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Abstract

This thesis focuses on improving the analysis of aeroacoustic imaging methods using automated data
processing and machine learning. Imaging methods result in beamforming maps that are challenging
to explore manually since they comprise complex, high-dimensional data, including spatial coordin-
ates, frequency, and ow properties. The manual, iterative analysis is time-consuming, biased, and
typically based on 2D beamforming maps that only insu ciently capture the complex source distri-
bution of airframe sources. Further, acoustic array imaging methods often assume monopole sources
and, thus, su er from mismatches between model assumptions and actual sources.

This thesis addresses these issues by proposing novel broadband beamforming methods based on the
observation that most airframe noise sources are spatially compact and parameters such as their loc-
ation do not change over frequency. A broadband approach improves the ratio of known to unknowns
in the mathematical formulation of the problem, which allows for the inclusion of advanced model
assumptions, such as dipoles and distributed sources. The resulting novel methods are broadband
Global Optimization, a gridless covariance matrix tting method, Broadband-CLEAN-SC, an adapt-
ation of CLEAN based on Source Coherence (CLEAN-SC), and gridless beamforming using arti cial
neuronal networks with a permutation invariant loss. All proposed methods share that a beamforming
solution is obtained for multiple frequencies simultaneously. The broadband approach improves the
resolution at low frequencies. It suppresses side- and grating lobes (aliasing), improves the identi ca-
tion and spectra extraction from the results, and outperforms the corresponding small-band methods.

This thesis proposes two clustering methods that identify sources in the high-dimensional beam-
forming maps and extract their spectra to post-process the industrial gold standard conventional
beamforming and CLEAN-SC methods. The proposed Source Identi cation based on Spatial Nor-
mal Distribution (SIND) method is a clustering algorithm similar to a Gaussian Mixture Model. It is
tailored to the source identi cation problem, with spatial discretization, a large number of estimated
sources, and statistical noise as its main challenges. To determine the number of clusters, SIND
does not rely on a priori hyper-parameters but determines the unknown number of sources iteratively
from the spatial distribution of the data. The proposed Source Identi cation based on Hierarchical
Clustering (SIHC) method clusters the data directly in space and frequency using the established
Hierarchical Density-Based Spatial Clustering of Applications with Noise (HDBSCAN) algorithm.
The introduced automatic source identi cation capabilities allow the precise source identi cation
and spectra extraction of 3D beamforming maps with no added e ort, compared to the standard
manual process, typically based on planar 2D beamforming maps with insu cient spatial resolution.

This thesis provides an overview and insight into the aeroacoustic theory and introduces numerical
features that explicitly formulate physical properties, enabling the deduction of aeroacoustic source
mechanisms. The proposed formulas are robust towards noisy and degenerate spectra typically result-
ing from deconvolution methods such as CLEAN-SC. They are independent of the measured object,
the amount of measured Mach numbers, and the Mach numbers themselves. Thus, they o er a com-
parability of the properties across di erent measurements, which was previously impossible. Sources
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can be visualized utilizing their high-dimensional feature space through dimensional-reduction meth-
ods and e ectively clustered with HDBSCAN, o ering a manual classi cation and interpretation
guideline. This process facilitates the creation of an Expert Decision Support System (EDSS). The
clusters proposed by the EDSS strongly correlate with the manually determined categories so that the
expert can interpret them. Clustering results from industrial wind tunnel experiments on a Dornier
728 and Airbus 320 models are presented. The clustering accuracy, determined from a confusion
matrix and a manual selection of its correct entries,7i&04 % for the Dornier 728 andb1:52 % for

the Airbus 320 experiment.

The thesis presents a detailed aeroacoustic analysis and manual classi cation of all occurring airframe
sources. Novel aeroacoustic observations are described, such as that the ap side edge and strake
are composed of two sources each with di erent mechanisms and that many sources depend on the
Mach number weaker than the one of a true Strouhal number. Also, some sources, such as the strake
and cavity noise, show a Mach number dependency, even at a constant Reynolds number, while most
sources are self-similar within a large Reynolds number range.

In summary, this thesis presents an improved work ow for beamforming, post-processing, interpret-
ation, and knowledge generation from aeroacoustic experiments. The proposed EDSS enables a
complete aeroacoustic analysis of wind tunnel experiments, o ering detailed insights into the nature
of the sources. Further, the EDSS has proven its capabilities to be employed in situ to detect and
X spurious noise sources during experiments, o ering new perspectives and a practical tool for
researchers and practitioners in the eld.



1 Introduction

Severe acoustic emissions and their associated health issues have been a persistent challenge since
the beginning of industrialization. In 2011, the WHO estimated up to 1.6 million disability-adjusted

life years in the EU alone due to environmental noise pollution, with tra ¢ noise being the main
burden [42] due to sleep disturbance-induced cardiovascular disease [100]. Consequently, social and
governmental pressure is increasing to reduce sound emission levels. Although advancements in new
technologies, such as the electri cation of the transportation sector, hold promise for reducing tra c
noise pollution, other scenarios, such as landing aircraft, continue to be dominated by aeroacoustic
noise sources. These sources become even more signi cant once the currently dominating propulsion
noise is reduced.

The assessment of aeroacoustic noise often relies on wind tunnel facilities, where microphone ar-
ray technology, particularly beamforming, has proven to be a reliable method [87]. Beamforming,
a correlation-based imaging technique, estimates the spatial sound power distribution by steering
microphone cross-powers to di erent locations based on speci ¢ source assumptions, like a spatially
compact, incoherent monopole. This assumption implies that the sound radiation originates from a
point-like source and radiates its energy uniformly in all directions into the observed far- eld. How-
ever, this established approach faces several challenges.

The main challenges are that the assumptions of beamforming often do not align with the actual
nature of aeroacoustic noise, which typically involves dipole and quadrupole sources [40] that are
not spatially compact and incoherent. Additionally, the resolution of beamforming depends on the
wavelength. It deteriorates at low and high frequencies due to the Rayleigh limit and sensor spa-
cing, resulting in aliasing and noisy beamforming maps. This poses challenges in manually identifying
sources in the noisy maps. The beamforming maps are integrated within spatial regions into spectra
to reduce visual complexity so that the estimated sound power depends solely on the frequency. How-
ever, the manual and biased process of de ning integration regions for analysis can hinder the accurate
deduction of properties of individual sources within these regions. Furthermore, the labor-intensive
and expert-dependent analysis of integration areas and the resulting spectra leads to potential errors
and biases in interpreting aeroacoustic properties and source mechanisms.

In detail, an expert has performed the time-consuming process of de ning integration regions manu-
ally for decades and depends on implicit knowledge, experience, intuition, and the model geometry.
It requires several iterations since one has to analyze the resulting spectra to determine if the integ-
ration regions are well chosen. This makes the process biased towards the expert's expectations and
prone to errors, which contradicts the fundamental idea of beamforming to measure the spatial
sound distribution without assuming it a priori. Due to the precision limitation of this manual de n-
ition and the subsequent time-consuming analysis, large integration regions are often de ned for 2D
beamforming maps, encompassing regions like the whole slat, ap, and nacelle, without obtaining
and analyzing spectra for all individual sources [4, 7]. This approach proves insu cient as such large
regions usually contain multiple sources with di erent mechanisms, like the ap side edge, composed
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of two di erent source mechanisms, making the deduction of their individual properties di cult.

The aeroacoustic analysis based on spectra has been performed manually and is susceptible to the
same bias as the integration region de nition. The noisy spectra and the limited range of measured
Mach numbers strongly in uence important scaling variables such as the source's power scaling or the
determination of self-similarity over the Strouhal and Helmholtz number. Furthermore, the analysis
relies on the expert's aeroacoustic background, experience, and knowledge of historical measure-
ments. Often, properties are only implicitly assessed, such as tonal components, due to the lack of
rigorous mathematical de nitions. Consequently, comparing results obtained by di erent scientists
becomes di cult. The manual spectra analysis process typically involves identifying the exact source
location within the integration region when detecting interesting or atypical behavior in a spectrum,
determining its nature, and connecting it to a geometric property (e.g., a slat track or a cavity). The
source type and mechanism are then deduced based on manual spectrum analysis, attributing inter-
esting observations to the identi ed source location. This knowledge generation process is extremely
time-consuming, scaling linearly with the number of analyzed measurements and integration regions.

This thesis introduces novel methods to improve the analysis of beamforming results in aeroacoustic
wind tunnel testing. It addresses the challenges above by introducing beamforming methods and
automising the post-processing, thereby enhancing knowledge generation. In detail, the thesis in-
troduces the gridless broadband Global Optimization method, which, in contrast to the established
covariance tting method Global Optimization , improves reliability and resolution by obtaining a
solution for all frequencies simultaneously and not sequentially. The thesis introduces B-CLEAN-SC,
an improved broadband adaptation of the CLEAN-SC algorithm, which outperforms CLEAN-SC in
resolution and noise. Additionally, beamforming methods are advanced using supervised machine
learning, where an Arti cial Neuronal Network (ANN) is trained with synthetic data. This problem is
similar to inverse beamforming, as the ANN learns the inverse of the acoustic propagation operator
to predict the source distribution. This approach is an ill-posed problem for grid-based methods, thus
a permutation invariant loss function for a gridless ANN architecture is proposed.

This thesis proposes using two unsupervised learning methods to automatically extract individual
sources from sound maps without a priori knowledge. Sources appear normally distributed in sparse
beamforming maps, enabling identi cation by clustering. The thesis introduces the meta-clustering
method Source Identi cation based on spatial Normal Distribution (SIND), speci cally designed

for deconvolved beamforming maps and iteratively ts normal distributions to a histogram of the
spatial data distribution. Alternatively, the established algorithm Hierarchical Density-Based Spatial
Clustering of Applications with Noise can cluster the source maps so that the resulting clusters are
good approximations of sources.

Further, this thesis introduces the explicit and machine-readable formulation of several acoustic prop-
erties via feature engineering, visualization of aeroacoustic properties via dimensionality reduction,
and clustering source types based on their aeroacoustic properties, forming an Expert Decision Sup-
port System. This system allows for a detailed and automated evaluation of aeroacoustic testing
campaigns within minutes, reducing high-dimensional data to low-dimensional metadata that can
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be compared to previous experiments by both the aeroacoustic expert and the machine. This thesis
presents results from previously presented experiments, which have never been fully analyzed in full
scope due to the aforementioned time consumption.

In the future, this enables researchers to improve, compare, and track the acoustic performance of
their designs in the transport sector.

1.1 Research hypothesis

This thesis examines how machine learning techniques can be employed in aeroacoustic wind tunnel
testing to nd, identify, and analyze aeroacoustic source types and their physical properties. The
main challenges are that data is often con dential, no ground truth exists, and many physical sound
generation mechanisms are still up for debate. Also, the results must be usable in a scienti ¢ environ-
ment and, thus, cannot be black-box results. The hypothesis is that machine learning methods can
estimate the existence and type of aeroacoustic sources based on mathematically modeled data. Fur-
ther, source types are assumed to be uniquely distinguishable based on their aeroacoustic properties.
Thus, the hypothesis is that physically driven feature engineering allows the clustering of acoustic
source types and enables a physical interpretation and knowledge generation through average cluster
features. These help experts identify, classify, and quantify interesting sources and their properties.

1.2 Outline

The thesis is structured as follows. Chapter 2 presents the aeroacoustic theory and machine learning
foundations on which the proposed methods are based. Chapter 3 presents wind tunnel experiments
used to develop and test the methods. Chapter 4 presents established beamforming techniques and
introduces new beamforming methods. Chapter 5 presents the de nition of spatial integration re-
gions, called Regions Of Interest, and discusses how acoustic spectra are obtained from beamforming
maps. Chapter 6 presents aeroacoustic properties and corresponding machine-readable features used
to cluster the identi ed acoustic sources. Chapter 7 presents the discussion of the presented results,
and Chapter 8 presents a summary of the main ndings.

1.3 Impact

This thesis is based on the original research in chronological order:
" A. Goudarzi, C. Spehr, S. Herbold. Expert Decision Support System for Aeroacoustic Classi-
cation from Deconvolved Beamforming Maps. AIAA Aviation, 2020 [46],

A. Goudarzi, C. Spehr, S. Herbold. Automatic source localization and spectra generation from
deconvolved beamforming maps. Journal of the aeroacoustic Society of America, 2021 [47],
featured in the Council of European Aerospace Societies Aeroacoustics Specialists Committee's

(CEAS) 2020/21 aeroacoustic highlights report [94],

~
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A. Goudarzi, C. Spehr, S. Herbold. Expert Decision Support System for aeroacoustic source
type identi cation using clustering. Journal of the aeroacoustic Society of America, 2022 [48],
featured in the CEAS 2022 aeroacoustic highlights report [110],

A. Goudarzi. Frequency domain beamforming using neuronal networks. Berlin Beamforming
Conference, 2022 [51],

T. Ahlefeldt, D. Ernst, A. Goudarzi, H. G. Raumer, C. Spehr. Aeroacoustic testing on a full
aircraft model at high Reynolds numbers in the European Transonic Windtunnel. Journal of
Sound and Vibration, 2023 [8],

A. Goudarzi. Global, and Local Optimization Beamforming for Acoustic Broadband Sources ,
ArXiv preprint, 2023 [53],

" A. Goudarzi. B-CLEAN-SC: CLEAN-SC for broadband sources. JASA Express Letters, 2023 [52].

1.4 Acknowledgments

First and foremost, | would like to express my deepest appreciation to Dr. Carsten Spehr, my su-
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| deeply appreciate the excellent support and mentoring provided by Prof. Dr. Ste en Herbold in
data science and unsupervised machine learning-related topics. Ste en's guidance and expertise sig-
ni cantly contributed to the development and application of advanced techniques in clustering and
source detection.

I would also like to express my gratitude to Prof. Dr. Alexander Ecker for his support in supervised
learning machine learning. Alexander's contributions and insights in this area were instrumental in
re ning the machine learning beamforming methodologies developed in this thesis.

| am deeply indebted to Dr. Daniel Ernst for his insightful discussions on steering vectors and his
invaluable mathematical assistance throughout this research. Daniel's guidance greatly contributed
to the accuracy of the thesis.

A special word of appreciation is due to Dr. Hans-Georg Raumer for his remarkable mathematical
expertise. Hans-Georg's invaluable support signi cantly enhanced the quality and rigor of the math-
ematical work.

| sincerely thank Dr. Thomas Ahlefeldt for generously sharing his extensive knowledge of aeroacous-
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of well-documented, state-of-the-art datasets was immensely valuable and greatly facilitated the re-
search.
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implementing features in the SAGAS beamforming software and parts of my machine learning code.

| want to thank all the anonymous reviewers who helped improve the published research. They helped
with detailed comments and suggestions to improve the clarity and quality of the publications.

Last, | want to express my deepest appreciation and heartfelt acknowledgment to my wife Ann-
Kathrin Goudarzi for her immeasurable contributions throughout the completion of this thesis. My
wife's love and unwavering support were the pillars upon which this thesis was built. Without her,
this journey would have been impossible.

I am truly thankful to all these individuals for their unconditional support, expertise, and collaboration.
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2 Theory

This chapter presents the theory necessary to follow the concepts and methods introduced in this
thesis. Section 2.1 presents aeroacoustic theory, Section 2.2 presents a brief overview of supervised
learning, and Section 2.3 provides an overview of di erent clustering methods. Beamforming will be
discussed in detail in the following Chapter 4.

Variables will be denoted in itali¢v), vectors in bold(v), matrices in capitalized bold letteréVv ).
Due to the computational orientation of this thesis, italic indices and Einstein summation notation is
used to indicate the dimensionality of the variables. Thus,ladimensional vectorv will be denoted

i = — : (2.0.2)

and the corresponding standard deviatiofn(v;) with

S

i

i(vi)= =1 (M hViii)z:

(2.0.2)

The imaginary unit is displayed with j.

2.1 Aeroacoustics

This section is base on original work [8, 46, 47, 48, 50, 51, 53] and presents the in aeroacoustics.
This section provides an overview about aeroacoustics, sound generation mechanisms, and source
modeling in the frequency domain. An overview of how to generate compact and distributed sources,
and monopole and dipole sources is provided. The existendé gburces, located at the position

2.1.1 Sound generation mechanisms

This subsection is based on the lectures of Delfs [30] and will outline the theory necessary to under-
stand the various mechanisms that drive aeroacoustic sound generation, such as the wave equation
and acoustic analogies. In acoustics, the presguie the main variable of interest, which consists of

a uctuating part in a medium with an ambient pressum. In this thesis,p describes the uctuating

part of the complex pressure in the frequency domain. The propagation of a disturbance with the
speeda in a medium is described by the wave equationwhere is the d'Alembert operator in
Minkowski space and= r 2 is the Laplacian and the is the Nabla operator

1@

= ot (2.1.1)
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The inhomogeneous pressure wave equation is
p= Q (2.1.2)
with the arbitrary source tern®Q, which yields the Helmholtz equation in the frequency domain
k’p  p= Q; (2.1.3)

where thek is the wavenumbek = 2 f=a , f is the frequency. The corresponding convective
Helmholtz equation for a uniform medium at ow is

(k Mr)*»p p= Q; (2.1.4)

whereM = u=ais the Mach number (non-dimensional ow velocity) for the medium speed R 3.

To study how sound is generated in a medium one can derive Lighthill's wave equation [79, 80] from
the Navier Stokes equations, assuming that only normal and shear stresses work on the medium,
other forces such as gravity are abandoned. For Newtonian uids the shear stresses can be expressed
with the viscosity |

@u ., @y
i = =t = 2.15
! @x @x (2.15)
This yields the Lighthill pressure wave equation
_1 @ ., @ p .
p= ?W@x(uluj u)"‘@ 2 ; (2.1.6)
with
Ty =( + auy 5+ j(p a): (2.1.7)
The far- eld approximation solution is
5 Z
T Zaz ero(Tero)exp (- jkr)dVg ; (2.1.8)

wheree,, is the unit vector in the direction of the observer, so that it describes the projection of the
source terms in the according direction.

No simpli cations (except for the absence of gravitational forces) have been made. The equation
is typically not used to calculate sound propagation since the pressure and density eld have to be
known beforehand. However, this equation allows the calculation of any kind of sound generation in
uids based on the inhomogeneous part of the equation. Thus, the right-hand part of the equation
can be interpreted as sound-generating mechanisms in a ow. There are three main components on
the source term: The Reynolds stresges u; ), the shear stresses;; ), and the nonlinear relation-

ship between pressure and densfly a2 ). One can argue that for high Reynolds numbers, the
changes in viscous friction stresses can be neglected, and for isentropic ows, the third term can
be neglected so that the dominating term in ows is typically caused by the Reynolds stress tensor,
which often originates from vortex interactions in turbulent ows. The two derivatives of the Tensor
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indicate that it is a quadrupole source.

Similarly to the Lighthill equation, the Ffowcs-Williams and Hawkings (FW-H) equation can be
derived for objects in ows, which describes the sound generation as a boundary integral instead of
an integral over the whole domain. The far- eld approximation is
Z
1 & Ter,
1) = = 1o gv
p(th) 4a2r0@% VB+ Jl MrJd ( )
Z

1 @ er, (P4 n

— . ~—dS
4ar g @t Vg 11 My )
1 @Z 1un
+ — . -dS( ); 2.1.9
4r g @t vy J1  Myj ) ( )
with the isontropic pressure-density relation
p=a: (2.1.10)

Here,un is the velocity normal to the rigid object surface, ands the identity matrix. The integ-
ration regionVg is outside of the object body in the coordinate system that moves wittso that
dVv( )= d ,dS().

The equation describes the noise generated by an object moving through a ow (both the object
and ow may move). Due to the motion a convective ampli cation gf M| is observed. The rst
term is the unsteady ow volume quadrupole noise term, already observed in the Lighthill equation.
The second term is the so-called dipole loading noise and is related to the aerodynamic load on
the object. The third term is the so-called monopole thickness noise and is related to the unsteady
volume displacement of the body geometry and the kinematics in the medium.

These acoustic analogies can be used to assess the behavior of the source mechanisms using several
simpli cations. For the quadrupole sources, the dominating Reynolds stress tensoris of interest

in eg. 2.1.9 and eq. 2.1.8. Assuming the density is approximately the ambient density ; , and

the velocity of the turbulence uctuations is approx. the free- ow velocityj u; . The temporal
derivative on an eddy is proportional to its velocity and inversely proportional to its sizZB, so

that @=@t uy =D. This yields for the Lighthill equation 2.1.8

1 uiq

2
2 3.

—_— D*: 2.1.11

a‘l1 ro D 1l ( )

With the isentropic pressure density relation, see eq.2.1.10, the acoustic intdnsitpu  px 1 a1 ),
the far- eld pressurep? is

pguadrupoler(% 8 .
W / M 1 . (2. 1. 12)

This result shows that isentropic free- ow turbulence is mainly generated by a quadrupole source
that scales in intensity by § (for subsonic owsu; ai ).
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R
The integral of the second term can be interpreted as a fdkce  (pl )ndS. Using the previous
approximation of a temporal derivative and assuming the fdfce jFj is proportional to the surface
pressure and surface aréa pD?2 1 u? D? this yields

p2 di |I’% 6
—<om- TP 2 1 M§ 2.1.13
2 ad D2 1 ( )
The source is a dipole and its axis is aligned with the force exerted on the body. For non-compact
sources such as airfoil slats the intensity reduces t3, Mut the reason for this is up to de-
bate [40, 55, 54]. Most often, airframe noise sources are dipole sources [67, 55, 120, 31]

Finally, the intensity of a monopole source is a volume source with a volumetric ¢bw uD 2

in normal direction throughVg in the third term in eq. 2.1.9. The term is usually called thickness
noise as sound is generated by the displacement of the medium through the moving body or by a
volume ow of the source itself (e.g., a car exhaust system). Wighand the approximations from

above the far- eld pressure then is
2

Pa lef 0
—TOE 21 MY ; 2.1.14
2 ad D2 1o ( )
so that the monopole scales at M Generally, one can deduce from the derivatives in the acoustic
analogy source terms that it requires a change in the boundary or ow conditions for sound to be

generated and that the intensity depends on the abruptness of the change.

2.1.2 Similarity laws

A basic assumption in aeroacoustic source modeling is that small changes in subsonic Mach numbers
do not alter the source mechanism [66]. Also, a source may exist in extended spatial areas or fre-
guency intervals, for instance, the sound generated from vertices in Karman's vortex street [102, 139].
Sources may have a frequency-dependent spatial location and shift their peak frequencies with chan-
ging Mach number. One example is jet noise, where the location of dominant sound generation shifts
downstream, and the peak frequency decreases with increasing Mach number, while the power in-
creases [79]. However, a normalization of the PSD or frequency using the Mach number reveals that
the spectrum shape, Mach-normalized peak frequencies, and Mach-normalized PSDs collapse [104].
This is referred to as self-similarity. The underlying physical sound-generating mechanism has not
changed; we only observe a di erent realization of the source mechanism. However, source mech-
anisms can change completely for large variations of their Reynolds numbers. One example is the
radiated acoustics from a ow around a cylinder [139], where the ow properties may change due
to, for instance, the transition from a laminar to a turbulent ow.

According to this theory, we consider aeroacoustic sources similar if the dimensionless quantities
Reynolds number (Re), Mach number (M), and Strouhal number (St) or Helmholtz number (He)
coincide.
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u
M= 2 (2.1.15)
fD
st= (2.1.16)
He= Ti (2.1.17)
Re= _MaD (2.1.18)

Depending on the quantity, the self-similarity implies di erent properties. If all dimensionless quant-
ities are equal for di erent ow con gurations, then the resulting dimensionless aeroacoustic nature

is still the same, as they satisfy the dimensionless Navier Stokes equations. The Reynolds number
determines the ratio of inertial and viscous forces and indicates the ow's chaoticness. At low Reyn-
olds numbers, viscous forces dominate, resulting in a laminar ow. A laminar-turbulent transition is
observed at Reynolds numbers above R2000and depends on the smoothness of the initial ow. In

the receptivity phase, small disturbances, such as Tollmien Schlichting waves, are introduced in the
boundary layer and either decay or grow depending on their nature and amplitude. Depending on the
Reynolds number, frequency, and boundary conditions, di erent mechanisms and instabilities lead to
the observed ow characteristics. The Reynolds number is signi cant for assessing aeroacoustic noise
since the ow drives sound generation in the medium. While the generated noise mechanism remains
typically constant over some variations of the Reynolds number, it can also abruptly change [139].
Sources are typically not observed at constant Reynolds number over increasing Mach number, as an
increase of the medium speedalso increases the Reynolds number, see eq. 2.1.18. Only an increase
in medium density or decrease in temperature can counter this e ect, which is how cryogenic wind
tunnels operate.

Self-similarity over the frequency means that tonal components in a spectrum are observed at the
same (normalized) frequency over a variation of the Mach number. The frequency can be normal-
ized by the speed of souna and a characteristic lengtiD, resulting in a Helmholtz number, or

by the Mach number M and, resulting in the Strouhal nhumber. The FW-H and Lighthill ana-
logies show that the frequency of ow-induced noise typically depends on the ow itself. Thus, for
turbulence-induced noise, one assumes it depends on the Strouhal number rather than the Helmholtz
number. However, through resonance mechanisms and propagation e ects such as spatial coherence,
a Helmholtz number dependence may be observed in the far- eld [90, 91], even though the driving
mechanism is the ow itself and, thus, connected to the Strouhal number. The amplitude can be
assumed to be subject to all dimensionless quantities, thus dependent qra, the density , and a
characteristic lengthD . Since the Strouhal humber often depends on the convective Mach number
Mc, which is unknown and can di er from the known free- ow Mach number, Mobserved sources
often neither perfectly scale over the free- ow Strouhal or Helmholtz number. To overcome this issue
this thesis introduces a generalized frequerﬁéy

o= &aa (2.1.19)




12 Chapter 2

with the modi cation exponentm, that can express a Helmholtz number fon = 0, a Strouhal
number form = 1, and everything in-between. A modi cation exponem 0:5 indicates a
Helmholtz-like scaling andn > 0:5 indicates a Strouhal-like scaling behavior of the sources [48].

Self-similarity of the source power means that the (normalized) sound power does not change over
a variation of the Mach number. This is true for anMaw for isothermal, subsonic quadrupole jet
noise, see eq. 2.1.12, an™Maw for short cylinders in a ow causing dipole noise, see eq. 2.1.13, and
an M* law for automobile exhaust monopole noise, see eq. 2.1.14. The power scaling is expressed by
the Mach number's exponemnt, and results in a scaled lev@PL over the generalized frequen@y

M; "
9P =  SPL® M;) 10log, |vT| : (2.1.20)
0 [
Here, the angle brackets indicate that averaging over the di erent Mach numbeis performed.
The 9PL is scaled with the given power exponanfrom the given Mach number to the reference
Mach number M. The Sound Pressure Level (SPL) is given by
p? |

— 2.1.21
4 10 0pg ( )

SPL=10logqq
If a source is self-similar for the given frequency type and power exponent, their spectra from di erent
Mach numbers will collapse using eq. 2.1.20 so that the spectra averaged over the di erent Mach
numbers show a low standard deviation. Then, the resulting averaged spectrum is valid for all ow
conditions as long as self-similarity holds. If di erent normalized spectra show the same scaling
behavior, frequency type, and spectral shape, independently of absolute levels or observed Mach
numbers, we conclude that the driving aeroacoustic mechanism is the same. Further, the self-similarity
parameters may indicate the driving mechanism, e.g., the quadrupole-likesdaling, and Strouhal
number scaling indicates free- ow turbulence, such as present in jet noise. In contrast, sciling
indicates a non-compact, dipole-like 2D object in the ow.

2.1.3 Source de nition

This thesis de nes a source as a phenomenon that radiates acoustic energy to the far- eld. This
thesis deals with quasi-stationary sources in the frequency domain, and thus, all source properties
are assumed to be stationary and ergodic so that with the signal variargce

2 1

1 X 2
i 4 = 2 2 5-0:
Jim E Tt:1(p?) 5 0: (2.1.22)

Ergodic signals are characterized by their statistical properties so that ensemble averages are equal
to time averages. Thus, we can determine the statistical properties of a signal by observing a single
realization of that signal for a su ciently long period. In the case of acoustic signals, ergodicity
implies that the statistical properties, such as the mean, variance, and power spectral density, can be
accurately estimated by analyzing a su ciently long segment of the signal. This assumption allows
for the simpli cation of statistical analysis, as it eliminates the need to gather ensemble data or
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average over multiple realizations of the signal.

A source has an amplituday(f ) that typically depends on the frequendy an arbitrary phase, a loc-

ation y that can be spatially distributed, and a spatial orientation described by the polar angles

For monopole sources, the orientation angles can be neglected; for poles of higher order, the angles
determine the sound radiation direction. While the orientation angle typically depends on the object's
orientation in the ow, see eq. 2.1.9, this thesis assumes no prior knowledge of the source orientations.

This thesis introduces the de nition of a source object to specify the nature of a source further. A
source object describes an abstract sousceith a collection of properties. These properties are all
expressed by a nite number of numerical variables. The main idea is to de ne properties that hold
for the idealized source independently of their location, frequency, and other parameters. A monopole
source object has the following properties: A xed locatignand a Power Spectral Density (PSD).

A dipole has the additional properties: The spatial dipole rotation angjés, and the dipole PSD.
Together, they can form a multipole source object with a single location, rotation, and separate
monopole and dipole PSDs, as opposed to a conventional source that typically is de ned as a power
for a single frequency and location.

2.1.4 Compact, free- eld Green's function

This subsection is based on the lectures of Delfs [30]. A free- eld solution to the convective Helm-
holtz equation 2.1.2 is the convolution of the source tehand a Green's function for compactly
supported, radiating sources that satisfy the Sommer eld condition [122]. The convective free- eld
monopole Green's function is

exp jkr*
Qo(X;y) = 7'04 J ; (2.1.23)
r
wherer = jjx yijj2, jj :::]j2 is thel>-norm between the source positignand the observer position
X, My = Me,,M=jMjand
A rM,
=T (2.1.24)
q _ ——
r=r M2+1 M2, (2.1.25)

+

which simplify tor = r* = r for M = 0. The monopole has no directivity, so it radiates its energy
equally distributed in all directions. All spatial derivatives of this equation are equally valid solutions
to the Helmholtz equation and are called poles of higher orders such as the dipotgiadrupoleg,,

and further derivatives. They also result from the Taylor approximation of a general Green's function
so that any Green's function can be expressed as a multipole, the superpositloriﬂ of.

The rst derivative of this function is the so-called dipole, which in polar coordinates foeM is
given by
exp ( jkr)

ar (1 ko (2.1.26)

u(X;y)= e} e
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where ey is the normalized direction vector of the dipole & and ex between the microphone
position and source position with

e =[sin( )cos( );sin( )sin(" );cos()]" : (2.1.27)

Thus, the dot product of unit vectors incorporates the dipole directivity, based on the dipole rotation
and relative location of receiver and source.

2.1.5 Cross spectral matrix

The CSM is the most compact form for quasi-stationary, proper, and circular data [2]. This thesis
assumes these properties. In closed wind tunnel data, where these assumptions can be violated, higher-
order statistics improve the performance of the beamforming process [106]. The CSM corresponding
to a sources is given by the complex microphone pressure vegtor

D(Xl)
p= % § (2.1.28)
P(XN )
with
C=pp (2.1.29)

wherey denotes the Hermitian (conjugate transpose). In measurements, it is typically obtained with
the Welch method, which splits the signal in= 1;:::;1 blocks, Fourier-transforms them, and
then estimatesC  h pi(f )p!(f )i;. Given a source signalyy), the complex pressure at microphone
positionxn,, is given by

Pn = SnGm *+ m ; (2.1.30)

where ., describes uncorrelated measurement noise such as sensor noise. Depending on the angle
of incidence and the array's size, the signal o set can lead to a decrease in coherence [50] and can
be compensated with pre-steering by shifting the signals in the time-domain. However, the o set

is typically small compared to the Welch block length, and since often incoherent sources are of
interest, the o set is neglectable [36].

2.1.6 Distributed sources and source coherence
In real-world scenarios, sources are often spatially distributed, and spatially distributed sources are

typically (partially) coherent. We approximate a distributed source of any shape with a superposition
of N' compact sub-sources, for h 2 N at source locationy s

0 1
S1
S= % : § ; (2.1.31)
S
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The number and distance of sub-sources should be chosen sg thai] , to prevent aliasing in
the resulting sound eld. Using any Green's functignthe propagation matrixG from all sub-sources
to all microphones is given by

Gam = 9(Xm;ya) A=1;0:58 m=1;005M (2.1.32)

Given thats 2 CM s a vector-valued random variable, its correlation matri>Eigss’) and the CSM
C at the microphone array (without self-noise) is given by

C = GE(s)GY: (2.1.33)

The expected value ofs’ depends on the coherence between the sub-sources and will result in a
Hermitian matrix, with the sub-source strengths on the diagonal and the coherent parts on the upper
and lower triangular matrix. For incoherent sub-sources, the expected value yields

E(s?) = diag s = jsj?; (2.1.34)
whereas for perfectly coherent sources, the expected value yields the matrix
E(s¢’) = s¢': (2.1.35)

The unknown source covariance matrix is replaced with an explicit expression, depending on the
sub-source vecto 2 CN (de ned later) and a coherence matrix 2 cN ’Q;O j jJ 1to obtain
a formulation for partially coherent sources. More precisely, excluding self-noise, eq. 2.1.33 is replaced
by

cC=¢G &Y GY, (2.1.36)

where denotes the Hadamard (pointwise) product. A function for can be freely de ned, e.g.

= 1 (matrix of ones) for coherent sub-sources or= | (identity matrix) for incoherent sources.
Additionally, may include phase relations between the sub-sous;esnd s; under the condition
that must be Hermitian so that the CSM is also Hermitian. For the purpose of this thesis a simple
variable coherence length. is de ned based on the sub-sources wave-lengtand distance matrix
between all sub-sourcd3 with

Dij =jiyi  VYijli2: (2.1.37)
the coherence matrix for exponential decay over the distance is
8
3| for Lc=0
= exp £ for O<Lc<1 : (2.1.38)
-E 1 for Lc!1

The total power of a distributed source is the spatial integration of its source power. The sub-source
powers must be deduced from the total strength based on the formulation in eq. 2.1.36, explicitly
formulated based on the total source strength With increasing sub-sources of constant source
strength, the total source strength increases (assuming no phase cancellation for coherent sources).
Since the total source power is supposed to be independent of the number of sub-sources, it is
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normalized by the number of sub-sources. However, it can be easily observed that the normalization
must depend on the coherence between the sub-sources. Assuming they are located in the same
position, doubling the number of sources will increase the sound power and far- eld SRidBy

an incoherent source only bydB. Thus, a simple normalization of the total power by the number

of sub-sources is insu cient.

The exact normalization can be derived analytically by calculating the CSM entries for the given
sub-sources; with amplitude A; = jsjj and phaseQ; = \ s;, so that

S = AiQi . (2.1.39)

The coherencej; (not magnitude squared) between the sub-soursgsands; is given by

jsijz _ N i
ij > = E QiQ (2.1.40)
Sii Sij
with 0 j j2 1. We assume the sub-sources are located and evaluated in the same location since

this thesis seeks a sub-source strength normalization based on the source description and not on a
receiver position. The observed sound eld might still experience deviations from the total source
strength due to interference. For illustration purposes, the Cross Spectral Density (CSD) is calculated
for the summed signals, and s, from two sub-sources; ands; with

Sa = AlQl + A2Q2 (2.1.41)
Sp = AlQl + A2Q2 . (2142)

The CSD is de ned aC,p = SaSy,

h i
Can= Af+2A1AE QIQ; + A3 (2.1.43)

All sub-sources are assumed to have the same amplituide A, so with eq. 2.1.40 the CSD is
Cap=2A%( +1): (2.1.44)

The amplitude of the super-positioned sources depends on their level of coherence. If the amplitude
of the total source is supposed to be constant, the sub-sources have normalizi¥d bifor a total
amplitude ofAZ2 for N' = 2 sub-sources this yields

A 2

A2=2 > @+ ); (2.1.45)
which is the case for 1
= éIog2 (2( +1)) : (2.1.46)

Here, the normalization exponent was derived, which explicitly depends on the coherence between
the sub-sources. The original assumption that the di erence between the sum of two coherent and
incoherent sources is PSD = 3 dB is validated when pluggingconer. = 1 and jnconer. = 0 in

eq. 2.1.46. IfCyp, is incoherent one simply expecBa = 2A? (see eq. 2.1.34), which yields a
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normalization exponent of- = 0:5. A normalization exponent of = 1 is obtained for coherent
sources. It can %aiﬂy be seen that this derivation worksNosources and results in a normalization
of 1=N", thus 1= K for incoherent andl=N for coherent sub-sources. For a varying coherence level
in (e.g. with eqg. 2.1.38) one simply uses the averaged coherence from the upper triangular matrix
(without its diagonal)

“=hjfji for i6j: (2.1.47)

It follows for a distributed source with total poweA (that is the power integrated over alkt
sub-sources) the normalized sub-source amplitudes in eq. 2.1.36 are with eq. 2.1.46

. A
180 = g (2.1.48)

Figure 4.2 shows for a monopole line source how the coherence length a ects the CSM. Figure 4.2
(a) and (b) show the incoherent casdec =0, (c) and (d) show the partially coherent cadec = 3,

and (e) and (f ) show the coherent casec ! 1 . In the resulting absolute CSM, a long source is
visible with repeating side lobes, with a strong diagonal pattern in the corresponding phase for the
incoherent case. The same is not true for the coherent case, where a checkerboard pattern is visible.
The partially coherent case is a mix of both, where it is more related to the incoherent case in its
absolute value but more similar to the coherent case in its phase.

2.1.7 Propagation forward operator

In beamforming literature, the CSM is often computed from eq. 2.1.29, since measurements obtain
the pressure and the source strength is unknown. In terms of source strength, this implies that the
CSM is

GgG& = C; (2.1.49)

which requires the application of a Green's function to the source. This formulation is not com-
putationally e cient for theoretic applications or if one seeks to calculate a synthetic CSM for a
known source strength. It gives no direct description of a propagation operator. Instead, the acoustic
propagation can be formulated as

Tq = c; (2.1.50)

with ¢ being the vectorized CSMg(y) are the source strengths, an@ being the propagation
operator. The propagation operator is of dimension microphondd focus pointsN, the source
vector q of dimension focus points, and the vectorized CSMf dimensionM 2. The propagation
operator is derived from the Green's Matr with

T=G G; (2.1.51)

where is the Khatri-Rao product [130], a column-wise Kronecker product so thais of dimension
[F M2 Q], whereF is the number of frequencied) is the number of microphones, ar@ is the
number of sources (or focus points). The advantage of this formulation is that the whole propaga-
tion problem is reduced to a matrix-vector product and that the propagation operator is formulated
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Figure 2.1: Conditioning number of the forward operatdr for M = 5 microphones withx; =
[ 0:25m;:::;0:25m]" and an increasing number of focus points atlm V1
1m; y, = 0:5m, f = 3400Hz The case wherdN = (M? M)=2 (T is bijective)
is marked with a dot.

explicitly.

Given that for the beamforming problero is known, q is wanted, the problem can be solved by
obtaining T 1!
1

qg=T -c: (2.1.52)

T has the rank miG(M?2 M )=2;N). Thus, T is injective forN (M2 M )=2. However,T can be
ill-conditioned, see Figure 2.1 for a sample 1D setup with=5 equidistantly spaced microphones.

This is especially true for the bijective case. The strong peak at the bijective case originates from the
equidistant array design and is relaxed with an array design with lower side lobes but never vanishes.

2.2 Arti cial neuronal networks

Given enough training data, supervised learning has recently become widely popular and outperformed
other classi cation and regression algorithms. Especially successful are multi-layer perceptrons, so-
called Arti cial Neuronal Networks (ANN), which are universal function approximators based on the
universal approximation theorem [64]. They try to learn a mapping implicitly from training data. The
ANN will learn any function if its learning capacity is large enough, there is a global minimum and
no local minimum, and the amount of training data approaches in nity.

Deep learning refers to ANN with multiple hidden layers and typically a feed-forward model so that
an ANN comprises a series of nested functions along multiple layers. A fully connected feed-forward
architecture typically models each neuron by a linear functlo(x) = ax + b, wherea and b are

called weights and biases. A non-linear functiG(x) is evaluated orF- to introduce non-linearity to

the ANN, so thatG(F (x)) = G(ax + b). Popular non-linear functions are the Recti ed Linear Unit
(ReLU), a softmax, and a sigmoid, depending on the use-case, such as regression or classi cation
tasks.
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fully connected architecture then is de ned by the sum

Ym = G(amnXn + bnn) (2.2.1)

The weights and biases are randomly initialized in the ANN and then optimized during supervised
learning. Given that the output is known, an error metric can be de ned as a los§hen, the

loss gradient is calculated for the weights and biases via back-propagation (chain rule) through the
nested functions. The loss is then minimized with a step towards the negative gradient with a step
size < 1 for stability. A popular training algorithm is Adaptive Moment estimation, which will be
used throughout this thesis.

2.3 Clustering

Opposed to supervised learning, where a function is learned from data with known input and output,
clustering is an unsupervised learning method that does not require a known output or a training
phase. Instead, data is analyzed based on its distribution and clustered into groups. This section
provides an overview of clustering methods with an emphasis on Hierarchical Density-Based Spatial
clustering of Applications with Noise [21] (HDBSCAN), which this thesis primarily employs.

Many clustering algorithms exist to group data into clusters. The typical problem associated with
clustering methods is that the outcome strongly depends on hyper-parameters such as the expected
number of clusters or that an underlying distribution is assumed. Other challenges include noisy data,
outliers, or a large cluster-member-count mismatch.

Figure 2.2 shows exemplary popular clustering methods and their outcome for di erent problems for
2D spatially distributed data. The clustering problem in the rst row contains two concentric circles.
The second row contains two moon-shaped distributions. The third row contains three Gaussian
distributions with di erent densities. The fourth row contains correlated Gaussian distributions. The

fth row contains a random uniform distribution. The di erent methods show di erent strengths

and weaknesses, depending on their assumptions and the nature of the data. For example, Gaussian
Mixture Models (GMM) show the best result for Gaussian distributions, as the data matches its
assumptions. Clustering methods that show promising results throughout the di erent problems are
Density-Based Spatial clustering of Applications with Noise [118] (DBSCAN), and its derivatives
HDBSCAN, and Ordering points to identify the clustering structure [13] (OPTICS).

As shown in Figure 2.2, violating the clustering methods' assumptions results in wrong cluster es-
timations. The underlying distribution is typically unknown for real data and does not satisfy these
models. DBSCAN is a two-parameter algorithm that accounts for clusters with di erent densities and
noisy data, which does not assume an underlying distribution and, thus, performs well for all presen-
ted cases in Figure 2.2. Instead, the algorithm determines if a point belongs to a cluster based on the
minimum number of neighbored pointds and the distance' to them. The algorithm distinguishes
between core points, which are points that have at le&&f neighbored points withir' distance,
reachable points, which are points that have at least one reachable core point withamd noise
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Figure 2.2: Outcome for popular clustering methods (shown on the columns) for di erent clustering
problems (shown on the rows). The correct number is provided for algorithms that depend
on the number of clusters. Taken from Scikit-learn's standard examples [99].

points, which have no neighbors within The advantages of DBSCAN over algorithms such as GMM
or k-Means are that the number of clusters does not have to be predetermined, and the algorithm
can cluster points with any underlying, unknown distribution. The underlying distribution can be es-
timated after the clustering process based on the density of the cluster members. The algorithm can
also identify outliers, which typically distort the outcome of algorithms such as GMM and k-means.
However, the two parameterlsls and" must be set manually, and a xedl implies that all clusters
have the same densities. This results in an unwanted behavior for the third case in Figure 2.2, where
the middle distribution with little density is broken down into sub-clusters by the algorithm, and
many points are wrongly estimated as noise. One can interptefas a smoothing parameter for the
estimated cluster PDF so that several sub-clusters will be merged with an increbking/ith a de-
creasingNs, a cluster will break down into sub-clusters (fis\s ! 1, each point may form a cluster).

HDBSCAN is an extension to DBSCAN that allows a variablper cluster (that does not have to be
determined manually). It uses = 1=" as an inverse distance measure and computes a spanning tree
of the data using the mutual reachability distance. To do so, HDBSCAN constructs a cluster tree,
an upside-down version of the estimated PDF, wher&s proportional to the underlying PDF value.
Figure 6.17 shows an exemplary cluster tree for the Do728 sources, with a parent branck at,
splitting into the rst branches at 1:5. The width and color of the branches indicate the number

of contained points, which shrink with increasing as some points will rst transition from core
points to reachable points and then from reachable points to noise (so that they no longer belong to
any cluster). The cluster tree always divides into branches if a super-cluster breaks into sub-clusters
with a shrinking"”, which can be interpreted as local minima in the estimated PDF. A cut through
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the cluster tree at any giveh is identical to the DBSCAN solution at the identicdl The remaining
guestion is how to choose on each branch to form either sub-clusters or super-clusters. The ques-
tion relates to the over tting problem so that sub-clusters are prone to tting local maxima in the
estimated PDF as individual distributions, even though they are only artifacts from the insu cient
PDF estimation.

HDBSCAN solves this question with the persistence measure to determfoeadjacent sub-clusters

so that they are either merged at a low or separated for larger values of The persistence is the
integrated branch area, spanning from the number of points and thenge, and for sub-clusters to
maximize the persistence, their integrated area has to be larger than the area of their parent branch
in the cluster tree. Figure 6.17 shows how this approach results in di erenilues for the di erent
branches so that they have a di erent estimated density. The chosen branches are encircled, and
the circles' colors represent the cluster number. The choseralue corresponds to the top splitting
point in the branch, i.e., 1.5 for cluster one. Note how cluster two is chosen as a super-cluster,
while clusters seven to ten are chosen as sub-clusters in their branches due to the di erences in their
persistence.

Based on the clustering result, HDBSCAN estimates an underlying PSF for each cluster to yield
a soft-clustering result. For each clustered point, it estimates the underlying PDF by calculating
the probability of belonging to any cluster so that the clustering result ishp  N¢ probability
matrix, whereN, is the number of clustered points, and. is the number of resulting clusters. This
probability can also be interpreted as a clustering con dence. The estimation is based on the distance
between a point and the core cluster points, which are the points that persist longest within the cluster
(independently from the corresponding cluste), and the persistence of the point compared to the
persistence of the core points within the cluster.
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3 Experimental data

This chapter provides an overview of the di erent experimental wind tunnel data used for this thesis.
The data consists of four experiments. First, a generic dataset with a monopole speaker with known
source position and sound power [47]. Second, a Dornier 728 1:10.8 half-model [4], based on which the
methods presented in this thesis were developed. Third, an Airbus 320 1:13.6 half-model [7, 5, 123],
based on which the developed methods were assessed. Fourth, an Embraer full-model [8] (con dential
scale), where the developed methods were applied in situ during the measurement campaign for the
rst time.

Wind tunnel testing has a long history in the development, validation, and certi cation of air-
craft [60, 96, 121]. In recent years, the demand for reliable aeroacoustic testing has increased due to
the need for reduced sound emission levels [100, 134]. Nevertheless, one main driver of aircraft testing
is still optimizing aerodynamics, thus reducing fuel consumption and other economic or ergonomic
aircraft design improvements. Another challenge is the drive concept of the open rotor for passenger
aircraft as part of the reduction in fuel consumption, leading to more noise [39, 68]. The resulting
designs are driven by the increasing accuracy of computational predictions [119, 126], which require
careful calibration and validation measurements [32, 41, 124]. Since these tests are performed before
the build of actual prototypes, small-scale models must be built to t in the wind tunnel facilities.
One of the various challenges is to observe the model under realistic ight Reynolds numbers since
many studies show that acoustic phenomena observed at low Reynolds numbers are vastly di er-
ent [11, 4, 139]. Thus, pressurized and cryogenic wind tunnel facilities were developed, drastically
increasing the range of observable Reynolds numbers [98, 103].

Aeroacoustic measurements often use half-models (i.e., the Do728 and A320 models). Half-models
0 er advantages over full-span models, such as a higher achievable Reynolds number and frequency
range due to the increased model size and the upper limited measurement frequency [129]. On the
downside, half-models impact the air ow close to the symmetry axis [43] and limit the measurement
of acoustic directivity perpendicular to the ow direction in closed wind tunnels due to the oor
and ceiling. Source directivity will not be studied as part of this thesis but may severely a ect the
observed sound radiation [49].

3.1 Streamlined speaker, open test section

A generic monopole dataset with known source location and sound power was acquired for this
thesis [47] to test the capabilities of the presented imaging and source identi cation methods. The
data features an equidistant 7x7 microphone arra@:27m  xi12  0:27m, x3 = 0:65m, with

X1 = X2 = 0:09m, the sensors are mounted witd = 30 cm long rods on a7cm Basotect
covered back-plate in a mostly reverberation-free environment. The source is a generic monopole
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Figure 3.1: Experimental setup, the monopole source is located in the core ow of the open wind
tunnel section (left), the housing opening is at the downstream end (positivdirection).
On the right, the equidistant 7x7 B&K 4961 multi- eld microphone array is mounted with
30cm long rods on a back-plate that is then covered with 7cm Basotect absorbers. The
coordinate system only indicates the directions, the actual coordinate origin lies roughly
at the speaker housing opening.

source (streamlined housing with a circular= 2 :5mm opening at the downstream end). The source
is moved to the three locations

2 3 2 3
Vi 0:05 G1 0O

gy” Z = § 0:10 Q1 O:OZ (3.1.2)
Yin 0:25 Qa1 0O

during separate measurements and uses uncorrelated white noise with di erent band-pass frequencies
and amplitudes to generate di erent spectral shapes. Figure 3.1 shows the experimental setup. The
source is positioned in the jet core of the open wind tunnel, and four di erent Mach numbers are
measured M= [0:00;0:03;0:06;0:12]. The CSM has a sampling frequency b§ = 216Hz. Results
presented for Global Optimization in Section 4.5 use a blocksiz2 pivhich results in arouné 10*

Welch averages and f = 2'°Hz. Results presented for SIND, SIHC in Chapter 4.5.1, and CLEAN-
SC in Section 4.3 use a blocksizefresulting in  f = 28Hz. The ground truth source powers are
obtained by dividing the CSMs by the propagation matricE8= GYG, see eq. 2.1.32, for an ideal
monopole source, see eq. 2.1.23. Then, the absolute upper triangular CSM eftiresaveraged to
obtain an average ground truth spectrum with standard deviation.

PSDyue(f) = -%% .

The ground truth excludes self-noise since it does not use the CSM diagonal. The three measurements
are super-positioned (addition of their CSM) to obtain a single CSM that contains three incoherent
sources. To evaluate how close the real sound source is to an ideal monopole, a synthetic CSM
is generated based on the average ground truth spectra, see eq. 3.1.2, the true source locations,
and the compact monopole assumption. Thereafter, the Mean Absolute Error (MAE) of the upper
triangular synthetic and measured CSM is calculated to measure the distance of the assumption and
data. Figure 3.2 shows the resulting error, which is calculated for the absolute PSD di eréace

(3.1.2)
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Figure 3.2: Di erences between measurement and synthetic monogaleshows the Mean Absolute
Error (MAE) of the upper triagonal CSM entrief) between the synthetic and measured
CSMs for the three source position§( depicted in blue,S;; in orange,S;;; in green)
with 1 standard deviation (shaded areg)s) shows the MAE of the corresponding phase
di erence.

Figure 3.3: Photo of Do728 model and microphone array in the closed wind tunnel test section.

and absolute phase di erencéb). The errors show that the monopole assumption is reasonable at
2kHz f 25kHz. At lower frequencies, the assumption is probably violated by re ections of
the array's back-plate, see Figure 3.1. At higher frequencies, the assumption is gradually violated
by the speaker design (non-compactness, asymmetric orientation towards the array). The in uence
of the speaker's asymmetric orientation towards the array can also be observed from the increased
error from source positiory; to y; , and nally y;;; , where the average observation angle further
increases. It will be of particular interest how di erent methods perform at these very low and high
frequencies, where the compact monopole assumptions are violated.

3.2 Dornier 728, closed test section

A large, cryogenic dataset of a Do728 [4] is used to develop the methods presented in this thesis.
The Mach-averaged Reynolds numbéRs , the ambient pressure, and cryogenic temperatures
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conguration | DI D2 D3 D4 D5
Rey[l 10°]| 1.4 18 25 3.8 10.6

TIK] | 290 250 200 150 100
po[l 10FPal | 1.0 1.0 1.0 1.0 1.0

Table 3.1: Do728 ow con gurations.

Figure 3.4: Photo of A320 model and microphone array in the closed wind tunnel test section.

T are shown in Table 3.1 based on the mean aerodynamic cord lebgth= 0:353m. Values of
a=[1,3,5,6,7,8,9, 10] were chosen for angle of attack for every Reynolds number
con guration and M =[0:125, 0:150, 0:175, 0:200, 0:225, 0:250]as Mach number for every angle of
attack. In total, the Do728 dataset containShRa),, 8 6M = 240 di erent ow con gurations.
The array consisted of 144 microphones at an oval aperturd:@66m 1:3m and a data sample
frequency off s = 120 kHz was used. Note that the Reynolds numbers are averaged over the Mach
number, as the Reynolds number is not kept constant over varying Mach numbers. The CSM is
calculated using Welch's method with a block sizef samples and0 % overlap, which results in
around 7000 averages. Conventional beamforming results for Chapter 5 and Chapter 6 is performed
on an equidistant grid with a focus point resolution ofx = 0:5mm. For 2D beamforming maps
the focus plane is around x3 1 m away from theD = 1 m spiral array, wheré is the aperture.

conguraton | AL A2 A3 A4
Réy[l 10°] | 1.4 51 51 199

TIK] | 310 311 125 120
po[l 10°Pa] | 1.10 3.99 1.15 4.19

Table 3.2: A320 ow con gurations.
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Figure 3.5: Photo of model and part of the microphone array in the closed wind tunnel test section.
The microphones are positioned in the wooden cut-outs on the oor.

3.3 Airbus 320, closed test section

For the validation of the methods presented in Chapter 5 and Chapter 6, a second dataset of an
Airbus 320 model [5] is used. The A320 model was observedaat [3 , 7, 7:15 ,9 ] for every
Reynolds number con guration, and M= [0:175 0:200, 0:225]for every angle of attack. The Mach
averaged Reynolds numbers, the ambient presspgeand cryogenic temperature§ are shown in
Table 3.2 based oD = 0:353m. In total, the A320 dataset contains 48 di erent ow con gur-
ations. The array consisted of 96 microphones at an aperturel:66m 0:5704m and the data
was recorded afs = 150kHz. The CSM is calculated using Welch's method with a block size of
210 samples ands0 % overlap, which results in around 9000 averages. Conventional beamforming
for Chapter 5 and Chapter 6 is performed on an equidistant grid with a focus point resolution of

x = 0:5mm. For 2D beamforming maps the focus plane is arounds 1m away from the
D1=1:1m, D, =0:6m oval array, wherdd are the apertures irx1 and x» direction.
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M T [K] | po [kPa] | Re [LOF]
DP 1| 0.220| 137.4| 134.10 | 03.33
DP 2 | 0.220| 137.2 | 403.45 | 10.00
DP 3| 0.220| 115.0 | 405.50 | 13.00
DP 5| 0.250| 126.3 | 313.20 | 10.00
DP 6| 0.289 | 115.0 | 235.00 | 10.00

Table 3.3: Embraer ow con gurations.

3.4 Embraer, closed test section

In this study, a full-span aircraft model by Embraer is located in the center of the test section as
depicted in Figure 3.5. The scaled model is installed in landing con guration, has a mean aerody-
namic chord length of abou0:2m, and is not equipped with landing gear. It is mounted around
z = 1 m away from the randomly optimized array. The model's material was chosen so that its

temperature dependence compensates the increased dynamic pregatrexreased static pressures

pa. Thus, the model deformation does not change at cryogenic conditions, which allows a wide range
of combinations of temperature$ and static pressurep, to achieve a desired Reynolds number.
All selected data points were obtained at the elastic deformation, see Table 3.3. Each data point was
recorded atf g = 250 kHz.

In comparison to the model scale, the large array aperture produces a low depth of eld, which in
return leads to an increased depth resolution. Conventional beamforming results for Chapter 6 is
performed on an equidistant grid with a focus point resolution ok =1 mm. The increased spatial
resolution is a signi cant di erence compared to the other datasets. A second di erence is that the
Reynolds number is constant (for DP 2, 5, and 6) over the variation of the Mach number, as opposed
to the increasing Reynolds number with increasing Mach number for the Do728 and A320 datasets.
This dataset was acquired after developing the methods introduced in this thesis. Thus, it can be
seen as a test set for the methods proposed in Chapter 5 and Chapter 6.
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4 Beamforming

For the localization and estimation of the sound power of complex source geometries, beamforming
(referring to any covariance matrix-based imaging method) is well-established [78, 87]. Each eld
of application in acoustical imaging has its own challenges. In aeroacoustic imaging, the number of
sensors is typically favorably large compared to the number of observed sources. The array's aperture
is favorably large compared to the observed object and its distance. However, the Signal to Noise
Ratio is unfavorably low (the noise typically exceeds the signal by @0&B), so that blind source
separation methods and signal subspace-based methods fail for this application.

Idealized, noise-free correlation measurements in a bounded measurement domain uniquely determ-
ine an unknown, compactly supported source power function [63]. However, it is well known that
correlated sources are not uniquely determined from distant measurements of acoustic waves since
so-called non-radiating sources exist. Additionally, most methods are grid-based so that in the area
where sources are expected, focus points are de ned in the area of interest. Beamforming is then
evaluated on these prede ned points. Due to the increasing computational power, many algorithms
are now evaluated on 3D problems, where the number of focus points is typically vast compared to
the number of microphones so that even a solution for radiating sources is no longer unique. Thus,
various beamforming methods and algorithms emerged over the last decades to account for di erent
use cases, con gurations, and assumptions.

These include assumptions about the source and propagation, such as distributed sources [20, 34],
the incorporation of wind tunnel ow e ects, such as shear layer decorrelation [37, 38, 56, 58, 117],
partially coherent source regions [25, 51, 73, 92, 97, 136], imposing real steering vectors through a
measured or simulated owing medium [77, 92], the speed of sound [6, 10, 83], and re ections [72],
correlated in- ight or closed wind tunnel shear layer noise [9, 57, 59], beamforming on multiple CSMs
at di erent subsonic ow speeds, assuming self-similarity and a Mach power law [4, 7, 48], multipoles
such as dipoles and quadrupoles, and source directivity [44, 51, 97].

The main strategies can be summarized as follows. Solving the inverse problem leads to eq 2.1.52.
Given thatT is known and can be inverted, the unknown source poveeisan be estimated based

on the CSMc. However, in real-world scenarios, neithErnor the source positions and the number

of sources are known. A propagation model foris assumed to solve this equation. Further, several
estimated source positions are assumed, typically called focus points. Ttifl,rarely bijective since

the number of unknowns (focus points) typically exceeds the number of equatigvs’ ( M )=2,

given that the diagonal of the CSM is dominated by self-noise). To solve this problem, a regularization
that enforces sparseness is introduced, commonly also known as compressive sensing. This approach
is known as the inverse beamforming method [138, 125, 15, 28, 105].

A similar strategy is the gridless CSM Fitting Method (CFM) Global Optimization, where a
propagation model is modeled fdr, and both T and g are optimized in such a way that a norm
between the observed CSM and the estimated CSM is minimized, see Section 4.5. The main dif-
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ference between CFM and the inverse method is that one trades linearity for an improved ratio of
eguations to unknowns.

In the time domain, a delay-and-sum beamformer works by shifting the observed signals so that
the shift negates the propagation time di erences to the estimated source positions. Then, all ob-
served time-shifted signals are averaged. The signals will interfere constructively if the estimated
source position and propagation assumption are correct. Otherwise, they will randomly cancel each
other out. This method is a naive method in that it estimates a sound power for each focus point
without determining if a source exists without considering the other focus point. In the frequency
domain, this type of beamforming is known as conventional beamforming. Instead of performing
the correlation-based signal averaging during the beamforming process, the coherence between the
signals is calculated rst, then the weighted matrix is steered to the focus points and summed. While
this naive estimation is a limitation of the method, it also makes it extremely robust, which is why it
is still primarily used in wind tunnel applications. Since it will be used throughout this thesis, di erent
weighting and steering strategies are discussed in detail in the next section.

More methods exist, such as subspace-based methods [109, 71, 14, 35, 34, 140], which will not be
further discussed in this thesis. These methods assume that the CSM comprises eigenvectors repres-
enting individual sources. However, this is not true for closed wind tunnel measurements, where the
CSM diagonal is strongly dominated by noise from the medium ow of the sensors, so the eigen-
vectors mainly represent self-noise.

The following sections discuss the mathematical foundations of beamforming and how the afore-
mentioned limitations arise. Then, this thesis introduces two methods that seek to overcome these
limitations by performing beamforming at all frequencies at once in Section 4.5. While the method's

results are superior over traditional beamforming methods, the computational time makes the method

in its current form not applicable to large-scale measurement campaigns. Section 4.6 and Section 4.7
discuss how these methods can be translated into data-driven machine learning models.

4.1 Steering vectors

Conventional beamforming requires a Green's function to model the propagation between the source
and receiver. Four steering vectdnsare typically regarded [107, 25] which di er in how the Green's
function is normalized.

1g
h'= — = 4.1.1
M jgj *10)

] - ii
hl = M a2 (4.1.2)
Rl = i 4.1.3
jgii3 (*4.13)
h'V = é 9 (4.1.4)
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Here, a steering vector is simply a normalized Green's function. The desired property of a steering
vector is that the beamforming map(y) achieves the correct level at the true source locatiog,
so that

a(ys) = hY(x;ys)C(x)h(x;ys) = bys): (4.1.5)

Additionally, the source location is desired to be correct so that the maximum level of the source
map appears at the source location

b(y = ys) > b(y 6 ys): (4.1.6)

In the following, the dierent formulations are analyzed with respect to the two conditions for
monopole sources, see eq. 2.1.23. Formulation | is normalized by the absolute value of the Green's
function and, thus, only compensates the phase. While it satis es the second conditions [107, 25]
based on its spatial derivatives at the true source position, the rst condition is only met at a reference
positionygr, so thatds = jx ysj, dr = jJX  VYR]

exp( jk(ds dr))

X:VYs; = X 4.1.7
9(X;¥Ys:YR) 2 (ds dn) ( )
and thus I 5
1 ¥ gg
= - = 4.1.
bYS)= e (4.1.8)

With an increasing distancd = jy yRrj, the source power estimation error will increase. Formulation

Il additionally compensates for the Green's function's amplitude and thus meets condition one.
Condition two is violated so that the maximum in the beamforming map does not reassemble the
true source location. Formulation 1ll is typically connected to conventional beamforming and can
be interpreted as the Maximum Likelihood Estimator becausddteaorm normalization

gC
jigii? 419
minimizes the Mean Squared Error (MSE) between the observed CSM and the estimated source
power

MSE= jC Agj?: (4.1.10)

The MSE and the variance of Formulation Il are smaller or equal compared to Formulation Il [25].
Formulation IV seeks to minimize the MSE with h = 1 =N, which satis es condition two but only
yields the power estimation

b(ys) L X 2 (4.1.11)
ys) = <4, 1.
M m:]. dS
of which the error is less or equal to formulation | [25]. D. Ernst [37] formalized the steering vector

normalization with
h(y) = fiy)exp (' (y)) (4.1.12)

and

o
)= ijgg:(y)j R
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Figure 4.1: Comparison of the steering vector in uence on the PSH at 4096 Hz for (a);(b) a
source aty = [0:5; 1;0], and (c); (d) two sources aty, = [0:5;1;0];y;; = [0:5;0:5;0].
The equidistant array is located af = z=0,and 05 x 05 M =11 sensors.
(a); (¢) show the PSF fory = 1;z =0, and (b); (d) show the PSF foix =0:5;z =0.

that satis es condition one for =1; 2 R, and conditiontwo for =1 1= . Both conditions can
onlybemetat !'1 , where beamforming renders useless due to the weighting of the microphones.
However, we can use the generalization to analyze the steering vector behavior. With

h
\h= — 4.1.14
i ( )
the steering vectors result from eq. 4.1.13 with

h! =0 =1 A= L (4.1.15)

M

11
h' =1 =0 A= —— 4.1.16
M jgj ( )
N -1 =2 19l 4117
ii9ii3 ( )

1 1 jgj
h'v == =1 A= p—— 4.1.18
2 M jigiiz ( )

Figure 4.1 shows the PSF that results from the di erent steering vector formulation for two cases.
First, a single source. Second, two sources are located behind each other in relation to the array. The
PSF for formulations | and 1V is scaled to yield the correct resulyat 1 m. Figure 4.1(a) shows that

the side lobes of formulation 1V are lowest parallel to the array and increase through formulations
I, I, and IV. The main lobe width and grating lobe strength are identical for the formulations.
Figure 4.1(c) shows that for two cases, the PSF of IV is not strictly lower for all focus points, but
the general observation still holds. The grating lobe of the second source is projected to a di erent
location due to the wrong focal plane. Figure 4(f)) shows that perpendicular to the array, the best
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choice of the steering vector depends on the estimated source region. Formulations Il and Il su er
from distance normalization, producing distance-dependent side lobe strengths. While closely behind
the source, the main lobe is still dominant. At increasing distances, the side lobe always dominates
the PSF. Figure 4.1(d) shows that the same is true for two sources. The main lobe strength for |
and IV aty;, shows that they do not produce the correct amplitude.

4.2 Conventional beamforming

The result of conventional beamforming depends on the employed steering vector, as discussed in
Section 4.1. Throughout this thesis steering vector formulation Il is used for planar beamforming at
a xed distance from the array, and steering vector formulation 1V is used for 3D beamforming.

The conventional beamforming [115] resudtis calculated with
b= hYCh : (4.2.1)

Since the CSM diagonal is dominated by self-noise, it is typically excluded in the beamforming process,
known as Diagonal Removal (DR). If so, the steering vectors must be adjusted with weights. E.g.,
formulation IV [107] with diagonal removal then reads

h = g - (4.2.2)

1=4
M(M  1)kgkj k gkj

If the medium is not at rest, the propagation vectgr is derived from the Green's function for the
convective Helmholtz equation [106]. For theth focus pointg is given by
exp e (1Y) M+jxi yim)

. . 423
4 X1 Yim .23

a(y)=

and depends on the frequencty the speed of sound, the mean ow velocity vectou; , the m-th
microphone positiorx,, and the focus positiory with

q
Xm o yim = (Xm y) M)Z+(1 ] Mj?)jxm VYj?%; (4.2.4)
_ ur |
M = - (4.2.5)
2f
k== (4.2.6)

Conventional beamforming has many similarities to optical imaging. While the focus points can be
freely de ned, an increase in focus points only yields an increase in pseudo resolution, as the array's
aperture determines the resolution of the optical system. The Rayleigh criterion with a sinus small
angle approximatior(sinx  x) yields

d;

X 1:22—- 4.2.7
5 (4.27)

whered; is the source distance, and is the array's aperture. Below the Rayleigh criterion, sources
can no longer be spatially separated. For practical application, the true resolution depends on the
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Figure 4.2: The Figure shows a comparison(a); (b) an incoherent,(c); (d) a partially coherent,
and (e); (f ) totally coherent monopole line-source with- 0:5m, f = 4096 Hz, L¢ = 3,
PSD = 100dBm . (a) through (f) show the observed CSMgg); (h) show the 3D
setup, and(i) shows the CBF resultis (steering vector Ill, see Section 4.1) based on these
CSMs, assuming compact, incoherent monopole sources (M) for the incoherent (red),
partially coherent (purple), and coherent case (brown). Thus, the resulting deviations
originate from the mismatch of the propagation assumption and true data.

exact sensor positions, the steering vector, and the source type and source position. Additionally,
aliasing at around and above the wavelength that equals the spacing of the microphones occurs.

As shown in Section 2.1.6, distributed sources and dipole sources are of particular interest, as they
violate the main assumption of conventional beamforming: spatially compact, incoherent monopole
sources. Figure 4.2 shows for a monopole line source how the coherence length a ects the CSM, and
thus, the estimated source power using conventional beamforming. Note, that the beamforming levels
are normalized toadBHz *m 1 using the correct from eq. 2.1.47. As explained in Section 2.1.6,

the integration over the line source is supposed to yield the total power, but the power is displayed
over a spatial variable. The problem is that the number of sub-sources and focus points is unequal.
This is similar to why a PSD (irPa? Hz 1) is used over an SPL (iR&?), as the frequency normaliz-

ation makes the power independent of the step size between the discrete frequency bins. Thus, the
normalization by the length is necessary, which, as shown with eq. 2.1.48, requires the knowledge of
the coherence between the sub-sources. Note that this is only a problem concerning the display of
the results but not obtaining the results. However, one should keep this issue in mind for the inter-
pretation of distributed sources. The source coherence has a strong in uence on the beamforming
results. While the conventional beamforming assumptions are not violated for the incoherent case
(the line source is simply comprised of spatially compact monopoles), the results for a (partially)
coherent line source show that the line source is not reconstructed properly. The coherence between
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Figure 4.3: The Figure shows a comparison(a); (b) an incoherent,(c); (d) a partially coherent,
and (e); (f ) totally coherent dipole line-source with= 0:5m, f = 4096Hz, L¢c = 3,
PSD=100dBm I. (a) throughf show the observed CSME&g); (h) show the 3D setup,
and (i) shows the CBF results (steering vector Ill, see Section 4.1) based on these CSMs,
assuming compact, incoherent monopole sources (solid lines) and compact, incoherent
dipole sources with the correct dipole orientation angle (dashed lines).

the sub-sources results in observing a single source that is not well localized. Additionally, the power
estimation error is large compared to the incoherent case. Still, the overall detection of a source in
the correct area and estimation of the source power shows how robust conventional beamforming is
against violations of its assumptions.

Figure 4.3 shows the corresponding result for the same setup from Figure 4.2 for a dipole line source.
The monopole beamforming results are additionally normalized by the absolute value of the dipole's
Green's function, see eg. 2.1.23 and eq. 2.1.26, which compensates the large frequency-dependent
0 set in source power compared to the monopole. The result is very similar to the monopole source,
even for the beamforming using either a monopole or dipole assumption for the steering vector. The
results show that distributed coherent and incoherent sources are observed di erently, as the locked
phase di erence leads to interference in the sound eld for the coherent source. Thus, the coherent
source is observed as a much more compact source through beamforming with a compact, incoherent
monopole assumption, compared to the incoherent source. For the dipole case, the monopole and
dipole assumptions yield very similar results since the observed CSM is also very similar. This is
because the dipole's main lobe is orientated in the direction of the array, from where it is mostly
indistinguishable from a monopole. With an increasing deviation of the dipole's main lobe angle, the
results will increasingly di er. In the worst case, at= 0 , the dipole will radiate nearly no energy

in the directions of the sensors. Thus, its amplitude will be greatly underestimated by conventional
beamforming. This means that if the dipole is visible in the conventional beamforming results, its
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main lobe must be roughly orientated towards the array, and thus, the results are fairly valid. Oth-
erwise, other sources will dominate the result, and the dipole will not be visible.

The results show that the general reconstruction of distributed, partially coherent dipole sources

is qualitatively possible with a compact monopole assumption. When mixing dipole and monopole
beamforming results, a drastic over- and underestimation of the source power can be avoided by not
calculating the true source power but referencing it to a normalized distance,d.e..1 m, so that

the frequency dependency in the dipole's Green's function cancels out. Again, this concerns only the
display and interpretation of the results rather than their calculation.

4.3 CLEAN-SC

CLEAN-SC is a popular deconvolution algorithm for conventional beamforming methods. It is
based on the idea that each focal point represents a compact, incoherent source. Thus, any coherence
measured between two focal points originates from the PSF. The coherence between two signals is
given by

2 IGyi® |

= : 4.3.1
GXX ny ( )

CLEAN-SC is based on the idea that the coheremﬁg between an arbitrary focus point, and all
other focus pointsxj can be estimated by steering the CSM to the focus points with

jw; Cw j? _ iAKi?

= ; 4.3.2
(w; Cwj)(w,Cwyg)  Aj Ak ( )

2 _
k=

wherew is an arbitrary steering vector [107]. Removing the coherent parts of a source removes
the PSF (but also distributed sources) from the map. The advantage over CLEAN-PSF, where the
theoretical PSF for a monopole source is subtracted from the beamforming map, is that CLEAN-SC
measures the PSF. This is performed iteratively with the Algorithm 1, whemeis the current
iteration, for a maximum number oN iterations, or until a stopping criterion is met [114]. 2 f is

the current frequencyA is the conventional beamforming result for the steering veatgrand x is

a list of all focus pointsC is the dirty CSM,G is the CSM of the iteratively identi ed source, and

Q is the nal CLEAN-SC estimation of the deconvolved map. For stability, a loop géir 1

is used. The algorithm can be performed with Diagonal Removal (DR) [114] to remove self-noise.
Typical stopping criteria for the iterations include a certain dynamic range of the remaining source
map compared to the initial maximum or the norm of the remaining CSM.

The method assumes that the global maximum in the beamforming map is the true source position
to estimate the source position and strength. While the method is robust towards errors in the local-
ization of the source, one still has to identify the source's main lobe so that the coherence between
the estimated source position and all other focus points yields a meaningful result. Thus, a dense
focus grid is necessary to achieve satisfying results, especially at short wavelengths, where the spatial
resolution is higher than the focus-grid resolution. However, re ning the focus points will only solve
this problem partially due to the basis mismatch [29]. More advanced methods exist, such as High
Resolution HR-CLEAN-SC [116]. However, standard CLEAN-SC will be employed in this thesis due
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Algorithm 1 Standard CLEAN-SC.
FUNCTION CLEAN-SC (C;w; ):

Q(fsx) 0
for f inf do
n O
A wi(F)C(E)w(F)
while n N do . or an other arbitrary stopping criterion is met
n n+1
k argmax(Ajj)
Ak Ajj (Xk) . nd pos. of max. amplitude
h %\kak(f) . nd steering vector to the corresp. loc.
if DR then
H | hh . diag. matrix from steering vector
h  ootmw ch()f")vw + Hw . iteratively nd steering vector if DR
end if
G  Ayhh . calc. CSM for the identi ed source
C(f) C(f) G . Subtract identi ed source from dirty CSM
Ajj Ajj w; (F)G(f)w; (f) . Subtract clean beam from dirty map
Q(f; xk)  Qf; XK+ A . add identi ed source strength to CLEAN-SC output
end while
end for

return Q(f;x)

to its computational e ciency and large datasets.

Since CLEAN-SC will be used as the main method throughout this thesis to evaluate airframe noise,
the following results assess how it behaves if the assumptions of spatially compact, incoherent sources
are not met. The 1D set-up from Section 2.1.6 will be used to asses this issue, with a 1D focus grid
at 05m x 0:5m with N = 500 focus points at y = 0:5m, and an equidistant array at
0:25m x  0:25m with M = 100 microphones. Figure 4.4 shows the result for a spatially
compact monopole that meets the CLEAN-SC assumptions. Thus, the source is well reconstructed,

Figure 4.4: Spatially compact sourcéa) shows the conventional beamforming solution with steering
vector Ill. The black dashed lines show the outer edges of the true source locdtpn,
shows the corresponding CLEAN-SC solutiqo) shows the spatially integrated PSD,
where the red line shows the integration of the total area, the black line indicates the
source area between the black, dashed lineganand (b), and the blue line outside the
source area (noise).
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Figure 4.5: Line source with 100c = 0 (incoherent) sub-sources according to the description in
Figure 4.4 and the setup in Figure 4.2.

Figure 4.6: Line source with 100c = 1 (coherent) sub-sources according to the description in
Figure 4.4 and the setup in Figure 4.2.

except at very low frequencies, where the main lobe cannot be su ciently resolved spatially.

Figure 4.5 shows the corresponding results for an incoherent line source, presented in Figure 4.2.
The line source is constructed frol = 100 sub-sources, spaced in ax = 0:5m interval along

the focus grid. The amplitude of the line source is P@) = 100 dBHz ! according to the sub-
source scaling presented in Section 2.1.6. The conventional and CLEAN-SC results reconstruct the
line source well from medium to high frequencies, where it is spatially well resolved. At lower fre-
guencies, only a few of the sub-sources are reconstructed. The total source spectrum is well estimated.

Figure 4.5 shows the results for a coherent line source, presented in Figure 4.2. The conventional
beamforming resolves the spatial location of the source reasonably well. The SPL is underestimated
at high frequencies due to the increasing interference from the source at the microphone positions.
As a consequence, the right edge of the line source cannot easily be identi ed. CLEAN-SC recon-
structs a single source position at any given frequency, corresponding to its assumptions. Since it
assumes incoherent sources, any measured coherence between focus points will be (wrongly) attrib-
uted to the PSF. Thus, the SPL is underestimated for distributed, coherent sources, in addition to
the underestimation due to the interference at small wavelengths (compared to the size of the source).

Figure 4.5 shows the results for a partially coherent line source Wigh= 3, presented in Figure 4.2,
with the coherence model presented in Section 2.1.6. Since the coherence model features an exponen-
tial coherence decay over increasing frequency, see eq. 2.1.38, the coherence decay counters exactly
the power underestimation due to interference, see Figure(d)6Still, the SPL is underestimated by

PSD 4dB. The spatial estimation lies somewhere between the coherent and the incoherent case.
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Figure 4.7: Line source with 100c = 3 (partially coherent) sub-sources according to the description
in Figure 4.4 and the setup in Figure 4.2.

The coherent solution dominates at low frequency due to the long coherence length. At increasing
frequency, more sub-sources are estimated at decreasing spatial distances, which corresponds to the
coherence model.

In summary, CLEAN-SC will estimate several sources in the area of distributed sources, where the
number and density depend on the coherence of the source. The distance between the reconstructed
sources increases with an increasing coherence and decreasing frequency. With increasing frequency
and increasing coherence, the power is gradually underestimated. However, for real-world sources
where we expect the coherence length to shrink with increasing frequency, the e ect is countered so
that it is reasonable to assume a constant power underestimation over frequency.

Figure 4.8 shows a real-world example of conventional beamforming and CLEAN-SC results of the
Embraer model [8] with a traditional display of the map. The Figure shows the avertegrated
third-octave source maps, which show a complex spatial distribution of sources that vary over fre-
guency and Reynolds number. We observe mostly point-like sources along the slat that spatially
correlate with the slat tracks. A graphical indication of the source types and their names is shown
in Figure 5.3. The locations are mostly consistent over frequency (opposed to the location of coher-
ent, non-compact sources shown in Figure 4.6 and Figure 4.7). This indicates that the CLEAN-SC
assumptions are mostly reasonable for the dominant sources at the Embraer wing.

Figure 4.9 shows the corresponding integrated spectra of the full maps presented in Figure 4.8 for
DP 2, DP 5, and DP 6, which allow a comparison of the sound emission at increasing Mach number
and constant Reynolds number, see Table 3.3 and Section 2.1.2. Figur@} $hows the integrated
spectra over the Strouhal number, Figure 4B) over the Helmholtz number, and Figure 4(8)
shows the scaled spectra for an®Nbw, typically proposed for airframe noise [55]. Figure 4.9 and
Figure 4.8 are the standard visualization and analysis methods.

4.4 B-CLEAN-SC

This section introduces Broadband-CLEAN-SC (B-CLEAN-SC), based on original work [52], which
aims to relax the problems of CLEAN-SC at high and low frequencies by adapting the idea of broad-
band Global Optimization, see Section 4.5: The processing of multiple frequencies at once, so that
the side lobes cancel out, and actual source positions can be identi ed. This is achieved by introdu-
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