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Intake distortion synthesis using steady-state CFD data to estimate dynamic dis-
tortion

SOFIA BJORS

Department of Mechanics and Maritime Sciences

Chalmers University of Technology

Abstract

A challenge when designing the engine air intake of an aircraft is the generation
of non-conformities in the flow. These are often a direct consequence of the design
of the intake but may also arise from other factors. The flow characteristics and
performance can be modeled by using complex and resource-heavy computational
fluid dynamic (CFD) modeling. However, in the early design stages, such simula-
tions are not suitable and simpler and less demanding ways to model distortion is
needed. In this thesis, five different methods are evaluated; the first method is con-
sidered a baseline, which uses only wind tunnel data to synthesize the distortion. It
uses normally distributed random numbers to create pressure fluctuations based on
measured turbulence. The second method replaces the measured turbulence from
the previous method with a calculated turbulence based on CFD data, which is
calculated using the means of least square error. For the third method, a machine
learning model was trained using CFD data as inputs and measured turbulence
from a wind tunnel as the output to calculate the dynamic distortion. The last two
methods are variations of the same machine learning model as the third method;
however, they use other inputs from the CFD simulation. The results show that all
five methods worked well, with the lowest accuracy of a method being 97.9% and
the highest being 98.83%. The methods are also compared by calculating three dis-
tortion indexes: CDI, RDI, and DC60. The results show that the radial distortion
(RDI) has the highest accuracy but that the synthesis tends to underpredict the
dynamic pressure and miss the maximum distortion. In conclusion, the best results
come from using machine learning, but due to a low amount of data, it is hard to
draw any definitive conclusions.

Keywords: Turbulence modeling, Intake distortion, Machine learning, Turbulent
Kinetic Energy, Distortion synthesis.
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Nomenclature

Below is the nomenclature of indices, parameters, and variables that have been used
throughout this thesis.

Indices

i,k

T

Parameters

Variables

=) Q
SERS

™M

= =T == O

Ring index for AIP
Index for tensor notation

Index for time step

Turbulent Viscosity Closure Coefficient
Heat Capacity Ratio for air
Acceleration of Gravity [m/s?]

Gas Constant for Air

Speed of Sound [m/s]

Correlation Coefficient

Kronecker delta

Turbulent Dissipation Rate [J/kg - s]

Error term

Turbulent kinetic Energy [J/kg]

Dynamic viscosity

Mean steady-state pressure for APD function

Turbulent kinematic Viscosity [m?/s]

X1



xii

Specific Dissipation Rate [1/s]

Linearly spaced pressure axis

Average Static Pressure Over Aerodynamic Interface Plane [Pa]
Dynamic Pressure in Ring i [Pa)

Dynamic Total Pressure [Pa]

Fluctuating Pressure [Pa]

Total Pressure [Pa]

Steady-State Pressure [Pa]

Synthesized pressure [Pa]

Average Total Pressure Over Aerodynamic Interface Plane [Pal
Average Total Pressure in Ring i [Pa]

Lowest Total Pressure in Ring i [Pa]

Maximum Average Pressure Over a 60° Sector of The Aerodynamic
Interface Plane [Pa]

Dissipation

Density [kg/m?]
Strain-rate tensor
RMS turbulence for APD function
Temperature [K]
Timestep

Timestep

RMS Turbulence
Axial velocity [m/s]
Velocity [m/s]
Velocity vector [m/s]
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1

Introduction

In the development of new fighter jets and all other aircraft, engine intakes play a
crucial role. They deliver the airflow required for both combustion and generating
thrust and thus determine how the engine performs. However, due to real-world op-
erating conditions, non-uniform flows are frequently introduced at the engine face,
known as intake distortion. The intake distortion results in spatial variations in total
pressure and temperature over the aerodynamic interface plane (AIP). Variations in
pressure alter the local blade loading and can cause regions of the compressor to op-
erate closer to stall than others. The resulting flow separation and instability reduce
compressor performance and stall margin, while increasing aerodynamic forcing on
the blades [1], [2]. Intake distortion is thus a critical factor in compressor stability
and can contribute to rotating stall, surge, vibration, and reduced engine reliability.
This could impair the safety of the engine and decrease the efficiency [3]. Studying
the intake distortion has thus increased in relevance as the development advances
and the designs of the aircraft become more complex. Challenging modern configu-
rations such as S-duct intakes, boundary layer ingesting (BLI) propulsion systems,
and closely integrated designs between the nacelle and fuselage are all examples
of this, and these all introduce distortion characteristics that challenge traditional
methods of designing the engine intakes [4], [5]. The increased demand for flight ma-
neuverability and extreme conditions also plays a role in the increased complexity of
the design process [6]. Furthermore, as new applications emerge, such as unmanned
aerial vehicles (UAVs), blended-wing-body aircraft, and sustainable aviation con-
cepts, a new demand has risen for a more robust understanding of how distortion is
generated and how it affects the performance of varying flight conditions [7].

Synthesizing intake distortion is not a simple task, and this is a key challenge in
distortion research. Doing the synthesization consistently in a controlled and re-
peatable manner is difficult and has always been an obstacle. However, with the
improvement of computational fluid dynamics (CFD) and the usage of secondary
flow generating devices (screens, wedges or flow actuators) in experimental wind
tunnel testing, it is becoming easier to simulate [5]. Each method has its advantages
and limitations when it comes to fidelity, cost, flexibility and relevance to actual
flight conditions. Understanding which method for synthesizing distortion is the
best to represent the distortion characteristics for an intake configuration is crucial
for doing accurate stability assessments for the engine and for developing a reliable
criteria for distortion tolerance [8], [9].

This report investigates five different methods for synthesizing distortion in the
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intake of a jet engine. It includes a comparative analysis of both experimental and
numerical approaches and evaluates them through three different distortion descrip-
tors which are commonly used to quantify the maximum distortion [10], [11]. An
assessment is also made on how each method of synthesization captures the cir-
cumferential and radial distortion. By examining and comparing the strengths and
weaknesses of each method, this thesis aims to provide insights into the best prac-
tices for distortion synthesis and to inform future studies in integration of engine
and intake.

1.1 State of the art

Multiple contributions have been made to this field over the years, with new ad-
vancements in technology leading to the development of new methods. The follow-
ing sections will show a timeline of how the methods for synthesizing distortion have
evolved.

1.1.1 Early experimental distortion studies

In as early as the 1960’s, engine researchers were starting to understand the impact
of intake distortion. Although not much research was being done into predicting
distortion, many studies were done which looked at the impact distortion had on
turbomachines [12], [13]. These studies highlighted the need for finding reliable
methods to predict the distortion in order to improve the performance of the engine.
This research continued into the 1970’s with researchers looking at ways to predict
the distortion and laying the ground-work necessary for continued development [14].
In 1976, a study was done by King, Schuerman and Muller [15] where a method
for synthesizing distortion was delivered. It worked by defining a reference sector
of 180° with the lowest steady-state total pressure and then intensified the pressure
contour by reducing the probe pressures inside that sector. In the 80’s a new method
was presented in a report by Motycka [16] and in a report by Sedlock [8]. It worked
by splitting the dynamic pressure into a steady-state and a fluctuating part, as:

PTDYN :PTSS +PTf (1'1)

Where it is assumed that the fluctuating, time-variant, component has a zero mean
and is normally distributed. By introducing a series of random numbers with the
same zero mean and normally distributed components, the time-fluctuating compo-
nent could be synthesized and thus a method for synthesizing intake distortion was
born [8]. The main issue with the methods from the 80’s were the complete reliance
on wind tunnel data. Researchers found a way to simulate turbulence in the wind
tunnels by adding, for example, wedges which obstructed the flow and created vor-
tices [17]. However, reproducing complex three-dimensional distortion from modern
intake geometries was a difficult task. The practices developed in this period of
time had shortcomings, but they built a foundation on which future research could
continue.
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1.1.2 CFD based distortion analysis

In the 90’s, the growing need for ways to predict distortion without expensive and
time-consuming wind tunnel testing together with the development of more accurate
turbulence modeling solvers in computational fluid dynamics enabled the develop-
ment of CFD based distortion prediction. The development of comprehensive and
accurate Reynolds-averaged Navier Stokes (RANS) based models, such as k — ¢ and
k — w, enabled modeling turbulence in increasingly complex geometries, such as
S-ducts [18]. Norby et. al. [9] built on top of the previously mentioned synthe-
sization method from 1989 and found a way to replace the wind tunnel with CFD
data through finding a correlation between the turbulent kinetic energy from CFD
and the RMS turbulence from the wind tunnel. This created a way to model the
turbulence using CFD data. The advancements in turbulence modeling using CFD
during this period reduced the reliance on expensive wind tunnel testing in early
design stages and enabled a faster development. It came with drawbacks however,
as RANS has a tendency to under-predict dynamic distortion [18].

1.1.3 Modern methods

The most notable contribution to turbulence modeling in modern times is the usage
of machine learning. In 2008, a study was released in which a back propagating
artificial neural network (BP ANN) was used to predict distortion by training the
network on data from CFD simulations and dynamic pressure from a wind tunnel
[19]. The study found that using machine learning algorithms on turbulence pre-
diction worked superiorly to the previously proposed methods. Other applications
of machine learning in turbulence models include using a machine learning model
as a way to improve RANS simulations. A study by Wang et. al. [20], improved
and republished by Wu et. al. [21], presented the use of a physics-informed ma-
chine learning (PIML) approach to learn the discrepancy of the functional form
of the Reynold stress discrepancy present in RANS simulations. In 2022, a study
by Liu et. al. [22] was presented in which machine learning was used as a tool
to improve the RANS two-equation turbulence models. It combines the machine
learning algorithm with the transport equations used in a conventional turbulence
model. Besides machine learning, development was carried out in the turbulence
modeling field as well, with the creation of the large eddy simulation (LES) and hy-
brid RANS-LES turbulence models for time-accurate distortion prediction. These
models are good at capturing the unsteady, large-scale turbulent structures which
are often missed in RANS. The downside with these models however is the increased
demand in computational resources [23].

1.2 Purpose

The purpose of the thesis is to compare different methods for predicting dynamic
distortion. These methods will be evaluated through a comparison of the output
synthesized pressure and the true pressure as well as three different distortion indices.
As a conclusion, these questions will be answered:
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o Which method is the best based on accuracy, time-consumption, and complex-
ity?
o Can steady-state CFD data be used to synthesize distortion?

1.3 Outline

This report first starts with the introduction, which outlines the importance and
purpose of the report as well as defines the research questions which will be answered.
In the next section, relevant theory will be presented. It will cover the governing
equations for fluids, turbulence modeling as well as explaining machine learning.
After theory, the methods can be found. In this chapter, five methods (three main
methods and two sub-methods) are described as well as the distortion indices. The
chapter starts with a description of the wind tunnel experiments and pre-processing
of the data. After this, the base method is described. This method will also be a
part of the next methods. The next method builds on the first method but uses
CFD data instead. The last main method and the two sub-methods also builds on
the first method but uses machine learning and CFD data. This chapter closes with
the distortion indices. After the method chapter comes the results, which show the
accuracy and distortion indices for each method. The results are also discussed and
the methods are compared. In the last chapter there is a conclusion.

1.4 Limitations

Data from wind tunnel experiments will be used. However, no experiments will be
performed as part of the thesis. Five main methods will be tested; other methods
for predicting distortion will not be covered. Only pressure distortion will be treated
and not other types of distortion as temperature or swirl. Similar to the wind tunnel
data, CFD data will be used but no CFD simulations will be performed as part of
this thesis.
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Theory

In this chapter, the relevant theory will be presented. This includes governing
equations of flow, turbulent flows and turbulence modeling, some statistics, machine
learning and distortion indices.

2.1 Governing equations

The three fundamental governing equations used to describe fluid dynamics are the
continuity, momentum and energy equations [24]. These are built from these three
laws of physics:

1. Conservation of mass

2. Newton’s second law

3. Conservation of energy
The subsequent equations are described and derived in the following sections.

2.1.1 Continuity equation

The continuity equation is built on the fundamental principle of conservation of
mass and can be written as [25]:

dp ov;

—0 (2.1)

2.1.2 Momentum equations

The momentum equations, or Navier-Stokes equations, is based on Newton’s second
law of motion, rewritten for fluids [26]. These equations can be seen as governing
the motion of fluids and are derived in all directions for three-dimensional flow. The
equations can be written as:

dv; oP 0 2 Ovy
= — — (2uS;; — Sp="Ls;; : 2.2

This equation is also called the transport equation for momentum [27].

2.1.3 Energy equation

This equation is based on the fundamental physical principle of energy conservation,
or the first law of thermodynamics. It is written as [26]:
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ou ov; 0 oT
Where the dissipation, ®, is written as:
1

2.2 Turbulent flow

Turbulence is present almost everywhere and although there is no definition of tur-
bulent flow, it can be characterized by a few features [27]:

o Irregularity: It may seem random, but it is not; it is irregular and chaotic, but
can be described by the Navier-Stokes equations

o Diffusivity: The diffusivity increases in turbulent flow, and the exchange of
momentum also increases.

o Three-dimensional: It is always three-dimensional, although if it is averaged
over time, it can be treated as two-dimensional instead.

o Dissipative: An important property of turbulence is dissipation, which in-
creases in turbulent flow. Dissipation is the process of kinetic energy trans-
forming into thermal energy.

o Large Reynolds number: Turbulent flow is characterized by a high Reynolds
number as it can only occur at high values.

o Continuum: Turbulent flow is treated as a continuum.

Turbulent flow is said to consist of a spectrum of scales, where a scale can also
be called an eddy, which have no definition. It is believed that the eddies exist
in a space for a period of time until they are destroyed, and that they have a
characteristic length and velocity [27]. The largest eddies are the size of the flow
geometry; boundary layer thickness or jet width for example. Their length scale
and velocity scale are denoted by ¢y and vy respectively. In something called an
energy cascade, the largest scales passes kinetic energy to the smaller scales, until it
reaches the smallest scales, called Kolmogorov scales, where that kinetic energy is
dissipated. Dissipation, as previously stated, is the process of turning kinetic energy

into thermal energy. The cascade process is visualized in the energy spectrum in
Fig. 2.1.
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Figure 2.1: Energy spectrum [27]. The figure shows three regions where the first
region, I, is where the eddies extract energy from the mean flow. The kinetic energy
is then moved through the cascade process into the smaller scales of the middle
layer, or the inertial sub-layer. In the third layer, the smallest scales exist where the
enrgy is dissipated into thermal energy.

The kinetic energy is extracted from the mean flow by the largest scales as they have
a time scale similar to that of the largest scales [27]. As can be seen, turbulent flow is
complex and difficult to understand but can be described by various parameters and
equations. The following sections will explain a few parameters, which are relevant
to this thesis, in more detail.

2.2.1 Turbulent kinetic energy

Turbulent kinetic energy, k, is a way to quantify the intensity of the turbulence in
a flow [28]. It can be written as the sum of the normal Reynolds stresses [27]:

1, 1
k== (u'2 + 02 + w'2> = —vv] (2.5)

/

2 2"

The turbulent kinetic energy is thus a way to measure the amount of turbulence

there is in the flow. If it is high, it is reasonable to expect a lot of turbulence and
the opposite if it is low [28].

2.2.2 Turbulent dissipation

Turbulent dissipation is the process of turbulent kinetic energy turning into thermal
energy and is a common occurrence in turbulent flow [27]. The transport equation
for the turbulent dissipation rate, €, is expressed as follows:

/ !/
ovl Ov;

E=Vv
6xj 85L‘j

(2.6)
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Where v is the eddy viscosity. From the turbulent dissipation rate, the specific
turbulent dissipation rate, w, can also be expressed as the quotient between the
dissipation and the turbulent kinetic energy as [27]:

W= (2.7)

2.2.3 Turbulent viscosity

The turbulent kinematic viscosity, 14, is a parameter which is used in turbulence
models to represent the momentum transfer which is enhanced by the turbulent
eddies. Instead of resolving every fluctuation, the turbulent viscosity treats tur-
bulence as an additional diffusive effect which increase the viscosity apparent in
the flow. This concept is fundamental in many Reynolds-averaged Navier-Stokes
(RANS) models where the turbulent viscosity is used as an extra equation to close
the governing equations and predict how turbulence influences the mean flow [27].
It can be computed in different ways depending on which turbulence model is used.

2.3 Reynolds-Averaged Navier-Stokes models (RANS)

Solving the Navier-Stokes equations for turbulent flow is so complex it is practically
impossible [29], however, there are ways to solve them by simplifying them. One
way to go about it is decomposing the instantaneous variables, such as velocity or
pressure, into two parts; a mean and a fluctuating, such as [27]:

The bar in the equation above denotes the mean, or time-averaged value which can

be defined as:
_ 1 /T dt 2.9)
- oT —TU ( .

After time averaging, eq. 2.8 becomes:

4

Ui =T+ U, = 0 =0; = B =0; + U] (2.10)

The equation above thus defines v/ = 0, meaning that the time-averaged fluctuations
are zero [27]. Applying this process and time-averaging the Navier-Stokes equations
gives the Reynolds-averaged Navier-Stokes (RANS) equations, which, together with
the continuity equation, are written as below for incompressible flow [27]:

ov;
Bz, 0 (2.11)
a’l}ﬂ)j - 8}5 8 81}7 —F
P 8[Ej N @l’z + 871‘] (Mal‘] pUin) (212>

Decomposing the variables and simplifying the equations in this way makes it pos-
sible to solve the equations for a turbulent flow. However, the equations above
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introduce a new term, W, known as the Reynolds stress tensor, which is symmet-
ric and depicts the correlations between the fluctuating velocities [27]. The RANS
equations thus describe equations which are open, and in order to solve them, new
equations are needed to model the new unknown terms. These new equations are
known as turbulence modeling [29]. Due to the number of unknowns, which are ten
(pressure, three velocity components and six Reynolds stresses), exceeding the num-
ber of equations, which are four (three Navier-Stokes equations and the continuity
equation), this system can’t be solved as is. A model for the stresses is needed in

order for the system to be closed [27].

There are multiple different ways to model the Reynold stresses, these are sorted
into zero-equation, one-equation, two-equation and Reynolds stress models (RSM)
[27]. In this thesis, only one-equation and two-equation turbulence models will be
discussed.

2.3.1 One equation turbulence model - Spalart-Allmaras

Spalart-Allmaras is a one-equation turbulence model based on the RANS equations,
which is designed to predict the turbulent viscosity, v;, with a relatively low compu-
tational cost. The model is widely used in aerodynamic applications as it is simple
to implement, robust and often performs well for attached boundary layers and ex-
ternal flows. Due to being less costly in both time and computational resources than
the other two-equation models, it is a popular choice. However, it is less accurate in
more complex and highly turbulent flows. The Spalart-Allmaras model is an eddy
viscosity model which contains a transport equation for the turbulent viscosity [30].

2.3.2 Two equation turbulence models

Two equation models are among the most commonly used turbulence models and
include the k£ —¢ and k—w models. These have become an industry standard and are
used for most types of problems, but they are still actively being researched and the
development of new and refined two-equation models is still ongoing. As the name
suggests, these equations model the turbulent properties by adding two extra trans-
port equations to the RANS equations. These extra equations enables the model
to account for different historical effects of turbulent energy, such as convection and
diffusion. Commonly, one of the new transported variables is the turbulent kinetic
energy, k, and the second depends on which model is used. For the two examples
cited above, the second variable is either the turbulent dissipation rate, €, or the
specific turbulence dissipation rate, w. The first variable, k, determines how much
energy there is in the turbulence while the second variable determines either the
length-scale or time-scale of the turbulence for € and w, respectively [31].

The following equation is the modeled equation for k [27].

ok Ok ov;  ov;\ 0v; v 90 ) n\ Ok
. v 08 (s )

9 5,08 R LA LA CRE
ot " on, Y \or, Ton,) 0z, "V5,0m,  ° T og, o axj] (2.13)
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The equation for ¢ is modeled as follows [27].

de 0 € ov;  0v;\ O v, 00 e 0 v\ Oe
ot T 0z N szth <8xj + 39@) Oz +CElgi09 ox; T k + 0z [(V * ) (%cj]

(2.14)
For w, it is modeled using eq. 2.7. Computing the turbulent viscosity in a two
equation model depends on which model is used:

O¢

k?2
k—e: Vy = Cﬂ? (215)
k
k—w:y=— (2.16)
w

Where C,=0.09 and is an experimentally defined constant.

2.4 Shear Stress Transport (SST)

The SST model, or Shear Stress Transport model, is an eddy-viscosity model and
is a combination of the previously mentioned k£ — w and k — ¢ models. Both models
have limitations in different flows and thus, by combining them, the result becomes
more accurate and can be used in a broader setting. The k — ¢ model tends to
over-predict shear stress in flows with adverse pressure gradients (APG), and also
requires near-wall modifications. Using a k& — w model in these regions is a better
choice as they predict APG flows better. However, these models are worse in the
free-stream as they are dependent on a free-stream value of w. This means that by
combining the two models, the resulting model works in both applications [27].

2.5 Large Eddy Simulations (LES)

Large Eddy Simulation (LES) is an approach in turbulence modeling which resolves
the large, energy-containing eddies and modeling only the smallest scales. This pro-
cess of capturing the dominant and unsteady flow structures allows LES to represent
turbulent physics more accurately than steady RANS methods, whihc is especially
important in flows with strong separation, unsteadiness and complex vortices. LES
is thus an approach that is highly attractive for detailed flow analysis, although
it requires more computational resources due to the demand for a finer mesh and
smaller time steps [27].

2.6 Statistics

Statistics is the study of data, meaning the collection, summarization and the usage
of samples to draw conclusions about a larger population. It aids in turning raw
measurements into useful information, making it important in many different fields
[32]. This thesis has used a few different statistical functions, which will now be
explained.
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An amplitude probability density (APD) function or probability density function
(PDF) for a continuous function is defined as the probability of a variate to have
the value x. The image below shows a plot of a PDF for a normal distribution [33].

Maormal PDF
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a2

Protab liity Dens ity

aa

Figure 2.2: Probability density function [33]

A cumulative distribution function (CDF) is defined as the probability of a variable
taking a value that is less than, or equal to x [33]. The function looks as follows for
a normal distribution.

Normal CDOF

0.75

a5 -

Probab ity

0.25 7

Figure 2.3: Cumulative distribution function [33]

The inverse of a CDF is called a percent point function (PPF), also known as the
inverse distribution function, meaning that for a distribution function, the proba-
bility of the variable being less than or equal to x is calculated for a given x. In
the case of the PPF, the probability is the starting point and then, for a cumulative
distribution, the corresponding x is calculated [33]. The plot for the PPF for a
normal distribution is shown below.
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Figure 2.4: Percent point function [33]

2.7 Machine learning

Machine learning and artificial intelligence (Al) are often terms which are used in-
terchangeably. This is not correct, instead machine learning is a subset of Al, such
that "All machine learning is Al but not all AI is machine learning" [34]. Machine
learning algorithms uses pattern recognition on training data to accurately predict
new data. It is based on mathematical logic and thus require numerical expressions
of the characteristics of the data points. These data points are often presented in
vector form where every element in a data point’s vector embedding has a corre-
sponding numerical value for a specific characteristic [34]. This means that for data
types which are inherently numerical, like financial data, it is a straight forward
process. But for data types that are not inherently numerical, like text or images
for example, it is not as simple. Choosing which aspects of data are to be used
in machine learning algorithms, is a process which is usually manual and is called
feature selection.

There are three main types of machine learning, which all methods can be cate-
gorized in:

1. Supervised learning

2. Unsupervised learning

3. Reinforcement learning (RL)
These different methods will now be explained.

1. Supervised learning

Supervised learning is an approach where a model is trained to predict an output
based on an input. By learning the relationship between the inputs and outputs,
the goal is for the model to make accurate predictions based on the learned patterns
[34]. These algorithms are suitable for tasks which require accuracy, like regression;
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predicting continuous values, or classification; predicting discrete values. In order
for the model’s output to be measured for accuracy, it is compared to a correct, or
ideal, output for any received input. In traditional supervised learning, this correct
output is supplied by labeled data. For example, training spam detection models
for emails require labeling emails with "spam" or "not spam', and training an image
segmentation model uses images where each pixel has been annotated by a category.
The goal with supervised learning is tuning the parameters until its predictions align
with the labeled targets.

In order to quantify the difference between the model’s output and the correct
output, a loss function is used. This is calculated over a batch of traning data
and the goal with the training is to minimize this loss. After the loss has been
calculated, different algorithms focused on optimization will work to identify the
parameter adjustments which need to be made in order to minimize the loss. The
name Supervised learning comes from the process needing a human to provide the
correct output using annotation, and therefore, the usage of labeled data is what
has defined supervised learning historically [34]. However, labeling data on large
datasets can quickly become expensive and time-consuming, so other methods like
self-supervised and semi-supervised learning have been created.

2. Unsupervised learning

Unsupervised learning is the opposite from supervised learning, as it doesn’t require
a known output. Instead, these types of algorithms notice complex patterns in data
which has not been labeled. This can include patterns like similarities, potential
groupings and correlations [34]. They are very useful in cases where the human eye
might not notice these patterns. Most unsupervised learning methods employ one
of the following functions:

o Clustering: These algorithms split unlabeled data into groups, or "clusters',
according to either proximity or some similarity to each other. They are
usually used for detecting fraud or market segmentation.

o Association: This type of algorithm can see correlations, such as between
an action and specific conditions. These are commonly used by e-commerce
companies to give recommendations based on what the customer has been
looking at.

o Dimensionality reduction: As the name suggests, these algorithms can reduce
the number of dimensions, or features, of a data point to reduce the com-
plexity, while still maintaining the important characteristics of the data. This
algorithm is very good when pre-processing data, as well as doing visualization
or compression on data.

Consistently, unsupervised learning can be seen as ’optimizing itself’ and the chal-
lenge becomes preprocesing data in an effective way and tuning hyperparameters
properly as these can influence the training but are not learnable [34].

13
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3. Reinforcement learning (RL)

Reinforcement learning (RL) works very differently from the two previous types, RL
trains models universally by using trial and error. This is useful in applications like
robotics and video games for example, where the possible approaches and solutions
are very broad, open-ended or difficult to define. An Al system is usually referred
to as an ’agent’ in RL literature. In comparison to supervised and unsupervised
learning, the goal with RL is not to minimize the error but instead to maximize the
reward. This is done through state-action-reward data tuples which are interdepen-
dent where the ’state space’ has all the information available which is relevant to any
decision made by the model. In the ’action space’ all decisions the model can make
in a specific moment are contained. After these, there is the reward signal, which
is the feedback the model receives after performing an action. The fourth compo-
nent is a policy which acts as the agents thought process, it drives the behaviour [34].

One way to do machine learning is by using artificial neural networks (ANN), these
are explained below. Machine learning and ANNs are thus not the same thing but
instead ANNs are a subset of machine learning [35].

2.7.1 Artificial Neural Network (ANN)

Artificial Neural Networks, or ANNs, use artificial neurons to mimic how the brain
processes information. It uses these neurons to do data analysis, learn patterns and
consequently predict new data. The networks solve problems through using multiple
layers of connected neurons that work together. There are three main components
in an ANN [36]:

o Input layer: This is where the data is fed into the network. The input layer
can consist of multiple different features.

o Hidden layer: In this layer, calculations are performed by every neuron on the
input data and the results are passed through to the next layer. There can be
multiple hidden layers with different amount of nodes, and the more hidden
layers a network has, the more complex patterns the network can process. In
each layer, the data is tranformed into increasingly abstrcat information [36].
The mathematical operations computed in these layers are called activation
functions [34].

o Qutput layer: This layer comes last and is the result of the data processing
done by the previous layers. The networks final prediction is presented here.

The image below shows the architecture of the ANN.
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Figure 2.5: Neural network architecture [36]

In the image above, the different layers can be seen. The layers consist of nodes
which, as previously discussed, perform different actions based on the layer. Be-
tween the nodes, there are connections that have weights. These weights control
how much each node influences another connected node[36].

The training process works as follows; ANNs learn patterns by using a set of data to
train, for example, teaching an ANN to recognize a dog is done through providing
the network with thousands of pictures of dogs. The network will then train itself on
these images and learn to recognize the features which define dogs. After training
the network, it is tested to see if it recognizes dogs from new images. The output
is compared to the label of the data and if the network is incorrect it adjusts the
weights through a process called back-propagation. The process then repeats until
the network accurately classifies the images [36].

In order to train a network, the set of data has to be divided into a training set,
validation set and test set. This is usually done as 70%, 15% and 15% respectively
[37].

2.7.1.1 Types of ANNs

There are different types of ANNs which behave in different ways and are used in
different applications. This thesis will only use a back propagating artificial neural

network (BP ANN).

2.7.1.1.1 Back Propagating Artificial Neural Network (BP ANN) A
term that has been mentioned multiple times in the section above is backpropa-
gation. This is a fundamental process in the training of neural networks and is
commonly used in the industry [38]. The process of propagating the error calcu-
lated from the output back into the network allowing it to adjust the parameters is
the foundation of training neural networks. The parameters are adjusted through
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calculating the gradients in respect to the loss function. This allows the optimizer to
minimize the errors in an iterative manner [39]. The image below shows the process
of back propagation in an artificial neural network.
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Figure 2.6: Illustration of the way back propagation works in a neural network
[38]

2.7.1.2 Activation functions

As mentioned earlier, the nodes in the hidden layer uses activation functions to
perform operations on the data [34]. These functions are important as they work to
introduce non-linearity and help the network learn from complex patterns. There
are different activation functions used in ANNs and these are a few of the common
ones:

e Sigmoid Function: Used in tasks where binary classification is needed as it
outputs values between 0 and 1. Binary classification tasks are tasks such as
deciding if an image is of a dog or not.

e ReLU (Rectified Linear Unit): This activation function returns the input if it
is positive and returns zero if it is negative. It is often used in hidden layers
where it can be used to solve the issue of gradients vanishing due to becoming
very small during back propagation.

o Tanh (Hyperbolic Tangent): Works similarly to the sigmoid function but in-
stead outputs values ranging from -1 to 1. It is useful in hidden layers where
a broader range is needed.

o Softmax: Used in multi-class classification tasks and converts the raw inputs
into probabilities that are used in the last layer of a network.

o Leaky ReLU: Variant of ReLU which allows small negative values to "leak"
through for inputs. This helps prevent so called "dead neurons" when training.

2.7.1.3 Optimization algorithms

Another property of ANNs are optimization algorithms [36]. These work during
training to adjust the weights in order to minimize the errors. There are four key

algorithms:
o Gradient Descent: This is the most basic algorithm for optimization. It calcu-
lates the gradient of the loss function and then updates the weights accordingly.
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o Adam (Adaptive Moment Estimation): More efficient version of the gradient
descent algorithm that uses deep learning to adapt the learning rate for each
weight.

o« RMSprop: Another variant of gradient descent that uses the average of recent
gradients to adjust the learning rate. This algorithm is useful when training
RNNs.

« Stochastic Gradient Descent (SGD): Is a fast but noisy optimization algo-
rithm that updates the weights by using one sample at a time.

2.7.1.4 Challenges

There are a few challenges that come with working with ANNs [36]. The first is
data dependency, which comes from the ANNs needing a lot of data that is very
high quality. Gathering this data and cleaning it can be very time-consuming and
expensive, which is impractical and not realizable in many industries. Another chal-
lenge is the heavy demand for computational resources which can also be expensive
and in some cases is not possible. The risk for overfitting the training data is also
a challenge. This happens when the model performs well on the training data but
worse on the new, unseen test data. Another issue is the interpretability, as machine
learning algorithms are often referred to as ’black boxes’ they are hard to under-
stand and it is not always clear how it came to a conclusion. This is an issue for
industries such as healthcare where transparency is important. The last challenge
is the training time, as complex ANNs with more layers often take a long time to
train which can hinder development and makes them not suitable for time-sensitive
applications [36].

2.8 Distortion Indices

A distortion index is a way to quantify the maximum distortion present at the
aerodynamic interface plane (AIP) [10]. They are usually configured in a way which
compares the maximum pressure loss to the average pressure over the AIP, although
this is done in very different ways. It is very common for companies as well as gov-
ernment research centers to create their own engine specific indices; sometimes a
new index is created for each new project. As a consequence, there are so many
indices that there is confusion when comparing between different engine configura-
tions. For this project, three distortion indices are used, DC60, CDI and RDI. These
indices calculate the distortion in different ways and will give a good idea of how
the synthesis performs.

2.8.1 DCe60

DC60 is an index developed by Rolls Royce and is widely used in the industry. It
quantifies the intake pressure distortion in an angular region, most often 60°, but
for a modern compressor, an angular area of 90° can be used. The use of 60° is what
gives DCG60 its name [40]. In this report, the original use of 60° is employed through
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the following equation.

Parp — P,
DC60 = — AP~ S0max (2.17)

AIP

Where Py;p is the average total pressure over the whole AIP and P, ,, is the
maximum average total pressure in an angular area of 60° of the AIP.

2.8.2 Circumferential distortion index (CDI)

The circumferential distortion index (CDI) is also known as inlet distortion circum-
ferential coefficient (IDC) and is one of the Society of Automotive Engineers (SAE)
standard indices [11]. It looks at the circumferential distortion over the AIP and is
calculated through first calculating the ratio of the lowest pressure regions in each
ring with the average pressure over the whole ring. This is shown in the equation
below where the index ¢ is the ring [41].

Poi — Poipow

0,

CDI; = (2.18)
In the equation above, py; is the mean total pressure of the ring and pg;,,,, is the
lowest total pressure region in the ring. After calculating CDI for each ring, the
value for CDI is calculated for the whole AIP through the following equation [41].

CDI = max (CDIi + CDIHI)

5 (2.19)

2.8.3 Radial distortion index (RDI)

Radial distortion index (RDI) is also one of the Society of Automotive Engineers
(SAE) standard indices, and is also known as inlet distortion radial coefficient (IDR)
[11], [40]. It measures the radial distortion and is defined as follows [41]:

max<P0,AIP - Po,z')

RDI = (2.20)

qAIp

Where 1507 Arp is the average total pressure over the AIP, ]50,1- is the average total
pressure in each ring, the index has the same function as for CDI, and lastly qa;p
is calculated using this formula [41]:

y—1

_ P gl
Parp <°’AIP> —1 (2.21)

qarp =
-1 Parp

In the equation above, v is the specific heat constant, which for air is 1.4 and Pap
is the average static pressure over the AIP [41].
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Methods

This chapter describes all five methods employed in this thesis to predict the dynamic
distortion.

3.1 Wind tunnel experiments

Wind tunnel data is used to validate the synthesized results, and it includes multiple
different configurations and flow conditions. The airflow into the engine is evaluated
by defining an aerodynamic interface plane (AIP), located in the duct just upstream
of the engine, which provides valuable insight into the inlet flow conditions. This
way of measuring is standard in intake wind tunnel experiments, and the pressure
data is collected from multiple sensors, both steady-state and dynamic. There are 40
steady-state sensors and 24 dynamic sensors which are organized in eight rakes and
five or three rings respectively, as can be seen in Fig. 3.1 below. The steady-state
and dynamic sensors are thus placed in different positions.

3.1.1 Pre-processing the wind tunnel data

An integral part in the following methods for synthesizing pressure is calculating the
total pressure, i.e. summing the steady-state and dynamic (fluctuating) pressures.
It was calculated by interpolating the steady-state pressure onto the dynamic pres-
sure. Due to there being 40 steady-state sensors and only 24 dynamic sensors, the
dynamic data needed to be interpolated into 'ghost points’ onto rings 2 and 4.

The ’ghost points’ were interpolated by taking the mean value of the neighbor-
ing dynamic probes in the other rings as shown in eq. 3.1 below where 7 is the ring
number.

P i1+ P i
Py = DY N, 1-2F DY N,i+1 (3.1)

The same process was then done to interpolate the steady-state pressure onto the
dynamic pressure of the same ring and these were then added together to create the
total pressure. Meaning that the final configuration of sensor placement looks as
follows in Fig. 3.1.
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Figure 3.1: Illustration of final sensor placement after processing data

The following image shows the same configuration but with the rakes and rings
named.
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Figure 3.2: Sensor placement showing numbers of rakes and rings.
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3.2 Method 1 - Predicting dynamic pressure from
RMS turbulence and a random number gen-
erator

The first method was devised by D. Motycka [16] and is based entirely on wind
tunnel data, as written in section 1.1 above. It requires two sets of data as inputs,
the steady-state pressure as well as the filtered RMS turbulence in the intake. It
also requires a list of random numbers that are used to synthesize the fluctuating
component. Figure 3.3 below shows the process.
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Figure 3.3: Original method by Motycka [§]

The random numbers are combined with the RMS turbulence values to create the
synthesized dynamic pressure. By adding this new pressure to the steady-state pres-
sure, the dynamic pressure can be calculated. After that, the maximum distortion
can be calculated using a distortion index [8].

Figure 3.3 shows the theoretical process of synthesizing, but in practice, the process
looks different. The image below shows the full process of the Motycka method [42].
The process works as follows; first, an amplitude probability density (APD) curve
gets created for every probe based on the RMS turbulence readings and steady-
state total pressure. By assuming normal distribution, the curve is generated and
can be seen in Fig. 3.5, where ¢ is the RMS turbulence. The APD function is then
integrated to create a cumulative probability function (3> APD) which can be seen in
Fig. 3.6. In the figure, it can be seen that the random numbers are scaled to a range
which spans from 0 to 1 on the y-axis. These random numbers get transformed into
pressure readings, and this process repeats for every probe.

The synthesization is done in Python, by initially defining 1 as the steady-state total
pressure and o as the RMS turbulence. The steady-state total pressure becomes
the center of the distribution. Due to the assumption of the APD being normally
distributed, it can be defined as:
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Figure 3.4: Statistical method by Motycka for synthesizing time-variant data from
distortion [42]
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Where £ is a linearly spaced pressure axis that ranges from y — 40 to u+ 40. This
range is based on standard normal distribution. In order to get the correct amount
of fluctuating pressures, the random values are created based on the frequency and
time of the dynamic readings from the wind tunnel data. This is done to make
comparison easier. The synthesization is then done through a percent point function,
which maps the random numbers to the APD. This process is repeated for every
probe in every measurement and a new file is created with the same number of rows
as the wind tunnel data.

3.3 Method 2 - Estimating RMS turbulence from
CFD data

Method two comes from NASA, devised by W.P. Norby, J.A. Ladd and A.J. Yuhas
in 1996 [9]. It builds on the first method of distortion synthesis using a random
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number and wind tunnel data, but due to the limitations of having to do wind
tunnel experiments, as well as the development of computational fluid dynamics
(CFD), this method was derived in the late 90’s. It replaces the RMS turbulence by
finding a correlation between it and the kinetic energy, k, from steady-state RANS
simulation. The correlation is derived as follows [9]. As seen before, the turbulent
kinetic energy, k, is defined according to eq. 2.5, which can be rewritten assuming
isotropic turbulence:

k= gu’Q (3.3)

Turbulence in the inlet of an aircraft can be defined as the root mean square of the
total pressure fluctuations at the 7th probe and then normalized using the average
steady-state total pressure over the plane.

1 |1 X
Turb = — P, —P..)? 3.4
ur BSS\J NZ( ti tss) ( )

i=1

As can be seen in eqs. 3.4 and 2.5 above, although both are defined by fluctuations,
velocity fluctuations define the turbulent kinetic energy while total pressure fluctua-
tions define the inlet turbulence. Although these are different, a fluctuation in total
pressure will result in a corresponding fluctuation in velocity. This relation is what
the correlation between the CFD data and the RMS turbulence will be built on.
The following equation, 3.5, is a model equation created as a starting point for the
correlation [9], derived by adding the contributions to the turbulence. The equation
contains four constants C;_4 that need to be determined.

Turb - P,

p
The first term on the right-hand side, C1k, describes the turbulence which results
from the energy that gets extracted from the mean flow by the large scales and
the interaction between the large and small scales. It represents contribution that
comes from non-linear turbulence models and is expected to be smaller than from
the other terms. The next two terms, Cy(u + a)v'k and Cs(u — a)v/'k, come from
the turbulence interacting acoustically. This interaction is at a frequency which is
relatively high in comparison to the engine response, the contribution is expected
to be insignificant thanks to the low pass filtering which is performed on the data
before calculating the RMS turbulence. The fourth term’s, Cyuv'k, contribution
comes from linear convected turbulence, i.e. turbulence from generators like sepa-
ration at the intake and vortice ingestion.

= Ok 4 Co(u+ a)Vk + Cs(u — a)VE + Couvk (3.5)

Based on numerical experiments done in the report by Norby et. al. [9], the
first three contributions can be neglected. This leads to the model equation for
turbulence being

C U\/Ep
7 : gC PtSS
Where C is the correlation coefficient, v is the heat capacity for air, g. is the accel-
eration of gravity, u is the axial velocity in x direction, k is the turbulent kinetic

Turb = (3.6)
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energy, p is the density and P, . is the steady-state total pressure. This equation
can thus be used to calculate the predicted turbulence based on CFD values. The
correlation coefficient is however unknown, meaning that it needs to be determined
in order to calculate the turbulence. This is done through the least square method
by first defining an error function, ¢;, based on the model equation as

£ = ¢ kel Turb; - g,
Y Ye Pi

In the above equation, the Turb; component is the RMS measured turbulence from

the wind tunnel in the ith probe. The equation contains values v = 1.4 and g. =

9.81m/s* which are the heat capacity and gravitational acceleration respectively.

The goal of the least square method is to determine a value of C that finds the

lowest sum of squares of the error terms, as can be seen below.

(3.7)

0 (Zz’]\il 512)
oC B
By substituting eq. 3.7 into eq. 3.8, the following equation for C can be derived.

(3.8)

N wik)*Turb; P,
AR T oL
C =yge— o (3.9)
DAL
After calculating the correlation coefficient, C, it can be used in eq. 3.5 and be used
instead of the RMS turbulence in the synthesization described in section 3.2.

The CFD simulation is performed with an SST turbulence model, from which the
turbulent kinetic energy is gathered. The inputs; u, k, p and P, are all taken
from the CFD data while the RMS turbulence, T'urb, is taken from the wind tunnel
data. C is calculated for every probe from the CFD data and a cumulative value
for C is determined. This value is used to calculate the RMS turbulence and the
synthesization method from the baseline synthesizes the fluctuating pressure. The
data size for this method consisted of 9 points.

3.4 Method 3 - Using machine learning and CFD
data to estimate RMS turbulence

The third method uses the same non-linear correlation found by the previous method,
but instead of using the least square method, it uses machine learning [19]. Due
to the non-linearity of the correlation between the measured RMS turbulence and
turbulent kinetic energy from CFD a machine learning algorithm is chosen to find
it.
The inputs to the neural network are:

o u: Axial velocity in each probe

e a: Sonic speed

e k: Turbulent kinetic energy

e p: Density
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e P, ,: Steady-state total pressure

These parameters all contribute to the turbulent fluctuations such that Turb =
f(u,a,k,p, Pyg,). Parameters; u, k, p and P, come from the CFD simulation, and
a is calculated using the following formula:

a=/vyRT (3.10)

Where the heat capacity for air, v = 1.4, the gas constant for air, R = 287 J/kg-K
and the temperature is taken from the CFD solution. All inputs are taken individ-
ually from every probe.

The machine learning model chosen is a back-propagating artificial neural network
as this is a common algorithm used widely in the industry. It has 5 parameter inputs
with 40 values in each, one for every probe on the AIP, meaning that there are 200
inputs to the network. The output has one parameter, RMS turbulence, and this
value is desired in every probe leading to 40 output values. The full dataset consists
of 9 data points which come from the CFD solution, and these were solved with an
SST turbulence model. The 9 points were split into training, validation, and testing
datasets of 5, 2, and 2, respectively, with 40 values for each variable in each data
point.

Due to the inherent non-linearity of the correlation which is modeled, three hid-
den layers with 256, 128 and 128 neurons respectively was chosen through testing
and evaluation. It uses a rectified linear unit (ReLLU) as activation function and an
adaptive moment estimation optimizing algorithm.

3.5 Method 4 - Testing the machine learning ap-
proach on a one-equation turbulence model

When using a one-equation turbulence model as Spalart-Allmaras [30], the turbulent
kinetic energy, k, and dissipation rate, w, are not modeled. Instead, as mentioned
above, the turbulent viscosity, 14, is modeled and can be used as a parameter. Due
to the increased simplicity between SST model and Spalart-Allmaras, it is highly
beneficial to find a way to do the synthesisation by using 1, instead of k. As can
be seen in equation 2.15, in section 2.3.2, there is a correlation between turbulent
kinetic energy, k, and turbulent viscosity, v;, as it scales with % The non-linear
correlation between them is the basis behind this method. This method is expressed
Turb = f(u,a,v, p, Piyy) and as can be seen, there are the same amount of inputs
as the previous section. The sonic speed, a, is also calculated in the same way
as previously defined. This dataset consisted of 1187 points which were split into
training, validation and testing as 829, 179, 179. This is still a small dataset and
the same machine learning model from the third method with the same settings was
used for these as well.
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3.6 Method 5 - Machine learning using only steady-
state pressure

Similarly to the previous section, this is a sub-method based on the machine-learning
algorithm from method 3, but instead of using the 5 parameters as inputs, only one,
steady-state pressure, P, ., was used. This was done as a test to see if it was possible
to model the turbulence using only steady-state pressure, this would remove the
need for any turbulence model in the CFD simulations and is thus something that
was worth investigating. The expression for this method becomes Turb = f(P4,)-
Similarly to the two previous sections, the machine learning model stayed the same
and the data size for this was 1187, with the division into training, validation and
testing as 829, 179, 179. This is the same set of data as was used for the previous
method.

3.7 Validation of results

In order to compare the accuracy of the methods, the difference between the true
pressure and predicted pressure is calculated. This is done in all probes for every
time step as well as for the total method using the following formula:

diff =1 — ( (3.11)
Where the total pressure, Piotq;, comes from the correct wind tunnel data and Py,
is the synthesized pressure. This was calculated for each probe in every time-step
of the time-accurate data and then the mean value was taken of every case and file
for each method to get a subsequent mean accuracy for every method.
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Results

In this section, the results for each method will be presented and discussed, this
includes the pressure differences and accuracy for two different cases, as well as the
distortion indices. The cases have different flow properties and were simply chosen
due to being the only cases left after splitting the data points for the third method.
The methods will also be compared and evaluated on three criteria. Possible sources
of error and future work is also discussed.

4.1 Method 1 - Predicting dynamic pressure from
RMS turbulence and a random number gen-
erator

The first method performed well and achieved an accuracy of 98.83%, indicating that

the synthesized dynamic pressure closely matches the measured data, this suggests

that using this method produces reliable results. The accuracy was the highest

achieved by any method in the thesis and will be used as a baseline to compare the
other results.

4.1.1 Case one

The following plots show the total pressure from the wind tunnel data and the
synthesized pressure for the first case using method one.
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AlP Total Pressure Map AIP Synthesized Pressure Map

Figure 4.1: Comparison between wind tunnel data and synthesized data for case
one using the first method.

The next figure shows the accuracy of the synthesized pressure using method one in
relation to the total pressure from the wind tunnel for the first case.
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Figure 4.2: Plot of accuracy for method one case one
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It can be seen that it generally works well but generalizes the high-pressure zone
into a half circle and misses the low-pressure zone at rake seven. The synthesization
fails to catch the small variations in pressure and appears to 'smooth over’ some
fluctuations. The accuracy map, Fig. 4.2, tells the same story as the pressure map,
where the worst accuracy appears on the left-hand side, replacing the strong gradient
with an area of relatively high pressure. The low-pressure zone looks similar to the
wind tunnel data, but the high-pressure area in the top left corner gets increased in
size by the synthesization to encompass all three rakes in that location.
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4.1.2 Case two

The following plots show the total pressure from the wind tunnel data and the
synthesized pressure for the second case using method one.

AlP Total Pressure Map AIP Synthesized Pressure Map

Figure 4.3: Comparison between wind tunnel data and synthesized data for case
two using the first method.

This figure shows the accuracy of the synthesized pressure using method one in
relation to the total pressure from the wind tunnel for the second case.
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Figure 4.4: Plot of accuracy for method one case two
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The second case, Fig. 4.3, shows a visible error in pressure synthesization but at
rakes six and seven. In this case, however, the pressure is not generalized over a
larger area, and the pressure contours don’t look as smooth. The synthesization
assumes a higher pressure closer to the boundary and misses the region of lower
pressure just under rake six. The small, high-pressure area at rake six, probe four,
is also erased in the synthesization. This is most likely due to the synthesization
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generalizing these areas, as has been seen and discussed previously. In the map of
accuracy, Fig. 4.4, this inaccuracy can be seen where the worst accuracy occurs
in the lower left corner. The accuracy in this region reaches around 95%, which is
almost the same as case one and indicates that the overall synthesization can still
be considered accurate. The highest accuracy region reaches almost 100%, which,
due to this method being based on the RMS turbulence, could indicate that the
pressure remains fairly constant during the whole sample. Just inside the high
accuracy zone, there is a small zone of lower accuracy; this is also a consequence
of the synthesization not picking up the small variations in pressure. By looking
at the synthesized pressure AIP map, the general impression of this method of
synthesization is that it generalizes and misses the small fluctuations in pressure. It
has the same general areas but looks smoother, and the transitions between pressure
areas are more linear.

4.1.3 Distortion indices

The following plots were created based on the distortion index equations in chapter
2. The plots all show the difference between the synthesized data from method one
and true data from the wind tunnel. The blue line shows where the synthesized and
actual data are equal.

DC60 comparison

DC60 synthesised
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DC60 wind tunnel

Figure 4.5: Comparison between wind tunnel data and synthesization for distortion
index DC60 for the first method.
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CDI comparison

CDI synthesised

CDI wind tunnel

Figure 4.6: Comparison between wind tunnel data and synthesization for distortion
index CDI for the first method.
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Figure 4.7: Comparison between wind tunnel data and synthesization for distortion
index RDI for the first method.

Looking at the plot for DC60 for this method, Fig. 4.5, the data points are positioned
slightly under the line of symmetry. Although a few points are above, most of the
points are located underneath, indicating that the synthesization has a tendency
to under-predict the maximum distortion. DCG60, as previously mentioned, is an
index that looks at the maximum distortion in a 60° sector. The distortion over
the whole AIP is thus generalized, and the results show that the synthesized data
is slightly lower than the measured data. This indicates that the method performs
well overall but fails to capture the extreme values, which is consistent with the
calculated accuracy. The tendency to under-predict is also seen in the CDI plot,
Fig. 4.6, where the data points are all located underneath the symmetry line. It
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appears to follow a linear curve with a lower inclination than it should. This is
in stark contrast with the plot for RDI, Fig. 4.7, where a majority of the data
points are on, or just below, the symmetry line. The synthesization is thus better
at predicting radial than circumferential distortion.

4.1.4 Conclusion

This method is, as previously mentioned, the baseline for comparison with the other
methods in this thesis. As these results are based on the wind tunnel values, they
can be seen as the correct solution, and the rest of the methods should be as close
to this as possible. The choice of using this as a baseline and building upon this
using CFD data was made in the beginning of the thesis, and not trying other
methods for the synthesization procedure was a decided delimitation. The results
were generally good, with a high accuracy in pressure and good correspondence in
radial distortion, but had obvious shortcomings in circumferential distortion and
general (DC60) distortion. Another issue with this method is the complete reliance
on wind tunnel data. This is a large disadvantage since doing wind tunnel tests for
every new aircraft or intake design is costly and time-consuming.

4.2 Method 2 - Estimating RMS turbulence from
CFD data

The second method achieved a similar overall accuracy to the first, at 98.82%, and
is therefore also a good method for synthesizing distortion. The close agreement
with the baseline indicates that both methods produce comparable results.

4.2.1 Case one

The following plots show the total pressure from the wind tunnel data and the
synthesized pressure for the first case using method two.
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AlP Total Pressure Map AIP Synthesized Pressure Map

Figure 4.8: Comparison between wind tunnel data and synthesized data for case
one using the second method.

This figure shows the accuracy of the synthesized pressure using method two in
relation to the total pressure from the wind tunnel for the first case.
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Figure 4.9: Plot of accuracy for method two case one
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The pressure plots over the AIP for the first case look very similar to the baseline,
which makes sense with the similar accuracy. Since the synthesization process is the
same between this method and the previous, it still generalizes the high-pressure
zone and misses the lower-pressure zone at the seventh rake. The accuracy, Fig.
4.9, looks very similar to method one, and it has a similar low accuracy zones on
the left-hand side and a zone of lower accuracy in the top left corner. This suggests
that this method of using CFD data is very accurate as a substitute for the RMS
turbulence from the wind tunnel.
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4.2.2 Case two

The following plots show the total pressure from the wind tunnel data and the
synthesized pressure for the second case using method two.

AlP Total Pressure Map AIP Synthesized Pressure Map

Figure 4.10: Comparison between wind tunnel data and synthesized data for case
two using the second method.

This figure shows the accuracy of the synthesized pressure using method two in
relation to the total pressure from the wind tunnel for the second case.
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Figure 4.11: Plot of accuracy for method two case two
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The second case is also very similar to the corresponding case of the baseline. Based
on the pressure plot in Fig. 4.10, the synthesization wrongly predicts a higher
pressure on the left-hand side and also erases the small zone of high pressure in the
top left corner. This shows a good agreement between the baseline and method two,
meaning that this method is a good way to predict turbulence. The accuracy plot,
Fig. 4.11, also looks the same as the one for the baseline with the same scale and
similar areas of similar magnitude.
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4.2.3 Distortion indices

The following plots were created based on the distortion index equations in chapter
2. The plots all show the difference between the synthesized data from method two
and true data from the wind tunnel. The blue line shows where the synthesized and

actual data are equal.

DC60 comparison

DC60 synthesised

DC60 wind tunnel

Figure 4.12: Comparison between wind tunnel data and synthesization for distor-
tion index DC60 for the second method.

CDI synthesised

CDI comparison

CDI wind tunnel

Figure 4.13: Comparison between wind tunnel data and synthesization for distor-
tion index CDI for the second method.

The small amount of data for this batch can be seen in the comparative plot between
the synthesized DC60 and true DC60 in Fig. 4.12. The cases were all fairly similar in
maximum distortion, and they correspond adequately to the symmetry line. There
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RDI comparison

RDI synthesised

RDI wind tunnel

Figure 4.14: Comparison between wind tunnel data and synthesization for distor-
tion index RDI for the second method.

are some points that are very low, and although a few points are above the line, the
majority are below, which, similarly to the baseline, indicates that the synthesization
under-predicts the distortion. The circumferential distortion follows the same trend,
as seen in Fig. 4.13, where the points are close together. The flow cases are thus
similar in maximum distortion but are far below the symmetry line, meaning they
are under-predicted. This similarity continues for the radial distortion, Fig. 4.14,
where the points are just below the symmetry line and also close together.

4.2.4 Conclusion

The similarities between this method’s results and the baseline are many, and it
appears as if this method is great at predicting turbulence and should be the best
option. However, it might be the low amount of data that created a false image of
how well it performs. This method is reliant on CFD data to calculate the value of
the correlation coefficient, C, as in eq. 3.9 in section 3.3 above, in order to substitute
the RMS turbulence. This means that for a varied dataset, this constant becomes a
generalized value, which should correspond to every case, introducing other issues.
One value cannot be expected to create a perfect correspondence to a set of many
flow cases, and by doing that, one can get a sufficiently good result, but it shouldn’t
be as good as what these results suggest. For the small dataset used, the value of
the constant becomes tuned for these specific and similar cases. This is the reason
for the good performance of this method and could vary drastically in a larger, more
varied dataset. If a more accurate result is desired for a large and varied dataset,
it might be beneficial to divide the data into batches that are similar and calculate
the correlation coefficient for each batch.

The method’s process was very simple and straightforward, as there were only two
equations to calculate. The initial equation for calculating the coefficient as a sum
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of every case was a bit complicated to set up. The second equation for calculating
the RMS turbulence was simpler after getting the value for the coefficient. In con-
clusion, this method provided a high accuracy and was relatively simple but might
have issues when using a large and varied dataset.

4.3 Method 3 - Using machine learning and CFD
data to estimate RMS turbulence

The third method had the lowest overall accuracy of 97.88%; however, it is not a
low value and shows that the method works decently in comparison to the other
methods.

4.3.1 Case one

The following plots show the total pressure from the wind tunnel data and the
synthesized pressure for the first case using method three.

AIP Total Pressure Map AIP Synthesized Pressure Map

Figure 4.15: Comparison between wind tunnel data and synthesized data for case
one using the third method.

The following figure shows the accuracy of the synthesized pressure using method
three in relation to the total pressure from the wind tunnel for the first case.
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AIP Accuracy Map
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Figure 4.16: Plot of accuracy for method three case one

The pressure plots for the first case using this method are very similar to the baseline.
They show the same generalized high-pressure area in the top of the AIP where the
highest pressure has been extrapolated into the other nodes, as well as missing the
low-pressure area on the left. The pressure map looks like the baseline and is thus an
accurate way to predict the dynamic pressure for use in the synthesization procedure.
The accuracy map also looks very similar, indicating a good correspondence between
the baseline and the third method.

4.3.2 Case two

The following plots show the total pressure from the wind tunnel data and the
synthesized pressure for the second case using method three.

AIP Total Pressure Map AIP Synthesized Pressure Map

Figure 4.17: Comparison between wind tunnel data and synthesized data for case
two using the third method.
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This figure shows the accuracy of the synthesized pressure using method three in
relation to the total pressure from the wind tunnel for the second case.
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Figure 4.18: Plot of accuracy for method three case two

For the second case, the pressure maps look similar to the baseline. The differences
can be seen more clearly in the map of accuracy, Fig. 4.18. It still has a lower
accuracy zone on the left, where the model ’guesses’ a higher value than the wind
tunnel data shows and is in line with the baseline results. The difference lies in
the rest of the AIP, where the highest accuracy is much lower, and instead of the
average accuracy over the AIP being 99%, it varies a lot. There is a zone of higher
accuracy in the top right corner and a zone of lower accuracy in the lower right
corner, matching the baseline map in Fig. 4.3. They differ in the middle, where
the baseline has a higher accuracy and the third method has a lower accuracy than
the rest of the AIP. The accuracy map shows that this method doesn’t work very
well compared to the baseline, even though it looks accurate in the pressure map.
However, the 'bad performance’ in accuracy of this method is still only almost 1%,
which is not a large difference.

4.3.3 Distortion indices

The following plots were created based on the distortion index equations in chapter
2. The plots all show the difference between the synthesized data from method three
and true data from the wind tunnel. The blue line shows where the synthesized and
actual data are equal.
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DC60 comparison
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DC60 wind tunnel

Figure 4.19: Comparison between wind tunnel data and synthesization for distor-
tion index DC60 for the third method.

CDI comparison
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Figure 4.20: Comparison between wind tunnel data and synthesization for distor-
tion index CDI for the third method.
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RDI comparison

RDI synthesised

RDI wind tunnel

Figure 4.21: Comparison between wind tunnel data and synthesization for distor-
tion index RDI for the third method.

As for method two, the dataset consisted of 9 points, and as written previously, the
split into training, validation, and testing was 5, 2, and 2. Therefore, the plot of
DC60, Fig. 4.19, only has two points in it, making it hard to draw conclusions. The
two points available are located above the symmetry line, meaning that the model
in this case overestimated the maximum distortion, contrary to the baseline. The
CDI plot, Fig. 4.20, is also hard to draw conclusions from, but these points follow
the trend of the baseline more closely, with both points being under the symmetry
line. It is thus more accurate with the circumferential distortion than it is with
the overall distortion based on the baseline case. The radial distortion has the same
issue as DC60; in Fig. 4.21, the points that are below the line in the baseline method
are now above, but still relatively close to the line, as is desired.

4.3.4 Conclusion

The results from this method do not conform to the baseline case. There are large
discrepancies between the two methods, which point to this method not being a
good choice. However, based on the literature study, this method should work
better than the previous one. The issue here comes from the small dataset, where
machine learning often requires a large amount of data to be accurately trained. As
that was not available, the machine learning model never had the opportunity to
be trained properly, and thus the results were not good. By using more data, the
model could become more accurate in its predictions and would be a more beneficial
tool for estimating dynamic distortion. As for the process, this method was more
complex than the previous, and it required more time and computational power. It
was also difficult to tweak the model parameters for optimization, and thus it might
not perform well due to that either. Based on the literature study, this method has
a lot of benefits and could work very well if used properly, but for this thesis, it
performed the worst and was too time-consuming to be used in the industry.
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4.4 Method 4 - Testing the machine learning ap-
proach on a one-equation turbulence model

This method had an accuracy of 98.79%, which is not far from the baseline, but not
the best out of the methods tested.

4.4.1 Case one

The following plots show the total pressure from the wind tunnel data and the
synthesized pressure for the first case using method four.

AIP Total Pressure Map AIP Synthesized Pressure Map

Figure 4.22: Comparison between wind tunnel data and synthesized data for case
one using the fourth method.

This figure shows the accuracy of the synthesized pressure using method four in
relation to the total pressure from the wind tunnel for the first case.
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AIP Accuracy Map
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Figure 4.23: Plot of accuracy for method four case one
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Due to how close the overall accuracy is, it can be assumed that the results from
this method will be very close to the baseline. This can be seen in the pressure map,
Fig. 4.22, for case one of this method, as it looks very similar to the baseline with
the same inaccuracies as previously discussed on the left-hand side. The same can
be seen in the accuracy map, where the large areas of lower accuracy on the left
side, both at rings two and four, are similar to the baseline. The scale shows that
this method has a lower maximum value of the accuracy, which is in line with the
overall accuracy being lower.

4.4.2 Case two

The following plots show the total pressure from the wind tunnel data and the
synthesized pressure for the second case using method four.

AlP Total Pressure Map AIP Synthesized Pressure Map

Figure 4.24: Comparison between wind tunnel data and synthesized data for case
two using the fourth method.
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This figure shows the accuracy of the synthesized pressure using method four in
relation to the total pressure from the wind tunnel for the second case.
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Figure 4.25: Plot of accuracy for method four case two

The plots for the second case also look very similar to the baseline, at least on the
pressure side. In Fig. 4.24, the pressure comparison can be seen; it shows the same
inaccuracies on the left-hand side as in the baseline. The small high-pressure area
is also erased in the same way as discussed in the previous methods. Similarly to
the previous methods, the accuracy map looks slightly different from the baseline
case, Fig. 4.4, with the scale having a lower maximum value, meaning that this
method is slightly less accurate for this case. Although there is a large zone of low
accuracy on the left-hand side, which is the same in both plots, there is a 'wall’ of
high accuracy just inside it in the baseline, which is missing in this method. The low
accuracy region in the lower right corner in Fig. 4.4 is lower for the fourth method
in comparison. Fig. 4.25 also shows the same trend in the middle of the plot as the
previous methods, where it has a lower accuracy than the surroundings. Generally,
this accuracy map shows fewer regions of high accuracy and more regions of low
accuracy than the baseline.

4.4.3 Distortion indices

The following plots were created based on the distortion index equations in chapter
2. The plots all show the difference between the synthesized data from method four
and true data from the wind tunnel. The blue line shows where the synthesized and
actual data are equal.
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DC60 comparison
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Figure 4.26: Comparison between wind tunnel data and synthesization for distor-
tion index DCG60 for the fourth method.
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Figure 4.27: Comparison between wind tunnel data and synthesization for distor-

tion index CDI for the fourth method.
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RDI comparison
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Figure 4.28: Comparison between wind tunnel data and synthesization for distor-
tion index RDI for the fourth method.

The DC60 plot for this method, Fig. 4.26, looks very different from the baseline. A
majority of the data points are in the area underneath the symmetry line, similar
to the baseline, but there are a lot of points above it as well. They are not as
condensed as for the baseline case either, looking less concentrated in one area and
instead encompassing a much larger area. This is in line with the accuracy plots
from earlier, as the low accuracy is visible in the DC60 plot as well. The same can
be seen in Fig. 4.27, which shows the circumferential distortion for this method.
This index follows the baseline trend but looks less condensed. Looking at the radial
distortion in Fig. 4.28, the points follow a similar pattern as for the baseline but
are not as condensed. This is the general impression of these plots compared to the
baseline plots: the points follow a similar pattern but are less accurate and more
sparse.

4.4.4 Conclusion

An issue that has been frequently mentioned above is the inaccuracy compared to the
baseline. This is most likely due to the low amount of data used to train the model.
Compared to the previous method, this one uses a larger dataset, but in machine
learning terms it is still small. The dataset was large enough to get results that
were decent, with an accuracy of 98.79%, but with more data, this accuracy could
be improved significantly. This is unfortunately the issue with machine learning
approaches: they work great for non-linear correlations but need a large amount of
data, which is not always available. The model used, as mentioned in section 3.5, is
the same as for method three without tweaking the parameters, which worked for
this method as well. If more data is available, then optimizing the method for each
method is something that needs to be done. For the process, creating the model
and optimizing it makes this method complex and time-consuming.
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4.5 Method 5 - Machine learning using only steady-
state pressure

The last method had a lower accuracy than the baseline at 98.70%.

4.5.1 Case one

The following plots show the total pressure from the wind tunnel data and the
synthesized pressure for the first case using method five.

AlP Total Pressure Map AIP Synthesized Pressure Map

Figure 4.29: Comparison between wind tunnel data and synthesized data for case
one using the fifth method.

This figure shows the accuracy of the synthesized pressure using method five in
relation to the total pressure from the wind tunnel for the first case.
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AIP Accuracy Map
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Figure 4.30: Plot of accuracy for method five case one
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Result-wise, the first case of this method looks very similar to the corresponding
case of the previous method. It has the same similarities and differences compared
to the baseline and works decently well based on the pressure map, Fig. 4.29, and
accuracy map, Fig. 4.30. Although the results are slightly lower in overall accuracy,
this first case performed similarly to the previous method.

4.5.2 Case two

The following plots show the total pressure from the wind tunnel data and the
synthesized pressure for the second case using method five.

AIP Total Pressure Map AIP Synthesized Pressure Map

Figure 4.31: Comparison between wind tunnel data and synthesized data for case
two using the fifth method.

This figure shows the accuracy of the synthesized pressure using method five in
relation to the total pressure from the wind tunnel for the second case.
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AIP Accuracy Map
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Figure 4.32: Plot of accuracy for method five case two

For the second case, the pressure map also looks very similar to the baseline. The
accuracy map differs from the baseline, however, and looks more similar to the
fourth method. Figure 4.32 shows a less homogeneous map than the baseline, with
larger inaccuracies and more variation. The region with very low accuracy on the
left is still there, but a new low-accuracy area is also introduced in the bottom right
corner, the same as for the fourth method. At the boundary, specifically on the
top and bottom, the accuracy is also lower, which is a difference compared to the
baseline.

4.5.3 Distortion indices

The following plots were created based on the distortion index equations in chapter
2. The plots all show the difference between the synthesized data from method five
and true data from the wind tunnel. The blue line shows where the synthesized and
actual data are equal.
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DC60 comparison
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Figure 4.33: Comparison between wind tunnel data and synthesization for distor-
tion index DCG60 for the fifth method.
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Figure 4.34: Comparison between wind tunnel data and synthesization for distor-
tion index CDI for the fifth method.
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RDI comparison
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Figure 4.35: Comparison between wind tunnel data and synthesization for distor-
tion index RDI for the fifth method.

Moving to the distortion indices, the DC60 plot, Fig. 4.33, looks vaguely similar
to the fourth method but more spread out. There are remnants of the trend that
can be seen in the baseline, but it looks like the model had difficulties calculating
an accurate maximum distortion. The vague resemblance, however, indicates that
the model still works, although not well. The circumferential and radial distortion,
Fig. 4.34 and Fig. 4.35, respectively, have the same issue. The points are placed in
similar areas to the baseline but are slightly less accurate and condensed.

4.5.4 Conclusion

This method was very similar to the fourth method, using the same model and
dataset, but changed the amount of inputs. This resulted in a lower accuracy and
indicates that using only the steady-state pressure requires a larger dataset to get a
good model. It worked decently well, with the accuracy being close to the baseline
and the pressure maps looking largely the same. But, in comparison with the other
methods, it performed at a lower level and is thus not a great method for this appli-
cation. However, the idea of using only steady-state CFD pressure data to estimate
dynamic distortion is a major advantage, and although the method did not per-
form particularly well in these experiments, it remains a promising approach. The
relation between the steady-state pressure and dynamic pressure is unfortunately
highly non-linear, and the same steady-state pressure could result in slightly differ-
ent dynamic pressures. So even though the model gets a large dataset, there is a
possibility that it will never be 100% accurate. The process of making the machine
learning model was complex and time-consuming, as for the previous two methods.
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4.6 Method comparison

In this section, the methods will be compared based on three criteria; accuracy, time
and complexity. The best method will be chosen based on these criteria.

4.6.1 Accuracy

All methods worked very well, with the accuracies being over 97%. Therefore, it
is reasonable to state that any method could be used to do the synthesization and
get a reliable result. The best method was the baseline at 98.83%, but due to the
usage of only wind tunnel data in this method, it is not optimal to use it in the
early design stages. The very purpose of this thesis is using steady-state CFD data
to estimate the dynamic distortion, and thus the first method is unsuitable. The
second-best method accuracy-wise is the second method in the thesis, with an accu-
racy of 98.82%. This is almost as good as the best accuracy and should point to the
fact that this method works great for predicting distortion. But as was discussed
above, the amount of data was homogeneous and small, leading to the value of the
correlation coefficient C becoming tuned for the cases tested. This is not inherently
bad, but for a larger and more varied dataset, the value of C could instead become
too general to the point of being bad for almost every case, which is important to
remember. The method with the third-best accuracy was method 4, at 98.79%,
which is not far behind the previous two. This method worked well but fell victim
to the low amount of data used to train the model, which is a reoccurring argument
in this thesis. With a larger amount of data, this method could only work better,
and the model could be optimized. The second-to-worst method in terms of accu-
racy was the fifth method, at 98.70% overall accuracy. This method had the same
issues as the fourth method, and even though it used the same dataset, it performed
worse. This indicates that using only the steady-state pressure requires more data
for training. The worst method was the third, with an accuracy of 97.88%, where
conclusions are very hard to draw due to the low amount of data.

It is hard to decide the ’best’ method out of the five mentioned above due to the
differences in size of data, but from a pure accuracy standpoint, the second method
is the best. However, due to the arguments discussed above, it might not be the
best in a real-world scenario where there are thousands of data points. Instead,
it can be argued that a machine learning method works best in the real world as
it is better at adapting to different conditions and learning non-linear correlations
instead of generalizing them with a correlation coefficient. Thus, from the accuracy
perspective, based on how much data is available, a machine learning approach is
probably the most accurate.

4.6.2 Time

In terms of time, the first method was the quickest, with only having to do the
synthesization based on data received from the wind tunnel. But as discussed pre-
viously, this method is not suitable due to using only wind tunnel data. Thus,
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disregarding the synthesization process in the next methods as it is the same for
every one, the next fastest method is the second method. It was the fastest in re-
searching and setting up the script as well as running the calculations, as it was only
math. However, data collection took some time for this, as it required at least a two-
equation turbulence model in the CFD simulations to obtain the turbulent kinetic
energy. The third least time-consuming method was the fifth, followed closely by
the fourth. These methods both needed a machine learning model, which took some
time to set up as well as research beforehand. The data collection also required a
one-equation turbulence model, which is easier than the two-equation but still takes
some time. The difference between them comes from the fifth method only using
one input, whereas the fourth uses five, and thus they are ranked in that order.
In last place comes the third method; as it is a combination of machine learning
and a two-equation turbulence model, this method requires the most time both for
research and for collecting data and running the calculations.

Based on the arguments above, the quickest method was the second. It had the
most straightforward process based on simple principles, which don’t require a lot
of time to understand. The process of calculating the dynamic distortion also went
fast and required no resource-heavy computational simulations. The issue with this
method was the usage of a two-equation turbulence model. Deriving a new model
equation for the turbulence and correlation coefficient based on the turbulent vis-
cosity could be highly beneficial for a quick process in the future.

4.6.3 Complexity

The last criteria evaluated is complexity, where the easiest, least complex method,
once again is the first but it is disqualified for the same reasons. As time consump-
tion and complexity goes hand in hand, the method ranking for this criteria looks
the same as for time above. The easiest method is the second and the jump to the
next three is quite large as the complexity increases drastically for a machine learn-
ing approach. Once again, the usage of a two-equation turbulence model increases
the complexity as well compared to using a one-equation.

Choosing the easiest method is as simple as for the least time consuming one. The
large increase in complexity with the machine learning model makes the second
method stand out as the least complex.

4.6.4 Conclusion

By looking at which method was the best purely based on the previously mentioned
criteria, the second method stands out as it was the best on two out of three criteria.
Thus, if the purpose of predicting the distortion is fast and easy but not necessarily
the most accurate results, then this method is preferable. However, as previously
discussed, for a varied dataset, it can become less accurate. For a small or homoge-
neous set of data, this method works the best for the studied methods. There is also
the added difficulty of having to use a two-equation turbulence model in the CFD
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simulations. If accuracy is the goal with the distortion synthesis, then a method
using machine learning is the best. There is also more variation in the application,
as it can learn from a data set with largely varied data without sacrificing accuracy.
The advantage of using only steady-state pressure from the CFD solution also makes
it highly preferable. Spending some time setting up a model that can then be used
on just the steady-state pressure from different configurations without running a
complex turbulence model can save more time than is required to set up and tune
the machine learning model.

4.7 Sources of error

A potential source of error in all methods (except the first one) is the usage of RANS
simulations for the CFD data. The figures below show how much three different
simulation models differ in results for the same flow field. Figure 4.36 shows the
resolved AIP using a time-accurate hybrid RANS-LES CFD simulation. The figure
next to it, Fig. 4.37, shows the same solution but averaged over time. The third
image, Fig. 4.38, shows the same solution but using a RANS model to solve it.

Figure 4.36: Time-accurate hybrid  Figure 4.37: Average of time-accurate
RANS-LES CFD simulation simulation
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Figure 4.38: Plot of RANS simulation

As can be seen in the images, the solutions look similar, but there are huge differ-
ences. The time-accurate solution, Fig. 4.36, is not symmetrical. The turbulent
eddies, or vortices, can be seen clearly, as well as the large variations in pressure.
A large part of this resolution is lost in the time-averaged simulation, and the tur-
bulence looks more symmetric than in the hybrid solution. Even more resolution
is lost in the RANS solution, where everything becomes more exaggerated and the
different zones become larger and more average.

As discussed previously in chapter 2, RANS simulations are used widely in the
industry due to them being computationally efficient. However, as they average the
unsteady turbulence and use a closure model to replace the Reynolds stresses, they
introduce model-form error [27]. This means that the predicted turbulence field isn’t
a direct or accurate measurement of the turbulence. It is instead a reconstruction
dependent on a model that can deviate substantially from how the flow actually
behaves. This is especially true when the flow deviates from the conditions used to
calibrate the model.

4.8 Future work

This thesis focused on the same baseline method of synthesization and then varied
which inputs were put in the synthesization to test the possibility of using steady-
state CFD to estimate dynamic distortion. No other methods for synthesization
were tested, which presented a limitation to the accuracy of the results. This was
an active choice made in the beginning of the thesis to limit the scope, but in future
work, experimenting with the synthesization method and finding the best way to
do it would be interesting. It can be seen that a consequent issue with all methods
is predicting circumferential and overall distortion. Especially circumferential dis-
tortion is always very low and follows a linear curve; however, not the one where
the indices are equal between the synthesized and true data. This error comes from
the synthesization being bad at predicting the maximum pressure distortion and the
statistical method being conservative by nature, as the normal distribution favors
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values close to the mean.

Another way to go about future work is working more with the machine learn-
ing model, as discussed earlier. Due to the low amount of data, the work in this
thesis should be considered as a pre-study rather than a complete assessment of
using machine learning with turbulence modeling. The results show promise, but
no absolute conclusions can be drawn other than that it could work. Thus, spending
time getting more data and optimizing the model is a good choice for future work.

4.9 Societal and ethical aspects

A significant ethical aspect of the development of aircraft engines is the emissions
generated from flying these aircraft. During 2019, airplanes represented 2.5% of
global CO emissions and is said to increase with each year [43]. However, this data
is for subsonic commercial airplanes, not military or other types of aircraft. Military
aircraft, as well as other applications, are major contributors to global greenhouse
gas emissions every year, but because reporting the amount of emissions is optional
in many states, it is difficult to know exactly how large the contribution is [44].
Moving towards more sustainable solutions in the future is something that needs to
be done to try and mitigate the damage done to the environment.
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Conclusion

In this thesis, five different methods were investigated and compared that synthesize
the dynamic distortion in an engine intake. The evaluation of these methods was
done in respect to their ability to replicate experimental data from a wind tunnel.
Their performance for the distortion indices DC60, CDI, and RDI, and the practical
usefulness of the processes through time-consumption and complexity were also ex-
plored. Overall, all methods produced reasonably good results, with all accuracies
above 97%, showing that dynamic distortion can be estimated with high accuracy
using the proposed method.

The first method, referenced as the baseline, relied entirely on wind-tunnel data and
resulted in the highest accuracy. This method served as a useful reference for the
remaining four methods; however, it is not a suitable method for early design stages
due to the dependence on experimental data, which are costly and time-consuming
to obtain. The second method replaced the wind-tunnel RMS turbulence with a
value estimated from CFD simulations. It achieved a nearly identical accuracy and
showed a similar behavior to the baseline. This makes it a promising alternative,
especially since it replaces the need for wind tunnel experiments with CFD simula-
tions, even though a two-equation turbulence model is needed. The machine learning
methods had the greatest potential for future development. And although the best
result using machine learning did not outperform the baseline, it demonstrated that
data from CFD simulations can be used to train models capable of estimating the
dynamic distortion with a high accuracy. Concurrently, the small amount of data
available for training made it difficult to draw definitive conclusions, and the perfor-
mance of the model was constrained by the limited dataset. Using a larger and more
varied dataset, the performance of these methods could be improved significantly.

A general trend noticed across the results in the thesis is the accuracy of the radial
distortion in comparison to the circumferential distortion. The maximum distortion
had a tendency of being underpredicted. This trend indicates that the methods
of synthesis are better at reproducing the overall flow pattern than the maximum
distortion. Another parameter that may have contributed to the uncertainty of the
methods is the choice of turbulence model in the CFD simulation. As RANS-based
turbulence models have a predisposition for smoothing out unsteady flow structures,
important distortion features may therefore be missed.

In conclusion, the study shows that CFD data from the steady-state RANS simula-
tions can be used to estimate dynamic distortion, which supports the main purpose
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of the thesis. Comparing the methods investigated, the approach using machine
learning has the best overall potential. Simpler mathematical method also per-
formed well and may be more practical in situations where the data is limited.
Future work should focus on optimizing the machine learning model using more
data as well as testing additional synthesis approaches to improve the prediction of
circumferential and maximum distortion.
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