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Abstract

Numerical simulations with high accuracy are a fundamental part of modern aircraft
design. The current industry standard for the simulation of aerodynamic flows are RANS
simulations that require modeling of unresolved turbulence. The underlying assumptions
of RANS equations and the corresponding turbulence models exhibit inadequacies that
lead to errors. Field inversion and machine learning (FIML) is a data-driven turbulence
modeling approach that introduces a spatially varying correction term in the turbulence
model by using high-fidelity numerical or experimental reference data. Within this thesis
the production term of the negative Spalart-Allmaras (SA) model is corrected.

Using the RAE 2822 two-dimensional airfoil two test cases, one with numerical and one
with experimental reference data, are designed to incorporate transonic flow effects such as
shocks. The FIML approach is trained and applied on multiple steady cases with varying
angles of attack , aiming to yield good corrections for steady transonic simulations and
implicitly learning the change of the correction field  with the angle of attack d =d .
In a second step, the trained model is applied to unsteady dual-time stepping simulations
with a pitching airfoil at varying reduced frequencies and excitation amplitudes.

The field inversion approach delivers good corrections of the reference quantity and related
quantities for inadequacies caused by the SA turbulence model in transonic flow fields
including shocks using a realistic number of reference points. Therefore, investigations
regarding the number of reference points, the correction of non-reference variables, and
varying free-stream conditions are conducted.

Applying a fully-connected neural network with selected locally available flow features to a
limited area of the flow field yields good results for the correction of steady simulations. For
the application to unsteady simulations, the ML correction model shows ambiguous results
regarding the accuracy and convergence issues for flow conditions including strong non-
linear effects. Applying a steady correction field which is the result of the field inversion
or a corrected steady simulation yields improved convergence and promising correction
results at excitation amplitudes smaller than one degree. Testing the ML approach on the
second test case with experimental reference data shows issues regarding generalizability.
Finally, multiple ideas regarding further work and improvements are presented.
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Kurzfassung

Numerische Simulationen mit hoher Genauigkeit sind ein wichtiger Bestandteil im heuti-
gen Flugzeugentwurf. Industrieller Standard ist die Verwendung von Simulationsmetho-
den basierend auf den RANS Gleichungen. Dafiir ist eine Modellierung nicht aufgeldster
Turbulenz notwendig. Die den RANS Gleichungen und den dazugehérigen Turbulenzmo-
dellen zugrundeliegenden Annahmen weisen Ungenauigkeiten auf und fiihren zu Fehlern.
Der datengetriebene Turbuenzmodellierungsansatz Field Inversion and Machine Lear-
ning (FIML) fiihrt einen rdumlich variierenden Korrekturterm im Turbulenzmodell ein,
indem hoherwertige numerische Simulationen oder experimentelle Daten genutzt werden.
Innerhalb dieser Arbeit wird der Produktionsterm des negativen Spalart-Allamaras (SA)
Turbulenzmodells korrigiert.

Zwei Testfélle, einer mit numerischen und einer mit experimentellen Referenzdaten, ba-
sierend auf dem RAE 2822 Fliigelprofil sind so ausgelegt, dass transonische Stromungs-
effekte inklusive Stofsen enthalten sind. FIML wird verwendet um eine Korrektur von
stationdren transonischen Stromungen bei variierendem Anstellwinkel — zu ermdglichen.
Dabei soll implizit die Anderung des Korrekturfaktors —mit dem Anstellwinkel d =d
gelernt werden. In einem zweiten Schritt wird das trainierte Modell zur Korrektur in-
stationdrer dual-time stepping Simulationen mit einem harmonisch nickenden Profil bei
verschiedenen reduzierten Frequenzen und Amplituden verwendet.

Mit einer realistischen Anzahl an Referenzpunkten liefert die Feldinversion gute Kor-
rekturergebnisse in transonischer Stromung beziiglich der Referenzgrofen und verwand-
ter Grofsen fiir Fehler die durch das Turbulenzmodell verursacht werden. Dafiir werden
Untersuchungen beziiglich der Anzahl der Referenzpunkt, des Einflusses der Korrektur
auf verschiedenes Variablen und des Verhaltens bei Fehlern in den Anstrémbedingungen
durchgefiihrt.

Unter Verwendung eines vollvernetzten neuronalen Netzwerkes mit ausgewéhlten lokal
verfiigbaren Eingangsgrofien in einem beschrinkten Bereich des Stromungsfelds konnen
gute Korrekturergebnisse fiir stationére Simulationen erzielt werden. Die Anwendung sel-
bigen Korrekturmodells in instationidren Simulationen liefert uneindeutige Ergebnisse be-
ziiglich der Genauigkeit und weist zudem Konvergenzprobleme auf, wenn ausgeprigte
nichtlineare Effekte vorhanden sind. Eine Korrektur instationdrer Simulationen mithilfe
von stationdren Korrekturfeldern, welche das Ergebnis der Feldinversion oder stationérer
korrigierter Simulation sind, zeigt bessere Ergebnisse hinsichtlich Genauigkeit und Kon-
vergenz fiir Amplituden bis zu einem Grad. Angewendet auf den zweiten, experimentellen
Testfall zeigt das trainierte Korrekturmodell Probleme hinsichtlich der Generalisierbar-
keit. Schlussendlich werden Ideen zu Verbesserungsmoglichkeiten und weiteren Untersu-
chungen aufgezeigt.
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Chapter 1

Introduction

Future aircraft design of new, disruptive layouts, aims to incorporate processes such as
certi cation by analysis and virtual ight testing to reduce the number and the cost of
physical tests such as wind tunnel or ight tests. Thus, numerical tools with high accuracy
across the entire ight envelope are required [1]. Even though numerous future aircraft
concepts aim to achieve laminar ow to reduce drag, most commercial aircraft that y at
high Reynolds numbers are subjected to turbulent ows. When ying at typical cruise
speeds in the transonic regime, the ow is signi cantly in uenced by shocks. An accurate
prediction of the interaction between shocks and other ow phenomena, e.g. the boundary
layer, is mandatory to ensure a safe and e cient ight. Steady-state simulations are
su cient to analyse a variety of ight conditions, e.g. cruise. In addition, time-dependent
ows must be considered in the aeroelastic analysis or when an aircraft is subjected to
gusts [2]. This requires accurate simulations of unsteady aerodynamics.

A straightforward solution to numerically compute turbulent ows is to resolve the govern-
ing equations at all spatial and temporal scales, using direct numerical simulation (DNS).
However, being computationally very expensive with current resources DNS is unfeasible
to be applied to industrial problems. Compared to DNS, large eddy simulations (LES)
and methods based orReynolds -averagedNavier -Stokes (RANS) equations are of
lower delity, as they do not resolve the ow at all scales and are therefore computa-
tionally less expensive [3, 4]. Both approaches decompose the ow into a resolved and
an unresolved part: LES lters the physical scales while the RANS approach separates
the ow into mean and uctuating components. LES is of higher delity, however, still
computationally too expensive to be applied to industrial problems. For most indus-
trial applications, solving the RANS equations is the highest delity approach that is
computationally feasible.

Turbulence models are necessary to achieve a closed form of the RANS equations and
describe the relationship between the resolved mean ow and the unresolved uctuating
components. Each model relies on assumptions that might be empirical, mathematical,
or based on physical considerations. A large variety of turbulence models with a wide
range of complexity and di erent target applications is available. Regardless of the com-
plexity, all models and the RANS approach itself exhibit inadequacies: information is lost
by separating a ow into mean and uctuating components, the modeling assumptions
and the resulting functional relationships are imperfect, and lastly turbulence models are
calibrated using canonical test cases that only re ect selected ow characteristics. Quanti-
fying and mitigating the errors of turbulence models is necessary for the models to deliver
reliable results across all ight conditions. Especially turbulence modeling for unsteady
ow is less mature than steady RANS turbulence models. This area is identi ed as one
technology gap that needs to be improved in future CFD codes [5].

The steady improvement of computational resources allows to processing of larger amounts
of data, increasing the popularity of data-driven approaches such as machine learning
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(ML). Experimental and numerical investigations in uid dynamics research produce large
amounts of data, making this eld attractive for data-driven methodologies [6]. Parish
and Duraisamy as well as Duraisamyt al. introduce the eld inversion and machine
learning (FIML) approach that makes use of available high delity data to improve exist-
ing turbulence models [7, 8]. Investigations of the FIML approach on steady aerodynamic
problems show promising results as the literature review in the next section shows. Thus,
an investigation regarding unsteady ows is of interest.

The text above gives a motivation for this thesis. 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 outlined in section 1.3.

1.1 Related Work

Various data-driven turbulence modeling approaches are described in the literature. In
this section, publications regarding general considerations and approaches are reviewed
before papers concerning the FIML approach are considered.

In a review paper Bruntonet al. give an overview of ML methods for uid dynamics.
The historical relationship between statistical learning methods and the physical problem
of uid dynamics, especially turbulence, is described. Recognizing underlying structures
in complex data is a strength of ML models. Turbulence is characterised by complex
structures that are hard to describe analytically. Thus, the paper argues that ML is
suitable for turbulence closure modeling [6].

Multiple publications aim to employ data-driven approaches to replace (parts of) the
RANS turbulence models. Ling and Templeton make a rst step towards data-driven tur-
bulence modeling by training di erent ML approaches on canonical test cases, comparing
RANS solutions to corresponding higher delity solutions. The resulting models can clas-
sify, but not quantify regions of high uncertainty [9]. Wanget al. learn discrepancies in
RANS modeledReynolds stresses as a function of mean ow features using supervised
ML techniques based on random forests [10]. This approach is extended by \&ual.
introducing a comprehensive framework that can predict mean ow velocities based on
the ML predicted Reynolds stress tensor [11]. Instead of learning the entifReynolds
stresses, Linget al. introduce a deep neural network with embedded physical properties
to only predict the anisotropy tensor. Improvements over baseline turbulence models are
achieved [12].

Data-driven turbulence modeling is not exclusive to the RANS approach. Gamahara and
Hattori train an arti cial neural network to establish a functional relationship between
subgrid-scale stresses and grid-scale ow quantities in LES. Using DNS training data,
the model can nd functions with high correlation to existing models [13]. Similarly,
Beck et al. introduce a rigorous framework to derive subgrid closure models using neural
networks [14].

All of the previously mentioned publications aim to introduce a data-driven approach that
can replace (parts of) a closure model. The FIML approach, rst introduced by Parish
and Duraisamy and further described by Duraisamet al., has the objective of correcting
existing turbulence models instead of replacing them. Thus, physical considerations and
constraints from the original closure models are preserved. In the rst step, using statist-
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ical inference methods, the so-called eld inversion, a spatially distributed correction term
is introduced into a RANS closure model by harnessing reference data from higher- delity
simulations or experiments. Subsequently, the relationship between the correction term
and mean ow variables is learned using ML methodologies [7, 8]. This approach is not
fully data-driven, but data-informed: data is used to improve an existing model that is
based on physical considerations. Multiple publications further investigate the FIML ap-
proach. Jackel performs a sensitivity analysis with a focus on the eld inversion (FI) step
using the Spalart -Allmaras (SA) turbulence model. The in uence of regularization,
grid resolution, and a spatially restricted application of the approach is investigated [15].
Grabe et al. investigate the FIML on transonic ows including shock-induced separation.
The work sets an emphasis on the selection of input features for the ML model and nds
features that lead to improved outcomes [16].

Holland et al. argue that the two-step FIML Classic approach might exhibit an incon-
sistency between the correction that is derived in the FI step and the correction that is
predicted by an imperfectly trained ML model. A physics-consistent one-step approach,
also calledFIML Direct , that integrates the ML model training within the inverse prob-
lem of the inference step is proposed and tested. The resulting approach shows improved
results regarding the ability to generalize, however, with the cost of decreased numerical
stability [17]. Jackel implements the FIML Direct with the SA turbulence model and
shows improved ow predictions on separated ows [18].

The available research on FIML for unsteady RANS simulations is limited. Fidkowski
does not apply the FIML approach within unsteady simulations, however, a design op-
timization loop consisting of unsteady simulations, FIML and steady adjoint-based shape
optimization is investigated. The proposed optimization accounts for unsteady e ects
and leads to an improvement in gradient-based shape optimization [19]. A recent pub-
lication by Fang and He develops a FIML framework for time-accurate unsteady ow.
The authors propose to use a coupled FIML approach, similar to FIML Direct, to correct
the ow within the inner loop of each physical time step of an unsteady time marching
simulation based on time-dependent ow features. Improved results over the baseline SA-
turbulence model, with the limitation of a computationally very challenging and expensive
problem that involves a highly non-linear neural network model and a CFD solver, are
observed [20].

1.2 Research Objective

The main research objective for this is given by the following quote from the description
of the master thesis, which can be found in the front matter:

The aim of this thesis is to investigate if this methodology is capable of correcting turbu-
lence models such that improved predictions at steady transonic ow conditions including
shocks are obtained and how this a ects a subsequent unsteady response analysis.

Following the task description and the main research objective, several sub-objectives may
be stated:

" Correction elds for steady-state RANS simulations in the transonic regime are to
be obtained using eld inversion. The results must be evaluated.
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" An investigation of ML approaches to predict correction elds based on mean ow
guantities must be performed. This includes a feature selection and an evaluation
regarding the generalizability.

" The correction model trained on steady data shall be applied to unsteady sim-
ulations. Dierent levels of unsteadiness must be investigated to determine the
limitations of the approach.

While the rst and second sub-objectives are not entirely new and build on existing
publications, the author is not aware of any work similar to the third sub-objective.
Thus, the investigation of the application of a FIML correction model trained on steady
data to unsteady simulations is an extension of the current state of research.

1.3 Outline

This chapter gives motivation for this thesis and surveys related research. In chapter 2,
the physical background to transonic and unsteady ows is described. Also, numerical
approaches to solve the physical problems and the corresponding challenges are stated.
Subsequently, in chapter 3, the FIML approach is described. Then, two test cases are
investigated: in chapter 4 the FIML approach is investigated by using steady high- delity
reference data and by applying the derived correction model to unsteady simulations.
While the rst test case contains several smaller investigations, the second test case in
chapter 5 is narrower in scope. The ndings from the rst test case are tested using
experimental reference data to evaluate the generalizability of the approach. Finally, the
results are summarised, conclusions are drawn, and an outlook for further work is given
in chapter 6.



Chapter 2

Problem Background

Two types of physical ow phenomena are of interest for this thesis: section 2.1 introduces
transonic ows and section 2.2 introduces unsteady ows. Using theeynolds -averaged
Navier -Stokes (RANS) equations, given in section 2.3, in combination with a turbu-
lence model, explained section 2.4, allows to compute the ow phenomena numerically.
Section 2.5 reasons how inadequacies in the current computational approach relate to the
objective of this thesis.

2.1 Transonic Flows

Transonic ows are a crucial physical phenomenon in uencing aircraft design signi cantly
and are introduced in subsection 2.1.1. Thus, understanding challenges in the computa-
tional simulation of transonic ows stated in subsection 2.1.2 is important.

2.1.1 Physical Phenomena

Modern commercial aircraft typically y at speeds close to, but belowi = 1. Above the
airfoil-speci c critical Mach number M, the ow on the airfoil, typically on the upper
side, is accelerated t0M 1 even though the free-stream velocity is below the speed of
sound. The supersonic ow is usually terminated by a shock wave which slows the ow
to subsonic ow conditions. Said ow condition with regions of sub- and supersonic ow
is referred to as transonic ow.

With increasing free-streamMach number, the shock moves backwards on the airfoil.
The shock may also move forward with an inverse shock motion. Additionally, a shock
wave on the lower side of the airfoil may emerge. The shock wave results in an increase
in static pressure and interacts with the boundary layer. With increasingach number,
the shock gets stronger. It a ects the boundary layer in a way that adverse pressure
gradients and separation may occur if the boundary layer's kinetic energy is too small to
withstand the shock. The interaction of the shock wave and the boundary is mutual and
referred to as shock wave boundary layer interaction (SWBLI). In addition to separation,
oscillations can occur [21, 22].

2.1.2 Challenges in Computational Solution

As the position of the shock and the interaction with the boundary layer signi cantly
in uence quantities of interest such as lift, drag and pitching moment, correctly computing
the phenomena is of great importance.

This poses a signi cant challenge since solving the mathematical problem of transonic ow
is a non-linear problem corresponding to an elliptic mathematical problem in subsonic ow
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and a hyperbolic problem in supersonic ow. Using CFD to solve the RANS equations,
given in section 2.3, allows to make predictions on transonic ows [23].

The quality of transonic CFD computations is limited by the underlying assumptions of
the equations. Particularly the chosen turbulence model exhibits restrictive assumptions
and in uences the result, as stated in section 2.4. As a baseline comparison and model
to be corrected, theSpalart -Allmaras turbulence model is used in this thesis. This
model is known to under-predict boundary layer separation, i.e. over-predict the turbulent
kinetic energy in the boundary layer in some cases, a ecting the shock position. Thus, it
is desirable to correct the turbulence model to achieve more precise results.

2.2 Unsteady Flows

Unsteady aerodynamics occur when time-dependent processes are present in a ow. Un-
derstanding the physical phenomena and how to compute unsteady ows is described in
the following sections.

2.2.1 Physical Phenomena

Unsteadiness in a ow may be caused by the motion of a body in the ow, e.g. a harmon-
ically pitching airfoil, external disturbances such as gusts, or time-dependent interactions
of ow phenomena, e.g. SWBLI. An interaction between multiple e ects is also possible.
The interaction of aerodynamic forces with a structure is the subject of investigation of
aeroelasticity [24, 25].

This thesis investigates unsteady aerodynamics caused by the harmonic pitching motion
of an airfoil. Given a mean angle of attack™ the airfoil pitches with a harmonic frequency

f and a pitch amplitude " around a reference point at 1/4-th chord length. The resulting
angle of attack is a function of timet:

)=+ (@)= —+ " sin@f 1) (2.1)

Introducing a dimensionless parameter, the reduced frequenkyallows a comparison of
unsteady e ects in di erent ow cases:

o 2l

—; 2.2
Juz @2)

with f the harmonic frequency,l, a reference length, e.g. the chord length, andi; |

the free-stream velocity. Faster changes, i.e. larger reduced frequencies, may lead to a
phase shift between the excitation and the response. Far! 0 the problem becomes
quasi-steady [24].

2.2.2 Numerical Computation

Multiple methodologies are available to compute unsteady aerodynamics. The Doublet-
Lattice method as introduced by Albano and Rodden assumes small perturbations and
is a powerful method to predict unsteady aerodynamic forces in compressible, inviscid
ow [26]. Since viscous e ects are not covered by this method, e ects such as shock
waves, or boundary layer separation are not predicted correctly and require correction.
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Using CFD methods based on thélavier -Stokes equations is computationally more
expensive, but leads to more precise results. The unsteady computations in this thesis are
done using the dual-time stepping method by Jameson that is implemented in the DLR-
TAU code [27, 28, 29]. The dual time stepping method uses a backward di erentiation
scheme to solve the RANS equations for a subsequent time step. Each physical time step
is treated as a steady state problem that is solved imner iterations using a pseudo time
variable and an implicit Runge -Kutta . In contrast to an explicit scheme, the implicit
scheme is numerically stable for arbitrarily large time steps. Thus, the time step size is
only limited by accuracy requirements [27]. To be concise, the mathematical formulation
is not reproduced in this thesis and can be found in the referenced publications.

2.3 RANS Equations

The Navier-Stokes  equations describe the motion of viscous uids and can be used
to describe transonic and unsteady ows. These equations form a system of non-linear
partial di erential equations. Solving the equations in a discretised space is the subject
of computational uid dynamics (CFD). The following partial di erential equations are
derived based on nite control volumes xed in space and fully describe a compressible
uid ow [4].

The conservation of mass in vector notation can be written as

@

= +r =0 2.3

o T (W (23)
where is the density,t is the time, r is the divergence operator, and is the vector of
ow velocities.

Based onNewtons second law the conservation of momentum is given by the equation

Q@Qu _
@+r (uu)=r p+r + f (2.4)

with pressurep, the deviatoric stress tensor , and f the body force vector.

Finally, the total energy equation is given by

@ 1 ., 1 .,

— e+ -ju +r e+ -ju =r RrT +r u+ u)+ uf+ 2.5
ot Sul Ul (p ) Q (2.5)
wheree s the thermodynamic internal energyK is the heat conduction coe cient, T is the
temperature, andQ is a heat source. The uid ow is fully described, using equations 2.3
2.5 together with an equation of state as the ideal gas law that is stated in the subsequent
formula:

pV = nRT (2.6)

with V the volume, n the amount of substance, andR the ideal gas constant.

Solving the Navier-Stokes  equations in discretised volumes that resolve all temporal
and spatial scales yields a physically accurate solution. However, due to the large range of
scales in a turbulent ow, this requires an enormous computational e ort. By assuming
a statistically stationary ow, the Reynolds decomposition can be applied to the ow
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equations 2.3-2.5 [30]. A generic ow variablé (x;t) can be decomposed into a mean
time-independent component (x) and a uctuating time-dependent component °(x; t):

L= T (x)+ ) (2.7)

Applying the Reynolds decomposition to the momentum equation (eq. 2.4), while
assuming aNewtonian  uid and a constant density, results in the following mean ow
momentum equation:

%t+ r (@u)=r p+r ra+r o uo (2.8)
where is the kinematic viscosity. Equation 2.8 shows that thé&keynolds stress tensor
R = u%°needs to be de ned. This closure problem is often referred to as turbulence

modeling and is further described in section 2.4. To keep this thesis concise, a simple
form of the Reynolds -averaged momentum equation is presented. More general forms,
e.g. for compressible ows, can be found in the literature, e.g. [30].

2.4 Turbulence Modeling

Many approaches of di erent complexity, aiming to achieve a closed system of equations
starting from the Reynolds -averagedNavier -Stokes (RANS) equations, are available
and can be described in two di erent main categories. The rst category is based on the
Boussinesq hypothesis, assuming the deviatoric part of thékeynolds stresses to be
proportional to the mean rate of deformation [30]:

R= 28 gkl (2.9)
with  the turbulent eddy viscosity, the mean strain rate tensofs = % rua+r o ,the
turbulent kinetic energy k = tr (R), and the identity matrix I.

Figure 2.1: Schematic overview of the most common RANS turbulence modeling ap-
proaches.
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The turbulent kinetic energy and the turbulent eddy viscosity must be determined using
approaches such as algebraic models or transport equations of di erent variables. The
second category of RANS closure models contaiRgeynolds stress models (RSMs) that
model the individual components of theReynolds stress tensor. These models are the
most general form of RANS models. However, they come with an additional cost, are
less validated, and are less numerically robust. Figure 2.1 gives an overview of RANS
turbulence modeling approaches. The gure illustrates the trade-o between resolving
the actual physical behaviour which comes with an increase in computational cost and
the need for correct modeling assumptions. However, it must be noted that an increase in
modeling e orts can not always mitigate de ciencies in the overall model structure. This
is further elaborated in section 2.4.3.

2.4.1 Spalart-Allmaras One-Equation Model

The Spalart -Allmaras (SA) turbulence model is a one-equation turbulence model
describing the transport of turbulent eddy viscosity [31]. When dealing with external

aerodynamics such as an airfoil ow, this model is a popular and well-validated choice.
The turbulent kinetic energy is given by

t=fwun (2.10)
3
and : = — (2.12)

where is the molecular kinematic viscosity and~ is the SA variable. The transport of
the SA variable is given by the following equations:

% =P D+ T with (2.13)
D-_ @
Dt - @t+ ur ~, (2.14)
P=Cyll ful, (2.15)
_ Cp ~ 2
D= Cuifuw = g and (2.16)
T=1 r [ +=)r 9+ Cor 2 (2.17)

P denotes the production of turbulenceD is turbulence destruction, and the termT
represents the di usive transport. Explanations regarding all variables can be found in
the original publication [31] and are not further discussed to keep this text concise.

In this thesis, the negative SA (SA-neg) model which is implemented in DLR TAU-code
is used [28, 32]. This variation of the model has improved numerical robustness over the
original SA model by introducing a term which applies when, is negative, which can be
found in the referenced publication.

Assessment of the SA Model

The advantages of the SA model are being a simple and numerically robust model with
wide usage and validation. The model delivers a complete closure with just one equation.
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In contrast to two-equation models it is simpler, but delivers equally good results in many
applications. The model is superior to simpler algebraic models.

Known disadvantages are a reduced accuracy for incompressible ows with adverse pres-
sure gradients or shock-induced separation. As these kinds of ows are critical in aerospace
design it is of interest to mitigate the resulting errors [30].

2.4.2 Reynolds Stress Model

In contrast to the SA model, Reynolds stress models (RSMs) do not rely on the
Boussinesq hypothesis (eq. 2.9). Instead, RSMs describe the individual parts of the
Reynolds stress tensor:

0 1
uouw? woul ulul
R= ul®= @uul ufud wdudA (2.18)

udu?  uwlud  ulu?

As equation 2.18 shows, the tensor is symmetric with six unknown components that need
to be determined by solving six additional partial di erential equations (PDES).

Assessment of the RSM Model

RSMs are the most general approach to turbulence modeling for RANS equations. Fur-

thermore, an improved accuracy in some ows can be observed. However, this comes with
the cost of solving six additional PDEs. In addition, RSMs are less validated and less

numerically robust when compared to eddy viscosity models [30].

Speci cations used in this Thesis

An RSM is used in this thesis as a higher delity numerical comparison to the SA model.
Whenever this model is used, the following speci cations are used. Further details may
be found in the cited references:

A

The pressure-strain correlation is handled according to the SSG/LRR-Ihj model [30,
33].

According to Rotta, the dissipation is assumed isotropic [34].
The simple gradient di usion hypothesis is used [35].

As length scale equation, the In()-equation according to the Menter baseline model
is used [36].

2.4.3 Uncertainties due to Simpli cation

The assumptions introduced by the process &eynolds -averaging and turbulence mod-
eling are well reasoned, nevertheless, the resulting inadequacies must be noted. Duraisamy
et al. describe four levels of simpli cations [8]:

" Level 1. The process of averaging leads to a fundamentally irrecoverable loss of
information.

A

Level 2: Closure models are developed to relate the macroscopic state of the ow
to the microscopic state, which is not resolved. The underlying assumptions about
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which independent variables to choose lead to uncertainties in the functional and
operational representation of theReynolds stresses.

A

Level 3: The functional representation that is chosen to relate the chosen variables
leads to further uncertainties.

~

Level 4: Finally, a given model has uncertainties based on the coe cients that are
chosen to calibrate the model.

2.5 Resulting Task

The previous sections state the physical problem of transonic and unsteady ows, explain
how this problem can be solved using RANS equations in combination with the SA tur-
bulence model, and describe the shortcomings of the described approach. Given these
inadequacies, a methodology to improve the prediction quality of RANS equations is of
interest.

Reference data stemming from experiments or higher delity simulations can be used to
guantify this error. Consequently, the overall goal of this thesis is to improve RANS
simulations with the SA model in such a way that the error between a predicted quantity
g and a reference gquantityg.s stemming from experiments or an RANS simulation with
the RSM model is minimised.



Chapter 3

Field Inversion and Machine Learning

Field inversion and machine learning (FIML) is a data-driven turbulence modeling ap-
proach that utilizes higher delity reference data to improve RANS simulations. Thus,
the FIML approach is tting to the problem described in section 2.5.

If not indicated di erently, the content of this chapter is based on these publications [8,
15, 18, 33].

3.1 Idea

The main idea of the FIML approach, proposed by Duraisamegt al., is to alter a given
turbulence model by introducing a spatially and possibly temporally distributed correction
term [8]. Introducing the correction term into the SA turbulence model as stated in
equation 2.13 results in the following equation:

D~ —

Dt
In equation 3.1, the correction is only applied to the production term. Since can also be
negative, the corrected turbulence model can increase the turbulence destruction. While
it is also possible to apply a term to the di usive transport term, this is not done in
this thesis, since equation 3.1 is implemented in the DLR TAU-code [28]. Furthermore,

di erent publications show that this version of the altered turbulence model can correct
simulations in separated and transonic ows [16, 18].

P D+T (3.1)

The values of the correction term are unknown. However, it is assumed that an unknown
functional relationship between and the ow state (U;~) exists. U contains all the
mean ow variables. The goal of the ML part of the approach is to nd a data-driven
modelf that describes the functional relationship:

fo(U;~) n(U) 7! (3.2)

with ;::: , ow features depending on the ow state(U;~). The steps to nd a func-
tional relationship according to equation 3.2 are explained in sections 3.3 and 3.4.

3.2 FIML Classic

The FIML Classic methodology is a two-step approach which rst builds a database
containing the results of multiple eld inversions (FIs), as presented in section 3.3 [8]. In
the second step, in section 3.4, a machine learning (ML) model is built using the eld
inversion results. Finally, the resulting correction model is applied within a RANS solver,
as given in section 3.5. This work ow is visualised in Figure 3.1. The individual parts are
explained in detail in the following sections.

12
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Figure 3.1: Work ow of FIML Classic as in [18].

Assessment

For the FIML Classic approach, each Fl is performed separately and allows gaining in-
sights into the correction results before training a machine learning model. Furthermore,
the database containing the inversion results can be extended if needed. Another ad-
vantage is that the ML training can be done o ine using established methods. However,
performing the Fl and ML steps separately exhibits two error sources: next to an imper-
fect FI the ML model might be inconsistent with training data.

For completeness, the FIML Direct approach must be mentioned here. Hollaret al.
introduced a closed-loop form of the FIML approach by integrating the ML model training
into the FI step, further information can be found in the publication [17].

3.3 Field Inversion

The goal of the eld inversion is to nd spatially distributed values for such that the
corrected RANS solution according to equation 3.1 matches a reference solution. The
reference solution might be experimental data or a higher delity numerical solution.
The comparison of the corrected RANS simulation and the reference solution is done by
comparing the reference quantities|( ) and Qes:

a( )= Ger (3.3)

The reference variables can be global values as the coe cient of Idt, scalar eld values
as pressurep, or vectorial eld values as the ow velocitiesu. The number of reference
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variables can be sparse, i.e. smaller than the number of the corresponding quantities in
the RANS solution.

Equation 3.3 states an inverse problem that can be iteratively solved by minimising a cost
function | :

1 N X

e V@ a0 2T (o (3.4)

— b — )
1 2

The rst term |, is the mean squared error (MSE) between the reference and the RANS
solution at each of theN nodes where a reference solution is available. For eld reference
values, the squared di erences are weighted according to the cell volure With N
the number of reference data points usually being smaller thaki degrees of freedom
the inverse problem isill-posed To ensure smoothness of the numerical simulation, the
term | , is a Tikhonov regularisation penalising strong correction terms [37, 38M is
the number of overall nodes in the computational domain.  refers to the correction
eld that leads to an unchanged turbulence model, i.e. according to equation 3.1 for the
given SA model itis ¢ = 1. By altering the value of the regularisation parameter the

in uence of the regularisation term can be controlled.

Being in uenced by the RANS equations, the cost function is non-linear and is solved
iteratively, this can be done using a gradient-based method. Consequently, the compu-
tation of the gradient of the cost function with respect to the correction termdl =d is
required. Di erent approaches can be used to evaluate the gradient. For high-dimensional
aerodynamic optimisation problems, the adjoint method is very e cient, as the number
of function evaluations scales with the number of cost functions and not the number of
unknown variables, i.e. at each node [39]. Furthermore, this method is implemented in
the DLR TAU-code [28].

After computing the gradient, a line-search backtracking optimisation in the direction of
the steepest descent can be performed for a set number of iterations or until Amrijo -
Goldstein  condition is reached [40, 41]. This concludes the Fl and the resulting eld
can be used for machine learning as explained in section 3.4.

3.4 Machine Learning

Comparing a baseline solution with reference data in an FlI delivers a RANS solution and
a corresponding - eld (see section 3.3). The goal of the machine learning step is to
nd a functional relationship between features based on mean ow variables of the RANS
solution and the - eld.

In subsection 3.4.1, the general idea of data-driven methods is introduced. Then, the task
of ML in the context of FIML is explained in subsection 3.4.2. Subsequently, the speci c
machine learning approaches used in this thesis are explained in subsection 3.4.4.

3.4.1 Data-Driven Methods

Traditional modeling of physical systems is achieved by describing the underlying physical
phenomena using equations based on the knowledge of the physical system. This has the



3.4 Machine Learning 15

clear advantage that the results are explainable. However, it requires deep insight and
a su cient understanding of the physical system. Furthermore, solving the resulting
systems of equations can be very expensive.

As stated by Moores law computational resources become more powerful and the cre-
ation and processing of large amounts of data becomes cheaper [42]. These technical ad-
vancements enable the growing popularity and accessibility of data-driven methods that
make use of data, aiming to nd structures that can be generalised to make predictions.

ML is a data-driven method and an arti cial intelligence (Al) approach. Classical ML
such as regression models use hand-designed input features to generate an output. As a
more powerful form of ML, deep learning (DL) approaches use several mapping layers to
generate abstract mappings of the input features. Consequently, DL models are capable of
describing highly non-linear input-output, orfeature-targetrelationships. The approaches
can be used for a variety of tasks, in this thesis regression models are of interest [43, 44].

3.4.2 Purpose of ML in FIML

To complete the FIML approach a modelf that describes the functional relationship
between the local ow features (U (x); ~(x)) and the target quantity (x) as stated in
equation 3.2 is required. By supplying a database containing data for di erent global
conditions, the goal is to train an ML model that learns the underlying structures and
can generalize on previously unseen data.

3.4.3 Feature Selection

The features must be included in or be computable from the mean ow variables that
are obtained from a RANS simulation. Possible features can be found in the literature.
By evaluating the Spearman 's rank correlation [45] between possible features and the
target value, as well as by performing a sequential feature selection [46], ve features are
determined in [16]. Similar features are also used in [17] and [18], and implemented in
the DLR Surrogate Modeling for Aero-Data Toolbox in python (SMARTY) [47]:

T = %: ratio of turbulent production to destruction.

" ,= : non-dimensionalised Spalart-Allmaras viscosity.

Tog= J’i‘J ratio of the magnitudes of strain to vorticity.

T4 = %5’ ratio of the local turbulent stresses to the wall shear stresses at the
closest wall.

T og= = % the non-dimensionalised magnitude of the vorticity tensor.

Based on the value range a logarithm is applied to some of the features in the literat-
ure. The feature selection is case-dependent. Subsequently, requirements and correlation
metrics to evaluate possible features are described.

Requirements

Features must be locally available: the information required to compute a feature must
be available at each mesh point. However, ag shows, it is possible to make unavailable
information accessible, e.g. if a value is only available at walls, the closest value might be
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used. Machine learning models process data regardless of their dimension. However, to
ensure dimensional consistency, the input features should be dimensionless. Furthermore,
turbulence models typically assumé&alilean invariant features: a possible feature must

be the same in all inertial reference frames. The latter two requirements are favourable,
though the main objective is to obtain a satisfactory ML model [16].

Correlation Metrics

The correlation between a feature and the target value can give insights into whether
a feature is useful to describe the target. Three correlation coe cients are used in this
thesis to compare two generic vectors;, 0,:

" Pearson 's correlation coe cient r, measures the linear relationship, wheng, = 1
is a perfected (inverse) correlation and, = O indicates no correlation [48]. Given
the mean values ; ando , it can be computed by

(01 04) £02 0>)

My =

(3.5)

a
9
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" Spearman 's rank correlation coe cient rg measures the monotonicity of the rela-
tionship between two vectors and can take the same values gs[45, 48]. With
the ranks R(0;) and R(0,) as well as the standard deviation of the ranked variables

(01) @nd (o, it can be computed as

_ cov(R(01); R(02)) .

s —

: (3.6)
R(01)s R(02)

Grabeet al. proposed to use a correlation coe cient that can capture non-monotonous
relationships [16]. The distance correlatiomy describes the relationship between
two vectors using the distance of observations in aBuclidean space. Using the
distance covariance dCdy), and distance variance dVaf), it can be evaluated by

S

dCoV? (01; 0,) _
" dvar? (0;) dvar? (o)

The resulting value ofrq is similar to the other correlation coe cients, but cannot
be negative. Further information can be found in the publication [49].

(3.7)

q
a
|

3.4.4 Methods

Two ML approaches of di erent complexity are used in this thesis: a regression model
based on radial basis functions, and a fully-connected neural network.

Radial Basis Function Regression

The radial basis function (RBF) regression uses radial basis functions centred at the bases
of a high-dimensional dataset to approximate the target value at non-base points. The
in uence of each base diminishes with distance from the centre [50].

Given a vector of features 2 R", n RBFs ; can be described as

i()="40 )i=1500n (3.8)
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where the function' can be chosen. Four dierent types of RBFs are implemented in
SMARTYy [47].

Fully-Connected Neural Network

Inspired by the structure of the brain, aperceptron multiplies an input vector 2 R"
with a weight vector w 2 R" and adds a biasb 2 R. The result is passed through a
non-linear activation functiong( ): R! R to produce an output. In accordance with the
target quantity the output is called 2 R [51]:

=gw +b (3.9)

Arranging multiple neuronsas in equation 3.9 inl layers results in a multi-layer perceptron

(MLP), also known as a fully-connected neural network (FCNN). The information from
each of theq neurons in thei-th layer h() 2 RY is passed to each of the neurons in the

(i +1)-th layer h(*) 2 RP. The weights in each layer are gathered in a weight matrix
w @) 2 R(PD and the biases are organised in a bias vectbf) 2 RS:

h() = g wORr( D4 pO (3.10)

The dimension of the rst layer is de ned by the dimension of the feature vectar", while
the dimension of the last layer is given by the dimension of the targ&. The dimensions
of the hidden layers, i.e. the layers between the rst and the last layer, can be chosen
and in uence the model's behaviour. The models in this thesis use the ReLU activation
function as in [52], are trained iteratively using backpropagation according to [53], and
are implemented in SMARTYy [47], using the PyTorch backend [54].

According to the Universal Approximation Theoremfor each arbitrarily complex function,

a neural network exists that approximates the function [55]. Consequently, neural net-
works are a potent tool. Nevertheless, the challenge of nding a satisfactory representation
remains.

3.5 Application of Correction Model

Once a correction model is trained it can be applied by coupling the resulting ML model
with a RANS solver. Thus, the application of the trained model is a solver intrusive
correction procedure. Consequently, the entry barrier to applying the correction model
is high, because the RANS solver must be capable of processing the predicted correction
term. This requires compatibility of the ML model and the CFD code.

For steady simulations, the evaluation period of the correction model de nes the number
of inner iterations after which the turbulence model is evaluated. The correction term is
obtained by evaluating the model based on the resulting values of the last inner iteration
of the RANS solver and passing the resulting- eld as an input to the subsequent inner
iteration. Varying the number of inner iterations between the evaluation of the correction
model may a ect the stability and convergence speed of the RANS solver.

Unsteady simulations augmented with a correction model are run for multiple sub-iterations
within each physical time step. Each subiteration runs for a given number of inner iter-
ations, as explained in subsection 2.2.2. The evaluation of the correction model is done
before each subiteration. Thus, the correction model's evaluation period equals the num-
ber of inner iterations within each subiteration. By running multiple subiterations per
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physical time step the correction model can be evaluated multiple times until a converged
state is reached. Similar to the steady simulation, the number of inner iterations and
subiterations may in uence the stability and convergence speed.

Figure 3.2 visualises the application of the correction model for steady and unsteady
simulations that are described in the text above.

Figure 3.2: Application of turbulence model correction model within RANS solver for
steady and unsteady simulations.

3.6 Current Implementations

This thesis uses the DLR's software infrastructure including the node-centred, unstruc-
tured owsolver TAU and the Surrogate Modeling for AeRo data Toolbox Python package
(SMARTY) [28, 47]. SMARTYy contains multiple data-driven capabilities and an interface
to TAU. Two versions of the FIML approach are implemented: FIML Classic according
to [7] and FIML Direct according to [17]. SMARTY contains the optimisation and ML
capabilities that are required to perform an FI and train an ML model.

The application of correction models is possible using the SMARTyY TAU interface. Cur-
rently, only a correction of the production term of the SA turbulence model is supported.
Publications using both approaches, FIML Classic and FIML Direct, to correct steady
simulations using the DLR software infrastructure are available [15, 16, 18]. Further-
more, an interface for correction models for unsteady simulations is implemented within
SMARTyY. However, no research work using this capability is available. Using and ex-
panding this capability lies within the scope of this thesis.

Regarding the owsolver TAU two capabilities are especially important for FIML. First,
the owsolver is capable of processing a correction term. However, as stated above only
for the production term of the SA turbulence model. Furthermore, TAU contains an
adjoint solver that can be used to compute the gradients that are necessary for the FI.
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Numerical Test Case

The objective of this chapter is to apply the concepts introduced in the preceding text
to a test case with numerically computed reference data. Using the RAE 2822 two-
dimensional airfoil case, as described in subsection 4.1.1, baseline data using the SA
turbulence model, and higher delity reference data using the RSM turbulence model
are produced in subsection 4.1.2. Given these steady aerodynamic data points, Fls are
computed in section 4.2, before an ML model is trained in section 4.3. The resulting
model is applied to steady simulations in section 4.4 as well as unsteady simulations in
section 4.6.

4.1 Case Description and Preparation

First, this section describes the selected test case in subsection 4.1.1. Afterwards, the
generation of numerical data is described in subsection 4.1.2.

4.1.1 RAE 2822 Airfoil

The RAE 2822 airfoil is a rear-loaded, sub-critical airfoil with a roof-top type pressure
distribution at design conditionsM; ;pesign = 0:66, G pesign = 0:56[56]. Figure 4.1 presents
the geometry of the airfoil.

Figure 4.1: RAE 2822 airfoil geometry.

For this airfoil, experimental data from measurements by Coolkt al. [57] is available.
Furthermore, the author has access to the AIRBUS RWC.01 database from a measurement
campaign in the European Transonic Wind Tunnel. Given the availability of experimental
data, the RAE 2822 airfoil is a common validation case for turbulence modeling, e.g.
proposed as such a validation case by NASA [58]. Regarding data-driven turbulence
modeling using the FIML approach, the airfoil has been used in previous studies [16, 18].

19
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Additionally, the author has access to di erently sized computational meshes for the airfoil
as used in [59]. Given the legacy as a test case and the data availability, the RAE 2822 is
selected to be used in this thesis.

4.1.2 Data Generation

Using the RAE 2822 airfoil, steady simulations are conducted to cover transonic e ects,
especially shocks.

Flow Conditions

The free-stream ow conditions, i.e.Mach and Reynolds number, for the generation
of reference and baseline data, are xed while the angle of attack is varied due to the
following two considerations:

1. Because experimental measurements in wind tunnels or ight tests are often done
by xating the free stream conditions, i.e. Mach and Reynolds number, and
varying the angle of attack, a similar approach is chosen for the numerical data.

2. The goal is to apply the correction model, which is trained using results of FIs on
steady data, to unsteady simulations with a harmonically pitching airfoil, i.e. a
changing . The idea is to implicitly learn how the correction eld changes with
the angle of attack d =d .

The reasoning ts the objective of this thesis, but it must be noted that xingM and Re
comes with a reduced generalizability towards other ow conditions.

The following simulations are done withM = 0:75 and Re = 6:0 10°. These ow
conditions produce a transonic ow including a shock. The angle of attack is varied in
the range 2 [0;15] in steps of sized:5 , resulting in 31 simulations.

Mesh

To run a CFD simulation a mesh is necessary to describe a spatial discretisation of the
computational domain into nite volumes (or cells) [4]. The re nement of the cells in u-
ences the CFD simulation. For each cell of the mesh, the RANS equations must be solved.
Consequently, the number of degrees of freedom and therefore the computational e ort
grows with the number of cells. Thus, looking at the computational e ort it is favorable

to have a small number of large cells. However, larger mesh cells resolve fewer physical
e ects that must be modeled to get an accurate solution. A trade-o between resolving
as many physical e ects as possible while con ning the computational cost is the purpose
of a mesh dependency study.

Even though the FIML approach is not only able to correct errors caused by the turbulence
model but also discretisation errors as shown in [15], the focus of this thesis lies on errors
caused by the turbulence model. Consequently, the chosen mesh should not exhibit large
discretisation errors.

Several meshes for the RAE 2822 are compared in [59]. Based on these results for this
thesis a mesh with 512 nodes on the airfoil and 256 nodes in normal direction is chosen.
The pressure distribution as well as the global coe cients on the airfoil computed using
this mesh show only small deviations to results computed with a ner mesh, thus, mesh
convergence is assumed to be reached. The selected mesh is depicted in Figure 4.2.
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Figure 4.2: Mesh used in this study. Left: full domain. Right: zoom on the airfoil.

Baseline Data

As a baseline comparison, the RANS simulations are executed using the SA turbulence
model as introduced in subsection 2.4.1. Before using the ow conditions stated above,
the integrity of the mesh is validated by reevaluating case 9 from [59] and comparing the
resulting global coe cients ¢, ¢y, and c,y. This is done using the DLR TAU code [28].

Figure 4.3: ¢ (left) and cy (right) over for M = 0:75Re = 6:0 1P using the SA
turbulence model.

Subsequently, the simulations aM = 0:75and Re = 6:0 1(P are executed. ACour-
ant Friedrichs Lewy (CFL) number of 5 leads to converging simulations for all se-
lected angles of attack. Figure 4.3 presents the resulting coe cient of lift and drag. Up
to approximately = 2:5, a linear relationship between lift and angle of attack can be
seen. Beyond that point the relationship is non-linear. At =7:5 G.max 0:89 can be
found, indicating the beginning of the stall region. Contrary to an expected lift curve,
beyond =12 the lift is increasing again.
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Reference Data

RANS simulations using the RSM turbulence model as introduced in subsection 2.4.2 serve
as higher delity reference data for this test case. In comparison to the SA model, the RSM
is more complex and resolves the acting physical e ects to a higher degree. However, this
comes with the cost of reduced numerical stability. With a CFL number of 1.5, simulations
upto =6 -converge. Varying the CFL number and settings regarding the turbulence
model, e.g. the selected di usion model, in uences the numerical computation. However,
for higher angles of attack, no converged results are obtained.

Figure 4.4 shows the results. The coe cient of lift for = 6 is an outlier compared
to the other values. Even though the simulation did converge, it is neglected for further
analysis. Again, a linear dependency of and ¢ can be found up to 2.5 degrees angle of
attack. max  0:85is located at =5:0.

Figure 4.4: ¢ (left) and ¢4 (right) over for M = 0:75 Re =6:0 1P using the RSM
turbulence model.

Data Comparison

Comparing the baseline data obtained using the SA model to the reference data obtained
using the RSM model allows to identify di erences that might be corrected using the
FIML approach. This comparison can only be done up to = 5:5 because, for higher
angles of attack, no reference results exist. Figure 4.5 con rms a good match of SA and
RSM in the linear range up to 2.5 degrees. Beyond that point, the results far, cy,
and ¢y, deviate. SA predicts higher values for both: drag and lift. The maximum lift,
indicating the beginning of the stall region, occurs at a smaller angle of attack for RSM
than SA. Thus, the dierences between the results are not only quantitative but also
qualitative. For ¢y, the predicted values of RSM are higher than SA. Again a qualitative
di erence for > 3 can be found: for RSMdgﬂ > 0, whereas for SAd;ﬂ 0. This

di erence is signi cant for the longitudinal stability.

To get further insights into the di erences the distributions of the pressure coe cientc,

at the airfoil surface are compared. Figure 4.6a presents a good match of SA and RSM at
=1:5. At x=c 0:55, a signi cant increase in pressure, indicating a shock, is present.

The shock is the only region in thec, distribution exhibiting a small deviation between

the two turbulence models. Since the lift of the airfoil can be computed by integrating
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Figure 4.5: ¢ (left), ¢4 (middle), and cny (right) over for M = 0:75Re = 6:0 1(°
comparing SA and RSM.

the pressure over the airfoil surface, it becomes obvious that for= 1:5 the lift values
are very close as described previously. It must be noted that the drag is also signi cantly
in uenced by skin friction. At = 4:5 larger di erences can be seen. As Figure 4.6b
indicates, a mismatch between SA and RSM can be seen behind the shock=at 0:55.

Even though one might expect larger deviations for reference data stemming from ex-
periments, the presented di erences to the higher delity RANS simulations signi cantly
in uence the resulting forces, making it a suitable initial test case.

(@ =15 (b) =45

Figure 4.6: c,-distribution on airfoil surface forM =0:75 Re=6:0 10° comparing SA
and RSM.

4.2 Field Inversion on Steady Simulations

Using the reference data obtained in section 4.1, a eld solution containing correction
values can be computed by executing a eld inversion as introduced in section 3.3.
Therefore, in subsection 4.2.1, several investigations regarding the process of Fl are con-
ducted before in subsection 4.2.2 the resulting correction elds for the given data are
discussed.
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4.2.1 Considerations and Investigations

Before executing the eld inversions to be used for machine learning some questions must
be clari ed:

" Which variable to use as reference data?

" How many reference data points must be used?

" What is the e ect on variables that are not used as reference data?
" What are the limitations of the approach?

The stated questions are discussed considering a realistic application scenario.

Reference Quantity

As explained in section 3.3, global values, scalar eld values, as well as vectorial eld
values might be used as reference quantityes.

Duraisamy et al. state that even very limited experimental reference data as the coe cient

of lift can lead to a considerable improvement of the entire ow eld [8]. The measurement
of global force coe cients is standard practice in wind tunnel measurements. However,
in ight tests, these forces are usually not measured directly.

Using the ow velocity as a vectorial reference value delivers large informational content.
However, these measurements require advanced techniques, e.g. particle image veloci-
metry (PIV) [60], that are expensive and not standard procedure for both wind tunnel
measurements and ight tests.

Pressure measurements, especially on the airfoil surface are common practice, most often
done using pressure taps on the airfoil surface. In addition, measurements using pressure-
sensitive paint (PSP) are being advanced [61]. In contrast, measuring the pressure in the
ow eld around the airfoil requires far more e ort and is not standard practice.

Considering the discussed possibilities the pressure on the airfoil surface is chosen as the
reference quantity for this test case. As it is standard practice to use the dimensionless
pressure coe cient instead of pressure when analysing the ow around an airfoil this
guantity is used:

P P

—_— 4.1
% 1 jusg j? (*1)

Get = G =

with static pressurep, free-stream static pressure, , free-stream air (or uid) density
1, and free-stream ow velocityjuy j.

Number of Reference Points

The pressure coe cientc, is available at 512 locations on the surface of the airfoil cor-
responding to the number of mesh nodes on the surface, as in explained subsection 4.1.2.
Assuming that the higher the amount of reference data, the better the resulting- eld,

the idea must be to use all of the 512 data points. However, this number of measurement
points might be unfeasible in an experiment. Moreover, a higher number of reference
points leads to an increased computational e ort and might impede the convergence of
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the eld inversion. Consequently, it is of interest to investigate how smaller numbers of
reference points a ect accuracy and computational cost.

Multiple eld inversions are computed for the =5:5 case. The regularisation parameter
is case-dependent and must be determined individually. The nal values are determined
in subsection 4.2.2. For the investigations in this subsection, it is set to = 10 2,
corresponding to high trust in the reference data. The minimum residual for the ow
solution is set t010 8. The adjoint solver minimum residual is set tal0 °. Both the ow
and the adjoint solution are computed using the DLR TAU code [28]. The line search
along the steepest gradient is conducted until thérmijo -Goldstein  condition with
a control parameter of10 ¢ is ful lled. Overall, 150 FI iterations are set as an upper
bound to limit computational cost.

The number of reference points is varied for each Fl. Table 4.1 de nes the investigated
cases. For each case, the reference points are spread evenly over the airfoil surface, e.g.
for the 25% case, every" ¢, value of the full reference solution is used.

Figure 4.7 presents the results of this investigation. The bars correspond to the number
of FI iterations. A clear trend can be seen: fewer iterations are necessary for smaller
numbers of reference points. The Fls using 512, 256 and 128 reference points do not
reach convergence within 150 iterations. It is unknown whether convergence would be
reached within a higher number of iterations. The lines present various errors comparing
the RSM reference data and the RANS solution with the SA turbulence model that is
augmented using the correction term . As an overall trend, errors decrease for a larger
number of reference points. Especially for 3.12% reference points and less a very strong
increase in errors can be seen. A small spike can be seen at 25%, but since this FI did
not converge this spike can be disregarded.

Percentage [%] | 100.00| 50.00| 25.00| 12.50| 6.25| 3.12| 1.56| 0.78 0.39
Number of points| 512 | 256 | 128 | 64 | 32 | 16 | 8 | 4 | 2

Table 4.1: Numbers of investigated reference points

The individual errors are not just in uenced by the number of reference points, but also
by their placement. Figure 4.8 compares three, distributions on the airfoil surface to
gain further insights.

As visible in Sub gure 4.8a, four reference points are too sparse to produce a good correc-
tion. Three of the four points reference points are at locations with minimal di erences
between baseline and reference. Consequently, only the di erence at one reference point
signi cantly in uences the FI's cost function. Since Fl is an ill-posed mathematical prob-
lem, as stated in section 3.3, more than one solution for the eld exists. Chances are
low that using only one signi cant reference point does lead to a good correction@fat
locations other than the reference point.

The 12.50% case in Sub gure 4.8b exhibits more reference points in the post-shock area
with strong di erences. However, no reference point is located at the shock itself. The
inversion result is close to the reference solution, but not perfect: a small di erence at
the rear (x=c 0:9) and the shock can be seen.

With a reference point at the shock the inversion result for the 50.00% case in Sub gure
4.8c matches the reference the best, even though the inversion did not converge.
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Figure 4.7: Inuence of the number of reference points used for eld inversion on a
numerical test case (baseline: SA; reference: RSM) with ow conditions
M =0:75 =55, Re=6 1, and regularisation = 10 2. 512
reference points correspond to 100%.

Looking at a realistic application case the reference points are xed in position for all
angles of attack and therefore can not be adapted to a speci c shock position. Further-
more, prior knowledge about the shock position can not be assumed in all cases. Con-
cluding from the results of this investigation, the 12.50% case with 64 reference points is
a good compromise between cost and accuracy. The next smaller case with 32 reference
points exhibits similar error values (see Figure 4.7). The number of pressure taps in an
experimental setting might lie in this range. Based on these ndings 64 reference points
are used in the further progress of this thesis.

E ect on other Quantities

The prior investigation has proven that an FI with ¢, as reference quantity can lead to
an improved ¢, distribution and an improvement of the values that are most strongly
aected by c,, e.g. the coe cient of lift. Thus, the question arises how other quantities
are aected. Ascy is also in uenced by the skin friction coe cient ¢ this variable is of
interest and makes a suitable example.

Sub gure 4.9b presents the skin friction coe cient around the airfoil for the baseline,
the reference, and the inversion at = 5:0 . The baseline and reference solutions show
a mismatch regarding the shock position and the upper surface skin friction coe cient
behind the shock. The FI can correct the position of the shock. However, behind the
shock, the FI result matches the baseline solution. For both, baseline and reference
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(a) 0:78% (b) 12:50%

(c) 50:00%

Figure 4.8: c,-distributions on airfoil surface comparing Fls with di erent numbers of
reference points at = 5:5. The legend of Sub gure 4.8c applies to all
three cases.

solution ¢ 0 can be observed behind the shock and corresponds to a separated ow.
Thus, the FI result is quantitatively wrong but qualitatively right.

At =3 , the reference solution exhibits a small, reattaching ow separation at=c  0:6,
whereas the baseline solution is fully detached after the shock. Again, the FI correctly
shifts the shock position forward. As previously, the FI result matches the baseline solu-
tion behind the shock. Consequently, in this case, the result is wrong quantitatively and
gualitatively.

Depending on the purpose of an FIML model, these ndings must be paid attention to. A
possible mitigation of the unsatisfying results could be to usg as an additional reference
guantity. However, ¢ is typically not measured in experiments.

Further Findings and Limitations

The previously investigated cases only show small di erences. Furthermore, the shock
is moved forward in all cases. So the question arises of how the FI handles cases with
larger di erences and cases where the shock in the reference lies behind the baseline.
Two synthetic test cases are designed to investigate these questions. For case 1, an SA
simulation at = 3:5 is corrected with an RSM simulation at =5:5. In this case, the
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