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Abstract

In aviation, clear-air turbulence (CAT) is a major cause of in-flight injuries. It oc-
curs in cloudless skies and cannot be detected by the onboard weather radar. Studies
have predicted the extent of CAT to increase substantially in the next few decades, thus

necessitating a method for detecting CAT.

With CAT known to generate low-frequency and infrasonic acoustic emissions, acoustic-
based methods can potentially be deployed for detection and localization. This thesis

studies low-frequency acoustic source detection and localization in the context of CAT.

Localizing low-frequency acoustic sources is challenging for acoustic beamforming which
suffers from poor resolution at low source frequencies. A deep learning-based method is
adopted as an alternative. Deep learning models for two-dimensional and three-dimensional
acoustic source localization (ASL) have been built using synthetic data and computation-
ally inexpensive neural network architectures. These models are necessary to prove the
viability of deep learning for low-frequency ASL. The thesis then explores the potential of
a deep learning-enabled, acoustics-based method for CAT detection in the future through
a large-scale, virtual flight case, set up for the detection of a representative CAT source.
The flight case tries to predict what an in-flight microphone will detect around a CAT
source through a technique known as auralization which simulates the acoustic field of a

source by modeling the sound propagation and determining what a receiver would hear.

The deep learning models yield promising qualitative and quantitative results that
prove the feasibility of using deep learning for low-frequency ASL. Combined with the re-
sults from auralization, it can be concluded that there exists considerable scope for deep
learning-enabled, acoustics-based detection and localization of CAT. The future work in-
volves expanding the current scale of research with deeper network architectures to process

real, in-flight acoustic data.
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Chapter 1
Introduction

Acoustic source detection and localization is an innate ability of humans. Our sense of
hearing naturally equips us with the ability to “detect” sound, and if possible, “locate”
the source of sound. Detection can thus be viewed as the first step of localization. A
formal distinction between these two related yet slightly different processes can thus be
put forth: acoustic source detection refers to sensing acoustic signals from a source in an
environment whereas acoustic source localization (ASL) is the process of determining the
location - the exact point, direction, or area in physical space - of the source generating
the sound ( : ). It is a powerful inherent ability, but not
powerful enough as the human range of detection and localization is limited to the audible
frequency range (20 Hz-20000 Hz) and simple source distributions. And so as humans,
we do what we have always done to address our physical limitations: turn to our ally in
technology which in this case, consists of complex microphone infrastructure and source

localization algorithms.

The famous quote by Albert Einstein, “Look deep into nature and then you will un-
derstand everything better”, serves as a reminder of the purpose of science - to try and
explain how the natural world works. Viewing nature with our acoustic hat on, nature
communicates with us through the lower end of the frequency spectrum. Turbulence,
oceans, earthquakes, thunderstorms, and volcanic eruptions, are all known to produce
low-frequency (< 300 Hz) sound and infrasound (< 20 Hz). Thus, the detection and local-



ization of low-frequency and infrasonic acoustic sources is an important topic in the fields
of aeroacoustics ( , ), ocean acoustics ( , ; , ;
, ), and seismology ( , ; , ; :

).

As people working in fluids, we are naturally drawn to aeroacoustics in which the theme
of source detection and localization is explored through turbulence-generated acoustic emis-
sions. While sound generation from isotropic turbulence is well-studied ( , ),
recent works ( : ) have also looked to understand the fundamental inter-

action mechanism of vortical structures which is the main source of aeroacoustic noise.

In aviation, a type of turbulence encountered by flights known as clear-air turbulence
(CAT) is one of the major causes of in-flight injuries. As recently as May 21, 2024, a Sin-
gapore Airlines flight from London to Singapore encountered severe turbulence, resulting
in multiple casualties. CAT is encountered in cloudless skies, typically at altitudes of 5.6
km or higher ( , ) and occurs when jet streams traveling at different speeds
meet, resulting in a strong change in wind direction or wind shear. Research carried out at
the University of Reading has found that the turbulence in the North Atlantic jetstream
has increased by 50% between 1979 and 2020. Furthermore, climate change and warmer
temperatures due to global warming are strengthening the jetstreams and increasing the
wind shear, making CAT more frequent and severe. The research projects the amount of
CAT in the atmosphere to double or triple in the next few decades and this is likely to
present a major challenge to the aviation industry. Typically, an onboard weather radar
detects precipitation ahead of the aircraft to estimate the cloud’s size and the extent of
turbulence. However, the cloudless nature of CAT makes it invisible to radar. Currently,

the only way to detect CAT is through pilot reports.

It is well-documented that CAT emits low-frequency and infrasonic emissions. Acoustics-
based methods can potentially be used to detect and locate CAT in the future. These
methods are low in cost, robust, and easily deployable ( , ), thus making

them an avenue worth exploring.

While a low-frequency acoustic signal may be detected by a microphone system, the

localization of the signal has proved to be challenging with the current source localization



methods such as acoustic beamforming. Beamforming tends to suffer from poor resolution
at low source frequencies. Figure 1.1 shows the increasingly poor localization predictions as
the source frequency decreases. The resolution is even poorer for the low-frequency range
we are interested in. This limitation of beamforming causes us to look for an alternative

method for low-frequency source localization.

Point Sources at 8000 Hz Point Sources at 2000 Hz
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Figure 1.1: Comparison of beamforming result for point sources (located at (0,0.14,0.3),
(0.15,-0.1,0.3), and (-0.12,-0.15,0.3)) emitting white noise signals over 1/3 octave bands
with center frequencies of 8000 Hz and 2000 Hz, obtained using the open-source beam-

forming framework developed by Sarradj and Herold (2017).

Due to advancements in computational science and data, machine learning (ML), and
deep learning (DL) in particular have shown great promise in the field of acoustics (Bianco
ot al, 2019; Grumiaux et al, 2022; Yalta et al; 2017). Despite the limitations of these
methods, such as requiring large amounts of data and not being physically intuitive, the
ability of deep learning algorithms to extract features from data in any shape or form

provides a lot of scope for their application in acoustic source localization (ASL).

Thus, this thesis builds deep learning models for the localization of low-frequency
sources as an alternative to beamforming. These models cover three general cases of two-

dimensional and three-dimensional ASL and are built using limited synthetic data and



computationally inexpensive neural network architectures. The models collectively prove

the feasibility of using deep learning for low-frequency ASL.

Furthermore, to explore the scope and viability of a deep learning-enabled, acoustics-
based method for CAT detection (and localization) in the future, this thesis sets up a
large-scale, virtual flight case for the detection of a representative CAT infrasound source.
We attempt to predict what an in-flight microphone will detect when approaching the CAT
source through a technique known as “auralization”. Auralization is the acoustic counter-
part of visualization and refers to simulating the acoustic field of a source by modeling the

sound propagation and determining what a receiver would hear.

Modeling the long-range propagation of sound in the atmosphere, which is the most
important step in auralization, is done using a method known as ray tracing which treats
sound waves as rays. The ray tracing method used in this thesis (developed by

( )) tries to model as accurately as possible, the nature of the sound detected
by taking into account the turbulence spectrum, wind advection, atmospheric refraction,

geometric attenuation, and the Doppler frequency shift experienced by the sound.

As such, the objectives of this thesis are:

e Building deep learning models for localization of low-frequency acoustic sources as
an alternative to beamforming using synthetic data and computationally inexpensive

networks.

e Auralizing a representative CAT source in a large-scale simulated flight case using

ray tracing.

The fulfillment of these objectives will help provide a holistic understanding of low-frequency

acoustic source localization in the context of CAT detection.

The rest of this thesis is organized as follows. Chapter 2 gives a literature review and
a detailed background of the various aspects of the topic. Chapter 3 then discusses the
methodology and results obtained from deep learning-based acoustic source localization,
followed by Chapter 4 which does the same for the auralization of a representative CAT

source. The conclusion and scope of future work are given in Chapter 5.
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Chapter 2

Literature Review and Background

Various aspects collectively make up our understanding of acoustic source localization
(ASL) in the context of CAT detection. These aspects have been systematically presented
in this chapter to facilitate the reader to get a grasp on the flow of the thesis.

To contextualize our work, a review of sound generation by turbulence is presented.
This is followed by acoustic source localization in which we first discuss beamforming and
its limitations after which a detailed background of deep learning-based ASL is provided.
Finally, auralization and ray tracing in particular, are discussed in depth to round off the

chapter.

2.1 Turbulence-Generated Acoustic Emissions

Sound emission from turbulence was studied theoretically by ( ) who derived
an expression for the acoustic pressure from a patch of isotropic turbulence.

( , ) explored the principle mechanism behind sound generation by turbulence
which is the the self and mutual interactions of vortical structures such as vortex recon-
nection. ( ) developed vortex dynamic models to characterize sound
generation by aircraft wake vortices and discussed various sources of sound tied to the

excitation of the vortex core. Acoustic emissions from vortices have been observed in vari-



ous wake vortex detection experiments carried out at airports ( , ;

Y Y Y Y Y )'

Regarding the spectra of these vortices, ( ) and ( ) have
both detected infrasonic emissions from wake vortices using highly sensitive infrasonic
microphones. ( ); ( ) ( ) have also provided
evidence of low-frequency acoustic emissions from atmospheric turbulence. ( )

captured noise frequencies in the range of 0.2-200 Hz from atmospheric turbulence at
high altitudes using free-floating balloons carrying acoustic probes. ( )
recorded infrasound in the 1-16 Hz frequency range using a ground-based, four-microphone
array for nearly two months and hypothesized, based on spectral analysis and turbulence
observations, that the frequency range could be associated with CAT. ( )
also experimentally verified the presence of infrasound from CAT using a ground-based

infrasonic microphone array and validated it with pilot reports.

2.2  Acoustic Source Localization (ASL)

2.2.1 Acoustic Beamforming

Beamforming ( , : , : , ) uses a
microphone array that can focus on different points in space to capture the signal coming
from different directions. A delay is added to each microphone signal such that if the array
points in the direction of the source, constructive interference occurs upon the addition
of all microphone signals, and destructive interference occurs otherwise. By moving the
array from point to point, a source distribution map can be obtained. This formulation
is normally done in the frequency domain as it enables the application of deconvolution
techniques such as DAMAS ( : ) and CLEAN-SC ( :

) to give better results.

Beamforming however suffers from poor resolution at low frequencies. This limitation
can be attributed to the Rayleigh resolution criterion, originally given by ( )

for the angular resolution of an optical system but can be applied analogously to an acoustic



system.

According to the criterion, two sources of light can be resolved if the central maxima
of the diffraction pattern of one source falls directly on the first minima of the diffraction
pattern of the other. The first minima in the diffraction pattern lies at an angle of § =
1.22)\/D on either side of the maxima, where A is the wavelength of light and D is the
diameter of the circular aperture through which the sources are observed. Applying these
analogous principles to acoustic beamforming gives us the Rayleigh Resolution Limit (RRL)
which is the minimum required distance between two sources for them to be resolved. This

is given as ( , )
Co
L ~122|z]— 2.1
RRL ~ 1.22]2| 7 (2.)

Here |z| is the distance between the source and the microphone, and ¢y and f are the
speed and frequency of sound respectively. It can be seen from the expression that the
resolution limit is inversely proportional to the frequency. In other words, lower-frequency
sources would have to be much farther apart to be resolved by the beamformer. Due to

this limitation of beamforming, we turn to deep learning-based approaches.

2.2.2 Deep Learning-based ASL

A general study of the literature on deep learning-based acoustic source localization (ASL)
offers insights into the different kinds of input features and network architectures used,
which can then be applied to low-frequency ASL. Most of the research in deep learning-

based ASL is focused on the localization of speech signals. While most works process the

acoustic data before feeding it to a network, ( ) were the first to use raw
audio signals as input to a convolutional neural network (CNN) ( : ) to
predict the position of the three-dimensional source. ( ) and

( ) used the phase component of the short-time Fourier transform (STFT)
and Generalized Cross-Correlation with Phase Transform (GCC-PHAT) respectively, as

input for estimating the direction of arrival (DoA) of speech signals.

Studies focusing on a source frequency range such as ( ) simulated a

phased microphone array and monopole sources at high frequencies (3000-8000 Hz) on a
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scanning plane and used the cross-spectral matrix (CSM) as input to a CNN for localization
of these sources. They were able to demonstrate excellent spatial resolution, comparable
to that of DAMAS ( , ), and much better than conventional
beamforming. However, they did not address the challenges at lower source frequencies.
( ) employed a similar setup and methodology, but focused on a wider source
frequency range of 200-20000 Hz and were able to predict the source distribution even for
low frequencies. However, they used a densely connected convolutional network (DenseNet)
( , ) that required large amounts of data and memory for training.
( ) carried out ocean source localization in the frequency range of 100-200 Hz
using a single hydrophone and the discrete Fourier transform of the raw pressure data.
50-layer residual networks (ResNet-50), which also needed a significant amount of training

data, were separately trained to determine the range and depth of the source.

While the literature has touched upon lower source frequencies, there are not many
works, to the best of our knowledge, that focus exclusively on low-frequency and infrasound
localization. The ones that address it ( , : , ) use very deep
and computationally expensive network architectures. Thus, in this thesis, we present
deep learning models for three reproducible test cases covering two-dimensional and three-
dimensional ASL, to show the viability of deep learning for low-frequency ASL. The models
are built using limited synthetic data and computationally inexpensive networks. We
adopted a relatively shallow CNN and trained it with an input feature suited to each
case. The test cases, which contain key features of applied ASL problems, seek to optimize
low-frequency ASL under the imposed computational limits and are intended to serve
as benchmark cases for studying and further developing low-frequency ASL using deep

learning. The methodology and results are discussed in Chapter 3.

2.3 Auralization of a Representative CAT Source

Modeling the propagation of sound is the most important step in auralization. Sound
propagation in the atmosphere is commonly modeled using ray tracing, a method based

on ray theory ( , ). Originally derived in optics, ray theory



simplifies the wave equation so that light waves can be assumed to propagate as rays
under the condition of the wavelength becoming very small. This assumption gave rise
to geometrical optics, a sub-field of optics. These principles can be analogously applied
to sound waves that too can be assumed to traverse as rays under the same limiting
condition. In our case, although low-frequency and infrasonic wavelengths are not small,
the ray theory can still be applied ( , ). Geometrical methods are applicable
as long as the change in the refractive index of the medium is small over the distance of
the wavelength and the duration of the period of the wave. As changes in the state of
the atmosphere are quite small over infrasonic wavelengths and periods, the geometrical

theory remains valid for infrasound propagation ( , ).

Ray tracing frameworks typically assume the ray path between the source and the
receiver, which is known as an eigenray ( : ), to be straight (
, ), essentially modeling propagation as free-space propagation from a monopole.
The monopole has a spherical wavefront. Straight ray tracing thus is efficient and easy
to implement. However, eigenrays are rarely straight lines in the atmosphere due to the
constantly changing refractive index, governed by wind and temperature gradients ( ,
). Atmospheric refraction causes the rays to be curved instead of straight and the
spherical waveform to be distorted which can have a significant effect on the received

sound ( : ).

( ) developed an open-source atmospheric ray tracing (ART)
framework that considers the effects of both refraction and advection to provide an effi-
cient way of calculating the eigenrays in a stratified moving medium. We utilized the ART
framework to model the sound propagation using curved ray tracing for our flight case
consisting of a stationary, broadband, infrasound source (representative of CAT) and a
moving receiver (airplane). We also modeled the propagation using straight ray tracing
and compared the results with curved ray tracing. From the eigenrays, we derived various
acoustic parameters to generate the signal that would be received by an in-flight micro-
phone, thus auralizing the representative CAT source. A spectrogram of this signal was

plotted for further analysis. The methodology and results are discussed in Chapter 4.



Chapter 3

Deep Learning-based Low-Frequency

Acoustic Source Localization (ASL)

This chapter discusses the development of deep learning models for low-frequency ASL.
Section 3.1 describes the methodology of ASL. Section 3.2 provides the details of the three
ASL test cases that cover two-dimensional and three-dimensional ASL, followed by Section

3.3 which discusses the results obtained from these cases.

3.1 Method

The methodology used for low-frequency ASL in this work can be described in three steps.
The first step involves capturing the synthetic acoustic pressure data using a simulated
microphone array. This data is then processed, either in the time or frequency domain, to
generate an input feature capable of being fed to a CNN. Finally, the CNN is trained with
the input feature against the ground truth and is used to make predictions. The method

is summarized in Figure 3.1.

Figure 3.2 shows a flowchart of the three ASL test cases developed in this work. Case

1 (inspired by ( : ; : )) is two-dimensional ASL on a scanning

10



Data Acquisition Using Processing the Data to Training a CNN with
. — -
a Microphone Array Generate Input Features the Input Features

Figure 3.1: Flow of data in the method. This structure is followed by all the test cases
developed in this work.

plane parallel to the microphone array plane. This case can be applied to the localiza-
tion of aeroacoustic sources, such as wake vortices that emit low-frequency noise. Case
2 (source localization on the horizon), also two-dimensional, tackles ASL as a Direction-
of-Arrival (DoA) estimation problem. Case 3, which is an extension of case 2, deals with
three-dimensional ASL. Cases 2 and 3 are inspired by ( )’s work on the
development of an early-warning CAT detection system using a ground-based microphone

array. All the cases are discussed in detail in Section 3.2.

Acoustic Source Localization (ASL)

2D ASL 3D ASL

/\ (Case 3)
Scanning Plane Horizon
(Case 1) (Case 2)

Figure 3.2: ASL test cases. All the cases use the framework shown in Figure 3.1.

3.1.1 Microphone Array and Acoustic Source Simulation
Microphone Array

Two types of microphone arrays are simulated. The first type, used for case 1, is a 64-
microphone array in the shape of a logarithmic spiral. A spiral is naturally irregular and has

unique inter-microphone spacing which is needed to avoid spatial aliasing, thus making it

11



a popular architecture for microphone arrays ( , ). The specific type
of logarithmic spiral used in this work is called the Arcondoulis spiral which performs well
over a range of frequencies. The equation of the spiral is r = ae?” wherein the parameters

a and b were set as a = 0.018 and b = 0.002 to obtain the microphone array as shown in
Figure 3.3.

0.6
0.4 1 ®
°
.
°
0.2 1 °
° ° L]
e e e L] L
° o °
e o L
0.0 . o'Q} o °
° . °
® . ° e L] ®
- ., °
-0.2 1 ° ®
° °
° °
—0.4 1
® °
°
-0.6 T T T . :
-0.6 -0.4 -0.2 0.0 0.2 0.4 0.6

Figure 3.3: A simulated 64-channel, logarithmic spiral-shaped microphone array.

Using a large number of microphones may not always be economically viable nor is it
necessary to capture low-frequency content. Thus we also simulated a more minimalistic
array. The microphone array used for cases 2 and 3 is a 4-microphone array as shown
in Figure 3.4. The type of array chosen depends on whether the case is modeled as a
regression or classification task. Case 1 is modeled as a regression problem to accurately
predict the location of the sources. Due to its complexity, the array with more microphones

is chosen. Cases 2 and 3 are classification tasks that involve estimating the DoA of the
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signal. They are relatively less complex and thus use the 4-microphone array.

2

(0,v/3/2)

(-1,-V3/2) (1,-V3/2)

Figure 3.4: Four-microphone array. The three outer microphones form an equilateral

triangle while the fourth microphone is at the midpoint of the altitude (origin).

Acoustic Source

We simulated two types of acoustic sources with different levels of complexity. Source 1
(S1) (eq. (3.1)) is an analytically-defined monopole that oscillates at a fixed frequency
f. Ps(m) ( : ) shows the complex acoustic pressure due to a monopole s as
detected by a microphone m located at a distance r; from the source. Here, @) is the
complex source strength, and c¢q is the speed of sound in the air, both assumed to be
constant. S1 exhibits geometric decay through distance-based attenuation of the complex
pressure Py(m). It is computationally inexpensive and allows us to test models rapidly.

e—j27rf'rs/co

Py(m) = Q (3.1)

A7 |r|
The second type of source, Source 2 (S2) (eq. (3.2)), is also an analytical source: a time-
domain sinusoidal plane wave signal of amplitude A, frequency f, and phase difference
¢. This signal is assumed to be detected by the microphones. The phase difference for a

microphone with respect to another is given as ¢ = 27 f7, where 7 is the time delay or the
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difference in times when the signal is detected by the pair of microphones. In our case,
the phase difference for all microphone signals is defined with respect to the microphone

at the origin. The signal is also polluted with uncorrelated white noise.
P(t) = Asin(2n ft + ¢)) + Noise (3.2)

Being a plane wave, S2 does not undergo any geometric decay. Unlike S1 which is strictly
defined in the frequency domain, S2 can be used for both time- and frequency-domain

processing.

3.1.2 Convolutional Neural Network

A shallow convolutional neural network (CNN) similar to the generic CNN shown in Figure
3.5 is adopted for all three cases in this work. A CNN typically finds its application in image
classification as it can extract features from images using a combination of convolution and

pooling layers.

Figure 3.5 shows the working of a CNN through convolution and pooling operations
performed on a (32 x 32 x 1) sized image/input feature. The stride values for the con-
volution and pooling layers are 1 and 2, respectively. Once the image is fed to the CNN,
the convolution layer applies a series of filters to help the network capture the various
characteristics of the image. The image size thus changes after the convolution operation.
For an image of dimensions [ x [, filter width F' x F', zero-padding P, and stride S, the

output dimensions of the image are [% + 1] X [% + 1] ( : ).

This is followed by a pooling layer which downsamples the image, thereby reducing
its size while preserving the dominant features. The dimensions of an I x I image after
a F' x F max-pooling filter operation are [LSF) + 1] X [LSF) + 1]. The resulting image
is then flattened to a vector and fed to a fully connected layer as part of a regular feed-
forward network. The loss and activation functions in the final layer are chosen depending
on the nature of the case i.e. if it is a regression problem or a classification problem. The
CNN compares its prediction with the ground truth, calculates the loss/error, and adjusts

its learnable parameters to minimize the loss.
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Input Image:32x32x 1

Fully-Connected Layer: 256 x 1

Convolution: 3 x 3, 24 Filters Max-Pooling: 2 x 2
Image Size: 30 x 30 x 24 Image Size: 15 x 15 x 24
Flattened Image: 5400 x 1

Figure 3.5: An example showing a generic convolutional neural network and the impact of

convolution and pooling layers on the image size and information transfer.

3.2 Test Case Setups

3.2.1 Case 1: Source Localization on a Scanning Plane

This case takes inspiration from the work done by ( , ; , ).

( ) in particular, carried out source localization on a scanning plane parallel to the
microphone array plane for a wide frequency range of 200-20000 Hz, using a deep neural
network called DenseNet-201. They were able to show the superiority of DenseNet-201
over other classic acoustic imaging methods. However, the DenseNet needed a significant

amount of simulated data, memory, and processing power to train.

In this work, we focused on ASL at two frequencies in the low-frequency range (100 Hz
and 300 Hz) using limited training data and a shallow CNN to prove that ASL is feasible

using a computationally less expensive approach. The setup is shown in Figure 3.6.

We used a scanning plane of dimensions 1.2m x 1.2m. The scanning plane was located
1.2 m above the plane containing the 64-microphone logarithmic spiral array. To generate

the training dataset, the scanning plane was divided into an N x N scanning grid and S
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Scanning Plane with Monopole Source

Microphone Array Plane

Figure 3.6: Case 1: Acoustic source localization on a scanning plane. The scanning plane
is discretized into a grid of uniform resolution. The finer the grid size, the higher the

computational cost.

number of monopole sources (S1, equation (3.1)) with unit source strength were randomly
distributed throughout the grid. The acoustic pressure of all the sources was added at all

the microphones (M) to form the combined pressure vector P given as:

S S S S

P= 1Y P(1),) P2, P3),...., ) P(M) (3.3)

s=1 s=1 s=1 s=1

The vector P, in turn, was used to calculate the cross-spectral matrix (CSM) as:
CSM = PPH (3.4)

where PH is the conjugate transpose of P. The dimensions of the CSM are M x M which
in this case, is 64 x 64. The CSM represents the power distribution over frequency, and we
used it as an input feature to the CNN. The CNN was trained against the ground truth
i.e. the source distribution from which the CSM was derived, to predict the strength and
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location of the sources. For the ground truth, the N x N scanning grid was converted to an
N? x 1 binary vector in which the elements corresponding to the sources were assigned the
value one (equal to the source strength), and the elements without a source were assigned
the value zero. As this is a regression problem, we defined the output layer as a dense
layer with N? nodes and without any activation function. We used the Rectified Linear
Unit (ReLU) activation function everywhere else in the network. The network prediction
is a vector of output layer dimensions (N? x 1) that is compared against the ground truth

vector to calculate the loss. The loss function used was the mean squared error (MSE)
defined as:

n a2
MSE — Zi:l (ypred ygt) (35)
n
where, y,req is the predicted vector given by the network, y, is the ground truth vector,
and n is the length of the two vectors (N?). The optimizer used was ADAM (
, ) with the default values of the hyperparameters. Details of the exact CNN model

and the training parameters are given in Section 3.3.

3.2.2 Case 2: Two-Dimensional ASL on the Horizon

This case used a classification approach to determine the direction of arrival (DoA) of the
acoustic signal from a source located on the horizon. The four-microphone array was used
for this case. As the DoA, the azimuth angle () had to be determined so the range of
possible values of 6 (0°-180°) was discretized into N classes. The output of the network
is a probability distribution of all the classes, and the class with the highest probability is
the estimated DoA. The setup is shown in Figure 3.7.

Since this case uses a classification approach, the final dense layer of the network had
the softmax activation function which normalized the output of the network to give the
probability distribution over N classes. ReLU activation is used everywhere else. ADAM
was used as the optimizer while the loss function was crossentropy which is the standard
loss function for classification problems ( , ). We used both types of
sources in this case, the monopole and the sinusoidal plane wave, and they have been

discussed separately.
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(-rcos(@),rsin(0))
s, (rcos(8),rsin(6))

S1

(-1,-V3/2) (1,-V3/2)

Microphone Array

Figure 3.7: Case 2: Two-dimensional ASL on the horizon. Two possible source configura-
tions S; and Sy are shown. 6 < 90° for S; while 8 > 90° for S;. The cartesian coordinates

of the source at these two positions are (r cosd,rsinf) and (—r cos @, rsin ) respectively.

Case 2(i): Monopole (S1)

To generate the training set, a monopole with unit source strength was placed at a real,
random value of 6 (in the range of §) and a fixed radial distance r(= 10 m) from the origin.
The cross-spectral matrix was calculated using the same procedure as case 1 and was used
as the input to a CNN. The value of 6 falls into a certain class and the index of this class

was the ground truth against which the network was trained.

Case 2(ii): Sinusoidal Plane Wave (S2)

A sinusoidal plane wave signal (equation (3.2)) was generated at a real, random value of 6
and fixed r(= 10 m). The signal was polluted with white Gaussian noise. The amplitude

of the pressure signal and the white noise were equal and set to 10 Pa. We applied the
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generalized cross-correlation (GCC) algorithm to all microphone pairs to generate an input
feature. GCC is a time delay-based localization approach as opposed to beamforming which
is a frequency-domain approach. GCC is known to be robust to noise and reverberation.
The generalized cross-correlation of two signals r1(f) and 7o(t) is defined as the inverse

Fourier transform (IFFT) of the cross-power spectrum ( , ) -

GCC =IFFT (R, ® R})
where, Ry and Ry are the short-time Fourier transforms of r; and ry respectively, ® rep-
resents element-wise multiplication, and * represents the complex conjugate. Figure 3.8
shows an example of a GCC pattern obtained using a pair of microphone signals polluted
with white noise. It can be seen that while the signals are distorted, the GCC pattern is
still very evident.

The entire GCC vector was not used as input to the CNN. For each microphone pair,
there is a certain number of correlation coefficients near the center that contain the nec-
essary information for localization. These coefficients are extracted from the GCC feature
map to be used as input to the CNN. The calculation for the number of coefficients to be
extracted is as follows: The maximum possible time delay (7) between two microphones
signals in the four-microphone array is the maximum distance between two microphones (2
m) divided by the speed of sound (343 m/s). Therefore 7 = 2/343 = 5.83 ms. For a sam-
pling frequency of 16,000 Hz, the maximum delay in terms of samples is n = 16000 7 = 93.
So, the first 93 coefficients from the center of the GCC map for each microphone pair
contain the information needed for localization. The first 93 coefficients from the GCC
maps of all microphone pairs (6) were concatenated to form a vector of size (558 x 1)
and then reshaped into a matrix of dimensions (31 x 18). This reshaped matrix was used
as input to the CNN. Of course, the vector of GCC coefficients can be directly fed to a
multi-layer perceptron (MLP) however a CNN is generally more powerful and accurate for
classification problems. It also has fewer learnable parameters which reduces the risk of

overfitting.
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Figure 3.8: GCC pattern for a pair of microphone signals polluted with white noise. The
GCC feature map is symmetric about the origin. Therefore, the correlation coefficients

can be extracted from either side of the origin.

3.2.3 Case 3: Three-Dimensional ASL

This case is an extension of case 2. Similar to case 2, we used the four-microphone array
and a classification approach. Both sources S1 (Case 3(i)) and S2 (Case 3(ii)) were used
in separately.

Along with the azimuth angle (#), the elevation angle («) also plays a role in localization
in this case. The ranges of 6 and « were discretized into N; and N, classes respectively. To
generate the training dataset, we placed the source (S1 and S2 separately) at real, random
values of # and « and fixed r(= 10 m). Just like case 2, the CSM was calculated for S1,
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Source

Microphone Array

Figure 3.9: Case 3: Three-dimensional ASL. The 4-microphone array is shown as a point.
The localization domain is: 0° < # < 180°, 0° < a < 90°. The location of the source in

cartesian coordinates is (r sin(a)cos(0),r sin(a)sin(0),r cos(a)).

and the GCC matrix was calculated for S2 as an input feature.

However, instead of using a conventional CNN, we used a multi-task CNN in which the
separate tasks of determining 6 and a were performed simultaneously by a single model.
This is made possible because both tasks rely on the same input feature (CSM for S1 and
GCC matrix for 52). Separate networks for  and « are an option (like case 2) however,
it is not very efficient as individual datasets have to be generated and each network has
to be trained separately. A multi-task network improves data efficiency and reduces the
training time and chances of overfitting significantly as the model has to generalize over
multiple tasks. Figure 3.10 shows the block diagram of the multi-task CNN used. This is
an example of hard-parameter sharing wherein the tasks share hidden layers while having
separate, task-specific output layers ( , ). For both output branches (6 and
«), the activation function in the last layer was softmax, and ReLU activation was used
everywhere else. The optimizer and loss function was ADAM and crossentropy respectively
for both the branches.
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Feed-forward
Network for Azimuth
Prediction (Task 1)

Common
Convolution and
Pooling Layers

Flattened
Feature Vector

Input

Feed-forward
Network for Elevation
Prediction (Task 2)

Figure 3.10: A multi-task CNN used for three-dimensional ASL. The main branch per-
formed the convolution and pooling operations on the input feature. The two output
branches peeled off the main branch, using the flattened feature vector as the input to give

separate predictions for # and a.

The CNN models for all the cases in this work were built using the deep learning
frameworks Keras and Tensorflow. The details of these models are shown in Table 3.1.

The training was done on Google Colaboratory using the Tesla T4 GPU accelerator.

3.3 Results

Table 3.1 gives the details of the CNN model used in all the three cases.

3.3.1 Casel

For case 1, the model was trained to detect six monopole sources that were spread across a
12x12 scanning grid plane by randomly assigning coordinates. The results are presented
and compared for source frequencies of 100 Hz and 300 Hz. ( ), who also
presented results for six-monopole source localization using a DenseNet, generated a batch
of 512 training samples for each epoch and ran their model for almost 3000 epochs. This

means the training was carried out with more than 1.5 million samples. In contrast, our
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Cases Conv. Layers, Max-Pool Layers, Dense Layers
Dimension Dimension (Nodes), Output
Dimension
1 3, (3 x 3), Filters: 2, (2x2) 4 (128), Output: 144
32,64,64
2(1): S1 | 2, (2 x 2), Filters: 128, None 1 (128), Output: N
64
2(ii): S2 3, (2 x 2), Filters: 2,(2x2) 1 (128), Output: N
128,64,64
3(i): S1 2, (2 x 2), Filters: None (0) : 1(128), Ny
128,64 () - 1(128), No
3(ii):S2 2, (2 x 2), Filters: 2,(2x2) (0) : 1(128), Ny
128,64,64 () : 1(128), N

Table 3.1: Summary of the convolutional neural network models used in all the cases

shallow CNN model was trained for 600 epochs on 50,000 training samples. The training
data is 0.00045% of the total number of possible samples ((124)) which is in the order
of ~ 10, thus exemplifying the limited nature of the data. The number of learnable
parameters was significantly smaller for the CNN (& 1 million) compared to

( )’s DenseNet (= 20 million).

The learning rate for the optimizer was fine-tuned to 0.0001. This case took approx-
imately 100 minutes to train. The obtained results were post-processed to highlight the
strongest sources (predicted source strengths of 0.3 and higher) and allow us to derive
qualitative and quantitative trends. Figures 3.11-3.12 show two source configurations as
predicted by the model for monopole sources at 300 Hz. Note that these are representative
results at 300 Hz. Figures 3.13-3.14 show similar results for monopole sources at 100 Hz.
The red dots represent the ground truth source configuration. These results are followed
by Table 3.2 which gives the source localization statistics at the two source frequencies for
1000 test samples.
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Figure 3.13: Sparse sources (100 Hz) Figure 3.14: Clustered sources (100 Hz)
Discussion

We limited our training data and number of epochs to 50000 samples and 600 epochs
respectively and sought to maximize the performance of the model under these constraints.
We found that at a relatively higher source frequency of 300 Hz (Figures 3.11-3.12), the

model was able to capture the source distribution reasonably well with a limited dataset.
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Sources Located | 300 Hz | 100 Hz
6 9 1
5) 70 10
4 272 39
3 397 142
2 210 344
1 42 348
0 0 116
Total 1000 1000

Table 3.2: Source localization statistics for 1000 test samples. A source is assumed to be
located if the predicted source configuration detects a strength of 0.3 Pa or higher at the

source location.

The model showed good resolution, less spreading, and was able to detect sparsely located
sources. The limit of the model’s performance under the computational constraints was
identified as 100 Hz since the results at 100 Hz source frequency (Figures 3.13-3.14) with the
same amount of training were relatively poor. The model struggled to detect the sources
when they were sparsely located (Figure 3.13) and tended to perform better when they
were located in a cluster. The increase in spreading is evident from Figure 3.14 but it is
still much less than beamforming wherein the poor resolution renders the results unusable
at low frequencies. To resolve low-frequency sources using beamforming, the size of the
scanning plane and the distance between the sources would have to be much larger than the
dimensions of this case. The CNN was able to resolve low-frequency sources on the current

scanning plane, thus highlighting its superior resolution and localization capabilities.

Table 3.2 indicates the frequency-dependent performance of the model. For a source
frequency of 300 Hz, the model was able to locate a majority of the sources (4 or more)
in 35.1% samples (351 out of 1000 samples), and at least half of the sources (3 or more)
in 74.8% samples (748 out of 1000 samples). At 100 Hz source frequency, the percentages
drop to 5% for locating a majority of the sources (50 out of 1000 samples) and 19.2% for
locating at least half of the sources (192 out of 1000 samples). To obtain better results at
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Classes (N) | Class Size | Accuracy ()
20 9° ~ 91%
30 6° ~ 89%
45 4° ~ 81%
60 3° ~ 69%

Table 3.3: Prediction accuracy for azimuth angle (#) in two-dimensional ASL with a
monopole source (S1) at 100 Hz. The accuracy values are for a test set of 10000 sam-

ples.

100 Hz and lower source frequencies, we have to go beyond the set network architecture

and training limits and increase the number of layers/training data samples/epochs.

3.3.2 Case 2

In cases 2 and 3, which are classification problems, the performance was measured in terms
of the prediction accuracy of the correct class (and thus the DoA) given by the model. In
case 2, the model predicted the class of . The training was done using 50,000 training
samples and 200 epochs with a fine-tuned learning rate of 0.0001. Since the source can be
placed at any real value of  between 0° and 180°, the training set of 50,000 samples is
very limited as the total number of possible cases is infinite. The results for the two types

of sources used in case 2 are given below.

Case 2(i): Monopole (S1)

We used a monopole source at 100 Hz. The frequency was once again identified as the limit
of the model’s performance under the set training constraints. The source was at a distance
of 10 m (r = 10 m) away from the origin. Since the dimensions of the cross-spectral matrix
(CSM) were small (4 x 4 for the four-microphone array), only 2 convolutional layers and
no pooling layers, were used in the CNN (Table 3.1). The variation in prediction accuracy

of 8 with the number of classes N is shown in Table 3.3.
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Classes (N) | Class Size | Accuracy ()
20 9° ~ 84%
30 6° ~ T76%
45 4° ~ 63%
60 3° ~ 52%
90 2° ~ 40%
180 1° ~ 20%

Table 3.4: Prediction accuracy for azimuth angle (#) in two-dimensional ASL with a sinu-
soidal plane wave source (S2) at 10 Hz. The accuracy values are for a test set of 10000

samples.

Case 2(i): Sinusoidal Plane Wave (S2)

For S2, we found that the performance of the model did not drop as much as the monopole
source at lower frequencies which allowed us to test for source frequencies well into the
infrasound range. We generated a sinusoidal plane wave signal at 10 Hz frequency polluted
with white noise. The distance of the source from the origin was 10 m (r = 10 m). In
this case, the amplitude does not undergo any decay and remains constant. The vector
formed by concatenating the extracted correlation coefficients from the GCC maps of the
microphone pairs (558 x 1), was reshaped into a matrix (31 x 18) and fed to the CNN. The
larger size of the image allowed us to apply more convolution and pooling layers. Table 3.4

shows the prediction accuracy of the model and its dependence on the number of classes.

Discussion

For the monopole source, the prediction accuracy of the model was very high when the
number of classes was less (N = 20) and decreased gradually as the number of classes
increased. Beyond 60 classes, the model could not give predictions with reasonable accuracy
in 200 epochs. The performance of the model for a higher number of classes can be improved
with more training. The small size of the input (CSM) significantly reduced the network

size hence the model trained very quickly. At the same time, it reduced the scope of
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learning as we were very limited in the number of convolution and pooling layers we could

apply. This is a clear limitation of the CSM as an input feature with few microphones.

In the case of the sinusoidal plane wave source (Table 3.4), selectively extracting the
coefficients containing the essential information from the GCC maps allowed us to reduce
the size of the image that has to be processed and save on computational time and resources.
The accuracy values for all class sizes were obtained with the same amount of training and
thus can be improved for smaller class sizes with more training. An accuracy value of
greater than 60% across 45 classes for an infrasound source in the presence of noise shows
the robustness and reliability of GCC as an input feature. It also highlights the advantage
of using a time-domain input feature (GCC) as opposed to a frequency-domain feature

(CSM) for locating low source frequencies with few microphones.

3.3.3 Case 3

As this case is more challenging than case 2, the number of training samples was increased
to 80,000 keeping the number of epochs at 200 and the learning rate at 0.0001. The
resolution or class size was kept the same for both 6 and «, resulting in different number
of classes N; and N, respectively. The performance of the model was measured in terms

of the prediction accuracy of the correct class for 6 and «.

Case 3(i): Monopole (S1)

Similar to case 2(i), we used a monopole source oscillating at 100 Hz. The CSM (dimensions
4 x 4) was used as an input to the multi-task CNN. The prediction accuracy of the model
is shown in Table 3.5.

Case 3(ii): Sinusoidal Plane Wave (S2)

A sinusoidal plane wave source at 10 Hz was simulated and the GCC coefficient matrix
of size (31 x 18) (same as case 2(ii)) was used as an input to the multi-task CNN. The

prediction accuracy of the model is shown in Table 3.6.
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Class Size | Ny (0) | Accuracy () | N2 (o) | Accuracy («)
10° 18 ~ 93% 9 ~ 91%
5° 36 ~ 84% 18 ~ 79%
3° 60 ~ 69% 30 ~ 58%
2° 90 ~ 56% 45 ~ 52%
1° 180 ~ 29% 90 ~ 36%

Table 3.5: Prediction accuracy for 6§ and « in three-dimensional ASL with a monopole

source (S1) at 100 Hz. The accuracy values are for a test set of 10000 samples.

Class Size | N; (0) | Accuracy (0) | Ny (a) | Accuracy («)
10° 18 ~ 79% 9 ~ 99%
5° 36 ~ 58% 18 ~ 99%
3° 60 ~ 41% 30 ~ 97%
2° 90 ~ 26% 45 ~ 96%
1° 180 ~ 13% 90 ~ 91%

Table 3.6: Prediction accuracy for # and « in three-dimensional ASL with a sinusoidal

plane wave source at 10 Hz (S2). The accuracy values are for a test set of 10000 samples.
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Discussion

The multi-task CNN utilizes the same input feature for performing two related tasks:
classifying the azimuth angle (#) and the elevation angle (). A commonly encountered
problem in multi-task learning is “negative transfer” wherein one or more tasks can dom-
inate the training/learning process and hurt the performance of other tasks. The tasks
whose performance is hampered tend to perform better in a single-task model compared

to a multi-task model ( : ).

Both tasks are learned reasonably well in the case of a monopole source (Table 3.5) but
a clear case of negative transfer is observed for the sinusoidal plane wave source (Table
3.6). The prediction of o dominates the training which is expected, as it is the easier
of the two tasks (Ny < Nj). However, the prediction accuracy values for 6 are less than
what was obtained when a single-task model was used for 6 in case 2(ii) (Table 3.4). A
suggested way to overcome negative transfer is to weigh the individual losses from the two

tasks appropriately such that they are on the same scale ( , ).

Collectively, the results from the three cases show much promise and it is expected that
with more data, training, and deeper networks, deep learning models capable of real-time
source localization can be successfully built in the future. Chapter 5 elaborates on this

possibility in the context of CAT detection.
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Chapter 4

Auralization of a Representative
CAT Source

With deep learning proven to be a viable method for low-frequency ASL in the previ-
ous chapter, this chapter demonstrates the working of a potential, deep learning-enabled
acoustics-based method for CAT detection through a large-scale, simulated flight case. The
focus of the chapter is on auralizing a representative CAT source and predicting what an
in-flight microphone will detect. The detected signal is then post-processed to obtain spec-
trograms that reveal characteristics of the signal that could potentially be used to detect
and locate CAT. The spectrograms can be further processed using deep learning and the

scope of this is discussed at the end of this chapter and also in Chapter 5.

Section 4.1 gives the details of the simulated flight case and curved and straight ray

tracing methods. Section 4.2 presents and discusses the obtained results.

4.1 Methodology

Auralization is the mathematical modeling of the acoustic field of a source. It involves
simulating the propagation of sound from the source in the given medium and determining

what a receiver will hear. A broadband, infrasound monopole source of 1 Pa strength
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and emitting 100 equally distributed, discrete frequencies in the range [1 Hz - 20 Hz]
is chosen as an abstraction of the realistic acoustic emissions from clear-air turbulence
(CAT). Sound propagation in the atmosphere is modeled using ray tracing, a method that
treats sound waves as rays. Two types of ray tracing methods - straight and curved ray
tracing have been used as mentioned in Chapter 2, to simulate the eigenrays (the ray paths
between the source and the receiver). Straight ray tracing represents free space propagation
from a monopole that occurs at constant atmospheric conditions while curved ray tracing

incorporates atmospheric refraction caused by wind and temperature gradients.

The auralization methodology for the simulated flight case is summarised in Figure 4.1.

Defining the Simulated Modeling Sound Processing Ray Tracing Visualizing the Audio
Flight Case and the —> Propagation using Ray —> Results to Generate an —» . &
. . . . Signal with a Spectrogram
Atmospheric Properties Tracing Audio Signal

Figure 4.1: Auralization methodology

Each aspect of the methodology has been dealt with separately in the following sections.

4.1.1 Simulated Flight Case and Atmospheric Properties
Simulated Flight Case

The broadband infrasound monopole source is situated at (0,0, 10 km). We defined a flight
path 100 km in length in the z-direction (=50 km < x < 50 km), at the same altitude as
the source (z = 10 km) which is the typical cruising altitude for commercial flights. The
airplane, in this case, is a moving receiver and is flying in a straight line, at a uniform
velocity (Vpane) of 200 m/s (average cruising speed of the airplane, Mach number = 0.67),
covering the flight path in 500 seconds. We placed 5,001 receiver points along the flight
path at equal intervals of 20 m. The eigenrays are calculated for all source-receiver pairs,
thus yielding a total of 5,001 eigenrays. The lateral distance (y-coordinate) between the
source and the receiver was varied (y = —1,—3,—5,—7.5,—10,—15 km) to obtain six

sub-cases. The flight case setup for y = —1 km is shown in Figure 4.2.
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Figure 4.2: Setup, sub-case 1: y = —1 km

Atmospheric Properties

The atmosphere is defined using two properties: wind and temperature. Furthermore, it is
assumed to be stratified, and thus all the properties remain constant in a particular strata
and depend on the altitude z only.

An average, constant wind speed of 20 m/s (Limpinsel et al.; 2018) in the direction
(1,1,0) was assumed throughout the domain for both straight and curved ray tracing
methods. While the wind had to be kept constant for straight ray tracing by its very

definition, not using a wind speed gradient in curved ray tracing is explained below.

For curved ray tracing, the International Standard Atmosphere (ISA) temperature pro-
file shown in Figure 4.2 was used. This profile gives a linear variation of the temperature
in the troposphere (z < 13 km) (Schafer and Vorlander, 2021):

T(z) = Ty — 0.0065 z (4.1)
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Here, Ty = 288.15 K is the temperature at the mean sea level. The temperature gradient in
this case is responsible for atmospheric refraction and curving the rays (Chapter 2). We did
not use a wind gradient for curved ray tracing to better understand atmospheric refraction
by avoiding the complicated competing effects of wind and temperature gradients. Keeping

the wind constant allows us to analyze the effect of advection and refraction separately.

For straight ray tracing, the temperature was constant and equal to 223.05 K at 10 km
altitude. As a result, the speed of propagation of straight rays is constant as well. The

speed of sound without advection, depends on the temperature as:

c(z) =+~ RT(z) (4.2)
where v = 1.4 is the ratio of specific heats and R = 287 J/kg.K is the gas constant of air.

Thus, the speed of sound propagation for straight ray tracing at T' = 223.05 K is equal
t0 299.47 m/s (speed of sound at 10 km altitude (c.—19 xm)). With advection, the effective
speed of sound (c.rs) changes, depending on whether the wind is aiding or opposing the

propagation.

4.1.2 Curved Ray Tracing Method

The atmospheric ray tracing (ART) framework developed by ( )
was used for curved ray tracing. It has a MATLAB interface that allows the users to adapt

the framework to their purpose.

Ray Tracing Equations

The acoustic source in the ART framework is modeled as a sphere that emits rays at user-
defined emission angles. The ray trajectory is obtained by solving the governing equations
of ray tracing consisting of differential equations for two variables: the position of the ray
given by a fixed point on a wavefront r = (z,y, z), and the wavefront normal n which gives
the direction of the ray at that point. The wavefront normal is usually expressed in terms

of the slowness vector s given as:

§=——— (4.3)



where c¢ is the local speed of sound and v is the wind vector. The system of equations is
given in ( ) (egs. (10.72) and (10.73)). In Cartesian coordinates,

the equations can be written as:

dr; 2 s,

o ? ) 4.4
@ v (44)
dSZ’ Q Oc ov

0 Q. 4.
dt C 8@ S axl ( 5>

Here, 2 = 1 — s -v. Note that ¢ = 1,2,3 corresponds to the x,y, and z coordinates
respectively. The system of equations is solved numerically using the fourth-order Runge-
Kutta method (RK4) to give the temporal variation of the position (r) and direction (n)

of the ray, therefore obtaining its trajectory.

The framework initially determines the ray closest to the receiver with the user-defined
angular resolution and then launches more rays around the closest ray to iteratively get
closer to the receiver. This is known as adaptive ray zooming ( ,

). It allows the framework to be efficient by starting with a coarse angular resolution
for the emission angle and then progressively increasing it. The receiver is modeled as a
sphere of 1-meter radius and the ray intercepting any part of the sphere is assumed to be

the eigenray.

Acoustic Propagation Parameters

Multiple acoustic parameters can be derived from the eigenrays to quantify the propa-
gation, namely: (1) propagation time and time delay, (2) geometric spreading loss, and
(3) analytical Doppler frequency shift. Figure 4.3 shows a curved eigenray at one of the

extreme receiver points for the y = —1 km sub-case.

The ART framework gives the propagation times (pt) of all the eigenrays. The time
delay (td) in the sound received by two receiver points is the difference in propagation
times of the two corresponding eigenrays. We define the time delay at all receiver points

with respect to the receiver at x = —50,000 m (the first receiver point at which sound is
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perceived by the in-flight microphone). The time delay at receiver n ((td),) is given as:

(td)n = (pt)s=—50000 — (Pt)n (4.6)
Source
o
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Figure 4.3: Curved ray at x = —50,000 m and y = —1,000 m for the simulated flight case

The geometric spreading loss is the reduction in the intensity of the sound as its
energy spreads over a larger area when it travels farther from the source. Sound from
a monopole in free space propagates uniformly in all directions and incurs a spherical
spreading loss. In the case of a curved ray, the spherical waveform is distorted due to
atmospheric refraction hence the distance-based, spreading loss calculations for a point
monopole are not applicable. Thus, the ART framework calculates the loss directly along
the ray. It uses the Blokhintzev variant ( , ) in which the sound
pressure (p) along the ray is inversely proportional to the square root of the cross-sectional
area of the ray (a):

p* o é
a(l+n-v/e)y/1+2n-v/c+v2/c

(4.7)
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The framework uses this relation to calculate the spreading loss factor ospreqq as:

Qapread = Preceiver (4.8)
DPref
where peceiver 15 the sound pressure at the receiver and p,.y is the reference pressure at the
source (equal to the source strength (1 Pa)). The spreading loss factor agpreqq is used to
calculate the attenuated sound pressure amplitude (A) at all the receiver points in curved
ray tracing as:
A= Pref X Qproad (4.9)
The other important loss generally responsible for signal attenuation is atmospheric
absorption. However, it is found to be more prevalent for higher frequencies. Attenuation
of infrasound due to absorption is almost negligible in the lower atmosphere or troposphere
( , ) relative to the spreading loss. To show this, the attenuation
coefficient (expressed in decibels per meter (dB/m)) given in ( ) )
was integrated along the eigenray shown in Figure 4.3 by the framework to obtain the total
attenuation due to atmospheric absorption. The attenuation was found to be 3.387 dB for
a 20 Hz frequency, which is the highest frequency emitted by our CAT source (and will
thus incur the maximum absorption loss), making it negligible relative to the geometric
spreading loss which is 190.6 dB. The attenuation due to absorption for other frequencies
emitted by the source is even lesser. Figure 4.4 shows the variation of the atmospheric
attenuation with frequency for the same eigenray. It can be seen that the attenuation is

negligible for infrasound (frequency < 20 Hz) but increases rapidly thereafter.

The frequency shift in sound that the receiver will experience is calculated analytically
by the Doppler effect. The Doppler frequency shift (D) observed at the receiver due to a
source frequency fs is given by the projection of the receiver velocity (Vreceiver) along the

ray at the receiver, divided by the effective speed of sound (c.sf) at the receiver (
, 1978):

Ureceiver COS (0)

Ceff

D= f,

(4.10)
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Figure 4.4: Total frequency-dependant attenuation due to atmospheric absorption shown

for the curved ray in Figure 4.3.

0 (shown in Figure 4.3) is the angle between the receiver velocity vector and the direction

vector of the ray at the receiver (N, cceiver)-

cef¢ takes into account the effect of wind on sound propagation which is measured by
the projection of the wind vector along the direction vector of the ray at the receiver. If
the wind aids propagation, ccff > .10 km- If nOt, cepp < 2210 km- Note that c.—ip gm =
299.47 m/s.

The perceived frequency (f,) at the receiver therefore is:

Ureceiver COS (9)

Ceff

(4.11)

fo:fs+D:fs+fs

When the receiver approaches the source, it experiences frequencies higher than the actual

source frequency. When the receiver starts to move away from the source, i.e. when cos(6)
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becomes negative, it perceives frequencies lower than the source frequency. Note that the
analytical Doppler shift is only for our understanding. In actual signals, the frequency
shift occurs through a varying time delay. This has been shown when we generate an

audio signal from the acoustic parameters in the Auralization section.

4.1.3 Straight Ray Tracing

Compared to curved ray tracing, straight ray tracing is relatively less complex. The ab-
sence of any wind or temperature gradient makes straight ray tracing akin to free space
propagation. The eigenrays and acoustic propagation parameters can be derived from the
well-established analytical relations for a point monopole. Figure 4.5 shows the example
of a straight ray at = -50,000 m and y = —1, 000 m.
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Figure 4.5: Straight ray at x = —50000 m and y = —1000 m for the simulated flight case

Each eigenray travels at a constant effective speed of sound at 10 km altitude. The

propagation time of the rays is simply calculated by dividing the ray length by the
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effective speed of sound of that ray. The Doppler frequency shift is given by the same

formulae described in the curved ray tracing section above (eq. (4.10), (4.11)).

The spreading loss calculation in straight ray tracing to obtain the sound pressure
amplitude at the receiver is done differently from curved ray tracing. First, the sound

pressure level (SPL) of the monopole is calculated in decibels (dB) using the general formula

for SPL:

p
PL =201 —_— 4.12
S 0 log <20><10—6> (4.12)
Here, p is the sound pressure (p = p,.s for the monopole). The spherical spreading loss in
terms of the attenuation (AT'T) in dB is calculated as ( ) )E
ATT =20 log (d) + 11 dB (4.13)

where d is the distance between the source and the receiver in meters. The sound pressure
level at the receiver (SP Lyeceiver) s Obtained by subtracting the attenuation (ATT) from

the sound pressure level of the monopole (SP Lgoyree):
SPLTEC@iU@T - SPLSOUT‘C@ - ATT (4'14)

Using the S P Lyeceiver, the sound pressure amplitude (A) at the receiver, which is nothing
but the sound pressure term p in equation (4.12), is obtained by inverting the equation.
The attenuation due to absorption is once again negligible (2.275 dB for the ray shown in

Figure 4.5) in comparison to the geometric spreading loss (105 dB).

4.1.4 Auralization

The final step in auralization is to simulate what an in-flight microphone will hear. This
involves creating an audio signal using the parameters obtained (sound pressure amplitude
(A) and time delay (td)) from processing the eigenrays (both straight and curved). The
total signal heard by the in-flight microphone during the flight duration through linear
acoustics is given by the superposition of all the individual signals corresponding to all the
frequencies present in the broadband source. Hence, the following procedure is described

for a single frequency emitted by the source and is repeated for the rest of the frequencies.
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Two things need to be done before creating a signal: increase the number of sampling

points to avoid aliasing, and define a frequency-dependent sound pressure amplitude.

Firstly, the current sampling rate, which is tied to the total number of receiver points
and the duration of the flight, is approximately 10 samples per second (%&fpl“). Accord-
ing to the Nyquist theorem, the sampling frequency must be at least double the highest
frequency present in the signal (20 Hz, in this case) to avoid aliasing. To increase the
number of samples (and thus the sampling rate), new samples are generated by linearly

interpolating all the acoustic parameters between the current 5001 samples.

A frequency-dependent amplitude is needed as turbulence is made up of eddies of
different sizes. The large eddies, which derive kinetic energy from the mean flow, are
marked by large length scales and correspondingly lower frequencies. These large, energy-
containing eddies are unstable and break down into smaller eddies, transferring their energy
through a process known as the “energy cascade”. The smaller eddies are characterized
by lower energy but higher frequencies. This difference in energy content between lower
frequencies (large eddies) and higher frequencies (small eddies) needs to be accounted for

in our broadband CAT source.

To make an educated approximation for the frequency-dependent amplitude, we turn
to the turbulence spectrum. The spectrum of pressure fluctuations (P(f)) in turbulent
flows follows the well-known (-7/3) power law in the inertial range ( , ;

, ) wherein the energy is transferred from large eddies to smaller eddies. In
terms of frequency, P(f) oc f~7/3. The power law characterizes the turbulence-turbulence
interaction pressure that is responsible for aeroacoustic noise. ( )
found the infrasonic wind spectrum to follow the (-7/3) law in the inertial range.

( ), who recorded infrasonic emissions from CAT in the 1-16 Hz range, also found

/3. While there are studies such as

that the power spectral density falls off as f~
( ) that observed the power spectral density to vary differently, for generating an

energy spectrum representative of CAT in this thesis, we assume that the power spectrum

of CAT follows the (-7/3) law.

Taking the square root of the power spectrum gives the amplitude spectrum (amp(f))
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which varies as:
amp(f) oc {7719 (4.15)

The sound pressure amplitude (A) we have defined thus far has been obtained purely
through geometric loss calculation. To model the effect of turbulence, we define the am-

plitude (Ay) which depends on the source frequency:
Ar=A-amp(f) (4.16)

A signal can now be created.

For a frequency f, emitted by the source, we define a sinusoidal acoustic pressure signal
as a function of time (py, (¢)) using the frequency-dependent amplitude (Ay,), and the time
delay (td) values at all the sampling points (1,000,000) as:

pr(t) = (Ayp,) cos(2m fs (t +td)) (4.17)

Note that the signal experiences frequency shift due to the varying time delay (¢d).

Similarly, signals are created for all the remaining frequencies present in the source
and are added together to obtain the total signal. The spectrogram of this signal is then
plotted for analysis.
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4.2 Results

The results consist of eigenrays and range of detection, propagation times, analytical fre-
quency shift plots, and spectrograms for both ray tracing methods. All results have been

discussed separately.

4.2.1 Eigenrays and Range of Detection

Eigenrays for straight and curved ray tracing for the first sub-case y = —1 km (|y| = 1
km) are shown in Figures 4.6 and 4.7 respectively. The pattern of eigenrays for the other

sub-cases is similar.
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E
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7000 —|
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x10
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Figure 4.6: Eigenrays for straight ray tracing

For better visualization of the curved rays, their x — z and y — z plane projections are

also shown in Figures 4.8 and 4.9.
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Figure 4.7: Eigenrays for curved ray tracing
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Figure 4.8: x — z plane projection Figure 4.9: y — z plane projection

Sound rays are curved in the atmosphere due to refraction caused by wind and/or
temperature gradients. This can be seen in our flight case for curved ray tracing (Figures
4.7, 4.8, and 4.9) in which we have a temperature gradient. As the temperature decreases

upward - which is usually the case during the daytime, the rays are refracted upwards. As
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a result, an observer at a certain distance from the source may lie in the “shadow zone” of
the source, unable to hear anything. The distance to the beginning of the shadow zone from
the source is directly proportional to the altitude of the source-receiver pair and inversely
proportional to the magnitude of the temperature gradient (Ingard, 1953). Shadow zone
formation for upward refraction is illustrated through an example shown in Figure 4.10.
The sound rays cannot penetrate the shadow zone region, and an observer standing in the

region cannot hear the source.

4500 —
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. ‘ — ’ff,:l /; < ‘\ \\\\\ 5
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Figure 4.10: Example showing shadow zone formation for upward refraction. The shadow

zone starts approximately 20 km from the source.

In the example (Figure 4.10), the receiver points (green dots) after x = 39 km cannot

hear anything. Thus the range of detection is 0 < x < 39 km.

In our simulated flight case, none of the receiver points lie in the shadow zone. However,
shadow zone formation and range of detection can be identified by increasing the flight path.
We doubled the flight path such that —100 km < x < 100 km, and calculated eigenrays for
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21 receiver points along the flight path at equal intervals of 10 km to roughly estimate the
range of detection. Figure 4.11 shows the eigenrays for the sub-case y = —5 km. Not all
rays can reach the receiver points as shadow zones are formed on either side of the source.
Shadow zones can be better seen in the y — z plane projection (Figure 4.12). Figure 4.13,

which shows the x — y plane projection, allows us to estimate the range of detection as
approximately —70 km < z < 80 km.
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6000
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Figure 4.11: Eigenrays for the longer flight path: —100 km < 2 < 100 km.

The range of detection is observed to be the same for all the sub-cases. Sound propa-
gation in the negative z-direction is always against the wind hence the range for z < 0 (70
km) is smaller than the range in the positive z-direction (80 km). Shadow zone formation
is not valid for straight rays; therefore, a limitation of straight ray tracing is that it will
theoretically give a signal even outside the range of detection. Note that the range of
detection calculated in our case is theoretical and the actual range will be determined by

the sensitivity of the in-flight microphone.

46



x10*

1.8
1.6
1.4

1.2

0.8

0.6

0.4

0.2

0
-6000

y [m]

Figure 4.12: Shadow zone formation: y — z plane projection

An inverse temperature gradient exists during the night as the temperature increases
with altitude. As a result, rays are refracted downwards and no shadow zones are formed
(Ingard, 1953). Thus, the chances of detecting sound at even farther distances are higher

at night.

4.2.2 Propagation Time

Curved rays undergo constant refraction due to the temperature gradient and thus travel
at different speeds (speed of sound changes with temperature) as opposed to straight rays
that travel at a constant speed. The propagation time of a curved ray, when compared
with a straight ray, gives valuable insight into the effect of refraction and the wind on

sound propagation. Figures 4.14 and 4.15 show the propagation time and the difference in
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Figure 4.13: Range of detection: x — y plane projection

propagation times between straight and curved rays respectively, for all the receiver points
along the flight path at |y| = 7.5 km. The trend remains the same for all other values of

|yl

From Figure 4.14, we can see that the propagation time for both rays continuously
decreases as the source-receiver distance decreases, and then increases when the distance
starts to increase after the airplane has passed x = 0. The V-shaped plot for both rays is
not symmetric about x = 0 which can be attributed to the wind. In the case of straight
ray tracing, for -50000 m < x < 7480 m, the component of the wind vector is against the
direction of ray propagation (opposes the propagation), thus reducing the effective speed
of sound (cerf < €210 km). At & = 7,500 m, the wind vector is perpendicular to the ray
and does not affect the sound speed (c.rf = ;=10 km). For z > 7,500 m, the wind aids
the propagation of rays by increasing the effective sound speed (cerf > C=10 km). This

causes the rays to travel faster and propagation times to decrease. Similarly, for curved

48



o
)
o

—— Straight Ray
—— Curved Ray

= = =
N > o
) o =3

IS

Propagation Time [s]
=] S
o o
Differnce in Propagation Times [s]

60

40

20

—40000 —20000 0 20000 40000 40000 ~20000 0 20000 40000
x [m] x [m]

Figure 4.14: Propagation times for Figure 4.15: Difference in propagation times

straight and curved rays (straight ray - curved ray)

ray tracing, we calculated that the wind opposes sound propagation till x = 8,560 m after

which it aids the propagation.

Figure 4.15 shows the difference in propagation times between straight and curved rays.
For x > 8,420 m, the curved rays propagate faster than the straight rays despite being
longer. Straight rays travel at a fixed altitude (z = 10 km) and therefore at a fixed sound
speed (¢,—10 km). Curved rays, on the other hand, travel through lower altitudes where the
temperature is higher, and as a consequence, the speed of sound is greater than c.—1g gm.
The wind also aids propagation. As a net effect, the curved ray ends up traveling faster
despite being longer for x > 8,420 m. For -41,920 m < z < 8,400 m, straight rays are
faster. For a majority of this interval, the wind opposes sound propagation. After a certain
distance against the wind, the higher speed of propagation of the curved ray eventually

overcomes the adverse wind to be effectively faster for x < -41,920 m.

The difference in propagation times, which can be as high as 4.6 seconds in this case,
highlights an important limitation of straight ray tracing which assumes that sound travels

at a fixed speed.
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Analytical Frequency Shift

Figure 4.16 shows the frequency shift plots for unit source frequency (1 Hz) plotted using
eq. 4.10 for all values of |y|. A receiver moving along the path will perceive the frequency

given by equation 4.11.
The difference in frequency shift plots for straight and curved ray tracing depends

on how close the straight ray approximation is to the curved ray. The accuracy of the
approximation is inversely proportional to the distance the ray has to travel and therefore,
we can see from Figure 4.16 that the difference in the straight and curved ray plots (or the
error) naturally increases as |y| increases. The error is largest at the extremes of the flight
path for all values of |y|. This can be understood from the equation for the frequency shift
(eq. 4.10).

Ureceiver COS(Q)
Ceff
Theoretically, at x = £o00, 0 for the straight ray will be ~ 0, and thus, straight rays at the

D=f,

extremes of the flight path will experience maximum Doppler shift. For curved rays to be
able to travel to +00, the emission angle of the ray will have to be 90°. Since the source
and receiver are at the same altitude, by Snell’s law, the ray will intersect the receiver path
perpendicularly, thus giving zero Doppler shift for the curved ray and therefore maximum

error between the two types of rays at the extremes of the flight path.
In all the plots for both types of rays, the steepness of the frequency shift, which can

be approximated by the magnitude of the slope at x = 0 m and f = 0 Hz, decreases as
the lateral distance from the source (|y|) increases. Returning to the above equation, as
ly| increases, the range of # (measured by the rays at the two extreme receiver points)
decreases. This is explained in Figure 4.17 using straight ray tracing. The range of 6 for
ly| = 3 km (6,) is smaller than the range of 6 for |y| = 1 km (6,). Therefore, a receiver with

a higher value of |y| experiences less frequency shift over the same duration or distance.

For any value of |y, the magnitude of the slope for the straight ray plot is greater than
the curved ray plot meaning that a straight ray undergoes more frequency shift in the same
duration than a curved ray. This can again be explained by the difference in the range of

0 of a straight ray and a curved ray.
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Figure 4.16: Frequency shift of a unit source frequency (1 Hz) as observed by the receiver.
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Figure 4.17: Range of 6 vs |y|

4.2.3 Spectrograms

The spectrogram highlights the spectral and temporal information of the total signal re-
ceived by the in-flight microphone from the broadband infrasound source, during the entire
flight duration. The spectrograms for all values of |y| are presented below (Figures 4.18-
4.23). They give the power of the signal at each time and frequency, the power, in this
case, being the square of the amplitude (Pa?) that has been converted to decibels (dB).
Power values less than -200 dB have been removed. More than the absolute power values,

it is the relative change in the spectrograms that is of interest here.

The black dot in the spectrogram indicates the point of highest power (peak). The
blue dotted line shows the time (peak time), and the red dotted line shows the frequency
(peak frequency) at which the peak is detected. Tables 4.1 and 4.2 tabulate these values

for straight and curved ray tracing respectively.

It is evident from the spectrograms and the tables that the power, or the strength of
signal detected using straight ray tracing is significantly greater than the strength detected
using curved ray tracing. This is expected as the length of curved rays is greater and

therefore they incur more geometric losses.

The curved ray spectrograms show that the in-flight microphone detects higher frequen-
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Figure 4.18: |y| = 1 km, straight ray tracing (left) and curved ray tracing (right) spectro-
grams
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Figure 4.19: |y| = 3 km, straight ray tracing (left) and curved ray tracing (right) spectro-
grams

23

=150

-160

L

~

o
Power (dB)

-180

-190

—200

-150

—-160

-170

Power (dB)

-180

-190

—200



—~100 10?

-120
— — 10!
N N
z o =
> -140T >
g = 2
[
g z g
o o o
g N
& -160 + 100
-180
1071
; -200
200 300 200
Time [s] Time [s]

Figure 4.20: |y| = 5 km, straight ray tracing (left) and curved ray tracing (right) spectro-
grams
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Figure 4.21: |y| = 7.5 km, straight ray tracing (left) and curved ray tracing (right) spec-
trograms
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Figure 4.22: |y| = 10 km, straight ray tracing (left) and curved ray tracing (right) spec-
trograms
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Figure 4.23: |y| = 15 km, straight ray tracing (left) and curved ray tracing (right) spec-
trograms
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ly| Peak Frequency Peak Time Peak Power
1 km 1.83 Hz 243 s -83.75 dB
3 km 1.83 Hz 239 s -87.41 dB
5 km 1.67 Hz 243 s -89.62 dB
7.5 km 1.67 Hz 239 s -92.73 dB
10 km 1.67 Hz 235 s -94.95 dB
15 km 1.67 Hz 231 s -97.77 dB

Table 4.1: Peak frequency, peak time, and peak power detected by straight ray tracing

[y Peak Frequency Peak Time Peak Power
1 km 1.83 Hz 243 s -141.06 dB
3 km 1.67 Hz 243 s -149.38 dB
5 km 1.67 Hz 243 s -154.54 dB
7.5 km 1.5 Hz 251 s -160.18 dB
10 km 1.5 Hz 251 s -164.8 dB
15 km 1.5 Hz 243 s -171.97 dB

Table 4.2: Peak frequency, peak time, and peak power detected by curved ray tracing

cies as the airplane approaches the source and lower frequencies when it has passed the
source. The highest frequency detected also comes down as |y| increases. This highlights
the fact that higher-frequency signals have lower strengths, are unable to travel larger
distances, and as a result, are detected predominantly close to the source. The relatively
lower-frequency signals, in accordance with the turbulence energy spectrum, have higher
strengths - the peak strength detected is always observed at a frequency close to the mini-
mum source frequency of 1 Hz. These lower-frequency signals are thus detected throughout
the flight duration as they can travel farther distances. Straight ray spectrograms display
the same trend albeit, less evidently due to the set power threshold of -200 dB.

The frequency shift observed due to the variable time delay, and the effect of |y| on
the slope of the frequency shift is seen, especially in the straight ray spectrograms where

the topmost frequency contour displays the same trend as seen in the analytical frequency
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shift plots.

As observed in the curved ray tracing spectrograms, the detection of higher-frequency
signals closer to the source is an important, generalizable characteristic that can potentially
be used to detect the presence of CAT. Turbulence manifests itself through various frequen-
cies; however, the good thing about it is that the band of frequencies is universally known.
Real-time spectrograms can be analyzed specifically for low-frequency patterns. Sudden
and abnormal spikes in the detected frequencies amidst clear skies can serve as a cue to
alert passengers of possible turbulence. The highest frequency detected decreases as |y
increases. Thus, the difference between the highest frequency and the frequency detected
at the outset can be used to estimate the extent of turbulence and its distance from the
airplane. Along with the spectral analysis, the temporal information in the spectrogram

can identify the onset and duration of turbulence.

The spectrogram contains valuable acoustic data and can be further processed by a
deep learning model. Applying the concepts developed in Chapter 3, the spectrogram can
be used as an input feature to train a deep learning model to detect CAT. In a regression
model, the spectrogram features such as the change in frequency can be used to predict the
proximity and intensity of CAT. A classification approach can also be used. By training the
model with spectrograms obtained in normal flight conditions, CAT, and in other known
and visible types of turbulence (clouds), the model can specifically learn to recognize the
patterns of CAT and classify whether a given spectrogram corresponds to CAT or not.
The spectrogram can be complemented with information from other onboard sensors that
measure temperature and wind speed in a multi-input deep learning model to give more

accurate predictions for CAT localization.

The future scope of this deep learning-enabled, acoustics-based method is discussed in
the next chapter.
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Chapter 5

Conclusion and Scope of Future
Work

Clear-air turbulence (CAT) encounters are projected to increase significantly in the fu-
ture due to climate change and global warming. The inability of the current, onboard,
radar systems to detect CAT presents a major challenge to the aviation industry. With
acoustics-based methods, there lies scope for detecting the low-frequency acoustic emissions
generated by CAT. Thus, this thesis explored low-frequency acoustic source localization
(ASL) in the context of CAT detection.

The limitations of beamforming in localizing low-frequency sources necessitated a deep
learning approach. Deep learning models for two- and three-dimensional ASL were de-
veloped. The models used a shallow convolutional neural network (CNN) with limited
training data and sought to optimize the localization performance at low source frequen-
cies under the training constraints. Promising qualitative and quantitative results were
obtained which collectively prove the viability of deep learning for low-frequency ASL.

To get a grasp on how a deep learning-enabled, acoustics-based method could poten-
tially work for CAT detection in the future, a large-scale flight case was simulated in this
thesis for the auralization of a representative CAT source. Two methods - straight and
curved ray tracing - were used and the differences between them were analyzed. While

straight ray tracing assumes sound rays travel in straight lines at constant speeds, curved
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ray tracing takes into account the atmospheric refraction caused by wind and temperature
gradients. Eigenrays were obtained from which, various acoustic parameters were derived
to construct the audio signal that an in-flight microphone would detect. The spectro-
gram of this signal reflected the turbulence spectrum - with higher frequency signals, being
weaker in strength and detected only as the airplane got close to the source, while lower
frequency signals, due to their higher strengths were detected even at farther distances.

This is an important, generalizable trait that can be used to detect and locate CAT.

The scope of future work is ambitious and involves expanding the scale of the current
work. The results from the deep learning models provide insight into the parameters that
can be changed to expand the scope of these ASL models further and obtain better results.
With appropriate resources, deeper networks like ResNets and DenseNets can be trained
however, the dataset must be commensurate with the size of the network otherwise, the
network will tend to overfit the data and generalize poorly. Studies employing a ResNet-50
used 200-800 million training samples to prevent overfitting. The size of the input feature
is also an aspect to consider when using deep neural networks. Smaller input sizes would be
reduced by the network to the point that learning the features of the input would become

very difficult.

The spectrogram lends itself conveniently for further processing. There exists a lot of
scope for using deep learning models to learn the features of the spectrogram and give quick
and accurate predictions for CAT localization. By increasing the complexity of auralization
through better atmosphere modeling and more realistic source distribution, synthetic spec-
trogram data can be generated by simulating a large number of flight cases with different
flight trajectories. A deep neural network can then be trained on this synthetic database
and fine-tuned with relatively small amounts of real, in-flight acoustic data, to give predic-
tions that can potentially be used to detect and locate CAT. Even if accurate localization
may not be possible given the complexity of the problem, with the current scarcity of
information on CAT, the slightest of useful information from the deep learning model can
be a valuable addition to pilot reports and potentially be used to alert passengers, other

flights, and airports.
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