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Introduction

In recent years the use of both commercial and consumer unmanned aerial vehicles (UAV's) has been in-
creasing at a staggering pace. Due to the increase of UAV applications, the number of hazardous situations
involving UAVs also increased [61]. A large part of these hazardous situations are caused by interference with
other air traffic.

Several measures can be applied to minimize the interference with other air traffic. Many of these measures
are so-called cooperative systems. These systems require both the UAV and the aircraft to be equipped with
compatible systems [62]. Popular systems are the Traffic alert and Collision Avoidance System (TCAS) and
Automatic Dependent Surveillance-Broadcast (ADS — B). However, many general aviation aircraft are not
equipped with these systems.

A second category of systems that can be used for detect and avoid are known as non-cooperative systems.
Non-cooperative systems only require the UAV to be equipped with a detection module. One of these non-
cooperative systems is an air-to-air radar [49]. However, air-to-air radar systems are large and power consum-
ing, making them physically infeasible or economically impracticable for many UAV applications. Therefore,
efforts have been focused on finding lightweight, energy-efficient sensors suitable for non-cooperative au-
tonomous detect and avoidance systems. Optical sensors have often been applied for obstacle detection on
UAVs. Popular techniques that utilize an optical sensor are stereo vision [35], optical flow [8], and in recent
years image classification using artificial neural networks [26]. However, optical sensors are less effective in
several weather conditions, such as heavy rain and fog [66].

In recent years, research has been done in the use of microphones for detect and avoid. Microphones are
lightweight, energy-efficient, and are able to receive information from all directions. A system that uses one
or multiple microphones is referred to as a hear-and-avoid system. A hear-and-avoid system consists of two
main aspects: acoustic event recognition and acoustic source localization. Acoustic event recognition is the
task of detecting the presence of other air traffic based on their sound. Acoustic source location is the task of
localizing other air traffic with respect to the UAV based on their sound. Earlier research has been done into
acoustic event recognition and ego-noise suppression [57, 60].

This research is focused on the acoustic source localization aspect of hear-and-avoid. The aim is to study the
potential of an artificial neural network based method for acoustic source localization. The model is trained
to locate acoustic sources on a 2 dimensional plane.

This report consists of three main parts. The first part contains of the scientific paper. The scientific paper
introduces the methodology used during this research. The methods are then applied on both simulated and
recorded data. The second part contains the literature review. The literature review is both focused on sound
event recognition and acoustic source localization. Part 3 contains appendices that support the findings
during this research.
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An artificial neural network based method for grid-free
acoustic source localization using multiple input
frequencies

Erik ten Oever? Mirjam Snellen, Guido de Croon’
Delft University of Technology

ABSTRACT

In recent years, efforts are focused on de-
veloping an acoustic based autonomous
detect and avoidance system for UAVs to
minimize interference with other air traffic.
The purpose of this research is to study the
potential of artificial neural networks for
fast, grid-free acoustic source localization. A
multi-layer perceptron has been trained to
localize simulated white noise acoustic point
sources using a converted version of the cross
spectral matrix. The ANN based method
shows similar localization behaviour to differ-
ent frequencies as conventional beamforming.
A new ANN architecture is proposed that
uses the converted cross spectral matrices
of multiple different frequencies as input
to improve the localization accuracy. The
multi input model has shown to have a mean
absolute error of approximately 0.27[m]. The
proposed model has also been applied on real
world recording data of an aircraft flyover.
The ANN based method has shown to be
able to obtain a prediction within approxi-
mately 0.05[s], compared to approximately
1000-2000[s] for conventional beamforming.
However, the magnitude and inconsistency
of the localization error for the recording is
higher compared to the simulated white noise
sources.

1 INTRODUCTION

In recent years the use of both commercial and consumer
unmanned aerial vehicles (U AV s) has been increasing at a
staggering pace. Due to the increase of UAV applications,
the number of hazardous situations involving UAVs also
increased [1]. A large part of these hazardous situations are
caused by interference with other air traffic.

Several measures can be applied to minimize the interference
with other air traffic. Many of these measures are so-called

*Msc student
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cooperative systems. These systems require both the UAV
and the aircraft to be equipped with compatible systems
[2]. Popular systems are the Traffic alert and Collision
Avoidance System (T'C'AS) and Automatic Dependent
Surveillance-Broadcast (AD.S — B). However, many general
aviation aircraft are not equipped with these systems.

A second category of systems that can be used for detect
and avoid are known as non-cooperative systems. Non-
cooperative systems only require the UAV to be equipped
with a detection module. One of these non-cooperative
systems is an air-to-air radar [3]. However, air-to-air radar
systems are large and power consuming, making them
physically infeasible or economically impracticable for many
UAV applications. Therefore, efforts have been focused
on finding lightweight, energy-efficient sensors suitable for
non-cooperative autonomous detect and avoidance systems.
Optical sensors have often been applied for obstacle detection
on UAVs. Popular techniques that utilize an optical sensor
are stereo vision [4], optical flow [5], and in recent years
image classification using artificial neural networks [6].
However, optical sensors are less effective in several weather
conditions, such as heavy rain and fog [7].

In recent years, research has been done in the use of micro-
phones for detect and avoid. Microphones are lightweight,
energy-efficient, and are able to receive information from all
directions. A system that uses one or multiple microphones
is referred to as a hear-and-avoid system. A hear-and-avoid
system consists of two main aspects: acoustic event recog-
nition and acoustic source localization. Acoustic event
recognition is the task of detecting the presence of other air
traffic based on their sound. Acoustic source location is the
task of localizing other air traffic with respect to the UAV
based on their sound. Earlier research has been done into
acoustic event recognition and ego-noise suppression [8, 9].
Wijnkers et al. have shown promising results in detecting
an acoustic event caused by air traffic using a convolutional
neural network. Van der Woude et al. have developed a
method to suppress the UAV’s ego-noise.

The next step for the hear-and-avoid system is to be able
to localize the acoustic event caused by air traffic. Several
different techniques for acoustic source localization already
exist. One of the most popular techniques is conventional
beamforming [10]. Conventional beamforming is an acoustic



imaging technique that estimates a measure for the acoustic
source level on a 2-dimensional scanning plane. On the
beamform plot, acoustic sources are indicated by higher
acoustic source levels. Calculating the sound levels for all
grid points on the scanning plane is very computational
demanding. Therefore, convolutional beamforming is less
suitable for real time application in hear-and-avoid.

In recent years, artificial neural networks have rapidly
become popular due to their non-linear modelling capabil-
ities and low computational effort during application of a
trained model [11]. Artificial neural networks have shown
to be successful in computer vision and natural language
processing [12, 13, 14, 15]. Also in the field of acoustic
source localization, artificial neural networks have become
more popular.

Kujawski et al. have applied a residual network to estimate
the acoustic source coordinates using a phased microphone
array [16]. The network uses a low resolution beamform plot
as input and is able to predict the acoustic source coordinates
with a higher accuracy than the grid resolution of the
beamform plot. As this method still requires the creation of a
beamform plot, it is less suitable for real time applications.
Castellini et al. propose a different method for acoustic
source localization using artificial neural networks [17]. The
method uses a multi-layer perceptron network to estimate the
acoustic source coordinates. The network uses a converted
version of the cross spectral matrix as input. The cross
spectral matrix is a matrix containing measured phase infor-
mation. By using a converted version of the cross spectral
matrix, computational effort of preprocessing the input data
is low.

This paper presents a study of the potential of an artificial
neural network based acoustic source localization method
suitable for a hear-and-avoid system. Methods for acoustic
source localization often show different behaviour for differ-
ent input frequencies. During this research the behaviour of
the method proposed by Castellini et al. to different input
frequencies is tested. Also a new artificial neural network
model is proposed that combines the information of multiple
frequencies.

The structure of this paper is as follows. Section 2 of this
paper discusses the theory applied during this research.
The working principle of conventional beamforming and
the artificial neural network based for acoustic source
localization proposed by Castellini et al. are explained in this
section. Section 3 will explain the methodology followed
during this research. The section explains how data has been
generated and how the artificial neural network based models
are applied. In this section a new model is proposed that
uses more input information. The results obtained using the
methodology from section 3 are presented in section 4. After
the results possible influencing factors and improvements are
discussed in section 5. Finally, section 6 will conclude the

findings of this research.

2 RELATED WORK

This research studies the capabilities of artificial neural
networks for sound source localization. The artificial neural
network based method uses similar input data as conventional
beamforming, currently one of the most popular methods for
acoustic source localization.

2.1 Conventional Beamforming

Conventional beamforming (C B) is one of the most pop-
ular acoustic source localization techniques, due to it being
intuitive and robust [10]. CB is an acoustic imaging tech-
nique. Using CB, an estimate for the acoustic source levels
can be calculated on a predefined scan plane at a distance
parallel to the microphone array. The microphone array is
used to capture sound in the time domain. Using the Fourier
transform, the recorded time domain signals of each micro-
phone are converted to the frequency domain. The frequency
domain data of a specific frequency is stored in data vector
P (f1), as shown in equation 1. The frequency data for a spe-
cific frequency for the n*" microphone is denoted by p,, (f)-

p1 (fx)

Pl =" (:fk) (1)

PN (fx)

Using data vector P, the cross spectral matrix (C'SM),
denoted by C, can be created. The CSM is created by mul-
tiplying data vector P with its complex conjugate transpose,
denoted by P*. As aresult of equation 2, the CSM is complex
valued with size N x N.

C(fx)=P(fr) P (fr) )

The scan plane of which an image is to be made is divided into
multiple grid points. As the microphone is a predefined setup,
the locations of all microphones with respect the center point
of the microphone array are known. Using this knowledge,
the distance from each microphone to a certain grid point can
be calculated using equation 3. Equation 3 calculates the dis-
tance from the n'” microphone to the j** grid point.

Tnj = \/(xn —2)?+ W — )+ (2 — ) )

For each of the grid points a steering vector (G; (fx)) is
constructed. This steering vector contains expected phase in-
formation for the location of the grid point at a specific fre-
quency. Equation 4 is used to determine the different ele-
ments of the steering vector for each of the N microphones.
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The CSM and steering vector can then be used to deter-
mine the beamform output for each of the grid points. Usu-
ally, when creating a beamform plot equation 5 is used. How-
ever, during this research equation 6 is used. Equation 5 in-
creases the beamform output for locations further from the
source. This research is focused on determining the source
location. Therefore, equation 6 is used, as this equation puts
more emphasis on matching the phase transition over the mi-
crophone array. Calculating the beamform output for all grid
points results in a beamform plot containing the pressure lev-

els on the scan plane.

eteler
Bj (fk): ||G||4 5)
J
eteler
Bj (fr) = o (6)
J

With CB beamform plots can be made of different fre-
quencies of interest. However, different frequencies show
different behaviour in the beamform plot. Lower frequencies
show a larger spreading of the main lobe around the sound
source, making it more difficult to accurately locate a sound
source. Higher frequencies show a smaller spreading of the
main lobe, but show more side lobes in other areas of the
scan plane, again making it more difficult to locate the sound
source. These issues can be resolved by a technique called
incoherent averaging [18]. For incoherent averaging sepa-
rate beamform plots are made for frequencies in a frequency
range of interest. The pressure levels of the separate plots are
summed and the total is divided by the number of frequen-
cies used, as shown in equation 7. The resulting plot shows a
smaller spreading of the main lobe and a reduced amount of
side lobes elsewhere in the scan plane.

Ny
1
BinCOh = Ff ; B (fk) (7)

CB is a robust and intuitive acoustic source localization
method. However, due to the iterative process over each of
the grid points and creating images for multiple frequencies it
is too slow for a real-time application such as hear-and-avoid.

2.2 Artificial Neural Networks for acoustic source localiza-
tion

In recent years, artificial neural networks (AN Ns) have
become a popular techniques to solve complex tasks, such
as image recognition and natural language processing. An
ANN is in essence a function approximator that learns
how to map inputs to a corresponding output. A popular
type of ANN is known as a multi-layer perceptron [19]. A

multi-layer perceptron consists of multiple layers: the input
layer, the hidden layers, and the output layer. Each of these
layers consists of multiple neurons. The neurons in the input
layer and output layer are equal to the number inputs and
outputs, respectively. The neurons in the hidden layers and
output layers contain an activation function. An activation
function is a simple non-linear function. The combination
of these non-linear functions gives the ANN the ability to
learn complex non-linear relations between input and output.
The input of an activation function is a weighted sum of
the outputs of the activation functions in the previous layer.
These weights are changed during training to minimize a
loss function. A loss function is used to quantify the error
of the ANN’s output predictions. The type of loss function
is dependent on the application of the ANN. Training of the
network is done using a process called backpropagation. The
training process is guided by the optimizer. The optimizer is
an algorithm that supervises the weight changes to minimize
the loss function. Training an ANN can be computationally
expensive and time consuming. However, ones an ANN has
been trained it is able to quickly produce an output.

The ANN-based acoustic source localization technique
used in this research is based on the work of Castellini et al.
Castellini et al. developed a regression based method that di-
rectly predicts the x- and y-coordinate of the acoustic source
location on the scan plane [17]. An important aspect in us-
ing ANNS is to establish a suitable input feature containing
sufficient information to perform the task at hand. The CSM,
discussed in section 2.1, contains sufficient information to be
used as input feature. However, an issue arises when directly
using the CSM. The elements of the CSM are complex val-
ued, forming a problem to ANNs. Therefore, Castellini et
al. propose the use of a converted version of the CSM that
contains real valued elements. The first step to creating the
converted CSM is to set the main diagonal of the CSM to 0.
The CSM contains phase difference information between the
received signals of different microphones in the array. The
main diagonal of the CSM contains phase difference infor-
mation between a signal received by a microphone and itself.
This difference should be 0, therefore, the main signal should
be set to 0. The next step is to convert the complex valued
CSM to a real valued version. An important property of the
CSM is that it is Hermitian in nature. Using this knowledge,
the real and imaginary parts can be combined as follows: the
upper right triangular part of Re (C') becomes the upper right
triangular part of the converted CSM , and the upper right
triangular part of Im (C') becomes the lower right triangular
part of the converted CSM. For N microphones the resulting
converted CSM is a real valued N x N matrix with its main
diagonal set to 0. The conversion process to create the con-
verted CSM is visualized in figure 1. Before the input feature
is fed into the network it is flattened, giving the input layer
a size of N2 neurons for N microphones. The hidden layers
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Figure 1: Conversion of CSM as described by Castellini et al.

of the network are fully connected and make use of the rec-
tified linear units (ReLu) activation function, described by
equation 8. The ReLu activation function is an often used
activation function for the hidden layers due to its learning
stability [20].

f(z) = max (0, z) ®)

The model directly outputs a prediction for the x- and
y-coordinate of the sound source. As these coordinates can
both be positive and negative, the neurons in the output layer
make use of a linear activation function.

3 METHODOLOGY
3.1 Data Generation

UAVs that rely on a system such as hear-and-avoid
mostly operate in the airspace used by general aviation
aircraft, as these aircraft often lack cooperative collision
avoidance systems. Measurements during this research
have shown that the sound originating from these aircraft
is mostly present between O[Hz] to 3000[Hz]. Therefore,
this research is focusing on frequencies within this range.
Different frequencies within this range are used during
this research. To obtain as much information as possible
from the frequency range it is split into 10 evenly spread
frequencies. The frequencies of interest during this research
are: 300[Hz], 600[Hz], 900[Hz], 1200[Hz], 1500[Hz],
1800[Hz], 2100[Hz], 2400[Hz], 2700[Hz], and 3000[Hz].
For this research a scan plane of 100[m]x100[m] is created
at a distance of 50[m] from the microphone array. The
microphone array used consists of 64 different microphones.
The configuration of the microphone array is shown in figure

2
14 . ’ .
E N .l . . :-.: . .
> . o. . .
-1 .
-2 : ‘ :
-2 -1 0 1 2

x [m]

Figure 2: Microphone array configuration used during this
research.

2. This is an initial study into acoustic source localization
with neural networks. In order to employ this method on a
UAYV, a smaller microphone array will be necessary.

For neural network training, a large number of examples
are required. Therefore, synthetic white noise is used during
this research, instead of actual aircraft recordings. To create
an example, a synthetic white noise signal of 0.5[s] is created
with a sample frequency of 40,000[Hz]. This synthetic white
noise signal is emitted from a point source that is located on
the scan plane. The point source is placed on the scan plane
with 0.1[m] accuracy. Knowing the location of the point
source and each of the microphones in the array, a delayed



signal can be created for each of the microphones. In this
manner the received signal for each of the microphones is
simulated. The simulated received signals are in the time
domain. By applying the fast Fourier transform algorithm
the signals are converted to the frequency domain. Knowing
the frequency information per frequency bin, the information
belonging to the frequencies of interest can be extracted. For
each frequency of interest a converted CSM is created with
the steps described in section 2.2. These converted CSMs are
standardized to have a mean of 0 and a standard deviation of
1. Standardizing the input feature improves stability during
the training process of the ANN. In total 250,000 different
examples are created. Each of these examples has its own
point source location and synthetic white noise signal. Of the
250,000 examples 160,000 are used for training, 40,000 for
validation, and 50,000 for testing. The synthetic white noise
signals and corresponding converted CSMs were created
using python 3.9.

3.2 Single Input Frequency

The method proposed by Castellini et al. takes a con-
verted CSM of one frequency as input. Conventional beam-
forming has shown that different frequencies show a differ-
ence in accuracy for acoustic source localization. Here we
study how an ANN-based method behaves to being trained on
different input frequencies. The frequencies used in this test
are: 600[Hz], 1200[Hz], 1800[Hz], 2400[Hz], and 3000[Hz].
The ANN model is based on the model proposed by Castellini
et al.,described in section 2.2 The ANN architecture used is
shown in figure 3 and further described in table 1. The input
layer of the network uses 4096 neurons due to the microphone
array consisting of 64 microphones, as the input layer is 642.
During training the mean squared error (M SE) loss function
is used. The MSE loss function is often used for a regres-
sion based ANN model. The optimizer used during training
is the Adam optimizer with a learning rate of 0.001 [21]. The
training data is fed into the network in batches of 128 exam-
ples. After each epoch the training data is shuffled to create
new batches to obtain better generalization to the training data
and prevent overfitting. The model is trained for 500 epochs.
After training, the model of the epoch with the lowest vali-
dation loss is saved. The ANNs created during this research
have been created using Keras with the TensorFlow backend
[22, 23].

3.3 Multiple Input Frequencies

The model used in section 3.2 uses the converted CSM
of a single frequency to make a prediction of the acoustic
source location. Incoherent averaging of beamform outputs
has shown that combining information of multiple frequen-
cies yields more accurate localization results. This section
proposes an ANN-based model that takes multiple converted
CSMs of different frequencies as input. The model archi-

Input

Layer
—h— r

é‘—»(4096>—< 512 )_( 256 )_( 128 H 64 K%

Hidden Layers
Fully Connected Network

Output
Layer

Figure 3: Single Input ANN model with indication of number
of neurons for each layer.

Table 1: ANN architecture for single frequency acoustic
source localization.

Layer | Neurons Alx:cutIll\:g;(;n Layer Type
1 4096 - Input
2 512 ReLu Fully Connected
3 256 ReLu Fully Connected
4 128 ReLu Fully Connected
5 64 ReLu Fully Connected
6 2 Linear Output

tecture used for multi-frequency acoustic source localization
is shown in figure 4. The network first uses separate chan-
nels to process the converted CSM of a single frequency, this
includes phase difference information between different mi-
crophones. After three hidden layers in each of the separate
channels, the channels are combined in a concatenate layer.
The configuration of one of the input channels is given in ta-
ble 2. All input channels have a similar configuration. After
the concatenate layer, the remainder of the network is similar
to the hidden layers and output layer described in table 1.

Using the ANN architecture visualized in figure 4, two
different models were trained. The first model takes the con-
verted CSMs of 5 different frequencies as input. These fre-
quencies are: 600[Hz], 1200[Hz], 1800[Hz], 2400[Hz], and
3000[Hz]. The second model takes the converted CSMs of
10 different frequencies as input. These frequencies are:
300[Hz], 600[Hz], 900[Hz], 1200[Hz], 1500[Hz], 1800[Hz],
2100[Hz], 2400[Hz], 2700[Hz], and 3000[Hz].

Table 2: Configuration of an input channel used in the multi
input frequency model.

Layer | Neurons ?ﬁrﬁii?ln Layer Type
1 4096 - Input
2 512 ReLu Fully Connected
3 256 ReLu Fully Connected
4 128 ReLu Fully Connected
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Figure 4: Multi Input ANN model. For 5 input frequencies n=5. For 10 input frequencies n=10.

The training procedure of these models is similar to the
training procedure descibed in section 3.2.

3.4 Flyover Recording Data

The data generated in section 3.1 has been simulated
without any background noise. For the large amount of
data needed to train an ANN it is more efficient to simulate
data compared to gathering recorded data that corresponds
to the scanning plane. Still it is interesting to see how a
network that has been trained using simulated synthetic
white noise without other background noise copes with a
real world recording. For this, the models created in section
3.3 are being presented with data that originates from a
recording of an aircraft flyover. These recordings were made
by Wijnkers et al. at Lelystad Airport [8]. The microphone
array configuration used for these recordings is identical to
the one shown in figure 2.

4 RESULTS

4.1 Single Input Frequency Results

The ANN based model from section 3.2 has been trained
on five different input frequencies to get insight on the
model’s behaviour to different frequencies. After training,
a test set consisting of 50000 examples has been fed to the
model. The examples in the test set are white noise signals
with source locations the model has not encountered during
training. The prediction accuracy of the model is quantified
using the mean absolute error and the standard deviation
of the prediction error distribution. The mean squared
errors and the standard deviation of the prediction error
distributions are summarized in table 3. The mean absolute

errors shown in table 3 are supported with figures 5 and 6.
Figures 5 and 6 show the distribution of prediction errors of
the x- and y-coordinate, respectively.

Table 3: Mean absolute error and standard deviation of the
source location prediction errors for different input frequen-
cies and average of separate models. Lower is better.

Input X X error y y error
frequency | MAE std MAE std
600 0.8982 | 1.5304 | 0.8949 | 1.5352
1200 0.5523 | 0.992 | 0.5422 | 1.0002
1800 0.4532 | 1.008 | 0.4527 | 0.989
2400 0.4389 | 0.9446 | 0.4363 | 0.9795
3000 0.4537 | 0.9436 | 0.4535 | 0.9702
Average | 0.3173 | 0.5282 | 0.3178 | 0.5307

Looking at the mean absolute prediction errors in table 3
it can be seen that the average prediction error of all frequen-
cies falls within one meter, stating that the ANN based model
was able to find a relation between the converted CSM and
the source location. Comparing the results of the different
input frequencies, a resemblance can be seen to the behaviour
of conventional beamforming. For lower frequencies, the
mean absolute error decreases with increasing frequency.
This is due to the decreasing size of the main lobe around
the source with increasing frequency of interest. This is
supported by a decreasing standard deviation in the predic-
tion error distribution. From conventional beamforming it
is known that the occurrence of side lobes increases with
increasing frequency. The influence of these side lobes result
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in an increasing mean absolute errors of 3000[Hz] compared
to the mean absolute error of 2400[Hz]. This is supported
by figures 5 and 6, with increasing frequency it can be seen
that the standard deviation of the error distribution decreases.
Figures 5 and 6 also show that as the input frequency
increases the presence and magnitude of larger errors due to
side lobes increases.

Conventional beamforming has shown that applying inco-
herent averages reduces the size of the main lobe around the
source and reduces the amount of side lobes. A straight for-
ward approach for applying incoherent averaging in the ANN
based method is to average the predicted source locations
of the separate models. The bottom row of table 3 shows a
drastic accuracy increase compared to the separate models.
However, a hazard of this approach is that instabilities in
one of the separate models will have an impact on the final
prediction accuracy.

4.2 Multiple Input Frequencies Results

In section 3.3 a new ANN architecture was proposed that
takes the converted CSMs of multiple frequencies as input
and produces one prediction for the source location. Using
the multi input ANN architecture a model was made that takes
as input the same 5 frequencies as the separate models in sec-
tion 4.1. Table 4 shows the results of the 5 input model. The
mean absolute error and standard deviation show a signifi-
cant decrease compared to the models discussed in section
4.1. Figure 7 also shows a decrease in larger errors caused by
side lobes.

Table 4: Mean absolute error and standard deviation of the
source location prediction errors for the 5 input model and 10
input model.

X X error y Yy error
Model MAE std MAE std
SIPUL 1 5681 | 0.458 | 0.2678 | 0.429

frequencies
10mput 1 0799 | 0.4434 | 0.2807 | 0.4638

frequencies

The ANN architecture used to create the 5 input model
has also been used to train a model that takes 10 different
frequencies as input. The prediction accuracy achieved by the
10 input model is quite similar to that of the 5 input model.
The prediction accuracy of the 10 input model is summarized
in table 4 and the prediction error distributions are shown in
figure 7. Figure 7 shows that the error distribution of the 5
input model and 10 input model are very similar. In table
4 it can be seen that the prediction accuracy of the 10 input
model has slightly decreased compared to the 5 input model.
This decrease in accuracy might be due to the addition of
300[Hz] to the input frequencies, as lower frequencies are

often harder to localize.
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Figure 7: (a) Shows the prediction error distribution of the 5
input model and 10 input model of all prediction. (b) Shows
the prediction error distribution of the 5 input model and 10
input model, zoomed in at the prediction errors within [-5,5].

4.3 Flyover Results
4.3.1 Single frame localization

Section 4.2 has shown that using 5 or 10 input frequen-
cies shows little difference in prediction accuracy when using
synthetic white noise. This section shows the performance of
these models, which are trained on synthetic white noise, on
real aircraft flyover recordings. The exact location of the air-
craft during the flyover is unknown. Conventional beamform-
ing is used to obtain an indication of the aircraft’s position. A
beamform plot is created at a distance of 50[m]. As the exact
height of the aircraft is unknown, the beamform plot does not
depict the exact location of the aircraft. This is due to a mis-
match between the measured CSM and the expected phase
differences in the steering vector. Figure 8 shows the beam-
form plots for 5 different frequenties: 600[Hz], 1200[Hz],
1800[Hz], 2400[Hz], 3000[Hz].

From the beamform plots in figure 8 several differences
with synthetic white noise can be deduced. First, each of the
frequencies does not originate from the same source location.
The synthetic white noise training data uses point sources.
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Figure 8: Beamform plot for the separate frequencies used as input for the 5 input model.

Using point sources causes each of the frequencies to origi-
nate from the same location. Second, the pressure level dif-
ferences between the frequencies is much greater compared
to synthetic white noise, as shown in figure 9 . In the syn-
thetic white noise each frequency has comparable pressure
levels. Figure 10a shows the averaged beamform plot and the
predicted source location by the model. When averaging the
different beamform plots, the averaging is done on basis of
pressure levels. Looking at figure 10a it can be seen that the
highest pressure point is closer to the location of the high-
est pressure point of lower frequencies in figure 8. Due to
training using a point source and comparable pressure lev-
els between different frequencies in the training data, each
frequency has an equal contribution to the prediction of the
source location by the ANN model.

Figure 10b shows the averaged beamform plot and the
predicted location using the 10 input model. The frequen-
cies used as input are: 300[Hz], 600[Hz], 900[Hz], 1200[Hz],
1500[Hz], 1800[Hz], 2100[Hz], 2400[Hz], 2700[Hz], and
3000[Hz]. The predicted location of the model is closer to the
source location indicated by the averaged beamform plot in
figure 10b. This might be due to adding frequencies that con-
tain information corresponding to the location of the acous-
tic source. However, adding frequencies to the input of the
ANN model does not always result in more accurate results,
as shown in figures 11a and 11b. This snapshot is from the
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Figure 9: Power spectral density of aircraft flyover recording.

same recording, but is 0.5[s] earlier than the prior discussed
snapshot. As the aircraft is flying at the edge of the scan
plane it might occur that the highest pressure point of one of
the frequencies added for the 10 input model falls outside of
the scan plane, this introduces an error for the model.

4.3.2 Consecutive localization

This research is focused on studying the potential of an
ANN based method for real-time acoustic source localization.
Short processing time is important for real-time operations. A
program has been build that predicts the acoustic source lo-
cation every 0.1[s] for 1.5 seconds of flyover recording. Ev-
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ery 0.1[s], the next 0.05[s] is segmented from the recording.
This 0.05[s] is converted to the frequency domain and the
converted CSM is created. The converted CSM is used as
input for both the model that uses 5 input frequencies and the
model that uses 10 input frequencies. The processing time
is measured from the point at which the recording segment is
obtained up to the point at which a prediction is received from
the model. The calculations were done using Python 3.9 on
a 2021 Macbook Pro with M1 Max processor and 64GB of
unified memory. Table 5 shows the average processing times
of 15 segments for both models compared to the processing
time of incoherent averaging for beamforming. The beam-
form plot used for this comparison are those shown in figures
10a and 10b. These beamform plot use a grid size of 0.1x0.1
[m], totaling to 1 million grid points per acoustic image for a
single frequency.

Table 5: Processing time in [s] of both multi input ANN mod-
els vs. incoherent averaging for beamforming.

Sinput | 5 frequency | 10input | 10 frequency
model | beamforming | model | beamforming
0.04s] 1326.52[s] 0.05[s] 2199.28[s]

Using the discussed program to localize the sound source
for a period of 1.5[s], a trajectory can be seen. Figure 12
shows the consecutive predictions of the acoustic source
location performed by the ANN model that uses 10 input
frequencies. Using conventional beamforming it is known
that the aircraft flies in positive y-direction. This is supported
by the predictions done by the ANN model, as shown in
figure 12.

Contrary to the results in section 4.2, using a different
number of input frequencies does greatly influence the ac-
curacy of the acoustic source location, as larger differences
are present between different frequencies. Using more input
frequencies does not necessarily mean that the prediction ac-
curacy improves.

5 DISCUSSION

During the first phase of this research, synthetic white
noise was used for both training and testing. As a result,
the training data is a good representation of the test data.
Section 4.1 shows that the model using a single input
frequency is able to find a relation between the input feature
and the acoustic source location. Training the single input
model on different frequencies shows similar behaviour as
conventional beamforming.

Even though section 4.1 shows the model is able to find a
relation between the input feature and the source location,
results can still be improved by taking a couple of actions.
First, all datasets used in this research contain 160000
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Figure 12: Acoustic source location predictions for 1.5[s] of
flyover recording. The arrow indicated the direction of flight.

training examples, 40000 validation examples, and 50000
testing examples. This quantity was limited by computer
limitations. Increasing the amount of training data has shown
to be beneficial in many ANN applications. Second, by
further tuning the number of hidden layers and their neurons
higher prediction accuracy might be obtained.

Section 4.2 has shown that using 5 input frequencies makes
little difference to using 10 input frequencies. As the model
is both trained and tested on synthetic white noise, different
frequencies contain similar information. Section 4.3, how-
ever, shows that using a different number of input frequencies
has significant influence on the prediction accuracy when
using real world recordings. In real recording data different
frequencies are more varied in terms of source location and
sound level. To gather sufficient training data it is hard to
avoid the use of simulated data. To achieve better results
on real recording data, further research has to be done into
mimicking real world situations using simulated data. For
each application the characteristics of real world recordings
might differ. For hear-and-avoid application the simulated
data should be comparable to different aircraft flybys.

The microphone arrays used during this research consist of
64 microphones. The dimensions of the microphone array
are not suitable for hear-and-avoid. Further research is to
be done in a microphone array that is suitable for a UAV
platform. When the number of microphones is altered, the
size of the input layer of the network also changes. With the
changing size of the input layer, the network’s architecture
should again be optimized.



6 CONCLUSION

This paper has described the research into the potential

of an artificial neural network based method for fast acous-
tic source localization. A multi-layer perceptron model was
used to localize an acoustic source on a 2-dimensional scan-
ning plane. In the first phase the acoustic source consisted
of a simulated point source emitting synthetic white noise.
A multi-layer perceptron model was trained to localize the
acoustic source using a converted version of the CSM of one
frequency. The predictions show similar behaviour to con-
ventional beamforming for different frequencies. Concluding
that the model is able to understand the input data and find
a relation between the input feature and the acoustic source
location. From conventional beamforming it is known that
inchorent averaging the results of multiple acoustic images
improves the prediction accuracy. Based on this principle a
new network architecture is created that uses the converted
CSMs of multiple different frequencies as input. The multi
input model has shown to have a mean absolute error of ap-
proximately 0.27[m] for both the x- and y-coordinate, which
is a reduction of approximately 0.2 to 0.6 compared to the
the single input model, depending on the input frequency. In-
creasing the number of input frequencies from 5 to 10 in-
put frequencies has to have little effect to the prediction ac-
curacy when localizing synthetic white noise point sources.
The models using the information of multiple frequencies
were tested on recording data of an aircraft flyover. For real
world recordings it was shown that the input frequencies used
greatly influence the prediction accuracy, due to a larger dif-
ference in source location and pressure levels of different fre-
quencies. The ANN based method has shown to be able to
obtain a prediction within approximately 0.05[s], compared
to approximately 1000-2000[s] for conventional beamform-
ing. This opens the door for real time acoustic source local-
ization and tracking.
This research has shown promising results in terms of predic-
tion accuracy and processing time. However, further research
is required to improve the magnitude and consistency of the
prediction accuracy for real world acoustic source localiza-
tion.
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Introduction

In recent years the development of unmanned aerial vehicles (UAV) has been advancing in a staggering pace.
With this the number of applications also has been increasing rapidly, from parcel delivery to environment
mapping (4, 38]. The development of autopilots for UAVs has sped up the application of UAVs even more
by allowing them to fly autonomously in open areas [6]. Due to the increased amount of UAVs, the amount
of hazardous situations is also increasing [58]. These hazardous situations can be split into two categories:
collisions with static obstacles and interference with other air traffic. This research is focused on finding
a solution for the second category. Many regulations and restrictions exist to prevent hazardous situations
between UAVs and other air traffic. For instance, UAVs are not allowed to get close to airports. However, haz-
ardous situations still occur.

To avoid collision between UAVs and air traffic several technical security measures can be applied. These
measures become more important if a UAV is flying autonomously. One of the systems used in aircraft avoid-
ance is Automatic Dependent Surveillance-Broadcast (ADS — B). ADS-B is a satellite based aircraft localisa-
tion technique and is seen as the successor of radar. However, ADS-B is vulnerable to loss of connection and
security breaches [33].

A new initiative called Single European Sky ATM Research (SESAR) aims to safely increase the use of airspace
within Europe. One of the projects within SESAR is called PercEvite. percEvite is a collaboration between the
TU Delft, KU Leuven, Parrot, AeroVinci and SESAR Joint Undertaking, that focuses its efforts on developing
a sensor, communication and processing suite for small UAVs. One of the goals of the PercEvite project is to
enable small UAVs to avoid objects using lightweight, energy-efficient sensor. An often used sensor for avoid-
ance is a camera. These sensors are lightweight and consume little energy. Stereo vision and optical flow are
often applied methods that employ cameras. However, both of these methods have their flaws. Stereo vision
is only suitable for detecting objects located within a short range. Optical flow relies on textures in the image.
Within the PercEvite project the TU Delft is developing a method of avoiding other aircraft by means of a small
acoustic sensor. An algorithm which is able to avoid other aircraft by means of acoustic sensors is called a
hear-and-avoid algorithm. Hear-and-avoid includes two major aspects: sound event recognition and sound
source localization. Sound event recognition is the science of detecting a sound and classifying the source
of that sound. Sound source localization is determining the location of the sound source with respect to the
receiver.

This report is a review of the literature available on sound event recognition and sound source localization
suitable for hear-and-avoid. Before it possible to go deeper in the aspects of sound event recognition it is im-
portant to know what sound event recognition is and how it differs from other sound processing applications.
Chapter two will discuss the essence of sound event recognition and what modules it includes. Chapter three
will explain the fundamentals of acoustics and sound representations often applied in sound event recog-
nition. An often applied classifier in sound even recognition is the artificial neural network. Chapter four
explains the working principle of artificial neural networks and variants often applied in sound event recog-
nition. Chapter five discusses round event recognition algorithms with promising results which have been
proposed in recent years. Eventually, several methods for sound source localization are explained in chapter
six, including methods based on artificial neural networks.
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Sound Event Recognition

In recent years the applications of audio processing has been making leaps forward with fields such as Auto-
mated Speech Recognition (ASR) and Sound Event Recognition (SER). Untill a few years ago, the field of SER
did not get as much appreciation as ASR. However, due to the progress in the field of ASR, the possibilities of
SER have grown. This chapter will give an overview of the structure and applications of SER.

2.1. Overview

Sound Event Recognition is the science of recognizing and classifying the source of a sound event. A sound
event is a sound that originates from an object, such as a car passing, a phone ringing, and in this research
aircraft sound. These sound events carry all sorts of information and cues, which can be used to obtain knowl-
edge about the source. This information consists of sound event duration and characteristic frequencies.

Compared to speech and music, it is much harder to obtain characteristic information from sound events.
This is due to the many different origins of a sound event. In comparison, speech is confined as the sound
humans are able to vocally produce. Table 2.1 shows a comparison of the characteristics of speech, music
and sound events.

Table 2.1: Comparison of the acoustical characteristics of speech, music, and sound events [65]

Acousitcal .
Characterisitcs Speech Music Sound Events
Number of Number of Number of Undefined
Classes Phonemes Tones
Length of
Window Short (fixed) Long (fixed) Undefined
Bandwidth Narrow Broad Broad & Narrow
Harmonics Clear Clear Clear & Unclear
Repetitive Weak Weak Strong & Weak
Structure

From table 2.1 it can be denoted that it is hard to define the acoustic characteristics for sound events, com-
pared to speech and music. Due to the extreme variety in characteristics of sound events, it is usual the scope
for the problem of SER that is narrowed. This is done by choosing one specific type of sound to classify,
such that some characteristics can be defined. To give more structure to the field of SER, it is important to
categorize sounds. This creates sub-fields within SER that enables more specific understanding of the data
domain. An example of these categories can be seen in figure 2.1, in which hearable sound is divided into
several categories and sub-categories.

The different classes described in figure 2.1 follow how humans would classify sounds. This research is fo-
cused on classifying aircraft sound, which falls under the category of Artificial Sounds. However, Noise and
Natural Sounds can also be present in audio recordings.
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Figure 2.1: Taxonomy of sound [20]

2.2. Applications of Sound Event Recognition

SER can be applied is many different fields, due to the general definition of a sound event. Because of its
widespread application, it is hard to compare different methodologies of SER. Therefore, many researchers
focus on one specific field of interest. In general SER can be defined in three different categories: environ-
mental sound event recognition, acoustic surveillance, and environmental classification.

2.2.1. Environmental Sound Event Recognition

In this category the research is focused on recognizing a specific subset of sounds that are found in a given
environment. The environment in which the sound event is taking place defines the recognition problem. It
has to be noted that recognition of speech in a certain environment could also be included in this category.
However, the content of speech is not interpreted, but is passed on to an ASR module. Some examples of
environmental sound event recognition are: counting of coughs for healthcare purposes [5] and classification
of meeting room sounds [55].

2.2.2. Acoustic Surveillance

An often adopted manner of surveillance is the use of cameras. However, in some situations it is only possible
to make use of acoustics for surveillance. Overall the field of acoustic surveillance can be divided into two
sub-categories: human and animal surveillance. Examples of human surveillance include detection of ag-
gressive sounds, such as: screams or gunshots [21]. Acoustic surveillance is used in biological environments
as it allows for long term monitoring. The main obstacle of acoustic surveillance is their robustness to noise.

2.2.3. Environmental Classification

Environmental Classification is the technique of recognizing the surrounding environment from the audio
recording [32]. It can be applied to tune the settings of a device depending the context in which it is used
[18]. An example is tuning parameters of hearing aid devices to improve the listening experience in different
environments [44].

Looking at the SER categories above, it can be said that an hear-and-avoid algorithm falls within acoustic
surveillance. In an hear-and-avoid algorithm, aircraft sound has to be distinguished from background sound.

2.3. Sound Event Recognition Structure
Eventhough many different forms of SER systems exist, most of the algorithms follow a common structure.
SER systems typically consist of three different modules: detection, feature extraction, and classification.
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Figure 2.2: Typical structure of a sound event recognition system [19]

To get a clear overview of the structure of an SER system, figure 2.2 illustrates the typical structure of an
SER system. Each of these modules forms its own phase in recognizing an audio segment. The following
subsections will give a brief explanation on the different SER modules.

2.3.1. Detection

The focus of the detection module is finding the start and end point of a sound event from a continuous
stream. Within sound event detection two different approaches could be applied: detection-and-classification
and detection-by-classification [56].

The detection-and-classification approach consists of two separate modules. A detection module which de-
tects and extracts sound event segments from a continuous. The module does not interpret the data, but
only separates the sound event segment from the background noise. In the segmentation process, a sliding
window slides through the audio signal and determines a similarity measure between neighbouring regions.
This similarity measure is compared to a threshold, witch is determined previous noise profiles. The benefit
of this approach is that the segmentation window is variable, which is better for recognition tasks in which
the duration of sound events differs substantially. However, it is difficult to determine the similarity threshold
in audio recordings with inconsistent background noise.

In the second approach, detection-by-classification, the detection and classification modules are combined
into one module. It classifies sequential segments from the audio stream, in which the detection window
slides over the audio segments [55]. At each time step the module determines whether the segment contains
only noise or one of the pre-trained sound events [69]. Figure 2.3 illustrates the approach used by detection-
by-classification.
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Figure 2.3: Detection-by-Classification [56]

The benefit of the detection-by-classification approach is that it is easier to implement as no separate mod-
ules have to be constructed for detection and classification. The problem, however, comes with determining
the proper window size that works for varies different sound events.

2.3.2. Feature Extraction

The objective of the feature extraction module is to highlight the characteristics of the audio signal that con-
tain the information on the sound event. Not all features are well suited for recognising some specific sound
event classes compared to others. Therefore, it is necessary to use a sound feature that fits to the specific
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recognition task. A well chosen audio feature is able to distinguish between different sound classes. Sound
features have several different properties: signal representation, domain, temporal scale, semantic meaning,
and underlying model [36].

Signal representation describes how the signal is coded. The decoded sound can be one of two categories:
linear coded or lossily compressed. Most feature extraction methods use linear coded signals, as these sig-
nals contain all information present in the original audio signal. However, in recent years more research is
done into using lossily compressed audio features. The benefit of using lossily compressed audio features is
that the audio signal is transformed into a frequency range that is audible by humans. Therefore, sounds that
cannot be heard by humans are removed from the audio signal. This reduces the computational efforts for
extracting features significantly.

Knowledge about the domain makes interpretation of the sound feature easier. In total seven different do-
mains exist: temporal, frequency, correlation, cepstral, modulation frequency, reconstructed phase space,
and eigen-domain. A feature expressed in the temporal domain, also known as the time domain, is directly
given as a waveform of the signal. The frequency domain on the other hand describes the spectral infor-
mation of the signal. The correlation domain gives the relation between signals. In audio processing, the
autocorrelation is mainly used as this compares the signal to a time-shifted copy of itself. By doing this it
is able to find repeating patterns and its periodicity. The cepstrum domain is used to show the envelope of
the spectrum. The cepstrum is defined as the power spectrum of the logarithm of the power spectrum of
a signal [10]. The modulation frequency domain informs on the temporal modulations in a signal. Recon-
structed phase space is able to extract non-linear features from a signal [29]. lastly, a representation in the
eigen-domain is constructed of eigen- or singular vectors.

The third feature property is the temporal scale. generally, audio is considered as a non-stationary signal de-
pending on time. This is why multiple feature extraction methods use short frames (10 to 40 ms) of an audio
signal, in which a signal is said to be locally stationary. Each of these frames is used to generate a feature
vector, containing information such as volume and Fourier transform coefficients. Features that use the in-
formation extracted from the stationary audio frames are called intraframe features [59]. On the other hand,
interframe use longer fixed length (usually 1 or 2 seconds) clips to extract dynamic information of the signal,
such as rhythm and modulation information [59]. Lastly, there are global features. These features use the
entire audio signal to extract information.

The semantic meaning of an audio feature indicates if the feature represents the human perception. A feature
is perceptual if the feature is known by humans, examples are: harmonicity, loudness, pitch, and rhythm [67].
The semantic meaning of a feature can also be physical. Physical features are described by mathematical or
physical properties, Fourier transform coefficients for example.

The last property of an sound feature is the underlying model. Lately, researchers have used psychoacous-
tic models in feature extraction. Psychoacoustic models use a mathematical representation of a signal that
correspond to the human auditory system [54]. For example, a psychoacoustic model implements filters that
simulate the frequency humans are able to hear.

All audio features used for sound event recognition can be characterized in these feature properties.

2.3.3. Classification

The third and final module of a sound event recognition system is the classification module. The goal of this
module is to classify the features extracted from the audio signal. The main working principle of the classifi-
cation module is to assign a label to audio segments corresponding to the classes used to train the classifier.
Many different techniques can be applied to classify an audio segment. The techniques mainly use one of
two approaches. The first approach uses a database containing training features and a distance measure to
compute similarities between the training and test features. This approach is used in k-Nearest Neighbours
(kNN) and Dynamic Time Warping (DT W), among others. However, this approach is often not favorable as it
is more computationally expensive [39]. The second approach is a model-based approach. The model-based
approach generates a feature vector while training the model. When testing the model, the distance between
the trained model en the extracted training features is measured. The model-based approach is applied in
various classification methods, such as Gaussian Mixture Model (GM M), Hidden Markov Models (HM M),
and Artificial Neural Networks (AN N) [16]. This research mainly focuses on using Artificial Neural Networks
as classifier. In recent years the use of various types of Artificial Neural Networks has shown promising results
in terms of acoustic surveillance [12 ]



Sound

Sound can be seen as a disturbance of air which propagates as a longitudinal pressure wave. For sound
event recognition it is important to understand the fundamentals of sound. This chapter will explain the
basics of acoustics and aircraft sound in particular. An essential aspect of sound event recognition are the
features used. Section 3.3 will discuss sound representations and what features can be extracted from these
representations.

3.1. Basics of Acoustics

Due to vibrations of surfaces, the sound source, a longitudinal wave is created which displaces particles in
the air. When the displacement of particles reaches the ear, a sound is heard. The displacement of the air
particles is around their local equilibrium position, which produces a local increase in pressure following
by a decrease in pressure. This fluctuation in pressure is measured in sound pressure, denoted by p’. The
fluctuation in pressure on the eardrum will make a sound audible to a listener. Over distance the amplitude
of the Sound Pressure decreases. Next to distance, the sound pressure is dependent on several other variables.
The sound pressure variations with time and distance is expressed in the following equation as a function of
time ¢ and distance r.

, A
p (r, t)z;cos[w(t—r/c)] 3.1)

In which, A is the amplitude at 1 meter of the sound source, c is the speed of sound ( generally 340 [m/s]) and

w is the radial frequency in radians per second. The effective (sound) pressure is the most often used measure

of amplitude, and is denoted by p.. Effective (sound) pressure is the root-mean-square of the instantaneous

sound pressure over one period. Equation 3.2 shows the relation between the sound pressure and the effective
A

sound pressure.
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Equation 3.2 shows that the amplitude of the sound pressure and effective sound pressure are related by a
factor of v/2. The effective sound pressure is the most commonly measured quantity because most micro-
phones measure sound pressure. A microphone’s read-out generally gives the sound pressure level (SPL) in
decibel (dB). Equation 3.3 show the relation between sound pressure level and the effective sound pressure.

2 1/2

dt (3.2)

7cos [w(t=rlc)]

2

pz
SPL= 10log( ¢ ) (3.3)
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In which py, is the reference pressure of 2x10~° [N/m?]. In figure 3.1 it is shown that using the sound pressure
level instead of the effective sound pressure reduces an audible range.

3.2. Aircraft Sound

As this research is focused on detecting the presence of aircraft, it is important to understand the charac-
teristics of sound produced by aircraft. Sound produced by aircraft mainly originates from the propulsion
system. However, other components such as airframe and landing-gear also contribute. Various different
type of aircraft use different types of propulsion systems. As the hear-and-avoid algorithm is developed for
the implementation on UAVs, not all types of aircraft will be encountered during flight. The type of aircraft
most likely to form a hazard for UAVs are small aircraft. Almost all aircraft in this category use piston engines
for propulsion. Sound produced by the piston engine propulsion system can be divided into two categories:
sound produced by the piston engine and sound produced by the propeller.

A piston engine usually exists of four to six cylinders that operate on the four-stroke cycle principle, explained
in figure 3.2.
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Figure 3.2: The working cycle of a four-stroke piston engine. (1) The piston travels downwards to
allow a mixture of vaporized fuel and air to be sucked in. (2) The piston travels upwards to compress
the fuel and air mixture. (3) The compressed fuel and air mixture is ignited, pushing the piston back

down. (4) The piston travels upwards to push out the burned gas inside the cylinder. [46]

The piston engine itself produces sound at discrete frequencies which are integer multiples of the cylinder
firing frequency (f;), equation 3.4. In which n is the engine’s rotational speed in rpm. However, the most
dominant frequency is the exhaust firing frequency (f.) ant its harmonics, equation 3.5. In which N is the
number of cylinders and 7 is the engine’s rotational speed

n
fe= 0 (3.4)
Nn
fe= 20 (3.5)

The propeller of the piston propulsion system converts shaft power from the engine into thrust by pushing air
backwards. The sound produced by the propeller consists of rotational sound and vortex sound. Rotational
sound is caused by the propeller rotating through air. The rotational sound is harmonically related to the
blade passage frequency (f), equation 3.6.

3 Bny,

fi= 50 (3.6)

In which B is the number of propeller blades and n,, is the rotational speed of the propeller. Vortex sound is
caused by random air disturbances caused by the propeller blades. The vortex sound is significantly weaker
compared to the rotational sound, causing the propeller sound spectrum to show peaks at integer multiples
of the blade passage frequency.

During flight the sound observed on the ground is influenced by three different factors. The first factor is the
influence of motion of the aircraft on the directional pattern of the noise field. This influence is also known
as the Doppler effect. The Doppler effect is known as the change of the observed frequency due to the sound
source moving with respect to the observer. The observed frequency can be calculated using equation 3.7.
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f

fl=——— (3.7
In which f’ is the observed frequency, f the true frequeny, dr/dt is the change of distance to the source with
respect to time, and c is the speed of sound in air.
The second factor of influence is the effect of the ground and other obstacles reflecting sound waves. The
third factor is the effect of the airframe, known as aerodynamic sound. Aerodynamic sound is caused by
a turbulent boundary layers over the outer surfaces of the aircraft. It is most present during landing when
landing-gear and high-lift devices are deployed.

3.3. Sound Representations

Recorded sound contains a lot of information. Different representations can be used to extract this informa-
tion from a sound recording. This section will discuss sound representations often applied in sound event
recognition.

3.3.1. Frequency Domain

As sound is actually a wave travelling through the air it can also be defined in the frequency domain. The
frequency domain expresses a signal in terms frequency instead of time. Frequency can be explained as the
number of waves per second, expressed in hertz [Hz]. Sound recordings contain a huge amount of informa-
tion in the frequency domain. This is because most sound events contain a wide range of frequencies, as can
be seem in figure 3.3.
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Figure 3.3: Comparison between time domain and frequency domain

Figure 3.3 shows the sound recording of am aircraft flying over. The sample frequency of this signal is 50000
[Hz], meaning the recorder measures 50000 data-points every second. A sound wave is continuous of nature,
while a computer is not. For this reason, the wave is reduced from a continuous-time signal to a discrete-time
signal. In theory, the most ideal sample frequency produces samples corresponding to the instantaneous
value of the continuous-time signal. To obtain an optimal sampling the Nyquist-Shannon theorem is applied
[51]. This theorem states that if a signal does not contain any frequencies higher than W [Hz], itis determined
by giving its ordinates at a series of 0.5W seconds apart. So, the minimal sampling rate should be twice as
much as the highest frequency of the signal. This explains why the frequency domain plot of figure 3.3 is in
the range of [0, 25000].

To obtain frequency information from a time signal, the signal has to be transformed from the time domain
signal to the frequency domain signal. This can be achieved by applying the Fourier Transform. The Fourier
transform applies the Fourier theorem for the transformation. According to the Fourier theorem it is possible
to write every periodic waveform in a trigonometric series representation. The resulting trigonometric series



30 3. Sound

is called the trigonometric Fourier series. Equation 3.8 gives the mathematical representation of the Fourier
series [45].

[e.¢] (e 0]
x(t)=ag+ Y ancos(n2nfot)+ Y bysin(n2zfor) (3.8)
n=1 n=1
In which fj is the fundamental frequency of the wave. The Fourier transform coefficients, denoted by ay,
an, and by, can be used as features for audio classification [59]. The mathematical expression of the Fourier
transform coefficients are shown in equations 3.9 to 3.11
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Using the trigonometric series representation above it is possible to determine the signal in the frequency
domain. This is done by applying the Fourier transform given in 3.12. To transform from the frequency
domain back to the time domain, the inverse Fourier transform (equation 3.13 is used. Together, equations
3.12 and 3.13 are known as a Fourier transform pair.

X(f):f x(r) e 2mhiqy (3.12)

—inf

x(t):f X(f) 2t gy (3.13)
—inf

The function described above are all defined in continuous-time. The audio recordings are sampled data sig-
nals. These sampled data signals are defined in discrete-time. For these signals the discrete Fourier transform
(DFT) can be used to convert a signal from the time domain to the frequency domain [45], given in equation
3.14

N-1 i2mkn
Xe=) xpe” N, k=1,2,.,N (3.14)
n=0
1 N-1 i2nkn
Xpn=— Y Xpe' N, n=12,.,N (3.15)
N k=0

In which N is the total number of samples in the within the recording interval. As with the continuous-time
Fourier transform is the DFT part of a discrete Fourier transform pair together with the inverse DFT, given in
equation 3.15. Algorithms used to calculate the discrete Fourier transform are often referred to as fast Fourier
transform (FFT) algorithms, which efficiently compute the discrete sum of the DFT on a computer.

3.3.2. Psychoacoustics

Many studies on sound recognition consider humans to be superior in recognising sound sources compared
to computers. Therefore, many studies look at the human perception of sound. A widely known factis that the
frequencies audible to humans range from 20 [Hz] to 20,000 [ Hz]. This narrows the frequencies of interest for
sound recognition algorithms. Various sound recognition methods also make use of mathematical represen-
tations of the human perception of sound to make recognition more robust. These representations are in the
form of mathematical models and are called psychoacoustic models. As explained in section 2.3.2, psychoa-
coustic models can be used to extract features from an audio signal. One of the most used psychoacoustic
sound features are Mel Frequency Cepstral Coefficients (MFCCs). The Mel frequency cepstrum is a scaled
representation of the short-term power spectrum of sound. MFCCs are the coefficients that construct the Mel
frequency cepstrum. The first step in obtaining the MFCCs is to divide a sound recording into smaller frames
(typically 20 [ms]) in witch the signal is considered statistically stationary [31]. These frames are converted to
the frequency domain using the discrete Fourier transform. The frequencies belonging to the spectrum are
scaled to the Mel scale. The Mel-scale is a partially logarithmic scale that is based on relationship between
frequency and perceived pitch. It appears that the human perception of pitch is not completely linear. The
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Mel scale maps the frequency approximately linear until 1,000 [Hz] and logarithmic after. The mapping of
frequencies to the Mel-scale is performed using equation 3.16 [68].

_ L)
M (f)=2595log1o (1 200 (3.16)

Next, the logarithm of the resulted spectrum is taken as the perceived loudness of a signal is approximately
logarithmic. The final step in obtaining the MFCCs is applying the discrete cosine transform (DCT) [31].
MFCCs have mainly been used in speech modeling for automatic speech recognition . However, several
studies into sound event recognition have shown positive results in using the MFCCs and the Mel-scale [1, 522

I

3.3.3. Image Representation

As has been explained in this chapter, sound has various different representation. One of these representa-
tions is an image representation. Images of sound have been widely used for sound classification as it offers
the opportunity to use image classification algorithms. An often used image representation of sound is the
spectrogram image. A spectrogram is a time-frequancy representation of an audio signal. Spectrograms show
frequency and energy distributed over time. This makes it possible to distinguish different sound elements
and their harmonic structure. Various different types of spectrograms exist [19].
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The most popular approach in obtaining a spectrogram is based on the short time Fourier transform (STFT),
which is based on equations 3.17 and 3.18. Where N is the number of samples per frame, f = kfs/N is the
frequency bin for k=1, ..., N/2 + 1, w is the window function, and ¢ is the time frame index. Figure 3.4 shows
an STFT based spectrogram of the waveform shown in figure 3.3.
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Another spectrogram which is often used in sound event recognition is the Mel-scale spectrogram, shown
in figure 3.5. In a Mel-scale spectrogram the frequency axis is scaled to the Mel-scale, which is discussed in
section 3.3.2.






Classification

In section 2.3.3 it was mentioned that several different classification techniques can be used to classify a
sound’s origin. The method discussed in this report is the use of artificial neural networks. Artificial neu-
ral networks are based on the immense parallel computation power of the human brain. The human brain
can be mathematically modeled by a weighted, directed graph of interconnected neurons. In previous years,
artificial neural networks have become increasingly popular as function approximators. Therefore, artificial
neural networks are well suited for recognition/classification tasks, including sound event recognition. Nu-
merous different types of artificial neural networks, such as convolutional neural networks, recurrent neural
networks and autoencoders. This chapter will explain how neural networks work and how they can be applied
for classification tasks.

4.1. Artificial Neural Network

A neural network is a form of machine learning in which a function is created that maps inputs to a cor-
responding output. Using this function outputs can be predicted for a new inputs. Neural Networks have
the form as illustrated in figure 4.1. A neural network consist of multiple layers which contain neurons. The
neurons of a layer are connected to all neurons of the neighbouring layers.
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Figure 4.1: Basic form of artificial neural networks [11]

As indicated by figure 4.1, the first layer of a neural network is the input layer. This layer takes the input
values of the function. The output layer produces the eventual output of the function. This can consist of
multiple neurons in the case of classification. Each neuron produces the probability of the input belonging
to a certain class. All layers in between the input and output layers are called the hidden layers. Each neuron
consists of an activation function, which takes the outputs of the neurons in the previous layer as input. In
this manner an intricate equation can be composed from simple linear and non-linear functions. Some often
used activation functions are the linear function, the rectified linear unit function, logistic function and the
hyperbolic tangent function, described by equation 4.1 to 4.4 respectively.
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The connections between the neurons of neighbouring layers all have their own weight. These weights in-
dicate the influence each of the neurons of the previous layer have on a neuron in the current layer. As a
result of the weights, the input of a neuron is the outputs of the neurons in the previous layers multiplied by
their specific weights. In some cases an additional bias neuron can be added, as illustrated by figure 4.2. Bias
neurons make it possible to translate the activation function to the left or right.

Bias Neurons

Figure 4.2: Addition of bias neurons

To create a function that maps the input to the output, the neural network has to learn the relationship be-
tween the input and the output. The most applied method of learning is called supervised learning. In super-
vised the neural network is given a dataset containing input data (such as images) and output labels (such as
categories). During the training of the network it is shown the items in the dataset. It then tries to determine
the corresponding label. The network is highly likely unable to correctly determine the label before training.
To improve the accuracy of the network an objective function is established. This objective function measure
the error between the network’s output and the desired output. This objective function is used to properly
adjust the weights and biases of the network. The main goal is to minimize the error between the network’s
output and the desired output. To do so backpropagation is used. The backpropagation procedure calculates
the gradient of the objective function with respect to the weights in the network. In essence backpropagation
is no more than an application of the chain rule for derivatives. The gradient of the objective function with
respect to the input of a certain neuron can be calculated by computing the gradients of each neuron’s output
with respect to it’s input. Calculating the gradients is done repeatedly through all neurons, starting with the
output of the network and continuing till the input neurons. Once these gradients have been calculated, it is
easy to calculate the gradients with respect to the weights of each neuron.

One of the biggest challenges in learning a neural network is over- and underfitting. Overfitting appears when
the network performs well on the training dataset, but performs bad on net unseen inputs. Underfitting ap-
pears when the network is unable to fit a function to the dataset.Several methods can be applied to prevent
over- and underfitting. Both the network and the dataset can help to prevent overfitting. Reducing the num-
ber neurons and layers in the network can help to prevent overfitting as this produces a function which is less
prone to variances. A version of this is applying drop-out. When drop-out is applied in training the network,
every training round several neurons are randomly selected and ignored. The output of these neurons is not
passed to the following neurons. This makes sure that that particular training round the features correspond-
ing to the dropped-out neurons are not trained. Prepossessing the training data can also help to prevent
overfitting. By removing irrelevent features from the data, the network becomes less complex and less prone
to overfitting. Where simplifying the network can help to prevent overfitting, increasing the complexity of the
network can help to prevent underfitting.

4.2, Convolution Neural Network

Convolutional neural networks (ConvNets) are a type of neural networks designed for processing data that
contains multiple arrays. ConvNets are ofted used in classifying colored images. Just as a general neural
network, a ConvNet starts with an input layer. The second layer in a ConvNet is the convolutional layer. In a
smaller window moves over image. This filter is a an array of weights. The convolutional layer usualy consists
of multiple different filters. These filters can be seen as feature identifiers, each detecting a different feature
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such as: edges, colors or curves. When the filter moves over the image, element wise matrix multiplication is
applied between the numbers in the filter and the input values it covers. The results of the multiplications is
summed up to a single value. If a filter detects the feature it is looking for in the input data, the resulting value
will be higher. The result the filter moving over the input data is stored in an activation map. These activation
maps contain data about the location of the features. Adding more filters will add depth to the activation
map, such that it stores more information about the input data. The basic form of a ConvNet is shown in
figure 4.3.
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Figure 4.3: Basic form of convolutional neural network [41]

Using convolutional layers has two main benefits [28]. Local values in the input data are often highly cor-
related with their neighbouring values, forming distinctive features which are easier to detect. Secondly,
Features are not bound to one particular location, but can be present in multiple locations in the input data.
After the convolutional layers of the network a pooling layer is implemented. The pooling layer serves to
decrease the spatial size of the data to reduce the number of parameters and computational effort of the net-
work. The most often type of pooling layer is max pooling. In a max pooling the maximum value of a small
local patch of data points is taken, as shown in figure 4.4. A different type of pooling, called average pooling,
works in a similar fashion, but it takes the average value of the local patch of data. When multiple convo-
lutional layers are implemented in the network it is common practise to implement pooling layers between
convolutional layers
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Figure 4.4: Max pooling operation using 2x2 window [27]

subsequently to the convolutional and pooling layers, the resulting data is passed to a fully connected layer
for classification. The fully connected layer works similar to the neural network explained in section 4.1.
Updating the weights of the convolutional and fully connected layers is done by backpropagating gradients
through the ConvNet similar to updating the wieghts of a normal neural network.

ConvNets are most often used for image classification, such as described in [27, 41]. Hoewever, some stud-
ies have applied ConvNets in detecting sound sources. Several of these studies will be further explained in
chapter 5.
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4.3. Recurrent Neural Network

Recurrent neural networks (RNNs) are used for classification tasks involving sequential data, such as speech.
The neurons in an RNN are not only trained to recognize the current input, but also its relation to previous
inputs of a sequence. Using RNNs it has become possible to predict the next word in a sequence, but also to
find a good representation of a thought expressed by a sentence. The basic principle of RNNs is illustrated by
figure 4.5. The neurons in the network get updates from neurons at previous time steps. Using this principle,
an RNN is able to map input x; with output o;. Each output o; is dependant on all previous inputs x} (for
<.
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Figure 4.5: A recurrent neural network and the unfolding in time of the computation involved in its
forward computation (28]

To update the weights of an RNN a version of backpropagation is applied, call backpropagation through time
(BPTT). InBPTT an RNN is unfolded and represented as a multi-layer network. Figure 4.6 shows an unfolded
RNN in time with a copy of the network at each time step, in which x; is the state of the network at time ¢, u;
is the input at time ¢, and €, is the error of the output at time ¢.
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Figure 4.6: Unfolded recurrent neural network with a copy of the network at each time step [40]

A big disadvantage of RNNss is the problem of exploding and vanishing gradients [7]. In updating an RNN a
distinguish between long term and short term contributions to the error gradient. Long term refers to the
contribution of a copy of the network from a large amount of time steps ago. Exploding gradients occur when
the error gradients of long term contributions grow exponentially more compared to short term contribu-
tions, causing the model to become unstable. Vanishing gradients occur when the error gradients of long
term contributions go exponentially fast to 0, causing the network to be unable to learn correlation between
temporally distant data. A popular solution to the problem of exploding and vanishing gradients is the use
of a long short-term memory (LST M) network. In an LSTM network the neurons are replaced by memory
blocks [22]. These memory blocks are able to control the flow of information by the use of so-called 'gates’. A
memory block consists of three gates: the forget gate, input gate, and output gate. The forget gate determines
which information from previous time steps is important. The input gate determines which information from
the current time step is important to add to the network’s memory. The output passes the cell state on to the
next time step.

4.4. Stacked Convolutional Recurrent Network

In recent years ConvNets and RNNs have been combined into stacked convolutional recurrent neural net-
works (CRNN). Especially in the field of sound event recognition stacked convolutional recurrent neural
networks have shown promising results [1, 2, 64]. Audio recordings often contain a lot of background noise
and events can occur randomly along the recordings with varying lengths. The convolutional layer is used to
extract robust features from short frames and disregard the background noise by using the pooling operation.
Recurrent layers are able to obtain information from a sequence of short frames. Eventually the information
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is fed through a fully connected layer to classify the sound event. Using the CRNN architecture provides the
opportunity to use a wide range of features that require less pre-processing.

4.5. Autoencoder

An autoencoder is a type of neural network that is able to copy the input to the output. With this ability
an autoencoder can compress data while the reconstruction error is minimized. An autoencoder usually
consists of three components: encoder, compressed representation, and decoder. Autoencoders are often
used to denoise the input data [34]. During training of the autoencoder noise is added to the input data.
For normal autoencoders the cost function is focused in minimizing the difference between the input and
output. In denoising autoencoders the added noise is subtracted from the cost function, such that the cost is
lower when the noise is not present in the output. Using denoising autoencoders can help to remove various
types of unwanted objects from the input, such as a drone’s ego-sound from attached microphones for hear-
and-avoid purposes.

4.6. Evaluating Classifier

A neural network will always produce results when it is fitted to a training dataset. However, due to training
flaws, such as over- and underfitting, the model might not produce desired results on new data. Several mea-
sures exist to minimize the occurrence of such training flaws, as discussed in section 4.1. To check whether
training flaws have occurred it is important to evaluate model. Several metrics exist to evaluate the fitted
model.

The most popular evaluation metric is the classification accuracy. The classification accuracy is the ratio
between the amount of correct predictions and the total amount of predictions, as shown in equation 4.5

Accurac _ Correct Predictions 45)
y= Predictions ’

Using the classification accuracy as evaluation metric works well when the classes contain an similar amount
of samples. However, when the class sizes are not equal a bias can arise to the largest class. The classification
accuracy is a great evaluation metric for initial indication on the model’s performance, but other metrics are
needed to give conclusive results

Another often used evaluation metric is the confusion matrix. The confusion matrix produces a matrix which
describes the model’s performance. The matrix contains four important terms to illustrate the model’s per-
formance:

¢ True Positives: The situation in which something, an aircraft for example, is detected and is also actually
present.

* True Negatives: When no aircraft is detected and no aircraft is present in the area.
¢ False Positives: When an aircraft is detected, but no aircraft is present in the area.
¢ False Negatives: When no aircraft is detected, but an aircraft is actually present in the area.

The terms used in the confusion matrix form an important basis for other evaluation metrics.

A metrics which is often used for binary classifiers is the receiver operating characteristic (ROC) curve and
its corresponding area under curve (AUC). An ROC curve plots the true positive rate (T PR) against the false
positive rate (FPR).

¢ True Positive Rate: The amount of correct positive classifications with respect to the total amount of
truly positive samples.

 False Positive Rate: The amount of false positive classifications with respect to the total amount of truly
negative samples.

Figure 4.7 illustrates how the ROC curve is used to evaluate a model’s performance. The AUC is the area
underneath the ROC curve and corresponds to the probability that the model will classify a truly positive
sample as positive compared to classifying a truly negative sample as positive. A higher AUC means a better
performing model.
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Figure 4.7: ROC curve [15]

A metric which can be derived from the ROC curve is the equal error rate (EER), also known as the cross over
rate. EER refered to as the point where false negative rate (FNR) is equal to the false positive rate [37]. As
FNR=1-TPR, itis possible to determine the EER by drawing a line from top left to bottom right. The FPR
value where the ROC curve intersects the line is the EER value. A lower EER value is better.

The F1 score is metric that describes the accuracy of model independent of the size of the classes. The F1
score is constructed of two different terms: the precision and recall.

¢ Precision: The amount of true positives with respect to the total amount of positively classified samples.
¢ Recall: The amount of true positives with respect to the total amount of truly positive samples.
The F1 score is the harmonic mean of precision and recall, according to equation 4.6

Precision = Recall

F1=2x —
Precision+ Recall

(4.6)

An evaluation metric often applied in multi-class classifiers is the logarithm loss. The logarithm loss metric
penalizes false classifications. In a multi-class classification the classifier calculates the probability to each
class for the samples. If the dataset contains N samples belonging to M classes, the logarithm loss is calculated
according to equation 4.7.

1N M
Logarithm Loss= -1 YY) yijxlog(pij) (4.7
Nig:

In which:
* y;j states if sample i belongs to class j

* pij is the probability calculated by the classifier that sample i belongs to class j

A lower logarithmic loss indicates a higher accuracy.



Sound Event Recognition For Hear And
Avoid

Sound event recognition is a novel attribute to hear and avoid. Over the years many different algorithms for
sound event recognition have been developed. In these algorithms classification using artificial neural net-
works has become more popular. Algorithms used for sound event recognition use different types of artificial
neural networks. To develop a good working sound event recognition algorithm, the features and the classifier
should be a matching combination. This chapter will discuss multiple sound event recognition algorithms
which use this type of classifier.

5.1. ConvNet Classifier

Convolutional neural network classifiers are often used in sound event recognition algorithms. Different
types of features can be used as input for a convolutional neural network classifier. This section will discuss
sound event recognition methods that apply a convolutional neural network classifier in combination with
different features.

5.1.1. ConvNet And Spectrogram Image Features

An often applied approach is the use of a ConvNet and spectrogram image features (SIF). In this method
the waveform signal is converted to a spectrogram image representation, as explained in section 3.3.3. Mel-
scaled spectrograms are often used as they zoom in on the human auditory range. These spectrogram images
are fed into a Convnet for image classification. This method has both been applied for sound event detection
and sound classification.

A prior research into hear-and-avoid , performed by D. Wijnker et al., has applied the combination of a Con-
vNet classifier and spectrograms for the detection of an aircraft fly-over. In this approach one spectrogram
is created of an entire recording lasting up to 120 seconds. Each second in this recording is labeled for con-
taining aircraft sound or not. The classifier is then trained to detect the location of the sound event in the
spectrograms. Other research has applied spectrograms in combination with ConvNet classifiers to separate
different sound sources. K. J. Piczak has applied a combination of spectrograms and ConvNets to classify iso-
lated sound event recordings from the ESC-10 [43], ESC-50 [43] and UrbanSound8K [48] datasets [42]. These
datasets contain short recording of environmental sound events, such as church bells, coughing, airplanes,
and barking dogs. Each of these recordings has been divided into smaller segments with 50% overlap to
increase the amount of data. All segments have been converted to log-scaled Mel-spectrograms. The spec-
trograms together with their deltas are used as a two-channel input for a ConvNet. The kernel size of the
filters in the convolutional layers is rectangular (57x6) allowing for slight frequency invariances.

5.1.2. ConvNet And raw-waveform

Other research has tried to eliminate the need for pre-processing altogether. W. Dai et al. has proposed a
method to classify sound using raw waveform as input [17]. W. Dai uses a fully convolutional neural net-
work without any fully connected layers. The network proposed by W. Dai is shown in figure 5.1. The fully
connected layers are replaced by one global average pooling layer. By using the global average pooling layer
each feature map is reduced into a float by averaging the activation over the time dimension. Similar to the
research performed by K. J. Piczak, has the model been trained on the UrbanSound8K dataset. The audio
recordings have are fed into the network without any pre-processing.
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Figure 5.1: Fully convolutional neural network proposed by W. Dai et al. [17]

5.2. CRNN Classifier

An alternative for convolutional neural network based classifiers is the stacked convolutional recurrent neural
network based classifiers. These type of classifiers are able to extract small-scale features using the convolu-
tional layers and learn context between these features using the recurrent layers.

Y. Xu et al. has proposed a convolutional gated recurrect neural network based method for audio tagging.
The input of the network are small time windows of 32 [ms]. The convolutional layer is used to extract robust
features from the small time window. A recurrent layer containing gated recurring units (GRU's) is used to
detect long-term information from each sound event. GRUs are similar to LSTMs, but are less complex and
faster to compute. A GRU memory block only uses 2 gates, compared to three gates in an LSTM block. The
first gate, the update gate, determines which information from previous time steps is important for the next
time step. The second gate, the reset gate, determines of the information from previous time steps can be
forgotten. Figure 5.2 shows the architecture proposed by Y. Xu et al.
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Figure 5.2: Convolutional gated recurrent neural network proposed By Y. Xu et al. [64]

The dataset used consists of seven different audio classes with 4 second sound recordings. The network is
able to train on different features. The features used in this research are spectrograms, raw waveform, and
mel-filterbanks.

S. Adavanne et al. have used a crnn based method to detect a bird call [2]. The network applied is a stacked
convolutional and bi-directional recurrent neural network (CBRNN), shown in figure 5.3. The complete
network contains two separate convolutional neural networks. Both of these ConvNets process a different
input channel. The input to the entire logarithm is a sound signal of 10 seconds. This signal is divided into
frames of 40 [ms] with 50% overlap, to a total amount 500 frames for a 10 second recording. The first feature
extracted from each frame is the log mel-band energy (mbe). The mbe features are stored in a volume of
500x40x1. The second feature is the local dominant frequency (dom— freg) and their respective magnitudes.
From each frame the three most dominant frequencies and their magnitudes in the range of 500-800 [H z] are
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extracted. The dom-freq’s are stored in a volume of 500x3x2. The two volumes with the extracted sound
features are fed into the network as shown in figure 5.3.

Log melk-band energy (500x40x1)  Dominant frequency {500x3x2)

8, 3x3, 2D CNN, RelUs B, 3x3, 2D CNN, RelLUs
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Figure 5.3: Stacked convolutional bi-directional recurrent neural network proposed by S. Adavanne
etal. [2]

5.3. Data Augmentation

For training a classifier it is essential to have a large dataset. By applying data augmentation it is possible to
increase the current dataset by applying small changes to copies of the current data. In addition to increasing
the dataset, data augmentation can also help to increase generalization and robustness. Data augmentation
for each type of data is different and research into effective forms is very active. J. Salamon and J.P. Bello have
performed research into the influence of data augmentation for environmental sound classification [47]. Four
different types of augmentation have been applied, resulting in five augmentation sets. The augmentation
sets applied are listed below:

e Time Stretching (T'S): The samples are slowed down or sped up. Each sample is stretched using four
different factors: 0.81, 0.93, 1.07, and 1.23.

¢ Pitch Shifting (PS1): The pitch of the sound sample is raised or lowered. In this set the pitch of each
sample is shifted by four different semitone values: -2, -1, 1, and 2.

 Pitch Shifting (PS2): In this set the pitch of each sample is shifted by four larger semitone values: -3.5,
-2.5,2.5, and. 3.5.

¢ Dynamic Range Compression (DRC): The dynamic range of the samples is compressed using four
different parameterizations, three originate from the Dolby E standard [9] and one from the icecast
online radio streaming server: music standard, film standard, speech , and radio.

* Background Noise (BG):The samples are mixed with recordings of real-world background noise: street-
workers, street-traffic, street-people, and park. Each mix is created using z = (1 — w) * x + w * y, where
x is the original sample, y is the noise recording and w is a weighting facter which is randomly chosen
from [0.1,0.5].

The augmentations were applied to the raw sound signal, after which the samples were converted to log mel-
spectrograms. The network used is similar to the one applied byJ. K. Piczak and has comparable performance
without augmentation. The results achieved with these augmentation sets are presented in figure 5.4. It is
interesting to see that the influence of data augmentation is class dependent. For some classes data augmen-
tation has a positive effect, while for others it has a negative effect. Overall, pitch shift has the most positive
influence on the classification accuracy.
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Figure 5.4: Difference in classification accuracy for each class as a function of the augmentation
applied [47].

5.4. Algorithm Results

All of the approaches explained in sections 5.1 and 5.2 all show promising results. This section will compare
the results of these algorithms. The results are summarized in table 5.1. Looking at the results it becomes
clear that some features perform better than other no matter what classifier is used. It can be seen that raw
waveform features perform less compared to the other features. It is hard to say which of these algorithms is
most suitable for hear-and-avoid, further testing will be conclusive.

Table 5.1: Comparison proposed sound event recognition algorithms

Research Type Classifier | Feature Performance
K.J. Piczak [42] | Classification | CNN log mel-spec + deltas | accuracy: 73.7%
J. Salamon [47] | Classification | CNN log mel-spec accuracy: 79%
W. Dai [17] Classification | CNN raw waveform accuracy: 71.68%
Y. Xu [64] Classification | CRNN spectrogram EER: 0.110

Y. Xu [64] Classification | CRNN raw waveform EER: 0.127

Y. Xu [64] Classification | CRNN mel-filterbanks EER:0.119

D. Wijnkers [60] | Detection CNN log mel-spec AUC: 0.91

S. Adavanne [2] | Detection CBRNN mbe AUC: 0.88

S. Adavanne [2] | Detection CBRNN mbe + dom-freq AUC: 0.87




Sound Source Localization

Another important aspect for hear-and-avoid is localizing where an aircraft sound originates from. Within
sound localization many different parameters can be determined. One of these parameters is direction of ar-
rival (DOA). Determining DOA is defined by identifying the general direction from which a sound originates
with respect to a microphone [3]. Many different techniques of determining the DOA exist. This chapter will
discuss the most used techniques for DOA determination as well as employing deep learning.

6.1. Time Delay Of Arrival

A commonly used technique for DOA determination is to measure the time delay of arrival (T DOA) between
microphones. In essence is the TDOA problem a mathematical problem [25]. Assume a microphone array
consists of N+1 of which the location is defined by equation 6.1. The first microphone with i = 0 is considered
as the reference microphone and is placed at ry = (0,0, 0)”. The sound source is located at r; £ (xs, Vs zS)T.
The distance between the reference microphone and the ith microphone and the sound source are R; and
R, respectively, as shown in equation 6.2 and 6.3.

v 2 (x,y2), i=0,..,N (6.1)

A = 2 2 2 s
R =l =y/x;+ys+2z7, i=1,.,N (6.2)
Ry 2|Irgll =/ x2+y2+22 (6.3)

Following equation 6.2 and 6.3, the distance between the ith microphone and the sound source can be calcu-
lated using equation 6.4. Using multiple microphones the difference in distance between the ith microphone
and the jth microphone to the sound source is given by equation 6.5. The difference in distance between the
ith and jth microphone to the sound source is often referred to as the range difference.

D; £ |lr; -1l = \/(xi — X2+ (yi—ys)* + (2 + 25)? (6.4)

dij=D;-Dj, i,j=0,.,N (6.5)

The difference in distance between the ith and jth microphone to the sound source is a function function of
the time delay of arrival 7, j, as shown in equation 6.6 in which c is the speed of sound.

dij=c*1j (6.6)

To localize the sound source rg has to be calculated given a set if microphone coordinates and measured time
delay of arrival. Note that when using N + 1 microphone there are (N + 1) N/2 different estimates of 7.

An often used approach to estimate the time delay of arrival is the generalized cross correlation (GCC) frame-
work [24]. The generalized cross correlation framework is build on single-path propagation of the plane wave
model. The plane wave model describes a received signal as a delayed and weakened version of the original
signal, which originates from a point source and is influenced by white Gaussion noise. Following the GCC
framework, equation 6.7 describes the ith microphone’s received signal.

xi)=ajs(t-T-7ij)+n; (1), i=1,.,N (6.7)

In which «; is the weakening factor due to signal propagation (0 < a; < 1), s(#) is the reference signal, T is
the delay between the sound source and the first microphone receiving the signal, 7;; is the relative time
delay between two microphones, and #n; (¢) is the added noise of the ith microphone. Using equation 6.7 in
combination with the GCC framework the time delay can be estimated as follows:
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RS 5, @ =E[(x1 (0* b1 (D). (x2 (0 ha (1 = 1))] (6.8)
T/:argmax [R;%le2 @] (6.9)

In which E[.] is the expected statistical average over time, h, () and h, () are filters to improve the estimation
accuracy of 7, * indicates a convolution operation, and 7 is the estimate of 7. In the frequency, the GCC is
related to the Power Spectral Density (PSD) ¢ as shown in equation 6.10. In the frequency the product of
hy (1) and hy (1), Hy (f) Hy (f), is referred to as the generalized frequency weighting function ¢ (f).

+00

RE ., (1) = f Hy (f) Hy (f) 9w, (f) €27 f (6.10)

—00
Multiple generalized frequency weighting functions can be applied. The easiest weighting function is the
classic cross correlation (CCC). CCC states that the weighting function is equal to 1. However, this results in
a high estimation error in noisy environments. Other generalized frequency weighting functions include: the
maximum likelihood weighting function [23], the cross-power spectrum phase weighting function [12], and
the PHAT-py [30].

6.2. Multiple Signal Classification

Multiple signal classification (MU SIC) is an often applied technique in sound localization. MUSIC is a tech-
nique used for determining the several parameters of multiple wavefronts arriving at a microphone array.
The determined parameters include: number of signals, directions of arrival (DOA), strength and cross cor-
relations among the directional waveforms, polarizations, and strength of noise/interference [50].
According to the MUSIC method is the signal received of an array consisting of M microphones a linear com-
bination of the waveforms and noise, as shown in equation 6.11. In which X, is the received signal per
microphone, a(6;) is the steering vector corresponding to the ith signal, s; is the incident signal of the ith
signal, and W,,, is the noise received by each microphone.

X () s1 (1) w (1)

X3 (1) 2 (1) wo ()
= (a(6) a@) --- a@p |t : (6.11)

xp (D) sy (1) wy (1)
X(H)=AS (1) +W(D) (6.12)

To determine the DOA, 0; has to be estimated. The first step is to compute the covariance matrix of the
microphone arrray data, given in equation . In which A is the direction matrix containing the steering vectors,
Rss is the autocorrelation matrix of the signal, and cr%,v is the noise covariance.

R,x =ARg AT + 02 1 (6.13)
R =E [ss'] (6.14)

If the microphone array consists of M microphones, then the covariance matrix Ry is M rank square matrix
whose eigenvalues (1) can be calculated using equation 6.15.

|AR;AY +02% 1 Aid| = |ARGAY — (Ax - 02%)1| =0, k=1,.,M-1 (6.15)
Using equation 6.15 it is possible to determine the eigenvalues of ARgA? (vy):
Ve =Ar—0?, (6.16)

Then the eigenvectors corresponding to the maximum eigenvalues of R, are used to determine the subspace
of the signal. The eigenvector associated with noise (qy) is determined using equation 6.17.

(Ryx — 020) qi = AR AT gi + 02 1 gy — 02, 1g = 0 (6.17)

The signal subspace is orthogonal to the noise subspace. The steering vectors that belong to the DOA lie in
the signal subspace and are orthogonal to the noise subspace. By determining which steering vectors are
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orthogonal to the noise subspace the DOA can be determined. To summarize the noise subspace a new
matrix is formed:

Qw: [QI»‘II+2,---JIM] (618)
The DOAs of multiple signals can be estimated by determining the location of the peaks of the spacial spec-
trum using equation 6.19. When the steering vectors and noise are orthogonal the denominator will mini-
mize, created peaks in the spacial spectrum.

1
all (§) U, Ufa(0)

Puyusic (0) = (6.19)

6.3. Beamforming

To get a more detailed map of where sound originates from an acoustic image can be created. One of the most
popular techniques is delay-and-sum beamforming. Delay-and-sum beamforming is based on the difference
in phase of the emitted sound signal and the received sound signal of each microphone in an array [53]. To
generate an acoustic image, first a scan grid should be determined over which the beamformer output is
calculated. The microphone can be electronically steered towards each of the grid-points by applying an
electronic delay (7,) to the signal of each of the N microphones. Beamforming is most often applied in the
frequency domain due to lower computational times. The Fourier transform of delayed signal x (¢ —1) is
X(f)e? i7, The beamformer output of a specific grid-point for a fixed frequency f; becomes:

2
B(0s, fi) = | Xn (fi) e 2" itn (6.20)
n

with: 4
Ty = Zsin(HS) (6.21)
if the microphone array is a line array with spacing d, which is steered in direction 6;.

For a 2D acoustic image the microphone array has to have a 2D configuration with a 2D scan grid at a deter-
mined distance parallel to the microphone array, as shown in figure 6.1.
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Figure 6.1: Geometry 2D beamformer [14].

The beamformer output for a 2D scan grid is often described as:

g XX")g

B((j fi) =
H

in which {; = (x/,)') is the coordinate of grid-point j in the scan grid. X is the data vector of which the

components are X, (fy) and X* is the complex transpose of X. The product of X and X* is known as the

cross-spectral-matrix (CSM). g is the steering vector of which the components are described in equation 6.23.

(6.22)

e—Zﬂifky
gn((j fi) = ———"nj (6.23)

’

in which c is the speed of sound and ry, ; is the distance from the grid-point to the nth microphone given by

rng =\ (on =) + (= )" + 2 (6.24)
(xn,yn) is the location of the nth microphone and z; is the distance between the microphone plane an the
scan plane.
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6.4. Deep Learning For Sound Source Localization

In recent years, the application of artificial neural networks has been popular in an variety of detection and
classification tasks. Also in sound source localization ANNs have shown promising in minimizing the com-
putational efforts compared to conventional methods. In this section two different approaches for sound
source localization are discussed.

The first method has been developed by Pengwei Xu et al. [63]. Pengwei Xu et al. have developed a method
that computes the source strength at each grid-point of the scanning grid. Similar to conventional beam-
forming cross-spectral-matrix is calculated. The CSM is chosen as the input feature for the network, due to
its ability to capture the structure of the microphone array signals. From each of the CSM elements only the
real part is taken to convert the complex CSM into a real CSM. The network used is based on the architec-
ture of the DenseNet-201 model developed by G. Huang et al. [25]. The network contains 201 layers. The
architecture of DenseNet-201 is shown in table 6.1. Each of the conv layers consists of the sequence: batch
normalization-relu-convolution.

Table 6.1: Architecture of DenseNet-201 [25]

Hidden Layers Output Size DenseNet-201
Convolution 112x112 7x7 cony, stride 2
Pooling 56x56 3x3 max pool, stride 2
Dense Block (1) 56x56 1x1 conv
3x3 conv
.. 56x56 1x1 conv
Transition Layer (1) 28x28 2x2 average pool, stride 2
1x1
Dense Block (2) 28x28 XLEONV 2
3x3 conv
.. 28x28 1x1 conv
Transition Layer (2) 14x14 2x2 average pool, stride 2
Dense Block (3) 14x14 Ixlconv oy
3x3 conv
.. 14x14 1x1 conv
Transition Layer (4) X7 2x2 average pool, stride 2
1x1
Dense Block (4) X7 X conv x48
3x3 conv
Classification Layer 1x1 7x7 global average pool

1000D fully-connected, softmax

The output of the network is a vector (size Nx1), know as q containing the estimated source strength over
the scanning grid (size v Nxv/N. The input data is labeled with vector qq (size Nx1). Each grid point in
qp containing a sound source is equal to one, all other elements are equal to zero. The loss function used for
training is given in equation 6.25. q is the mean predicted source strength, qo is the mean true source strength
, and qo, nqxis the maximum true source strength (1).

(6.25)

The most complex model constructed by Pengwei Xu et al. is able to detect a random amount of sound source
up to 25. The model is only able to detect the source for one specific frequency as the CSM is constructed for
one frequency bin. The error of the network does increase as the number of source increases. This increase
in error is due the existence of side lobes. However, compared to conventional beamforming the NN model
shows better resolution between source.

Whereas the method proposed by Pengwei Xu et al. is able to locate a sound source on, a method developed
by Paolo Castellini et al. is able to localize a sound source in a grid-less area [13]. As with the method of
Pengwei Xu et al., the CSM is calculated for a certain frequency. This CSM is converted to a new form, C,
as illustrated in figure 6.2. The real values of the upper triangular part of the original CSM becomes the
upper triangular part of C, while the imaginary part of the upper triangular part of the original CSM becomes
the lower triangular part of C. Similar to the original CSM, the diagonal is set to zero as this contains the

microphone self-noise.
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CSM e C

Figure 6.2: Rearrangement of CSM to move from complex-valued to real-valued data to be used as
input model [13].

The model itself is constructed out of fully connected layers. The C matrix is first standardized, after which it
is flattened into an one dimensional array. This input array is fed into the network as can be seen in figure 6.3.
The of an input layer of the network has the same size as the flattened C array. The input layer is followed by
four fully connected layer, which use the ReLu activation function. The output the network is an estimation
of the source location in Cartesian coordinates. The output layer has two neurons to produce this output,
one for the x-coordinate and one for the y-coordinate. The output of the model be in the range of [—o0, o0],
therefore the linear activation function is used.

Input Layer Midden Layers Output Layer

vy

L]

Figure 6.3: Flattened C is fed into the network [13].

Unlike the method developed by Pengwei et al., the model is able to predict only one source at a time. How-
ever, the same architecture can be use to train different models to estimate the location of the strongest
source, second strongest source, and third strongest source. The method proposed by Paolo Castellini et
al. shows to have comparable accuracy to conventional beamforming.






Conclusion

This report has reviewed researches performed in the field of sound event recognition and sound source
localization. As explained in the introduction, this research is performed as an addition to the larger hear-
and-avoid project. The final goal of hear-and-avoid is to be able to detect and avoid other air traffic based on
sound.

A vital element of hear-and-avoid is sound event recognition. Chapter 2 explained the basic principle of
sound event recognition. A sound event recognition algorithm mainly consists of three modules: detec-
tion, feature extraction, and classification. Often, the detection and classification modules are combined,
called detection-by-classification. In detection-by-classification each segment is classified to see if an event
is present. Feature extraction is extraction of characteristics from an audio segment, which the classifier used
to classify the segment.

In chapter 3 discusses the principle of sound in general, sound originating from aircraft, and representations.
Sound is in essence a disturbance of air particles originating from a vibrating surface exciting the surrounding
air. In aircraft sound originates from the engine and airframe. When sound is recorded it can be defined with
multiple representations. Sound representations often applied for sound event recognition are: frequency
representation, psychoacoutic representation, and image representation.

Sound extracted using one of the sound representations are used to train a classifier to classify a certain
sound source. Chapter 4 goes deeper into applying artificial neural networks as classifier. An artificial neural
network is a function approximator that an input to an output. Artificial neural networks are constructed
of multiple layers each containing neurons. Each neuron contains a so-called activation function and con-
nected to all neurons in adjacent layers. Many different types of artificial neural networks exist, but not all are
suitable for all tasks. For sound event recognition convolutional neural networks and stacked convolutional
recurrent neural networks are often employed for their ability to classify images and learn sequential infor-
mation.

Chapter 5 takes a closer look into what sound event recognition algorithms have been proposed by different
researchers. An often applied approach is the combination of spectrogram image features in combintation
with a convolutional neural network. In more recent studies stacked convolutional recurrent neural networks
have shown to work with different types of input, which might decrease prepocessing efforts. To increase ac-
curacy and robustness data augmentation can be applied to the training data. Data augmentation increases
the training data by applying small changes to copies of the current training data.

Next to detecting the presence of other air traffic, for hear-and-avoid it is also important to where it is located
in order to avoid. Chapter 6 discusses different methods to estimate the relative location of a sound source.
Sound source localization is a long researched topic with well established methods, such as: time delay of ar-
rival, multiple signal classification, and beamforming. However, in recent years the development of artificial
neural network based methods has shown promising results, which may be more suitable for hear-and-avoid.

As said before, sound event recognition and sound source localization have been popular topics of research.
For sound event recognition the use of artificial neural networks has been the default for many years. How-
ever, in the field of sound source localization artificial neural network have only been applied in recent years.
Therefore, the remainder of this thesis will focus on researching the suitability of artificial neural network
based sound source localization for hear-and-avoid.
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Appendices






Batch size selection

This appendix describes how the ANN model proposed by Castellini et al. is trained on a white noise dataset
using different batch sizes. This is done to find the most optimal batch size.

A.1. Method

A.1.1. Dataset

An important component of applying an artificial neural network based approach is constructing a dataset.
To create a dataset with a significant amount of data, synthetic data generator has been developed. The
synthetic data generator able to perform the following tasks:

¢ Load the microphone array;

¢ Determine a random source location in the following range: x=[-25,25], y=[-25, 25], and z=50;
¢ Create a white noise signal originating from the source;

¢ Determine the received signal for each of the microphones;

¢ Create the cross spectral matrix;

¢ Convert the cross spectral matrix to a version suitable for an artificial neural network.

Microphone array
The microphone array using in this test consists of 64 microphones. The orientation of the microphone array
is shown in figure A.1

2
11 . ' .
E o .7 Tt - .
> e . .
-1 . .
-2 : : :
-2 -1 0 1 2

x [m]

Figure A.1: Microphone array configuration used during this research.

Source location
The sound source is given a random location on the scan plane. The source location is determined with an
accuracy of 0.1[m].

Generate white noise source signal
The source signal is generated as a signal with a normal distribution. The resulting signal is filtered to have a

sample frequency of 40000[Hz].
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Determine received signals

Knowing the orientation of the microphone array and the source location, the time delay of the signal per mi-
crophone is determined. The time delay is added in front of the source signal, resulting in each microphone’s
received signal.

Create cross spectral matrix

The first 0.5[s] of the received signals is used to construct the cross spectral matrix. The time domain signal is
converted to the frequency domain by using the fast Fourier transform. The cross spectral matrix is made for
one specific frequency. Similar to the article of Castellini et al. a cross spectral matrix is made for a frequency
of 4000[Hz].

Convert cross spectral matrix

The elements of the CSM are complex valued, forming a problem to ANNs. Therefore, Castellini et al. propose
the use of a converted version of the CSM that contains real valued elements. The first step to creating the
converted CSM is to set the main diagonal of the CSM to 0. The CSM contains phase difference information
between the received signals of different microphones in the array. The main diagonal of the CSM contains
phase difference information between a signal received by a microphone and itself. This difference should be
0, therefore, the main signal should be set to 0. The next step is to convert the complex valued CSM to a real
valued version. An important property of the CSM is that it is Hermitian in nature. Using this knowledge, the
real and imaginary parts can be combined as follows: the upper right triangular part of Re (C) becomes the
upper right triangular part of the converted CSM , and the upper right triangular part of Im (C) becomes the
lower right triangular part of the converted CSM. For N microphones the resulting converted CSM is a real
valued N x N matrix with its main diagonal set to 0. The conversion process to create the converted CSM is
visualized in figure A.2. Before the input feature is fed into the network it is flattened, giving the input layer
a size of N? neurons for N microphones. The converted CSMs are standardized to have a mean of 0 and a
standard deviation of 1. Standardizing the input feature improves stability during the training process of the
ANN. In total 100000 different samples are created. Each of these samples has its own point source location
and synthetic white noise signal. Of the 64000 samples 16000 are used for training, 20000 for validation, and
50000 for testing.

Real Part Real Part

Complex /

Imaginary Part

Real Part

Imaginary Part Imaginary Part !
‘ I /Imaglnary Part

Figure A.2: Conversion of CSM as described by Castellini et al.

A.1.2. ANN architecture

The network used in this test is similar to the network described in the article of Castellini et al. The network
architecture is shown in figure A.3 . The hidden layers of the network use the rectified linear unit (ReLU)
activation function. The ReLU activation function is a piecewise linear function that will output the input
directly if it is positive, otherwise, it will output zeros. Since the network is modeled for regression, outputs
can be both positive and negative. Therefore, the linear activation function is applied in the output layer of
the network.

A.1.3. Training
The model has been trained using the training and validation data sets. Different batch sizes have been tested
to find the optimal training results, these batch sizes are: 32, 64, 128, 256, 512, 1024, 2048, and 4096. The
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Fully Connected Layer Fully Connected Layer Fully Connected Layer Fully Connected Layer Qutput Layer
Size: 200 Size: 100 5 2
Activation: ReLU Activation: ReLU

Size: 2

Activation: Lineal

Figure A.3: ANN architecture as described by Castellini et al.

models have been trained for 10000 epochs. Early stopping is applied such that the best model during the
training process is saved as a separate model. During training the mean squared error (MSE) loss function is
applied. The Adam optimizer is applied as optimizer during training.

A.2. Results

Each model withe a different batch size has been trained for 10000 epochs. The training history over this
period is shown in figure A.4. Figure A.4 shows that models trained using smaller batch sizes converge faster.
However, training is much more unstable.

Batch size = 32 Batch size = 64 Batch size = 128 Batch size = 256

5 5 5 5 -
‘ —— training ---- 659 epochs ---- 560 epochs ‘ ---- 9660 epochs

validation
-- 1297 epochs
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Figure A.4: Training and validation losses and epoch of lowest validation loss.

The results of the models saved at lowest validation loss are shown in table A.1. Table A.1 also shows at which
epoch the model has been saved. From table A.1 it can be concluded that batch sizes of 64 and 128 produce
the most accurate results. This is supported by the prediction error distributions shown in figures A.5 and
A.6. Figures A.5 and A.6 show that training using batch sizes of 64 and 128 give comparable results. However,
the mean sqaured error for batch size of 64 is slightly higher due to slightly larger errors. Therefore, a batch
size of 128 is used during this research.
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Table A.1: Mean absolute error and standard deviation of the source location prediction errors for the
5 input model and 10 input model.
Epoch x coordinate | y coordinate
Batch size Overall MSE | Overall MAE Max x-error | Max y-error
saved MAE MAE Y
32 1297 0.4382 0.2507 0.2524 0.2491 27.3 20
64 659 0.3268 0.2315 0.2356 0.2274 14.2 35.8
128 560 0.3156 0.2317 0.2324 0.2309 12.3 15.3
256 9660 0.5039 0.2360 0.2351 0.2370 24.2 31.1
512 5110 0.6276 0.2646 0.2644 0.2647 32.5 33
1024 8176 0.8267 0.3148 0.3158 0.3137 22 34.4
2048 9483 1.1511 0.3690 0.3712 0.3669 29.1 32.9
4096 9880 1.3717 0.4372 0.4410 0.4334 24.8 25.6
Batch size = 32 Batch size = 64 Batch size = 128 Batch size = 256
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Figure A.5: Prediction error of x-coordinate using different batch sizes during training.
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Figure A.6: Prediction error of x-coordinate using different batch sizes during training.




Neuron tuning

In this appendix the neurons in the model are trained to obtain more accurate results. The starting position
of the neuron tuning is the architecture proposed by Castellini et al., shown in figure A.3. Table B.1 shows
the different model architecture and there accuracy. The accuracy is quantified using the mean squared error
and mean absolute error. The neurons in the input and output layers are bounded by the application of the
network. Using 64 microphones results in an input layer consisting of 4096 neurons. As the model is used
to predict the acoustic source location on a 2-dimensional plane, the output layer consists of 2 neurons. The
data set used for neuron tuning is similar to the data set created in section A.1.1. Both model 11 and 12
show good results. However, the lower mean squared error of model 12 shows that there are less large errors
compared to model 11. Therefore, the network architecture of model 12 is used during this research.

Table B.1: Network architecture and resulting accuracy on test data set.

Model Hidden | Hidden | Hidden | Hidden | Overall | Overall
layer1 | layer2 | layer3 | layer4 MSE MAE

Original 200 100 50 20 0.3156 | 0.2317
1 256 128 64 32 0.3772 0.2384

2 128 64 32 16 0.4704 0.2389

3 256 64 32 16 0.4606 | 0.2402

4 256 128 32 16 0.4304 0.2416

5 256 128 64 16 0.4626 | 0.2313

6 512 64 32 16 0.4373 0.2399

7 512 128 32 16 0.4706 0.2316

8 512 128 64 16 0.4217 0.2412

9 512 128 64 32 0.4053 | 0.2403
10 512 256 64 32 0.3316 | 0.2388
11 512 256 128 32 0.3037 0.2222
12 512 256 128 64 0.2650 0.2268
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Beamform plots

Figures C.1 and C.2 show the beamform plots for multiple frequencies during the same snapshot. The record-
ing used is made during an aircraft flyover. The frequencies of which the beamform plots are shown are:
300[Hz], 600[Hz], 900[Hz], 1200[Hz], 1500[Hz], 1800[Hz], 2100[Hz], 2400[Hz], 2700[Hz], and 3000[Hz]. The
beamform plots show a clear difference in main lobe and side lobes between different frequencies.
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Figure C.1: Beamform plots for 300[Hz], 600[Hz], 900[Hz], 1200[Hz], 1500[Hz], and 1800[Hz]



61

ylm]

ylm]

Beamforming plot 2100Hz 1e—5
Max pressure at [0.1,-3.6]

20 1.75
1.50

20 1.25
o 1.00
0.75

—20 0.50
0.25

Beamforming plot 2700Hz 1e—6
Max pressure at [0.0,-3.1]
40

=)}

w

20

S

w

=20

N

Beamform output [Pa? /Hz]

=

Beamform output [Pa? /Hz]

ylm]

ylm]

Beamforming plot 2400Hz 1e—5
Max pressure at [0.1,-3.7]

40

=
N

=
o

Beamform output [Pa? /Hz]

20

o
o

0
0.6
-20 0.4
0.2

—-40

-40 —-20 0 20 40
x[m]
(b)

Beamforming plot 3000Hz 1e-6
Max pressure at [0.2,1.8]

6

40
sE
20 NSZ
4=
5
0 =
33
E
_ 2 (o]
20 "é
3
1o

—-40

-40 —-20 0 20 40
x[m]
(d)

Figure C.2: Beamform plots for 2100[Hz], 2400[Hz], 2700[Hz], and 3000[Hz]
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