regime. Computational uid dynamics (CFD) is the current industry standard for
computing aerodynamic simulations. This method delivers accurate results for unsteady
aerodynamic e ects, but these computations are very time-consuming [3]. The linear
frequency domain (LFD) approach investigated in [4] and [5] assumes small perturba-
tions and has proven to reduce computational e ort by one to two orders of magnitude
when compared to computations using the unsteady Reynolds-averaged Navier-Stokes
(URANS) equations. However, the use of this method in an optimization cycle, while
examining a large number of points in the ight envelope is still prohibitive regarding the
computational cost. Consequently, fast and e cient surrogate models are needed.

Recent advancements in computing power make the processing of large amounts of data
feasible. As uid dynamics is typically a eld of research that produces large amounts
of data, the usage of data-driven methods running on high-performance computers is
suitable [6]. Data-driven methods allow to shift the computational e ort from the point

of evaluation to a preliminary training phase. Thus, being suited for multi-query scenarios.

In the eld of deep-learning numerous new concepts have been developed recently. One
of which are graph neural networks (GNNSs) that use data in the form of graphs and can
therefore make use of spatial information in the data structure [7, 8].

The text above gives a motivation for this paper. Subsequently, related work is reviewed
in section 1.1 before a research objective is de ned in section 1.2. Finally, the structure
of this work is explained in section 1.3.

1.1 Related Work

Various approaches to building data-driven models for unsteady aerodynamic problems
can be found in literature. Proper orthogonal decomposition (POD) allows to reduce the
dimensionality of a physical ow by nding the principal components. Along with an
interpolation approach, this allows the prediction of aerodynamic quantities. In [9] it is
shown how POD can be used to update an aerodynamic model which predicts general
aerodynamic forces. Another study applies POD to build a reduced order model (ROM)
of a time-linearized solver leading to highly accurate predictions of aerodynamic and
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aeroelastic behaviour in transonic ows [10]. More recent approaches combine POD with
sophisticated interpolation methods such as the Grassmann manifold interpolation in [11],
which as of now is only applicable in the region close to a sample point.

A more complex method to model unsteady aerodynamic characteristics is the dynamic
mode decomposition which is used in [12] to compute frequency domain generalized aero-
dynamic forces by obtaining the most dominant uid dynamic modes caused by small
amplitude excitations.

Deep Learning (DL) methods such as neural networks have been applied to unsteady
aerodynamics in multiple papers. The time-dependent prediction of unsteady boundary
layers with recursive neural networks is shown in [13]. Multi-layer functionals are proven to
be a suitable representation of an unsteady aerodynamic response in [14]. In [15] recurrent
neural networks are used for non-linear aeroelastic reduced order modelling. Multi-layer
perceptrons are used in [16] in combination with Neuro-Fuzzy models to predict general
aerodynamic forces in the time and frequency domain with high accuracy and a reduction
in computational e ort. Overall, neural network approaches show great capabilities to
cover aerodynamic non-linearities.

A recent advancement in the eld of deep learning are graph neural networks, which is
the parent name of di erent concepts that are based on message-passing neural networks
(MPNNSs) that use graph-structured data to send messages to neighbouring nodes. Those
have been proven superior on test cases in the eld of chemistry [17]. A specic form of
MPNNSs are graph convolutional networks (GCNSs) that extend convolutional networks to
graphs [18]. As a subform of GCNs residual gated graph convolutional networks use a
speci ¢ convolutional architecture that has proven to deliver accurate results on di erent
benchmark tests [19]. The graph network simulator model architecture was rst intro-
duced in the eld of subsurface ows and combines the concepts of fully-connected neural
networks with graph convolutional networks in an encoder-processor-decoder structure to
do time step predictions [20]. The graph network simulator has also successfully been
proven to be able to predict steady-state ows including non-linear local e ects around
an airfoil [21].

1.2 Research Objective

The main objective of this work is to investigate the applicability of GNNs for the predic-
tion of aerodynamic quantities in the frequency domain. More speci cally, in this work,
GNNs are applied as surrogates of the LFD solver which calculates frequency domain
responses due to gust excitations. By comparing di erent GNN models to other data-
driven approaches an evaluation regarding accuracy and computational e ort can be done.
Furthermore, to ful ll the objective the di erent approaches are investigated regarding
speci ¢ strengths and weaknesses.

1.3 Structure

After this chapter gave a motivation and surveyed existing research studies, in chapter 2
the theoretical background of the physical problem and the resulting task is explained.
Next, in chapter 3 di erent data-driven methods including two types of graph neural

networks are explained. The di erent methods are evaluated using the test case that is
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explained in chapter 4. Based on the methods explained in chapter 3 speci ¢ models
are described and their optimization is represented in chapter 5. The models are then
analyzed in di erent investigations in chapter 6. Finally, conclusions are drawn and an
outlook are given in chapter 7.



Chapter 2

Problem De nition

The linear frequency domain (LFD) method can be used to obtain a complex-valued
solution to an excitation. In this work the goal is to build data-driven models that act as
surrogates of the LFD solver. In section 2.1 the LFD solver is explained. Subsequently,
section 2.2 explains the resulting task of this paper.

2.1 Linear Frequency Domain Method

The LFD has the ability to calculate the dynamic response behaviour from a harmonic
disturbance, for example, the dynamic lift behaviour of an airfoil undergoing a harmonic
pitch oscillation. This work only takes gust excitations into account. The certi cation
speci cation [1] de nes a discrete 1-cos gust shape, it can be seen in gure 2.1. The
parameters in the gure are the free-stream velocityJ; , the vertical gust amplitude
Vg, the gust length Ly, and the initial distance between gust and airfoilx,. Fourier-
transforming a gust excitation into frequency domain allows a time-independent solution
using a linear solver.

Figure 2.1: Sketch of 1-cos gust with airfoil and parameters [5]
Considering the semi-discrete form of the URANS equations the response to a gust excit-
ation can be de ned by
w= R (w;Vvg) (2.1)

with the vector of conservative variablesv, the temporal change of the vector of conser-
vative variables w, the gust disturbance vectorvg, and the vector of non-linear residual
functions R.

A rst-order Taylor expansion around an equilibrium point can be done by assuming small
perturbations, and by de ning the dierences w=w wpand vg=Vy Vg Where

4
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Wy and vy, are the conservative values and the gust disturbance at the equilibrium:

d w @R @R
—— = R (Wqo;Vgo)+ — W+ —

( 0 g,O) @V @g
with (@R =@v) the Jacobian matrix with respect to the conservative variables an@R =@ )
the change with respect to gust excitation. The ternR (wg; v4) is the non-linear steady
ow residual, which is assumesR (wo;Vy) = O for a fully converged steady-state ow
simulation.

Vg (2.2)

Assuming w and Vg to be harmonically changing in time allows to transfer equation
2.2 into the frequency domain:

@R W= @\’)g (2.3)
@v @y
where¥ is the description of the gust disturbance. By solving the linear system of equa-
tions, the complex-valued solution vectow is obtained. W are complex-valued Fourier
coe cients that explain the frequency domain response of the conservative values. is
the reduced frequency normalized using the reference chord length and the freestream
velocity U, :

T !Cref

with (2.4)
1

=2k (2.5)
wherek is the frequency of the oscillation.

The (@R =@v) and the grid-node velocity Jacobiaff@ =@ 4) matrices are derived through
an analytical linearization or di erentiation of the discrete URANS equations. The gust
shape vector¢y needs to be de ned in order to solve equation 2.3 fat with known
(@R=@), (R=@y) and! . An analytical description is given by

g (X! ) = vge ) (2.6)

with the vector of phase shifts that according to linear potential theory [2] is given by

|
;! )y=(x xo)a (2.7)

wherex the spatial location vector is introduced as a new variable.

The equations above describe a way to solve f@r given a steady ow solution, and
a reduced frequencyW can be evaluated for multiple reduced frequencies to obtain a
solution in the time domain [4, 5]. The LFD solver is implemented in the DLR-TAU code
which is used in this work [22].

2.2 Resulting Task

According to [4] the LFD solver described in the section above allows for a reduction in
CPU time of one to two orders of magnitude for unsteady aerodynamic predictions when
compared to solving the URANS equations. However, using a data-driven surrogate with
further reduced computational e ort can be useful for multi-query scenarios.
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A task must be de ned regarding which part of the physical equations is to be replaced by a
surrogate model. Considering the linear system in equation 2.3 gives multiple possibilities.
The computational most e ortful task is the creation of the Jacobian matrix(@R=@w).
Consequently, an option could be to replace this computation with a surrogate model.
However, in this paper a holistic approach is chosen: the task is to build a surrogate model
that is able to predict the the complex-valued increment of the pressure coe cient

at the airfoil's surface given a steady ow solutionw around an airfoil, and a reduced
frequency! . The usage of further input variables such as the Mach number or the
angle of attack is allowed. ¢ , is chosen as target, since this distributed quantity over
the surface delivers important information regarding gust-loads. In addition, it can be
computed from the complex-valued Fourier coe cientft. Also, the value can be obtained
as a direct output of the LFD solver in the DLR-TAU code [22]. Figure 2.2 visualizes the
task.

Figure 2.2: Schematic visualization of the task for a surrogate model

To allow a consistent description of the methods in the next chapter, the following form-
alization for the function f represented by the surrogate model is given by:

fo(w(), ;!9 7 cp (2.8)

wherew is the vector of conservative variables of the ow solution at the airfoil surface,
which are also calledocal ow features (e.g. pressure). is the vector of independent ow
parameters, in the following they are also calledlobal ow features (e.g. Mach number).

I is the reduced frequencyg is a vector containing geometric information.c , is the
vector of complex-valued pressure increments at the airfoil surface.



Chapter 3

Data-Driven Methods

The previous chapter stated the task for the surrogate methods. In this chapter, a de-
scription is provided for the six data-driven methods explored in this study with a focus
on the graph neural network approaches. Physics-based modelling describes a system
with equations that explain the underlying physical phenomena. In contrast, data-driven
methods make use of existing data that describes a physical phenomenon. Data-driven
methods aim to nd structures in the data to generalize from to make predictions.

3.1 Machine Learning

Machine learning (ML) is an arti cial intelligence (Al) approach. Whereas rule-based
systems generate an output based on a hand-designed program that evaluates an input,
classical machine learning uses hand-designed features that generate an output. Statistical
methods such as regression models are a form of classical ML. Deep learning (DL) belongs
to the eld of ML. DL is more powerful by using several mapping layers. Thus, abstract
representations of the input are generated with to goal of generating mappings of these
more abstract features that are the output. The most commonly known form of DL is the
multi-layer perceptron (MLP) that is explained in subsection 3.3.2, while more recent DL
approaches based on graph neural networks are described in subsections 3.3.4 and 3.3.5
[23, 24].

For this study regression models are of interest. Depending on the models' capability
to handle complex values, the regression models in this work can be seen as a universal
approximator of the formf:R"! RM™orf:R"! C™ (with f from eq. 2.8,n inputs

and m outputs) [23, 25].

3.2 Geometric and Graph Data

Most of the methods explained in section 3.3 use geometrical information. The graph
neural network approaches use the data stored in an attributed graph that is created

based on the CFD mesh. Hence, this section explains the available geometric information
and how it can be transformed into an attributed graph.

Attributed Graphs

V is a set ofn nodesv;. Two nodesyv; andv; can be connected by a directed edg®; .
Through binary entries in the adjacency matrixA 2 N™ m edges are de ned. This
de nes a graphG = (V;A).

By adding d; features in a node feature vectox; 2 R% to each node, and by adding
d, features in an edge feature vectog; 2 R% to each edge an attributed graph is con-
structed. With all node feature vectors and all edge feature vectors collected in matrices
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X 2 R™: and E 2 R™¥ an attributed graph can be written as: G = (V;A;X;E) [26].
Figure 3.1 gives an exemplary visualization.

Figure 3.1: Exemplary attributed graph with node v; that is connected to two neigh-
bours. Each node has three features, each edge has two features.

Graph Creation on Basis of a CFD Mesh

A CFD mesh consists of nite volumes. For the application of the di erent modelling ap-
proaches the spatial information needs to be in graph representation. The transformation
is done using the functionGraphfrom the DLR SMARTy-Toolbox [27].

The connectivity of the mesh can be translated to a grap® = (V;A) with n nodes.
More geometrical information is added as node and edge features resulting in an attributed
graph. The coordinates of node are (c;; d,) and the surface normals at dual elemeritare
(vi;Vvh). They are added as node feature vectoss to the node feature matrixX 2 R™4,
The displacements or distance vectors between nodand i in polar coordinates(r;; ; i)
and the face normals between dual elemenfsand i in polar coordinates(a;;; ;i) are
added as edge feature vectors;; to the edge feature matrixE 2 R™%. Note that
subsequently the graph can be extended by adding( ), and! as node features
depending on the methodology as explained later in subsection 3.3.4 and 3.3.5.

3.3 Methods

Multiple DL approaches are compared against each other as well as against an interpola-
tion model as a baseline comparison.

3.3.1 Interpolation

For the purpose of baseline comparison, one of the interpolation capabilities implemented
in the SMARTy-Toolbox is used. Given global ow features and the reduced fre-
quency! the interpolation model has to predict the entire vectorc , at once. The
goal of an interpolation model is to nd a mapping between a set of input vectors
X =1 ;') o' ,)7gand a set of scalar output valuesy = f  Cy1;:5 GO
The prediction of multiple target quantities as ¢  is possible by de ning a single inter-
polation model for each quantity. Assuming Gaussian noisein the data an interpolation
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model can be written as:

G( ;! )=9( ;! )+ 3.1
andg( ;! )= (! )u (3.2)
with basis functions ( ;! )=( 1( ;! );:=5 m( ;! ) and the weight vector which is

usually de ned asu 2 R™. Since the goal is to predict complex values in this study it is
dened asu 2 C™. The nature of the interpolation can be altered by the choice of the
basis function [27].

Radial basis function (RBF) interpolation allows to nd a high-order description of high
dimensional data [28]. Gaussian process regression is a non-parametric probabilistic
method for modelling and predicting the distribution of a dependent variable based on a
set of input data points, utilizing Gaussian processes to capture uncertainty and provide
regression analysis.

RBF Interpolation

Radial Basis Function (RBF) Interpolation is a technique that uses a combination of radial
basis functions centred at data points to approximate and interpolate high dimensional
data at non-data points, where the in uence of each data point diminishes with distance
from the centre [28, 29].

RBFs can be described as:
() =G ) Cat)Tisi=1;n (33)

where function' can be chosen. Further theory can be found in [29]. Four di erent RBF
types are implemented in SMARTY, they can be found in table A.1 [27].

Gaussian Process Regression

Gaussian process regression (Kriging) is a probabilistic method for modelling and predict-
ing the distribution of a dependent variable based on a set of input data points, utilizing
Gaussian processes to capture uncertainty and provide a exible framework for regression
analysis [27, 30].

The functional relationship between the scalar output ¢, and the input vector( ;! )~ 2
R" can be de ned as

G( P )="Ff(Ct) + (1) (3.4)

It is de ned by the regression modelf : R" ! RP with unknown parameters 2 RP
and a Gaussian procesy ;! ), which is de ned by an expected value, variance, and
covariance. Since this is not the focus of this work, more theory can be found in [27], [31],
[32], and [33]. Kriging models can be altered by using di erent correlation kernels. The
kernels in table A.2 are used in the following study.

3.3.2 Fully-Connected Neural Network

A fully-connected neural network (FCNN) is also called a multi-layer perceptron (MLP).
Itis based on the simpler idea of perceptron The FCNN in this paper useswi( ), !
and (c;; ¢,), (vi;Vv5) as geometrical features at one node to predist( ¢,); and =( c);.
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The index i refers to values at a speci c node. A perceptron multiplies an input vector
x 2 R" with weights u 2 R", adds a biasb 2 R and passes it through a (non-linear)
activation function in order to produce an outputy 2 R [34]:

y= (Ux+b (3.5)

In an MLP multiple neuronsas in equation 3.5 are organized ihlayers. Each unit in one
layer is connected to every unit in the subsequent layer. The output of the+ 1) -th layer
h(+1) 2 RP with p neurons is computed on basis of thieth layer h() 2 RY with ¢ neurons.
All weights are organized in a weight matrixw () 2 RPd and the biases organized in the
bias vectorb(® 2 RY:

h) = O WORE D4 (3.6)

By de ning the input vector (wi( ); ;! ;(cj;c);(Vi;Vvh))” 2 R" as the rst layer and
the output (<( )i;=( G)i)” 2 R™ as the last layer, equation 3.6 can fully describe an
MLP [23].

While the number of inputs n and outputs m, and therefore the size of the rst and
last layer are de ned by the data, the number of hidden layer$ and the number of
neurons per layer can be changed. Both are hyperparameters and can strongly in uence
the performance of a neural network. The model uses the RelLU activation function
according to [35]. It is trained iteratively using backpropagation according to [36].

3.3.3 Message Passing Neural Network

As a basis for GNNs message passing neural networks (MPNNs) must be introduced.
MPNNs assume graph data and compute a new node feature vectdi* 2 R%t+ at
nodev; on basis of the node feature vector of the previous step at nodeh! 2 Rdt  and

at all the neighboursy; 2 N (v;) h} 2 R%:t, and the edge feature vectors;; for all edges
connected tov,.

With the input features as starting point h? the computation is done in the following
three steps [17]:

1. In the message passingtep a message vectcnnjt;i+1 is passed from each neighbor

v; 2 N (vi) to nodev; using functionM with learnable parameters. The information
of ht, h}, and g;; is taken into account:
mjt;Tl = M hi;hi;eg; (3.7)
2. The messages of all neighbours are then collected using a permutation invariant
function in the aggregationstep:
m_t+1 - mt+1 (38)

i st
Vj 2N (vj)

3. Finally, an update of the node feature vector is generated using functiod; with

learnable parameters:

ht*1 = Uy ht;mt™ (3.9)
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The three steps result in the following equation:
0 1

M
It+1 _ Ut @ht Mt ht h|1ejl A (310)

Vi 2N (vi)

3.3.4 Graph Convolutional Network

The models in this subsection and subsection 3.3.5 assume that data in the form of
attributed graphs is present (see sec. 3.2). The rst approach is the graph convolutional
network (GCN) which is introduced in two versions. For the rst in addition to the
geometric information (c;; ¢,) and (vi;v5) all available ow featuresw( ), and! are
added to the node feature vector. This model uses local ow information and is therefore
called local model. The second only uses global ow features:and! . It is referred to

as global model. Both models predict the real and imaginary part of the increment to the
pressure coe cient at each node which results in the two vectors(c ) and=(c ;).

Residual Gated Graph ConvNets
The structure of an MPNN can be altered by the choice of the function®, U, and
the aggregation function. TheResidual Gated Graph ConvNeproposed in [19] uses the
sigmoid logistic function , linear transformation with the weightsW ,, W 3, and W 4, as
well as the pointwise product for the message passing. The aggregation step uses the
sum. In the update step, an activation function and the weight matrix W ; is used. The
resulting function is the following:

0 1

X
ht*t = @w,h! + W sh!+ W3hf W ,h!A (3.11)

Vj 2N (vj)
As one can see in the above equation, this approach does not make use of the edge features.

The selected version of the model works according to equation 3.11 with ReLU as activ-
ation function. Throughout this work models based purely on graph convolutional layers
are called GCNs and are not to be confused with the simpler most common method that
uses a message passing based on rst-order approximation of spectral graph convolutions
[18]. The number of hidden layerd t | and the number of neurons per hidden layer
alter the topology of the GCN. They can be used as hyperparameters.

3.3.5 Graph Network Simulator

The graph network simulator (GNS) combines concepts of the MLP and the GCN model
and was proposed in [37]. In contrast to the GCN model, the GNS model also considers
the graph edge features. The model is built as an encoder-processor-decoder structure.

Given an attributed graph G=(V;A; X; E) as in subsection 3.3.4 an encoder multi-layer
perceptron MLP: is used to produce an encoded representatidi? 2 R% of the node
featuresx; that are de ned in X, with d, latent dimensions. As for the GCN method two
models with di erent inputs are compared: the rst using local and global ow features
i =(wi( ); ;! ;(c;c);(vi;vh)” and the second only using global ow featurex; =

( ;1 (e dy);(vi;vh))”. Both use the same edge features; = (rji; ji;&:i; Ji)-

h? = MLPg (x;) (3.12)
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After application of the encoder to all nodes a new attributed grapl&® = (V;A; X% E)
is obtained.

Subsequently, a GCN withl message passing layers is used to process the graph data. In

thel t | layers the message passing is done using an MLP of the following structure
for the function M; from equation 3.7:
mii* = MLPy, hi hi hi g (3.13)
The aggregation (eq. 3.8) is done by taking the mean of all messages:
1 X

t+1 _— t+1

. . (3.14)

i ] Ji

NI o

whereN (v;) is the set of neighbours of nodg;. The update (eq. 3.9) is then computed
using another MLP:

h*! = MLPy, h! m!* (3.15)

The resulting attributed graph G = (V;A;X";E) is nally decoded using a decoder MLP.
This results in the following prediction:

(<( &)i;=( ©)i)” = MLPp(h))

The topology of the encoder, processor, and decoder can be altered by several parameters.
Those can be used as hyperparameters.

(3.16)

Baseline ML Comparison GNN
. GCN GNS
Interpolation FCNN Global | Local Global | Local
©
S
O
0| ©
= § wi( ) w( ) w( )
3
2 . (c1;C2), | (c15C2),
o (CHYP (C1;€2), | (C15C2), | (viivy), | (V1;Va),
8 (V!I_’VIZ) (Vl;Vz) (Vl;Vz) (rJ, J)’ (rj, J)’
O (&:75) | (&:7)
g c <C ol <(e ). <(c )| <(cp) | <(cp),
3 P =( &) =(c p) | =(c p) | =(c p) | =(c p)

Table 3.1: Overview of the features and targets used for the di erent models using the
generic variables introduced in chapter 2. The di erentiation between vectors
and values with the su x i gives information on whether the approach works
for all nodes at once or node-wise.
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3.3.6 Model Summary

Table 3.1 summarizes the features and targets used by the di erent approaches using the
formal description introduced in chapter 2. After the description of a speci c test case in
chapter 4 table 5.1 in chapter 5 states the actual variables used in this study.

3.3.7 Advantages and Disadvantages

Including the di erentiation between global and local models subsections 3.3.1 to 3.3.5
de ne six di erent models. Table 3.2 gives the advantages and disadvantages of the models
that are known upfront. More insight is gained throughout this paper.

| Model | Advantages \ Disadvantages |
- Easiest approach . No usage of local ow
. . . information
Interpolation || - No steady solution required .
) - No usage of geometrical
- Able to predict complex values . :
information

- Model must be evaluated at
- Usage of local ow information| each node

FCNN - FCNN widely used -No usage of neighbourhood
information
GCN Global || ~ 'O steady solution required | _ Graph input required
- Uses geometrical information
GCN Local ||~ Usage of local ow information| Graph input required

- Uses geometrical information
- No steady solution required

- Uses most geometrical - Graph input required
information

GNS Global - Encoder-Processor-Decoder | New, rarely
used approach

structure gives latent feature
representation
- Usage of local ow information

- Uses most geometrical - Graph input required
information

GNSEocal - Encoder-Processor-Decoder | New, rarely
used approach

structure gives latent feature
representation

Table 3.2: Advantages and disadvantages of the di erent models

3.3.8 Software Implementation

The methods explained in the subsections 3.3.1, 3.3.2, 3.3.4 and 3.3.5 are implemen-
ted in the DLR-SMARTYy-Toolbox as the modulesinterpolation , FullyConnectedNN,
GCNModednd GNSModel These models work based on the python packages PyTorch
(torch ) and PyTorchGeometric (pyg) [27, 38, 39].



Chapter 4

Test Case

In this chapter, the test case which is used in this study is explained. Therefore, the goal
is to create a dataset containing aerodynamic data in the frequency domain for di erent
conditions on which the methods explained in section 3.3 can be compared.

4.1 NACA 64A010 Airfoil

As a two-dimensional test case, the NACA 64A010 airfoil is selected. It is a symmetric
airfoil according to the NACA 6A-Series [40]. A two-dimensional test case is used to limit
the complexity of the rst investigation of the methods. Subsequently, more complex test
cases as a three-dimensional wing or a full aircraft are conceivable. The speci c airfoil is
selected since it has previously been used to investigate unsteady aerodynamics in [4] and
[41].

Figure 4.1: Sampling ofM and as input variables for steady-state simulations

4.2 Design of Experiments

The design of experiments (DoE) is done in two steps, rst, a set of steady simulations is
computed. In the second step, they are used as input for the LFD simulations. The Halton
sequence is a quasi-random number sequence that allows the creation of a reproducible set
of M and combinations with a random appearance [42]. Furthermore, it is implemented

in the DLR SMARTYy-Toolbox [27]. For the sampling of the steady ow solution, the Mach
number and the angle of attack are used as independent ow variables= (M; )~ since

14






	Nomenclature
	Introduction
	Related Work
	Research Objective
	Structure

	Problem Definition
	Linear Frequency Domain Method
	Resulting Task

	Data-Driven Methods
	Machine Learning
	Geometric and Graph Data
	Methods
	Interpolation
	Fully-Connected Neural Network
	Message Passing Neural Network
	Graph Convolutional Network
	Graph Network Simulator
	Model Summary
	Advantages and Disadvantages
	Software Implementation


	Test Case
	NACA 64A010 Airfoil
	Design of Experiments
	Mesh Description and Graph Creation
	Flow Simulations
	Steady Simulations
	Linear Frequency Domain Simulations
	Convergence

	Features
	Targets
	Resulting Dataset
	Train-Validation-Test-Split

	Model Selection
	Description of Models
	Hyperparameter Optimization
	Method
	Optimization Variables
	Results


	Results
	Metrics
	Optimized Models
	Evaluation Using the Metrics
	Low Mach Number Behaviour
	High Mach Number Behaviour

	Size of the Dataset
	Unseen Reduced Frequencies
	Creation of Reduced Dataset
	Results

	High Mach Number Models
	Creation of Reduced Dataset
	Results

	Computational Effort
	Training Time
	Number of Parameters
	Evaluation Time


	Conclusions and Outlook
	Conclusions
	Outlook

	Bibliography
	List of Figures
	List of Tables
	Appendix
	Data-Driven Methods
	Test Case
	Reynolds Number
	Features

	Model Selection
	Scaling
	Hyperparameters
	HPO Results

	Results
	Models after HPO
	Complementary Figures for all Models
	Size of Dataset
	Unseen Frequencies
	High Mach Number Models



