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Abstract

This diploma thesis focuses on the implementation and development of an adjoint–based
flow solver within the OpenFOAM environment, employing a data–driven approach for
turbulence closure, as well as on investigating how this method can be exploited in
aerodynamic shape optimization. First, a comparison is made between the RANS and
DES models, both based on Spalart–Allmaras (SA) model, aiming to enhance the
predictive accuracy of a steady simulation by using the latter as higher fidelity reference
data which comes with a significantly higher computational cost (unsteady run). The
proposed method and the developed software tools are applied to three cases: a U–Bend
duct, the NACA0012 airfoil, and the geometry of the passenger vehicle Toyota Aygo X.

A surrogate to the RANS (SA) turbulence model is created by minimizing the deviation
between the velocity field produced by the model and time-averaged DES results. The
turbulent viscosity field �t constitutes the optimization variables. This is why this
method will be referred to as "Eddy–Viscosity Adaptation" or EVA. For this
minimization problem, an adjoint problem is formulated and solved, in OpenFOAM.
The correctness of the adjoint derivatives is verified through comparisons with finite
differences.

The surrogate turbulent eddy viscosity fields are subsequently utilized in a shape
optimization loop, with the goal of producing aerodynamic shapes with a lower drag
coefficient, using parsimonious steady runs while maintaining DES-level accuracy.
During the optimization, the eddy viscosity field computed a priori by the EVA step
remains fixed; this is why, this optimization is referred to as a "Frozen Eddy Viscosity"
or FEV one and the adjoint method used for this has accordingly been adapted. In this
way, the work aims to replace the use of an unsteady flow simulation (and the
corresponding unsteady adjoint) within the shape optimization loop, and get "similar"
results at much lower computational cost.
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Per—lhyh

Antike—meno thc diplwmatik c ergas—ac e—nai h an�ptuxh kai efarmog  miac suzugoÔc

mejìdou sto perib�llon tou OpenFOAM, gia thn upokat�stash montŁlwn tÔrbhc me th

qr sh dedomŁnwn, kaj‚c kai h diereÔnhsh tou trìpou me ton opo—o h mŁjodoc aut  mpore—

na axiopoihje— sthn aerodunamik  beltistopo—hsh morf c. Arqik�, pragmatopoie—tai

sÔgkrish metaxÔ twn montŁlwn RANS kai DES, ta opo—a bas—zontai kai ta dÔo sto

montŁlo Spalart–Allmaras (SA), ìpou epidi‚ketai na breje— Łna upokat�stato tou

pr‚tou, qrhsimopoi‚ntac to deÔtero wc anafor� uyhlìterhc pistìthtac, h opo—a ìmwc

Łqei uyhlìtero upologistikì kìstoc. H an�lush efarmìzetai se tr—a probl mata ro c

se/gÔrw apì: Łnan agwgì tÔpou U, thn aerotom  NACA0012 kai th gewmetr—a tou

epibatikoÔ oq matoc Toyota Aygo X.

Dhmiourge—tai ena upokat�stato tou montŁlou RANS (SA) mŁsw elaqistopo—hshc thc

apìklishc metaxÔ tou ped—ou taqut twn pou par�gei to montŁlo kai twn qronik� mŁswn

apotelesm�twn DES. Wc metablht  beltistopo—hshc epilŁgetai, se k�je kel—, to ped—o

thc turb‚douc sunektikìthtac �t; gia ton lìgon autì, h mŁjodoc ja anafŁretai wc

Eddy–Viscosity Adaptation   EVA. Gia thn ep—lush tou probl matoc elaqistopo—hshc

diatup‚netai kai epilÔetai Łna suzugŁc prìblhma sto OpenFOAM. H orjìthta twn

suzug‚n parag‚gwn epalhjeÔetai mŁsw sÔgkrishc me th mŁjodo twn peperasmŁnwn

diafor‚n.

Ta upokat�stata ped—a turb‚douc sunektikìthtac qrhsimopoioÔntai sth sunŁqeia se

Łnan brìqo beltistopo—hshc morf c, me stìqo thn paragwg  aerodunamik‚n gewmetri‚n

me meiwmŁno suntelest  opisjŁlkousac, diathr‚ntac par�llhla akr—beia epipŁdou DES,
an kai h ep—lush g—netai me qronik� mìnimo k‚dika, qwr—c kan to montŁlo tÔrbhc. Kat� th

di�rkeia thc beltistopo—hshc, to ped—o turb‚douc sunektikìthtac pou upolog—zetai sto

st�dio EVA paramŁnei stajerì; gi� autì h diadikas—a anafŁretai wc Frozen Eddy
Viscosity   FEV kai h ant—stoiqh suzug c diatÔpwsh prosarmìzetai analìgwc. Me autìn

ton trìpo, h ergas—a stoqeÔei na antikatast sei Łnan brìqo beltistopo—hshc pou
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basÐzetai se mh-mìnimh prosomoÐwsh ro c (kai sto antÐstoiqo mh-mìnimo suzugèc
prìblhma), epitugqˆnontac sugkrÐsima apotelèsmata me shmantikˆ mikrìtero
upologistikì kìstoc.
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Chapter 1

Introduction

1.1 Industrial Motivation and Regulatory Framework

Over recent decades, against the backdrop of climate change, increasingly stringent
measures have been introduced to limit carbon dioxide emissions, with a decisive impact
on industry and, in particular, the automotive sector. The steady rise of electric and
hybrid vehicles con�rms that the market is now shifting toward low or zero emission
solutions, while, at the same time, the European Union has established a framework of
restrictions on fuel consumption andCO2 emissions, accelerating this transition and
placing pressure on manufacturers to deliver measurable reductions in the environmental
footprint of their vehicles [1].

Since vehicle design is directly linked both toCO2 emissions and to driving range
(especially in electric vehicles), reliable prediction of aerodynamic performance becomes
essential. Experimental testing remains the most reliable means of validation, but it is
particularly time consuming and costly. In this context, the WLTP (Worldwide
Harmonized Light Vehicle Testing Procedure) has contributed to a stricter and more
complex evaluation process, as it aims to re�ect fuel consumption and emissions in
everyday use more realistically. Consequently, the development of a new model requires
systematic assessment of multiple variants so that its performance can be documented
with con�dence. For this reason, CFD simulations have taken on a central role in the
design process and, when it can be demonstrated that they fall within a speci�c
accuracy range, they can be used as a reliable evaluation tool and to support the
certi�cation process, within the framework of standards such as WLTP [2, 3].

Achieving the level of accuracy dictated by modern regulations translates into increased
computational demands, adding to both development time and resources. In this context,
product design remains, in essence, an iterative process, where successive alternatives
are examined with the aim of optimizing both aesthetic features and the targets set by
engineers in terms of strength and performance. Although numerical simulations have
advanced signi�cantly in recent years, there remains a strong need for methods that
combine lower computational cost with more reliable predictions. This work aims to
study and develop a turbulence model adaptation methodology, with the goal of bridging
the gap between computational cost and accuracy, providing results that meet industrial
requirements.
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1.2 Impact of Turbulence Model on CFD Predictions

The accuracy of CFD simulation results depends strongly on the choice of turbulence
model, the set of equations used to approximate the e�ect of turbulence on the �ow.
Since turbulence is inherently complex and chaotic, di�erent modeling assumptions lead
to di�erent levels of �delity in the predicted �ow �eld and, consequently, in the resulting
quantities of interest. The in�uence of the turbulence model in a simulation is highlighted
in Fig. 1.1, which shows the �ow around a sphere and highlights how the predicted wake
and turbulent structures vary across turbulence modeling approaches.

Figure 1.1: Representative wake structures behind a sphere, as predicted by the di�erent
turbulence models, from [4].

At the same time, higher �delity is usually accompanied by increased demands in
computational time and memory, which in some cases may di�er even by orders of
magnitude, creating practical constraints at development stages where many iterative
evaluations are required.

Therefore, it is clear that model selection can lead from minor deviations to, in some cases,
a fundamentally di�erent picture of the �ow, particularly in mildly unsteady regimes.r.
Di�erent models may predict the onset of separation di�erently, as well as the size or
intensity of the recirculation region. These di�erences are re�ected on critical performance
metrics, such as drag, which is targeted for reduction both for e�ciency reasons and
for compliance with applicable standards and limits. Consequently, the feedback that
engineers and designers receive from simulations depends directly on the assumptions of
the selected model, and conclusions must be interpreted within this context.

This model dependence also has direct implications for computationally driven design
processes, such as shape optimization (ShpO). Most optimization tools are built around
cheaper steady-state approaches, which do not always capture critical �ow phenomena
with su�cient accuracy. As a result, the evaluation and optimization of a geometry may
lead to new shapes that appear improved at that speci�c modelling level, but do not
exhibit the expected improvement when assessed with more reliable methods or through
experimental validation.

Therefore, the improvement of how turbulence models are used is becoming increasingly
urgent. It is clear how valuable such progress would be at both the research and industrial
level, as it would enable more reliable predictions at lower computational cost. In this
way, simulation times are reduced and the development cycle is accelerated, saving both
time and resources.
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1.3 Turbulence Model Adaptation�Literature Survey

A straightforward direction for improving turbulence models has historically been to
increase their complexity for example, by using multi-equation models, enriched
transport terms. Although this approach can incorporate more physics, it is often
accompanied by the introduction of additional free parameters and empirical constants,
which require re-testing and tuning depending on the problem at hand. At the same
time, increased complexity also raises computational cost, since additional equations
must be solved. Nevertheless, greater complexity does not guarantee an equally
consistent and predictable increase in accuracy, as a model may perform satisfactorily in
some �ows while exhibiting signi�cant deviations in others.

Within this context, data-driven approaches have emerged as a particularly promising
complementary strategy. In an industrial setting, where high-�delity data from years of
development (e.g., LES/DES simulations or experimental measurements) are often
available, there is an opportunity to leverage this accumulated information for the
systematic improvement of existing models. Of particular interest are approaches that
attempt to identify and correct de�ciencies in its functional form. In other words, the
goal is to reveal where and how the baseline model deviates from the underlying �ow
physics, in order to achieveTurbulence Model Adaptation (TMA) .

One of the most characteristic methodologies for TMA is the approach often referred to as
Field Inversion in the literature [5, 6, 7, 8, 9]. This methodology was initially introduced
by Duraisamy and his colleagues [6], and the core idea is a method using an adjoint-
based approach for turbulence closure, leveraging a data-driven technique. Speci�cally,
[6] demonstrated this methodology on two distinct test cases, employing both the SA and
k� ! turbulence models. In the SA framework, they introduced a corrective factor� (x; t)
was introduced in the destruction term, leading to the modi�ed transport equation:

D e�
Dt

= P(e� ) � � (x; t) D(e� ) + T(e� ): (1.1)

The aim of TMA is to identify � (x; t) at every mesh cell so that the discrepancy in
skin friction between high-�delity LES data and the corresponding RANS prediction be
minimized. This is expressed through the objective function:

J (� ) =
Z

w
�
� data

w (s) � � model
w (s)

� 2
ds; (1.2)

where the values of� (x; t) in each mesh cell act as the design variables of the optimization
problem. The optimal correction �eld is obtained as:

� opt = arg min
�

J (� ): (1.3)

A second representative formulation introduces a corrective coe�cient� (x) in the
destruction term of the ! equation within the k� ! model [8]. The modi�ed governing
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system of equations is written as:

@(�k )
@t

+
@(�u j k)

@xj
= P � � � �!k +

@
@xj

�
(� + � k � t )

@k
@xj

�
; (1.4)

@(�! )
@t

+
@(�u j ! )

@xj
= 


� t

k
P � � (x) � �! 2 +

@
@xj

�
(� + � ! � t )

@!
@xj

�
+ 2(1 � F1)�

� ! 2

!
@k
@xj

@!
@xj

:

(1.5)

In this setting, the goal is to determine the spatial distribution� (x) that makes the RANS
solution match high-�delity LES data as closely as possible. A common de�nition of the
objective function is:

min
�

J = � obs

X

i

�
bdi � di (� )

� 2
+ � prior

X

j

(� j � 1)2 : (1.6)

The last term in this equation prevents� from drifting too far from its baseline value
� = 1. This discourages extreme or noisy corrections and helps keep the inferred �eld
smooth and physically plausible as a turbulence model modi�cation.

More recently, extensions of TMA have moved beyond applying a single corrective
coe�cient to a speci�c term and ,instead, target the direct inference of the turbulent
viscosity �eld � t [7]. This formulation has two key advantages. First, by treating� t itself
as the unknown to be inferred, the approach can bypass the explicit solution of the
turbulence transport equation and its associated adjoint, which can substantially reduce
the overall computational overhead of the inversion work�ow. Second, it avoids the
inherent ambiguity of where to correct within a given turbulence model. When a single
factor is inserted in a selected term, it is not always clear whether that term is truly
responsible for the model discrepancy, and alternative correction placements may require
repeated reformulation and reimplementation of the adjoint system. By contrast,
optimizing � t directly removes this dependency on a priori choices about which term to
modify and provides a clear quantitative target the optimal turbulent viscosity
distribution that best aligns the low-�delity prediction with the reference data.

Once the adaptation process is completed, correction �elds or enhanced� t �elds can be
obtained that closely match the target quantities de�ned earlier. There are several ways
to make use of these �elds, but the most commonly suggested approach in the literature
involves linking local �ow-�eld quantities to the optimal correction term identi�ed through
the adaptation process, in order to create a dataset. This dataset can then be used to
train neural networks [10] or apply Deep Symbolic Regression (DSR) [11]. If the dataset
includes su�cient information from multiple geometries, it can be used with the TMA
process and appropriate training to create new or modi�ed turbulence models. Such an
approach could �nd signi�cant applications in industries with access to a large number
of high-�delity simulation runs, where a dataset can be built using data from di�erent
geometries, such as various car models or the same geometry with di�erent accessories.
These models could be generalized, o�ering better accuracy while requiring much less
computational time. In both cases, the optimal �eld produced by the TMA serves as a
reference dataset, facilitating the development of new, more accurate turbulence models.
The stages of this process can be illustrated in the �owchart shown in Fig. 1.2.
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Figure 1.2: Turbulence model optimization process using adapted turbulence model and
Neural Networks / Deep Symbolic Regression.

This thesis focuses on the development of an adjoint-based code for turbulence adaptation
within the OpenFOAM computational tool, aiming to minimize the di�erence between
two velocity �elds: the RANS velocity �eld, which is the �eld to be improved, and the
DES velocity �eld, which provides the data for the adaptation. This can be framed as an
optimization problem, expressed by the following objective function:

J =
1
2

Z



(vRANS � vDES )2 d


As optimization variables, the turbulence viscosity at each point in the domain will be
used. This process, within the scope of this thesis, will be referred to asEddy Viscosity
Adaptation (EVA) .

1.4 Challenges of unsteady adjoint

This project, in addition to its current application, could also be extended to shape
optimization (ShpO) problems. As highlighted in the thesis, RANS �elds are often
insu�cient to accurately capture and describe the evolving �ow, particularly in cases
with unsteady �ow, where unsteady �ow solvers are necessary for a more precise
representation. In such applications, steady-state adjoint solvers are not suitable, as
they would optimize the geometry based on an incorrect �eld predicted by the RANS
equations, and the new geometries would not necessarily yield improved solutions. To
achieve accurate optimization, an unsteady adjoint solver must be employed, which
introduces several challenges.

A major limitation of the unsteady adjoint is the rapid increase in computational cost. The
order of magnitude di�erence between a simple RANS and DES simulation means that at
each optimization cycle, both a primal and an adjoint problem need to be solved, each at
a cost equivalent to running a DES simulation. In industrial cases, this can be prohibitive,
as it may not be viable within the development and design stages of a product, where
decision-making needs to be quick and immediate. Beyond the cost, the very nature of the
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problem in DES makes the unsteady adjoint signi�cantly more demanding than the steady
RANS adjoint. Since the unsteady adjoint equations are integrated backward in time, the
adjoint solver must have access to the instantaneous �elds of the primal solution at every
time step. This creates a practical dilemma: either the entire time history of the �ow must
be stored (with huge memory and disk requirements), or parts of the solution must be
recomputed through checkpointing, which reduces memory requirements but introduces
additional computational overhead and increases work�ow complexity. In large 3D cases,
data management alone can become a decisive limitation. At the same time, the hybrid
nature of DES introduces additional di�culties in terms of mathematical smoothness
and di�erentiability. DES models rely on switching mechanisms between RANS-like and
LES-like behavior, which depend directly on the mesh. During ShpO, where the mesh
changes even slightly, such non-smooth dependencies can produce discontinuities or strong
sensitivity in the derivatives, complicating consistent linearization and, ultimately, the
production of stable and repeatable gradients [12, 7].

Instead of using the unsteady adjoint, an alternative approach could be the use of the
adapted � t �elds, which are derived from the EVA process. Assuming that small changes
in the geometry only a�ect the mean �ow, this can be treated as applying a frozen eddy
viscosity, without the need for an evolving turbulence model. The idea behind this
approach is that high-�delity information is introduced through the adapted �elds,
rather than by directly coupling DES to the gradient calculation. As a result, the
optimization process can proceed without the need for a fully unsteady, DES-consistent
adjoint formulation, thus avoiding the practical di�culties associated with unsteady
adjoint optimization. This approach opens new possibilities for optimization and
presents particular research interest, which will be explored in this thesis.

1.5 Thesis Outline

The aim of this diploma thesis is to investigate and develop a solver within the OpenFOAM
environment that can be used to construct a surrogate turbulent viscosity through the
continuous adjoint methodology. High-�delity data, such as the simulation performed by
the DES (SA) model, are then used as a reference for adapting the model through a EVA
methodology, with the goal of improving its predictive capability. Finally, the adapted
�elds are incorporated into the Frozen Eddy Viscosity approach so that, through ShpO,
geometries can be obtained that retain their improvement when evaluated with higher-
�delity models. In this way, the study seeks to approximate the bene�t that would be
expected from a fully unsteady adjoint approach, which in practice entails substantial
technical and computational challenges.

ˆ Chapter 2 presents the governing equations of incompressible �ow, as well as the
RANS and DES numerical approaches. In addition, the Spalart�Allmaras model
and the near-wall treatment adopted in this work are described.

ˆ Chapter 3 provides a comparison between RANS and DES within OpenFOAM by
examining three representative cases: the U-bend duct, the NACA0012 airfoil, and
the Toyota AYGO X vehicle geometry. For each case, the meshing procedure and
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the results are presented in order to highlight di�erences in the predictions and to
justify the need for EVA.

ˆ Chapter 4 introduces the concept of EVA. The continuous adjoint used for
constructing a surrogate turbulent viscosity is then developed, together with an
interpretation of the procedure as an optimization problem, including the
sensitivity-computation methods employed.

ˆ Chapter 5 presents the results of applying EVA to selected cases. The surrogate
turbulent viscosity �elds are analyzed, and their impact is assessed both on the
�ow features and on the main performance metrics, in comparison with the baseline
RANS and the corresponding DES results.

ˆ Chapter 6 examines how ShpO can be linked with and pro�t of the EVA, with an
application to the isolated NACA0012 airfoil.

ˆ Finally, Chapter 7 provides a list of conclusions, the main �ndings of this thesis are
summarized and proposals are made for future extensions and further development
of the methodology.
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Chapter 2

Turbulence

A phenomenon can be described as chaotic when a problem exhibits high sensitivity
to initial conditions; that is, very small changes lead to drastically di�erent outcomes,
and as a result, long-term prediction becomes practically impossible. Turbulence is a
characteristic example of such a phenomenon, with a 3D nature and time-dependent; due
to its stochastic character, a strictly deterministic description is not feasible. The exact
mathematical formulation of turbulence remains one of the greatest unsolved problems in
physics, and accurate predictions are still an open and active �eld of research. In everyday
life, turbulence can be observed in many examples, such as the vortices that form around
a rock in a river or the irregular swirling patterns in a car's exhaust gases.

Solving the Navier�Stokes equations requires the use of numerical methods for the
modeling of turbulence, which are associated with extra computational cost. The
exponential progress of technology has led to a tremendous increase in available
computational power and has been a driving force for the improvement and development
of new, more accurate computational models, allowing us to achieve and approximate
with high accuracy many physical problems in �elds such as aeronautics and the
automotive industry that, only a few decades ago, would have seemed like an
unattainable dream.

The main methodologies that have been developed in recent years for turbulence modeling
are:

ˆ Direct Numerical Simulation (DNS),

ˆ Large Eddy Simulation (LES),

ˆ Hybrid RANS/LES approaches,

ˆ Unsteady Reynolds-Averaged Navier�Stokes (URANS),

ˆ Reynolds-Averaged Navier�Stokes (RANS).

8



Figure 2.1: Hierarchy of turbulence models, illustrating the trade-o� between
computational cost and predictive, from accuracy [13].

The above approaches are often illustrated in the literature in the form of a pyramid, where
the base consists of the most computationally economical models. These models rely on
simpli�cations and assumptionsFocusing toward the top of the pyramid, the physical
detail and predictive capability increase, but the computational cost rises accordingly.

As observed in Fig. 2.1 and Fig. 1.1, Direct Numerical Simulation (DNS) [14] constitutes
the most accurate and fundamental computational approach for solving the
Navier�Stokes equations, as it directly solves the full mass and momentum conservation
equations without any modeling assumptions. Its goal is the complete resolution of all
temporal and spatial scales of turbulence, from the largest eddies which contain the
greatest share of kinetic energy to the smallest disturbances, known as the Kolmogorov
scales. These requirements exceed the capabilities of most conventional computers and
restrict DNS to the use of supercomputers and to highly simpli�ed geometries or
fundamental research. A more manageable and practical alternative is the Large Eddy
Simulation (LES) method [15, 16] , which is based on �ltering the turbulence spectrum,
separating the large eddies from the small ones: it directly resolves the most
energetically signi�cant structures of the �ow (large eddies), while the smaller ones,
below a certain �lter length (cut-o� length scale), are modeled through appropriate
subgrid-scale models. Although it can provide a highly reliable description of the main
mechanisms of turbulence, its computational cost often remains prohibitive for many
industrial applications, especially in complex geometries and at high Reynolds numbers.

Subsequently, methods such as DES and RANS will be analyzed, which progressively
reduce the computational cost, but with a corresponding reduction in the �delity of the
results and the accuracy with which the turbulence is captured.
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2.1 Governing Equations for Incompressible Flow

The governing equations describe �uid mechanics and constitute the mathematical
formulation of the laws of physics; speci�cally, they concern the conservation of mass,
momentum, and energy. In the present work, incompressible �ows are described by the
continuity equation (2.1) and the momentum equation (2.2), given by:

r � v = 0 (2.1)

@v
@t

+ ( v � r )v = �r p + r � (� r v) (2.2)

where v denotes the velocity vector �eld, p the pressure scaled by the constant �uid
density, and � the kinematic viscosity.

2.2 Reynolds-Averaged Navier�Stokes (RANS)

The Reynolds-Averaged Navier�Stokes (RANS) equations are a fundamental tool in the
modeling of turbulent �ows and provide a computationally e�cient compromise between
accuracy and computational requirements [17]. Although RANS does not capture the
detailed turbulence dynamics with the �delity of methods such as LES or DES, it is widely
used in many practical applications due to its numerical stability and computational
e�ciency. The central idea behind the RANS approach is that, in turbulent �ows, any
instantaneous quantity f (x; t ) can be decomposed into the sum of two components, a
time-averaged mean and a �uctuating part:

f (x; t ) = �f (x) + f 0(x; t ) (2.3)

The mean value is de�ned as a time average over a time intervalT, satisfying:

�f =
1
T

Z t0+ T

t0

f (t) dt (2.4)

under the condition that the �uctuation has zero mean, that is,f 0 = 0.
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Figure 2.2: Time-averaged velocity �eld and velocity �uctuations

Applying Reynolds averaging to the Navier�Stokes equations yields the RANS equations,
which describe the evolution of the mean �elds. For incompressible �ow, the equations
take the form:

@�vi

@xi
= 0 (2.5)

@�vi

@t
+ �vj

@�vi

@xj
=

@
@xj

�
� �p � ij + 2� �Sij � v0

i v
0
j

�
(2.6)

where the mean strain-rate tensor is de�ned as:

�Sij =
1
2

�
@�vi

@xj
+

@�vj

@xi

�
(2.7)

The term u0
i u

0
j , known as the Reynolds stress tensor, represents the e�ects of turbulent

�uctuations on the mean �eld. These stresses are unknown and must be modeled in order
to close the system of equations. The most commonly used approach to address this
closure problem is the Boussinesq hypothesis, which introduces a turbulent viscosity� t

and expresses the Reynolds stress tensor as:

� v0
i v

0
j = � R

ij = � t

�
@�vi

@xj
+

@�vj

@xi

�
�

2
3

k � ij (2.8)

where:
k =

1
2

v0
i v

0
i (2.9)

is the turbulent kinetic energy. The turbulent viscosity � t is not known a priori and is
computed using additional transport equations provided by turbulence models such as
Spalart�Allmaras, k � � [18], k � ! [19], k � ! SST [20], and others.

Thus, based on Eqs. (2.7)�(2.9), the RANS continuity and momentum equations for
steady, incompressible mean �ows can be expressed as follows:

Rp = �
@vj
@xj

= 0 (2.10)
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Rv
i = vj

@vi
@xj

�
@

@xj

�
(� + � t )

�
@vi
@xj

+
@vj
@xi

��
+

@p
@xi

= 0 (2.11)

2.3 The Spalart�Allmaras Model

The Spalart�Allmaras (S�A) model is a one-equation turbulence model for incompressible
�ows [21]. The core idea of the model is the introduction of an auxiliary turbulence
variable, e� , which is related to the turbulent viscosity � t . The variable e� is transported
through the following transport equation:

D e�
Dt

= P(e� ) � D(e� ) + T(e� ) (2.12)

where P(~� ) denotes the production term, D(~� ) the destruction term, and T(~� ) the
di�usion term.

The turbulent viscosity � t is obtained from:

� t = e� f v1 (2.13)

with:

f v1 =
X 3

X 3 + C3
v1

(2.14)

The full di�erential transport equation for e� within the RANS framework is given by:

@e�
@t

+ uj
@e�
@xj

= Cb1 (1 � f t2) eS e� +
1
�

�
r �

�
(� + e� ) r e�

�
+ Cb2 (r e� )2

�

�
�

Cw1f w �
Cb1

� 2
f t2

� �
e�
d

� 2

+ f t1 � U2

(2.15)

The modi�ed vorticity eS is computed as:

eS = S +
e�

� 2d2
f v2 (2.16)

where:
S =

p
2Sij Sij (2.17)

The correction term f v2 is given by:

f v2 = 1 �
X

1 + Xf v1
(2.18)

The damping term includesf w , which is de�ned as:

f w = g
�

1 + C6
w3

g6 + C6
w3

� 1=6

(2.19)
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where the parameterg depends onr :

g = r + Cw2
�
r 6 � r

�
(2.20)

and r is computed as:

r = min
�

e�
eS� 2d2

; 10
�

(2.21)

The additional correction term f t2 is computed as:

f t2 = Ct3e� Ct 4X 2
(2.22)

The model constants used in the computations are:

� =
2
3

; Cb1 = 0:1355; Cb2 = 0:622; � = 0:41; Cw1 = 3:239; Cv1 = 7:1

(2.23)

In summary, the SA model is a particularly e�ective choice for low-Reynolds-number
simulations when the viscous sublayer of the boundary layer is su�ciently resolved, that
is, for y+ values close to unity. This requirement implies a very �ne mesh near walls
and, consequently, increased computational cost due to the larger number of cells. To
maintain simulation reliability without excessive mesh re�nement in the near-wall region,
wall functions are applied in the present work. The generated mesh is consistent with the
theoretical requirements for the use of wall functions, enabling e�ective use of the model
and the production of reliable results with reduced demands on computational resources.

2.4 Wall Functions

Wall functions are empirical or semi-empirical relations that approximate the �ow
behavior in the part of the boundary layer that is not directly resolved by the mesh,
bridging the transition from the wall to the resolved region. This philosophy
corresponds to a high-Reynolds-number (High-Re) approach, in contrast to Low-Re
methods, which require detailed resolution of the near-wall region and typicallyy+ � 1.

For the formulation of wall functions, the dimensionless quantitiesy+ and u+ are
introduced:

y+ =
u� y

�
; u+ =

u
u�

(2.24)

where y is the distance of the center of the �rst cell from the wall,� is the kinematic
viscosity of the �uid, u is the tangential component of the velocity, andu� is the friction
velocity, with

u� =
r

� w

�
(2.25)

Based ony+ , the typical velocity pro�le in a turbulent boundary layer is commonly divided
into three regions: the viscous sublayer (y+ � 1� 5), the bu�er zone (y+ � 5� 30), and the
logarithmic region (y+ & 30), where the law of the wall applies,

u+ =
1
�

ln
�
y+

�
+ C: (2.26)
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In the simulations presented in this thesis, the near-wall treatment for the turbulent
viscosity � t is selected according to the geometry and the available near-wall mesh
resolution [22].

For some of the test cases, a low-Reynolds-number, wall-resolved treatment is adopted,
for which the imposed boundary condition at the solid wall is

� t = 0; (2.27)

i.e. the turbulent viscosity is set to zero at the wall. The resultingy+ values are then
computed and used as a criterion for assessing the adequacy of the near-wall discretization.

For other test cases, where the mesh is not su�ciently �ne to fully resolve the viscous
sublayer, the Spalding wall function is employed [23]. This wall law provides a single
relation valid across the full range ofy+ , including the bu�er zone:

y+ = u+ +
1
E

�
exp

�
�u +

�
� 1 � �u + �

1
2

�
�u +

� 2
�

1
6

�
�u +

� 3
�

: (2.28)

Here, � = 0:41 is the von Kármán constant andE = 9:53. The use of a wall function
is particularly appropriate when the �rst cell centre lies at relatively highery+ values
(indicatively y+ � 40� 100). In OpenFOAM, wall functions are applied by computing the
value or behaviour of� t in the near-wall cells so that the modelled near-wall shear remains
consistent with the selected wall law.

2.5 Detached Eddy Simulation (DES)

Detached Eddy Simulation (DES) is one of the most widely used hybrid approaches for
turbulence simulation in high Reynolds number applications with signi�cant �ow
separation. It was introduced in 1997 by Spalart and co-workers, with the aim of
bridging the gap between RANS and LES [24]. Unlike steady RANS computations, DES
is inherently time-dependent and, therefore, requires an unsteady integration (Unsteady
RANS), which constitutes a primary reason for its increased computational cost. The
central idea of DES is to use a single turbulence model that behaves as a RANS model
in near-wall regions and as an LES model in the outer �ow, depending on the local grid
resolution. This transition is not imposed through an explicit zonal treatment, instead,
it arises naturally from the model formulation and the mesh, leading to what is
commonly referred to as a gray zone between the two approaches. The criterion that
governs the transition between the RANS and LES regions is based on a modi�ed �lter
length scale. In the original formulation [24] , the model length scale is de�ned as:

~d = min ( dw ; CDES �) (2.29)

where dw is the (standard) distance to the nearest wall,� is a characteristic cell size,
and CDES is an empirical constant. In this way, when the grid near the wall is relatively
coarse, RANS is activated, whereas when the grid is su�ciently �ne, LES is activated.
This concept allows DES to employ �ne resolution only where necessary, signi�cantly
reducing the computational cost compared with full LES.
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To the improve accuracy further, variants of the original model have been developed,
such as Delayed Detached Eddy Simulation (DDES) [25], in which a shielding mechanism
(shielding function) is introduced to extend the RANS behavior near walls. The modi�ed
expression for the length scale becomes:

~d = dw � f d max (0; dw � CDES �) (2.30)

where f d is an empirical function that takes the value1 in LES regions and0 in RANS
regions. Even more recent versions, such as Improved DDES (IDDES) [26], incorporate
more complex terms to achieve a smoother and more controlled transition between RANS
and LES, particularly in boundary layers and regions with partial separation. Indicatively,
a more complex form used in the transition can be expressed as:

~d = f d (1 + f d;wall ) dw + (1 � f d) CDES � (2.31)

DES and its variants o�er a signi�cant advantage in applications where the �ow remains
mostly attached to surfaces, allowing RANS to dominate over much of the domain, while
LES provides the desired accuracy in separated regions. They are often a realistic choice
when improved accuracy is required compared with classical RANS, without incurring
the prohibitive computational cost of LES or DNS. Thus, for complex �ows, especially in
industrial applications, DES can deliver satisfactory result quality within more realistic
computational times.

2.6 OpenFOAM

The simulations presented in this thesis are carried out with OpenFOAM (Open Field
Operation and Manipulation) [27]. is a software package/toolbox that can be used to
solve di�erential equations. Its development began in the 1990s at Imperial College, and
since 2004 it has been distributed as open-source software. The source code is written
entirely in C++, giving the user the ability not only to modify existing solvers but also
to develop new ones from scratch, tailored to the needs of a speci�c application. A
characteristic example of this �exibility is the development of optimization tools,
speci�cally adjoint-based methods (e.g., shape optimization, topology optimization, and
related approaches), by the PCOpt Unit of the NTUA. Building on this existing
infrastructure and the available codes, the following chapters present the formulation
and implementation of the optimization problem considered in this work, with a focus
on the TMA (EVA).

Despite this wide range of applications, OpenFOAM is used primarily in Computational
Fluid Dynamics (CFD). Some of its main advantages include its parallelization
capabilities, as well as built-in mesh-generation tools such asblockMesh and
snappyHexMesh[28, 29]. The discretization of the governing equations is carried out
using the Finite Volume Method (FVM), where the quantities of interest are computed
at the cell centroids. Finally, OpenFOAM provides a large set of solvers for di�erent
�ow regimes and �uid properties, based on algorithms such as SIMPLE and PIMPLE,
among others [30, 31].
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Chapter 3

Comparison of RANS and DES Models

In this section, it is examined how the choice of turbulence model between RANS and DES
a�ects the results of a CFD analysis. The comparison aims, on the one hand, to highlight
the extent to which the modeling choice in�uences the accuracy of the predictions, both
in the �ow �elds and in the derived quantities, and, on the other hand, to demonstrate the
increased computational cost associated with the use of higher-�delity methods. Such a
trade-o� appears frequently both in simpler engineering problems and, more importantly,
in industrial applications, when the RANS approach does not perform adequately and a
more detailed description of the �ow is required.

Within this framework, the present work examines a set of representative test cases using
both RANS and DES, with the objective of identifying the regions and �ow regimes where
the RANS approach deviates from the higher-�delity solution. Speci�cally, the following
are analyzed: (Case A) a curved U-bend duct, (Case B) the NACA0012 airfoil, and (Case
C) the Toyota Aygo X vehicle, which is simulated in an experimental wind-tunnel setup.

Each CFD analysis requires the generation of the computational mesh. The density and
distribution of the nodes must achieve satisfactory accuracy in describing the physical
phenomena without excessive computational cost. In the following, the cases are
presented in detail, with an emphasis on mesh generation and the de�nition of the
corresponding boundary conditions, while subsequently the results of the simulations
performed in OpenFOAM are provided and analyzed.

3.1 Case A: U-Bend

3.1.1 Mesh Generation

Case A (U-bend), concerns �ow through a U-bend con�guration. This is a widely
encountered internal-�ow setup (e.g., in automotive ducting and related internal-�ow
systems). The experimental con�guration used as a reference in the present work is that
of Coletti et al. [32].

It consists of a 3D square-duct channel with hydraulic diameterDh = 0:075 m, including
an inlet straight section of length23:3Dh, a U-bend with outer radius1:26Dh, and an
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