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Preface

This project was carried out by Kasper Holmbo Schultz and Jacob Løvendal (ES10 Group
1029h) during the fourth and final semester of theMaster’s program in Electronic Systems
(ES) at Aalborg University, from 03-02-2025 to 04-06-2025.

The project is based off a project proposal provided in combination with the projects
supervisors and the Danish drone company Sky-Watch, with focus on developing an
acoustic artillery localization system as an extension to their existing camera based
localization system on their flagship drone.

Sources are referenced using the IEEE citation style. Each reference is numbered ac-
cording to its position in the reference list, as such [1]. Figures, tables, equations and
appendices are similarly also numbered within the text. Appendices are identified by
the letter "X," where X is a distinguishing letter. Any figures without source are produced
by theproject group. Anoverviewof theprojects acronymscanbe foundstartingonpage1.

In addition to the project report a zip folder "MatlabCode_ES10" containing the Matlab
code developed. Files with the ".m" extension can be viewed in source code editors or
executed using the MATLAB IDE. A full description of the Matlab code content can be
found in Appendix A.

A special thanks to the projects supervisors Jesper Rindom Jensen and Simon Dahl
Jepsen for supervising the project, providing feedback and sharing valuable insights.
Additionally, the project group would also like to thank the Audio analysis lab research
group on AAU for allowing us to attend their meetings and providing valuable feedback
on the project. Lastly the project group would like to thank Sky-Watch for providing this
exciting project and remaining an active part, providing valuable guidance and support
when needed.

Aalborg University, June 4, 2025

Kasper Holmbo Schultz Jacob Løvendal
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Introduction 1
The detection and localization of artillery are critical components of modern battlefield
awareness and defense systems. With the evolution of warfare, artillery remains a key
threat due to its ability to strike from long distances with devastating effect. The ability
to detect and locate enemy artillery positions enhances battlefield awareness, enabling
informed decision making, which can ultimately facilitate neutralization of enemy ar-
tillery, significantly impacting the outcome of military operations and improving force
protection.

Artillery detection and localization involve identifying the launch point, trajectory
and potential impact location of incoming projectiles [1, 2]. The acoustic detection sys-
tems rely on the sound signatures of artillery fire. These systems typically use stationary
sensor arrays distributed across large areas to triangulate the source of the fire [1, 2, 3].
Localization is mainly based on the Time Difference of Arrival (TDoA) of acoustic events,
such as themuzzle blast, shockwave and impact, either individually or in combination [1,
2].

Drones are increasingly used for battlefield reconnaissance and situational aware-
ness due to their mobility, versatility and ability to operate in contested environments [4].
Typically equipped with cameras, drones provide valuable visual intelligence. However,
their Line of Sight (LoS) limitationsmayprevent detection and localization of concealed or
distant threats. This limitation can be addressed by integrating an acoustic detection and
localization system, allowing drones to gain the ability to sense artillery activity outside
the camera’s visual range. This complementary sensing approach allows acoustic systems
to detect and localize events the camera may miss, enabling the drone to autonomously
or manually navigate to areas of interest for further visual inspection. This capability
enhances overall situational awareness and supports more effective decision making on
the battlefield.

Page 2 of 119



Aalborg Universitet

Project collaboration & initial problem statement

Sky-Watch A/S is a Danish Unmanned Aerial Systems (UAS) manufacturer founded in
2009 and headquartered in Støvring, Denmark. The company specializes in developing
advanced, combat-proven UAS tailored for Intelligence, Surveillance, and Reconnais-
sance (ISR)missions. Their flagship product, the RQ-35Heidrun, has gained international
recognition for its performance and resilience inmodern warfare [4, 5].

Sky-Watch aims to explore the integration of acoustic sensors to localize enemy artillery
on their existing platforms, complementing their current visual-based technologies. From
Sky-Watch’s standpoint, the preferred solution is lightweight, featuring low processing
demands, real-time operation, minimal added weight and no need for a complete re-
design of the platform that might affect aerodynamics or other key factors. To fulfill these
requirements, an acoustic detection and localization system using two microphones is
proposed. Therefore, the initial problem statement is as follows:

What are the possible localization methods & challenges for using a two-microphone
acoustic array on amoving drone for detection and localization of artillery?
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Analysis 2
This chapter aims to investigate the possible challenges and localization methods for us-
ing a two-microphone array on a moving drone to estimate artillery position, as stated by
the projects initial problem formulation. This is achieved firstly by analyzing the artillery
localization scenario afterwhich different relevant localizationmethodswill be examined.
Lastly, afinalproblemformulationwill bepresented, basedoffa localizationmethodselec-
tion and a number of project delimitation, which in turn aims to narrow down the specific
project direction.

2.1 Battlefield scenario analysis

In this section the scenario, in which the artillery localization will be conducted, is
analyzed with respect to highlighting possible challenges.

Based of a brainstorm and discussions with Sky-Watch, Figure 2.1 has been developed,
showcasing the challenges within the artillery localization scenario.

Figure 2.1: Sketch of the artillery localization scenario from the perspective of acoustic sensing.

With respect to Figure 2.1, the battle field scenario will now be explained inmore detail.
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2.1. Battlefield scenario analysis Aalborg Universitet

It has been selected to go with a general setting containing different geological ele-
ments such as mountains, plains and vegetation. This ensures a greater insight into
possible challenges.

Regarding the overall setting of the battlefield scenario. The right side of the figure
represent the enemy side, which, in the scope of the project, only consist of a single
artillery cannon. This cannon is shown firing a projectile, where the initial explosion
creating a muzzle blast sound wave, the projectile causes a supersonic shock wave and
the artillery impact, shown on the left side, emits an artillery shell impact sound. In a real
scenario more cannons are present as well as a base camp for the enemy.

On the left side of the figure, an ally base camp has been illustrated. This base camp
act as a base station for any communication going from and to the drone.

Additionally, a top view illustrations has been constructed of the drone with its mi-
crophone arrays within the battlefield scenario as depicted on Figure 2.2.

Figure 2.2: Top view illustration of the drone in its battlefield scenario. Area of interest (White) in reference to
the ally side (Red), enemy side and the drone.
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Group 1029h 2. Analysis

Note that the red area remains fixed no matter the drones orientation, which potentially
leads to the drone Field of View (FoV) being limited in either positive or negative angles.

From Figure 2.1 the main challenges has been divided into the following categories
being "Acoustic noise" and "Time of Flight (ToF) modifiers". In the context of this project
acoustic noise is defined as unwanted pressure variation in the area that ultimately
corrupts the acoustic signal of interest. The ToF modifiers are defined as phenomenons
that alter the propagation speed which ultimately changes the ToF of the sound waves.
Both categories will in the following two subsection be explained in further detail.

2.1.1 Acoustic noise

As described in Section 2.4, the artillery produces three sound events whenever a projec-
tile has been fired. Each sound events has a distinct impulse like sound, which over time is
perceived as amajority low frequency sound, as explained in Section 2.2.1. However, these
sounds are also produced by the allies artillery and any weapons in frontline combat,
which includes anything from low caliber gun fire to tank based warfare.

The sound waves generated by the artillery shot will bounce off objects such as the
ground, hills/mountains and vegetation, causing them to be time delayed waves, known
as reflections. However, as a result of making contact with another medium, the entire
frequency spectrumof the reflected signalmight also become altered andusuallymultiple
reflections are generated as a result of uneven surfaces or the sound wave scattering of
multiple objects.

The drone is operational in cases with precipitation, which will be explained in Sec-
tion 2.3. Weather effects such as rain and possibly thunder are noisy and will in some
operational cases cause additional noise to the localization scenario. The same goes for
wind noise, which is likely to be present independent of the weather conditions due to the
nature of themoving platform.

The drones own motor and propeller noise is another challenging noise type. Like
wind noise the intensity and spectral content is varying in time as a result of changes in
speed, for instance due to drag.

Lastly, while not an acoustics noise source, electronic noise types such as thermal
noise, flicker noise, partitioning noise, shot noise, etc [6], does in turn influence the
sampled acoustic signal.
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2.2. Microphone analysis Aalborg Universitet

2.1.2 Time of Flight modifiers

The speed of sound is depended on several factors, as will be explored in Section 2.2.1. As
a medium, air is significantly influenced by its temperature, humidity, and composition.
This in turn affects the ToF of the sound waves.

The winds speed and direction can also affect the sound waves propagation through
air, by either slowing it down or speeding it up. Similar the drones own motion will also
either speed up the ToF, for the sound waves, or slow it down, by moving towards or away
from the artillery. Additionally, as a result of the drones movement a Doppler shift will
occur, which changes the observed frequency content of the sound waves. This is further
elaborated in Section 2.2.1.

Lastly, the drones orientation in reference to the ground, also affects the ToF of the
incoming soundwaves. The pitch and roll is defined as the rotation in the axis through the
nose and tail, and the axis from side to side, respectively. For instance, when the roll of the
drone is non-zero, in reference to the ground, one of the microphones in a perpendicular
two-microphone array, as described in Section 2.2.2, will experience a delayed sound
wave. The described scenario is depicted on Figure 2.3.

Figure 2.3: Scenarios that lead tomovement in the roll or pitch angles posses a challenge as it affects the time
of flight of incoming sound waves to the respective microphones. Figure A) represent the ideal scenario with
a perpendicular dual microphone array, parallel with the ground plane. Figure B) represent the same drone
nowwith a slight Roll angle which orientates the two-microphone array with an angle to the ground plane.

While not illustrated, the same would apply for a drone having a non-zero pitch with a in-
linemicrophone array as described in Section 2.2.2.

2.2 Microphone analysis

In this section, the principles behindmicrophones and their practical applications will be
investigated.
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Group 1029h 2. Analysis

2.2.1 Sound

Sound is the phenomenon where small pressure deviations propagates periodically
through amedium. The constant periodicity of thewaves is known as the period T with its
inverse known as the frequency denoted f [7]. If the Sound Pressure Level (SPL) and the
frequencyof thiswave lieswithin thedetectable rangeof thehumanear, itwill beperceived
as a sound [8]. The SPL is defined as follows [8]:

Lp = 10 · log

(
P

20µPa

)2

(2.1)

Lp Sound pressure level [dB]
P Sound pressure [Pa]

The speed of sound depends on the temperature, the pressure (for gas only), the
density and humidity, which describes the elasticity of the medium [7]. The speed of
sound can bemodeled as shown [7]:

cs =
√
γ · P

ρ
(2.2)

cs Speed of sound [m/s]
γ Heat capacity ratio [·]
ρ Medium density [kg/m3]

However, this equation only models the speed of sound in stationary scenarios. The
air density for instance can quickly change due to the weather affects. For instance
rain will increase the humidity, sunlight can increase the temperature and small debris
in the air changes the overall medium composition. Additionally, wind can alter the
speed depending on the wind intensity and direction, and for air as medium, altitude
also has an effect on the resulting speed. For simplification the speed of sound is often
assumed tobe 343 m/s, which is defined as the speedof sound through air at 20◦ Celsius [7].

Under free-field assumptions sound propagates spherically from its initial point of
creation and the sound intensity decreases proportionally to the square of the distance
[7]. This relation is also known as the Inverse Square Law (ISL) and is defined as follows
[7]:

I2 = I1 ·
(

r1

r2

)2

(2.3)

I2 Initial sound intensity [W/m2]
I1 Ending sound intensity [W/m2]
r1 Initial position [m]
r2 Ending position [m]

Whereas the SPL is a logarithmic measure of how loud the sound pressure is, sound
intensity is a linear measure of the sound pressure over an area [8]. The sound intensity is
defined as follows [8]:

I = P

A
(2.4)
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2.2. Microphone analysis Aalborg Universitet

I Sound intensity [W/m2]
A area in which the power is distributed across [m2]

For convenience, the relation between sound intensity and SPL is given as [8]:

Lp = 10 · log10

(
I

10−12

)
(2.5)

The ISL attenuation model can be modified to include the medium absorption which
for air happens to attenuate high frequency content more severely. The atmospheric
attenuation α, given by the ISO 9613-1 standard, is defined as [9]:

α
(

f
)= 8.686 f 2

{(
1.84×10−11

(
Pa

101.325kPa

)−1 (
T

293.15K

)1/2
)

+
(

T

293.15K

)−5/2 [
0.01275exp

(−2239.1

T

)(
fr O + f 2

fr O

)−1

+0.1068exp

(−3352.0

T

)(
fr N + f 2

fr N

)−1 ]}
(2.6)

α
(

f
)

Absorption constant [dB/m]
Pa Ambient atmospheric pressure [kPa]
T Temperature [K]
fr O Oxygen relaxation frequency [Hz]
fr N Nitrogen relaxation frequency [Hz]

The absorption constant, α, can be multiplied by the power spectrum of the result
of the ISL in order to achieve themodified propagation result.

Impulses are a special type of signals characterized by their short duration and high
amplitude. Mathematically, impulses can be approximated as imperfect Dirac delta
functions. The Dirac delta impulse is defined as follows [10]:

δ(x) =
{
∞, if x = 0

0, if x ̸= 0
and

∫ ∞

−∞
δ(x)dx = 1 (2.7)

This is, an infinitely high amplitude to a specific time instance x with all other time
instances having a zero amplitude. The frequency content of such a signal, found us-
ing the Fourier Transform (FT), yields the constant 1. This indicates a flat frequency
spectrum that contains every frequency from 0Hz to ∞ Hz. In practice however, a non
zero rise and fall time will be present, as well as, a finite amplitude. The effect of this is a
reduced content frequency response, withmost content being in the lower frequencies [2].

The Doppler Effect is the phenomenon where the observed sound is altered in refer-
ence to the source sound due to motion on either the observer or source side [11]. In the
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case of the observer moving towards a stationary source, one can imagine that a 1kHz
sound wave propagated from the source has a period of 1

f . When the observer moves
towards the source the observed period becomes smaller as the sound waves reach the
target faster. This in turns create a Doppler shift, which will make the initial sound wave
sound higher pitched proportional to the speed of the observer. The Doppler shift of a
moving observer and a stationary source can be described accordingly [11];

fo = fs

(
cs ± vo

cs

)
(2.8)

fo Frequency at observer [Hz]
fs Frequency at source [Hz]
cS Speed of sound [m/s]
vo Velocity of observer. Sign indicatingmotion towards and away from source, respectively [m/s]

Equation 2.8 however, only takes reference in 1D motion. By representing the ob-
server velocity as a 3D vector and taking the dot product of the normal 3D vector, which
points from the observer to the source, the resulting scalar describes the relative velocity
of the observer in reference to the source. Themodified equation becomes:

fo = fs ·
(

cs +vo · ros

cs

)
(2.9)

vo 3D vector representation of observer velocity [m/s]
ros 3D unit vector pointing from observer to source [m]
x vector notation [·]

This ensures that only the velocity of the observer in the direction of the source is
considered, which is ultimately what affects the Doppler shift.

2.2.2 Microphone arrays

The physical structure of microphone arrays depends entirely on the usecase. Some com-
mon microphone array are as follows; Uniform Linear Array (ULA), spherical, harmonic,
logarithmic, grid and randommicrophone array [12]. For instance, the ULA has its micro-
phone spacedwith a constant distance to eachothermaking it simple todesignand imple-
ment, whereas, the logarithmic utilizes a logarithmic increasing spacing. This ultimately
leads to a greater resolution and increased frequency range. However, with the tradeoff of
a more complex design and implementation difficulty among others. Microphone spac-
ing is an important parameter in array design, as it directly influences the array’s perfor-
mance across different frequency ranges [13]. One key limitation is spatial aliasing, a phe-
nomenon that introduces ambiguities in phase based localization methods. When the
spacing between microphones exceeds a certain fraction of the sound wavelength, the
wavefront can complete a full cycle between sensors. This can result in incorrect phase
measurements and, therefore inaccurate localization [13]. To circumvent spatial aliasing
the general rule of thumb is that microphone spacing needs to satisfy [13]:

d ≤ λ

2
(2.10)
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2.2. Microphone analysis Aalborg Universitet

d Distance between array elements [m]
λ Wavelength corresponding to the highest frequency in the signal of interest [m]

However, while a small microphone spacing allows for a higher bandwidth it also
makes it harder to differentiate phase differences at lower frequencies and by design
requires higher sampling rate to accommodate the small time differences.

For arrays consisting of only two microphones, the array configuration possibilities
are quite limited. To be exact there is only one possible way to configure the microphone
pair, which is with a constant distance d , with respect to spatial aliasing. However, as-
suming that the artillery is primarily located in front of the drone, as explained in Section
2.1, the two-microphone array can be oriented in different configurations relative to the
expected Direction of Arrival (DoA). Under this assumption, the microphones can be
arranged perpendicular to the sound source, aligned in a straight line facing it, or offset in
height, an option applicable to both of the first two configurations.

The different two-microphone configurations are depicted on Figure 2.4.

Figure 2.4: The illustration shows the different array configuration. The distance d is the microphone spac-
ing, z1 and z2 on Figure C) displays the elevation. Figure A) shows in-line microphone configuration. Figure
B) shows the perpendicularmicrophone configuration. Figure C) shows the height offsetmicrophone config-
uration.

In the perpendicular two-microphone setup, the microphones are arranged side-by-side.
This allows for the distinction between which microphone is hit first, conveying useful
information for resolving localization ambiguity in the horizontal plane. When the source
is directly in front, the signal arrives at both microphones simultaneously, producing a
zero time or phase difference. As the source deviates from the centerline, a measurable
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Group 1029h 2. Analysis

time difference arises, which helps infer the source’s direction accurately.

In contrast, an in-line configuration, where the microphones are aligned along the
direction of arrival, also allows for localization in the horizontal plane. However, since one
microphone will always receive the signal first, this configuration lacks the directional
ambiguity resolution available in the perpendicular case. Moreover, it introduces practical
drawbacks as the front microphone will be more exposed to wind and propeller noise,
potentially reducing signal quality and hence localization accuracy.

A third option involves a vertical offset, where one microphone is placed above the
other. This setup provides information in the vertical plane, which reveals whether
the artillery is positioned above or below the microphone array. However, given that
the artillery is assumed to be located on the ground and the drone is flying above, this
vertical information is redundant. Additionally, as a consequence of increased vertical
information, the horizontal information is lost.

2.3 Drone analysis

This subsection aims to analyze the drone’s parameters, as theywill determine constraints
on its use as a moving platform for the acoustic sensor array. The drone analysis will take
reference in fixed wing RQ-35 Heidrun drone manufactured by Sky-Watch. To provide a
visual reference of the drone, an illustration is shown in Figure 2.5.

Figure 2.5: 3D rendering of the RQ-35 Heidrun drone. Image from [4].
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2.4. Artillery analysis Aalborg Universitet

With reference in a technical meeting with Sky-Watch as well as the drones webpage [4],
the drone specifications were identified and are shown in Table 2.1.

Specification Value Note
Wing span 1 m
Drone length 1.5 m
Cruise height

(Day)
500 m - 800 m Relative to the ground

Cruise height
(Night)

150 m - 800 m Relative to the ground

Drone operation 24/7 - precipitation - Gust of
winds up to 16 m/s

Extreme precipitation
may hinder operation

Available weight
for additional

systems

350 g to 500 g

Onboard sensors IMU, EO and IR camera, pressure
and internet access through base

station link
Positioning
system

Self contained Kalman filter based
positioning system

Achieved using
base-station link and
onboard orientation

sensor
Transmission/fly

range
+45 km

Onboard CPU Qualcomm 8550 QCS8550
Drone speed 16 m/s on average

Table 2.1: Specifications of the RQ-35 drone.

Drone parameters like wing span and length impose constraint on the two-microphone
array configuration. Furthermore, the cruise height and transmission range establish re-
quirements for the detection and localization system.

2.4 Artillery analysis

The artillery, also known as the "god ofwar", has seen a lot of use, especially by the Russian
opposition, in the Russo-Ukrainian war [14]. With relevance in mind, a select few of the
most popular artillery cannons used by Russia has been investigated. These are the 2S19
Msta-SM2 self-propelled 152-mmhowitzer and theM-30 122-mm towed howitzers [14].

The most modern of the two, being the 2S19 Msta-SM2, is a Soviet Union artillery
tank from the 1989 [15]. The artillery cannon is on tank tracks which makes for quick
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relocation andwith its 152mmHighExplosive (HE) artillery rounds it can fire up to 24.7km
[15] or with rocket based ammunition up to 36km [16]. The 152 mm HE artillery rounds
are packed with 7.650kg of explosive material [15, 17], with regular 155 mm rounds being
recorded to produce a peak SPLmeasurement of 186 dB at 4 m perpendicular to the firing
direction [18]. Additionally, the 2S19Msta-SM2 has a firing rate of 6-8 round per min [16].

Several Multiple Launch Rocket System (MLRS) also exist such as the Tornado-S truck-
mounted MLRS and the BM-27 Uragan 220-mm MLRS [14]. However, these types of
artillery cannons are based around launching missiles from a missile rack rather than
a projectile that is launched out of a barrel [14]. Hence their firing sound profile is not
comparable. However, this issue doesn’t lie within the scope of the project.

Common for all conventional artillery, defined as using a projectile propelled by an
explosive out of amuzzle, is that they produce two to three distinct pressure-based signals
whenever a shot has been fired. These include the muzzle blast, impact blast and lastly
the shock wave [2].

The muzzle blast is defined as the pressure variation caused by the explosion leaving
the artillery’s barrel. Because of this, the muzzle blast has origin at the artillery shooting
localization. The initial muzzle blasts length in time is defined as the summation of the
first overpressure with the first under pressure [19]. For different lower caliber weapons
as the AR-15 rifle and clock 19 pistol the observed muzzle blast length is anywhere from
approximately 0.5 ms to 2.5 ms. However, the total length of muzzle blast extends further.

The shock wave is the result of the projectile flying at super sonic speeds [20]. Once
this happens the projectile outruns the pressure waves it has created. The sound waves
compresses into a single almost American football like cone which emits a loud sound [2].
The shock cones angle in reference to the projectiles flight path depends on the projectile
velocity and the shock wave propagates perpendicular to the surface of the cone with the
speed of sound [3]. To visualize the shock waves propagation in reference to an observing
microphone Figure 2.6 has been constructed.
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Figure 2.6: Shockwave propagation from source tomicrophone. Shockwave cone approximated as a triangle
in the given 2D case. The intersection point marked with yellow is the first moment in time where the projec-
tiles shockwave cone has an perpendicular line to themicrophone.

With reference in Figure 2.6, the shockwave propagation time is the result of the time it
take for the projectile to fly along its projectile path until it reaches the intersection point
plus the time it takes for the sound to reach themicrophone from said point, given as:

tSW = D I S

Vshot
+ D I M

cs
(2.11)

D I S Distance from Source to Intersection point [m]
D I M Distance from Intersection point toMicrophone [m]
Vshot Velocity of projectile [m/s]

The shockwave cone is proportional to the projectile velocity Vshot by the following
relationship [21]:

θmach = arcsin

(
Vshot

cs

)
(2.12)

The position of an observer in reference to the shooting direction, the shooting direction
and speed will hence effect the arrival time of the shock wave and whether it even reaches
the observer or not. Additionally, for a two-microphone setup the intersection point
will always be different unless the shooting direction is aimed directly in between the
two-microphones.

In the time domain the shock wave and muzzle blast has the general structure as
depicted in Figure 2.7 [3]:
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Figure 2.7: Time domain representation of shock wave (Left) andmuzzle blast (Right). Illustration from [3].

In terms of spectral content the two signals are assumed to be mostly low frequency.
This is backed up by several factors such as; The time domain representation follows
the structure of an in-perfect Dirac delta impulse as described in Section 2.2.1 and that
the following paper [2] does use of a 1kHz sampling rate, which indicates an expected
spectral content of 500Hz or lower. The latter likely taking into the account of atmospheric
attenuation as described in Section 2.2.1. However, due to the shock wave’s faster rise
time, the resulting frequency content is also expected to be richer in high-frequency
components compared to themuzzle blast.

The impact blast is defined as the sound produced by the projectile hitting the ground
or intended target. This sound or pressure variation will likely occur behind the drone in
most cases and its time domain representation is similar to the muzzle blast, however, it
attenuates faster [2].

Considering the three pressure-based artillery signals the general consensus based
off previous work within the field, states that themuzzle blast is the dominant signal used
for the localization [2, 3]. This is primarily based of the fact the muzzle blast originates
from the endof the artillery barrel, where as the impact and shockwave generally doesnot.
However, the use of all three signals can be used to estimate the full shooter state, defined
as the localization of the shooter as-well as the impact point and shooting direction [2].
Due to the scope of the project, only the muzzle blast will be considered for artillery
localization going further. However, the shock wave poses a challenge to the detection as
it is generally louder, it has likewise characteristics and it can arrive either faster, slower or
a the same time as themuzzle blast [2].
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2.5 Project delimitation

Given the complexity of acoustic artillery localization and a limited project timeframe, it is
necessary to define a clear project scope. This section outlines the key assumptionsmade
and delimitations of challenges associated with the problem domain. These assumptions
and delimitations are intended to ensure that the project scope remains focused.

In the remaining work the following assumptions are made:

1. The atmospheric conditions will remain constant ensuring a constant speed of
sound as well as other values used to calculate atmospheric attenuation.

2. Microphone specifications will be assumed to be ideal, meaning same directionality
within the 180 degree FoV,with nodirectionality behind themicrophones. Addition-
ally, no self noise nor dynamic range restrictions apply.

3. Only one enemy artillery will be assumed to be in the battle field scenario.
4. The ground plane will be assumed to be perfectly even.
5. Frontline combat, wind noise,motor/propeller noise and electronic noisewill be as-

sumed to be additive white gaussian noise.
6. A free field environment is assumed.
7. The drone is assumed to be perfectly steady in pitch, roll and yaw, with the direction

always pointing straight ahead with a velocity of 16 ms.
8. Only the artillery muzzle blast will be considered for detection and localization as a

result of the complex geometry of the shockwave and impact blast.

The delimitated challenges consist of:

1. The wind affecting speed of sound.
2. Artillery shell impacts.
3. Complex reflections.
4. Frontline combat.
5. Urban environments.
6. Variations in pitch, roll and yaw of the drone.

These assumptions and delimitatons help simplify the problem so the project can focus
on the key aspects of detecting and localizing enemy artillery. By delimiting some of the
more complex and variable real-world factors, the work can concentrate on developing
and testing coremethods in controlled setting.

The implications of these assumptions and delimitations are discussed in Chapter
6.
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2.6 Preprocessing

Before processing and analysis of the signals from eachmicrophone can be performed, an
initial preprocessing stage is necessary to ensure that relevant signal frames are isolated
and enhanced. This stage includes two closely related steps, which are matched filtering
and signal detection using the Neyman-Pearson (NP) detector method [22]. Thematched
filter is applied first to improve the SNR by correlating the incoming signal with a known
template of themuzzle blast [22]. Following this, theNPdetector is used tomake a statisti-
cal decisionon thepresenceof a signal basedona false alarmrate andvarianceof thenoise
[22]. By emphasizing frames that match with a predefined signal template and applying a
statistical detection criteria, the preprocessing stage reduces the probability of forwarding
noise-frames to subsequent processing in the localization pipeline.

2.6.1 Detection of muzzle blast

To detect themuzzle blast in the sampledmicrophone signal, whichmay be corrupted by
noise, a decision rule is required to determine whether the signal contains only noise or
includes the signal of interest. Since muzzle blasts from different weapons have distinct
signal templates, amatched filter can be used in the detection process to extract the signal
of interest from themicrophone signal [3].

A matched filter is designed to maximize the SNR by correlating the incoming signal
with a template that matches the expected waveform [22, 23]. This helps in effectively
detecting the signal of interest, even when the background noise is high. The signal of
interest, in this case a muzzle blast, is a transient sound with a characteristic shape and
duration denoted, s(n). The filter matched to s(n) is defined as [23]:

h(n) = ks(∆−n) (2.13)

h(n) Matched filter impulse response [·]
k Scaling factor [·]
s Signal of interest [·]
∆ Discrete delay [·]
n Discrete time index [·]

Hence, the matched filter is a scaled, reversed and delayed version of s(n). The delay
corresponds to the duration of the signal of interest, which is N −1 in discrete time. Figure
2.8 shows an example of a given impulse response of both a signal of interest and its
matched filter.
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Figure 2.8: Figure a) illustrates the impulse response of the signal of interest and figure b) illustrates the im-
pulse response of thematched filter.

Thematched filter can then be applied to an incoming signal, which consists of the signal
of interest and noise defined as [22, 23]:

x(n) = s(n)+w(n) (2.14)
x(n) Incoming signal [·]
w(n) Additive white Gaussian noise [·]

Mathematically, this involves convolving the incoming signal with the impulse response
of thematched filter given by [22, 23]:

y(n) =
M−1∑
m=0

x(m)h(n −m) (2.15)

y(n) Output after matched filtering [·]
m Sample index [·]
M Total number of samples [·]

Using the matched filter output and a threshold, a detection rule can be defined.
The appropriate threshold can be derived from the NP criterion, which maximizes the
detection probability subject to a constraint on a false alarm probability [22, 23]. The
detection problem is formulated as [22, 23]:

H0 : x(n) = w(n), for n = 0,1,...,N −1 (2.16)
H1 : x(n) = s(n)+w(n), for n = 0,1,...,N −1 (2.17)

H0 Null hypothesis [·]
H1 Detection hypothesis [·]

The NP detector compares the likelihood ratio to a threshold in order to decide whether
H1 is true and is expressed as [22, 23]:

L(x) = p(x : H1)

p(x : H0)
> γ (2.18)
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L(x) Likelihood ratio [·]
x Data vector of N samples [·]
p(x : H1) Likelihood of observing the data x given hypothesisH1. [·]
p(x : H0) Likelihood of observing the data x given hypothesisH0. [·]
γ Detection threshold [·]

The likelihoods are given as [22]:

p(x;H0) = 1

(2πσ2)
N
2

exp

[
− 1

2σ2

N−1∑
n=0

x2(n)

]
(2.19)

p(x;H1) = 1

(2πσ2)
N
2

exp

[
− 1

2σ2

N−1∑
n=0

(x(n)− s(n))2

]
(2.20)

σ2 Noise variance [·]

Inserting Equation (2.19) and (2.20) in Equation (2.18) and taking the logarithm yields the
replica-correlator detector [22]:

l (x) = ln(L(x)) = 1

σ2

N−1∑
n=0

x(n)s(n)− 1

2σ2

N−1∑
n=0

s2(n) > ln(γ) (2.21)

⇕

T (x) =
N−1∑
n=0

x(n)s(n) > γ′ =σ2 ln(γ)+ 1

2σ2

N−1∑
n=0

s2(n) (2.22)

l (x) Log-likelihood [·]
T (x) Hypothesis test statistic [·]
γ′ Modified detection threshold [·]

The replica-correlator is a detector that is closely related to the matched filter ap-
proach. This becomes clear when the matched filter output defined in Equation (2.15) is
evaluated at n = N −1:

y(N −1) =
M−1∑
m=0

x(m)h(N −1−m) =
M−1∑
m=0

x(m)s(N −1− (N −1−m)) =
M−1∑
m=0

x(m)s(m) (2.23)

Equation (2.23) shows that thematchedfilter output, atn = N−1, and the replica-correlator
are equivalent. However, when using thematched filter approach, the whole output must
be analyzed to determine if there is a detection or not, since the true peak may occur at
any sample index and not just at n = N −1. Another characteristic of the matched filter is
that it maximizes the SNR at the output of a Finite Impulse Response (FIR) filter [22]. This
applies to all detectors of the formwhere the filter impulse response, h(n), is arbitrary over
the range [0 : N − 1], with the response being zero outside of this range. The output SNR
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using an arbitrary h(n) is defined as [22]:

η=
(∑M−1

m=0 h(N −1−m)s(m)
)2

E
[(∑M−1

m=0 h(N −1−m)w(m)
)2

] (2.24)

Where

s = [s(0),s(1),...,s(N −1)]T

h = [h(N −1),h(N −2),...,h(0)]T

w = [w(0),w(1),...,w(N −1)]T

Then

η= (hT s)2

E
[
(hT w)2

] = (hT s)2

hT E
[
wwT

]
h
= (hT s)2

σ2hT h
(2.25)

η Output SNR [·]
E[ ] Expectation operator [·]
s Known signal vector [·]
h Matched filter tap vector [·]
w Noise vector [·]

Now Equation (2.25) is rewritten using the Cauchy-Schwarz inequality, with equality
if and only if h = ks [22]:

(hT s)2 ≤ (hT h)(sT s) ⇒

η≤ sT s

σ2 (2.26)

Letting the scaling factor, k = 1, themaximum output SNR is attained for:

h(N −1−n) = s(n), for n = 0,1,...,N −1 (2.27)
Equivalently

h(n) = s(N −1−n), for n = 0,1,...,N −1 (2.28)

Hence, a matched filter is the impulse response, h(n), that maximizes the SNR at the
output. In the presence of gaussian noise, thematched filter is optimal in the NP sense, as
it maximizes SNR at the output of the filter. However, in the case of non-gaussian noise,
theNPdetector is generally nonlinear, whichmeans thematched filter is not optimal from
anNP perspective [22]. Although, when the noise deviatesmoderately fromGaussian, the
matched filter can still serve as a good approximation [22]. This indicates that, in certain
cases of non-gaussian noise, the matched filter remains effective in practice, even though
it may not be themost optimal choice in the strict NP sense.

The detection performance of the matched filter, for a given false alarm rate, is de-
rived using the replica-correlator. As shown earlier the replica-correlator and thematched
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filter output, at the sampling index n = N −1, are equivalent, see Equation 2.23, therefore
the test statistic can be expressed as:

T (x) =
N−1∑
n=0

x(n)s(n) (2.29)

For thedeterministic case,meaning the signal of interest is known, bothhypotheses results
in x(n) being Gaussian, since adding a constant to gaussian noise preserves gaussianity.
Furthermore, since T (x) is a linear combination of gaussian random variables, namely the
signal of interest and AdditiveWhite GaussianNoise (AWGN), it is also gaussian. Thus, the
mean and the variance of the test statistic under hypothesisH0 andH1 are given by [22]:

E(T ;H0) = E

(
N−1∑
n=0

w(n)s(n)

)
= 0

E(T ;H1) = E

(
N−1∑
n=0

(s(n)+w(n))s(n)

)
= E

var(T ;H0) =
N−1∑
n=0

var (w(n)) s(n)2 =σ2
N−1∑
n=0

s2(n) =σ2E

var(T ;H1) = var
(

N−1∑
n=0

(s(n)+w(n))s(n)

)
= var(E )+

N−1∑
n=0

var(w(n))s(n)2 =σ2
N−1∑
n=0

s2(n) =σ2E

E Signal energy [·]
var( ) Variance operator [·]

Hence, the test statistic distributions are given by [22]:

T ∼
{

N (0,σ2E ) under H0

N (E ,σ2E ) under H1
(2.30)

Given the standardized test statistic T ′ = T (x)p
σ2E

under H0, the probability of false alarm is
expressed as [22]:

PF A = Pr{T > γ′ : H0} (2.31)

= Pr

{
T −0p
σ2E

> γ′p
σ2E

: H0

}
(2.32)

= Pr

{
Z > γ′p

σ2E
: H0

}
(2.33)

=Q

(
γ′p
σ2E

)
(2.34)

where Z ∼N (0,1) and Q(x) =
∫ ∞

x

1p
2π

e−t 2/2dt = 1−Φ(x)
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PF A Probability of false alarm [·]
Pr{ } Probability operator [·]
Z Random variable [·]
Φ(x) Cumulative distribution function (CDF) [·]
Q(x) Complementary cumulative distribution function (CCDF) [·]

Under H1, the probability of detection given the standardized test statistic is given
by [22]:

PD = Pr{T > γ′ : H1} (2.35)

= Pr

{
T −Ep
σ2E

> γ′−Ep
σ2E

: H1

}
(2.36)

= Pr

{
Z > γ′−Ep

σ2E
: H1

}
(2.37)

=Q

(
γ′−Ep
σ2E

)
(2.38)

PD Probability of detection [·]

The modified threshold, γ′, is now found from Equation (2.34), by solving for γ′, which
yields:

γ′ =
√
σ2EQ−1 (PF A) (2.39)

This formof expressingγ′ is preferable for setting the threshold in theNPdetector, because
it directly links the threshold to the false alarm probability PF A, through a closed-form ex-
pression. The closed-form expression involves parameters that are typically known in ad-
vance, or can dynamically be estimated from the observed data. Furthermore, using the
threshold version in Equation (2.39) and inserting into (2.38) leads to an expression that
gives key insight into what affects the PD , given by [22]:

PD =Q

(
γ′−Ep
σ2E

)
(2.40)

=Q

(p
σ2E ·Q−1(PF A)−Ep

σ2E

)
(2.41)

=Q

(
Q−1(PF A)− Ep

σ2E

)
(2.42)

=Q

Q−1(PF A)−
√

E

σ2

 (2.43)

Equation (2.43) shows that theNPdetectorperformancedependson theSNR,which ispre-
ciselywhat thematched filtermaximizeswhen the signal is known and the noise is AWGN.
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2.7 Localizationmethods

This section aims to explore current State of the Art (SOTA) localization methods for
artillery localization, with the purpose of selecting themost relevant for this project.

Acoustic shooter localization is a niche field with limited public research, likely due
to its military relevance. Nevertheless, as explored in [3, 1, 24, 2] the current SOTA within
acoustic shooter localization estimation consists of using a stationary microphone array
to capture the TDoA of muzzle blast and shock wave to estimate the localization and
shooting direction. Additionally, the research conducted in [2] shows that the impact blast
of the projectile can further be used to enhance the full shooter state estimation.

To circumvent the limited amount of literature within the desired research area the
report explores the general field of localization estimation. The main differences being
that this broader field explores localization for different types of propagating waves and is
not exclusively tailored for shooter localization.

While this field primarily focuses on wireless communication using Radio Frequency
(RF), some studies investigate localization involving either a moving target or moving
sensors, which can helpmitigate inaccuracies by reducing distances. Wireless localization
research using moving sensors arrays has been conducted in [25, 26, 27, 28, 29]. Most
noticeable is the approach first found in the research paper [28], which investigates the
use of Frequency Difference of Arrival (FDoA). This technique is further described in
the comparison study [30], where it is found that the localization has greater detection
distance and accuracy compared to other DoA based methods. In [30] it is further found
that the combination of TDoA and Angle of Arrival (AoA) [27], and TDoA combined with
FDoA [26] improves distance and accuracy compared to their standalone use, with the
TDoA/FDoA being themost successful.

Machine Learning (ML) and Deep Learning (DL) are approaches that have gained a
lot of traction in recent years. Within the area of shooter localization estimation, research
conducted in [24] explores the use of a Convolutional Neural Network (CNN) in combina-
tion with the standard TDoAmethod to enhance accuracy.

Steered Response Power (SRP) is a another widely used technique in source localiza-
tion [31, 32, 33, 34]. It aims to estimate the direction or position of a sound source by
evaluating how well the incoming signals from spatially separated array elements align
when steered towards various spatial points.

Finally, it should be mentioned that there also exists a subgenre of localization esti-
mation known as subspace decomposition methods as described in [31]. Prominent

Page 24 of 119



2.7. Localizationmethods Aalborg Universitet

algorithms in this category includeMUltiple SIgnal Classification (MUSIC) andRotational
Invariance Techniques (ESPRIT) [31]. These methods are effective for localization accu-
racy, even in environments withmultiple sources and complex propagation effects.

Based off the following research, the methods TDoA, FDoA, SRP and MUSIC will be
investigated further. The ESPRIT is not relevant to this project, as the core principle of this
method involves using sensor doublets [35]. Therefore, this approach requires aminimum
of 4 sensors to estimate the AoA of a single source. Given the project’s sensor constraints,
ESPRIT is not a suitable solution technique. ML and DL methods have shown promising
results in shooter localization tasks. However, their performance relies heavily on the
availability of large, representative training datasets. In the context of shooter and artillery
localization, this would require extensive acoustic data from various environments and
scenarios, which is not available or feasible to collect within the scope of this project.

2.7.1 Frequency Difference of Arrival based localization

The FDoA method utilizes the relationship that, when either the source or sensor is in
motion, the transmitted frequency content becomes shifted according to Equation 2.9 as
seen in Section 2.2.1. This Doppler shift is depended on the relative velocity of the sensor
in reference to the position of the source. Hence, when the FDoA and the sensor velocity
is known an isodoppler curve can be derived describing possible locations of the source.
The FDoA is given as the difference in frequency shift between two sensors, based on a
specific carrier frequency fc . When more than two sensors are used multiple isodoppler
curves are attainable, which yield the possibility of finding the intersecting point between
them, which ultimately resolves the source localization.

Utilizing Equation 2.9 the FDoA between two sensors is given as:

∆ f = f1 − f2 = fc

cs
· (vd · r̂m1s −vd · r̂m2s

)
(2.44)

fc Carrier frequency [Hz]
f1 Doppler shifted frequency at microphone 1 with respect to fc [Hz]
f2 Doppler shifted frequency at microphone 2 with respect to fc [Hz]
cs Speed of sound [m/s]
vd 3D velocity vector of drone [m/s]
r̂m1s 3D unit vector pointing frommicrophone 1 to source estimate [·]
r̂m2s 3D unit vector pointing frommicrophone 2 to source estimate [·]

With 3D unit vector pointing from microphone 1 and 2 to source estimate, respec-
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tively given as:

r̂m1s =

p̂a,x

p̂a,y

p̂a,z

−

pm1,x

pm1,y

pm1,z


∣∣∣∣∣∣∣
∣∣∣∣∣∣∣
p̂a,x

p̂a,y

p̂a,z

−

pm1,x

pm1,y

pm1,z


∣∣∣∣∣∣∣
∣∣∣∣∣∣∣
2

; r̂m2s =

p̂a,x

p̂a,y

p̂a,z

−

pm2,x

pm2,y

pm2,z


∣∣∣∣∣∣∣
∣∣∣∣∣∣∣
p̂a,x

p̂a,y

p̂a,z

−

pm2,x

pm2,y

pm2,z


∣∣∣∣∣∣∣
∣∣∣∣∣∣∣
2

(2.45)

From here the x, y and z coordinate belonging to the source, is solvable bymeans of a nu-
merical method, which for the case of a twomicrophone setup yields a three dimensional
isodoppler function as shown on Figure 2.9:

Figure 2.9: 3D isodoppler function based off source position 1 km away at an angle of 45◦ relative to the sensor
array position. The 3D isodoppler function is plotted within a limited interval which would otherwise result
in a spherical like surface.

The∆ f parameter is obtainable bymeasuring the frequency shift with respect to the given
carrier frequency on both microphones. For broadband signals without an apparent car-
rier frequency, any frequency can be selected as long as the corresponding frequency dif-
ference pair is used. This is depicted on Figure 2.10:
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Figure2.10: Frequency responseof theoriginal signal, the receivedsignalonmicrophone1andreceivedsignal
onmicrophone 2.

With reference in Figure 2.10 the∆ f value is foundbyfinding the two frequencies on either
microphone plot that corresponds to the Doppler shift of the selected carrier frequency
fc . By taking the difference between the two shifted frequencies fm1 and fm2 the resulting
∆ f

(
fc

)
is found. Additionally, it has been found that for broadband signals the carrier fre-

quency selection is independent of the isodoppler scaling, as long as the corresponding∆ f
is selected. However, as the carrier frequency to a specific ∆ f is not known for broadband
cases. The problem now involves a scenario where both the source position and the cor-
responding carrier frequency are unknown, effectively resulting in a single equation with
four unknowns. In an attempt to solve this, a system of FDoA equations was proposed,
using multiple measured ∆ f values. This ultimately led to a system of n equations on the
form:

∆ fn = fcn

cs
·vo ·

(
r̂m1s − r̂m2s

)
(2.46)

xn Variable or constant of the n’th equation [·]
However, as more FDoA pairs are used, the amount of unknown carrier frequencies are
also introduced, which simply increases the system of equations to an unsolvable "n
equation with n +3 unknowns" problem.
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To bypass the broadband limitation with the FDoA method, a carrier frequency guessing
approach is examined in the design chapter.

2.7.2 Time Difference of Arrival based localization

Localization using TDoA depends on the physical characteristics of a signal as it travels
from the source to a sensor array. Due to the time it takes for the signal to propagate, each
sensor in the array detects the signal at slightly different times. Therefore, it is essential
for the sensors in the array to be properly synchronized. A common TDoA-based localiza-
tion method is multilateration, which determines position by solving a set of hyperbolic
equations [13, 30].

Multilateration using Time Difference of Arrival

Multilateration is based on using the TDoA to establish a set of hyperbolic equations, by
utilizing the propagation of the source signal [30]. Here it is assumed that the source is
in LOS and the microphones placement are fixed. The distance from the source to each
microphone is given by:

dS,R1 =
√

(x −xR1)2 + (y − yR1)2 + (z − zR1)2 (2.47)

dS,R2 =
√

(x −xR2)2 + (y − yR2)2 + (z − zR2)2 (2.48)

xR1,yR1,zR1 Coordinates for R1 [m]
xR2,yR2,zR2 Coordinates for R2 [m]
x,y ,z Coordinates for the source [m]

The TDoA can now be found from Equation (2.47) and (2.48), and is given by:

τ12 =
dS,R2 −dS,R1

cs
(2.49)

Substituting for dS,R1 and dS,R2 and rearrangingEquation (2.49) yields thehyperbolic equa-
tion:

cs ·τ12 =
√

(x −xR2)2 + (y − yR2)2 + (z − zR2)2 −
√

(x −xR1)2 + (y − yR1)2 + (z − zR1)2 (2.50)

The hyperbolic equation describes the possible positions, in 3D, of the source for a given
TDoA. An illustration of the 2D scenario is shown on Figure 2.11.
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Figure 2.11: Illustration of the 2Dmultilateration scenario.

However, ambiguity arises in this approach. As shown in Figure 2.11, the source will be lo-
cated somewhere along the hyperbolic curve. Since there are only two-microphones, only
onehyperbolic equationcanbeestablished. Thismeansno intersectionofmultiplehyper-
bolas will be obtained, which is typically required for this method to function effectively
[30]. If the scenario is extended to 3D, the hyperbola will transform into a hyperboloid,
meaning the possible location of the source will form a surface in 3D space.

Matched filter for Time Difference of Arrival estimation

The matched filter operates by correlating a known muzzle blast template with each mi-
crophone signal. The resultingmatchedfilter outputs exhibit peaks at the time indices cor-
responding to the bestmatch between the template and the incoming signals. These peak
indices indicate the estimated arrival times of the muzzle blast at each microphone. The
TDoAbetween two-microphones can then be estimated by subtracting the corresponding
peak indices as follows:

τ̂12 = km2 −km1

fs
(2.51)

τ̂12 Estimated TDoA [s]
km1 Peak index of thematched filter output corresponding tomicrophone 1 [·]
km2 Peak index of thematched filter output corresponding tomicrophone 2 [·]

This expression provides a straightforward method for estimating the TDoA based
on the temporal alignment of matched filter responses. It forms a foundational step
in subsequent localization using the multilateration method, where accurate timing
information is critical for determining the location of the artillery.
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Cross Correlation for Time Difference of Arrival estimation

CrossCorrelation (CC) is awidelyused technique forTDoAestimation, especially inacous-
tic localization due to the relatively low propagation speed of sound [31]. The core princi-
ple ofCC is todetermine the timedelay, τ, between the receptionof the source signal at two
different sensors in an array, by identifying the time lag that maximizes the CC function.
The signal model is given by [36]:

x1(t ) = s1(t )+n1(t ) (2.52)
x2(t ) =αs1(t +τ)+n2(t ) (2.53)

x1(t ) Received signal at sensor 1 [·]
x2(t ) Received signal at sensor 2 [·]
s1(t ) Transmitted source signal [·]
t Time index [s]
τ Time delay [s]
n1(t ) Noise at sensor 1 [·]
n2(t ) Noise at sensor 1 [·]
α Scaling factor accounting for gain differences between the sensors [·]

The CC between the two received signals can be expressed as [36]:

R12(τ) = E[x1(t )x2(t −τ)] (2.54)

R12(τ) CC between x1(t ) and x2(t ) [·]
E[ ] Expectation operator [·]

However, since Equation (2.54) provides a mathematical definition of the CC, it can
only be approximated in practical scenarios, where the system has access to a finite
number of samples. The relation between the CC and the Cross Power Spectral Density
(CPSD) is often exploited, which is given by [37]:

P̂12[m] =
N−1∑
k=0

R̂12[k]e−j2πm
N k (2.55)

P̂12[k] Estimation of CPSD between x1[n] and x2[n] [·]
R̂12[k] Estimation of CC between x1[n] and x2[n] [·]
N Number of observation samples [·]
n Discrete time index [·]
k Discrete time lag [·]
m Discrete frequency bin [·]
j The imaginary unit

p−1 [·]

This relationship allows the estimation of the CC from available samples by convert-
ing x1(t ) and x2(t ) to the frequency domain using the Discrete Fourier Transform (DFT),
computing the CPSD, and then applying the Inverse DFT (IDFT) [31]. The CPSD can be
expressed from the DFT obtained as [13]:

P̂12[m] = X1[m]X ∗
2 [m] (2.56)
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X1[m] DFT of x1(t ) [·]
X∗

2 [m] Complex conjugate DFT of x2(t ) [·]

Taking the IDFT of Equation (2.56) and introducing a weighing function yields:

R̂12[k] =
N−1∑
k=0

Ψ[m]P̂12[m]ej2πm
N k (2.57)

Ψ[m] Weighing function [·]

The expression in Equation (2.57) is known was the Generalized Cross Correlation
(GCC) [13, 36]. If the weighing function is 1 Equation (2.57) revert back to the relation in
(2.56). However, different weighing functions can be used to sharpen the CPSD spectrum
and hence the GCC function. A popular version of the GCC is the GCC with Phase Trans-
form (GCC-PHAT), which improves robustness against reverberation, where the weighing
function is given by [13, 36]:

Ψ[m] = 1

|X1[m]X ∗
2 [m]| (2.58)

| | Denotes themagnitude [·]

The PHAT weighing function normalizes the magnitude of the CPSD while maintaining
the phase information. The GCC-PHAT is therefore given by [13, 36]:

R̂12[k] =
N−1∑
k=0

X1[m]X ∗
2 [m]

|X1[m]X ∗
2 [m]|e

j2πm
N k (2.59)

The TDoA is now obtained by finding the delay k thatmaximizes the GCC-PHAT function.
This can be expressed as:

τ̂12 = 1

fs
·argmax

k
R̂12[k] (2.60)

τ̂12 Estimated TDoA [s]

Since the phase of the CC directly corresponds to the time delay, GCC-PHAT can be
used to accurately estimate the TDoA by focusing entirely on the phase information.

2.7.3 Beamforming based Localization

The core idea behind SRP is to "steer" a spatial filter (or beamformer) across a grid of can-
didate locations and compute a response power metric at each point. This SRPmetric re-
flects the energy of the beamformed signal and it is assumedmaximizedwhen the steering
direction aligns with the true source location. The SRP localizationmethod is hence a task
of finding the location, whichmaximizes the SRPmetric and is given by [33, 34]:

r̂ = argmax
r

(P (r)) (2.61)
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r̂ Estimated location [·]
r Candidate locations [·]
P SRPmetric [·]

The SRP function to bemaximized is given by [33, 34]:

P (r) =
M∑

k=1

M∑
l=k+1

Rmk ,ml (τmk ,ml (r)) (2.62)

M Number of array elements [·]
k,l Array element indices [·]
m Array element [·]
τmk ,ml TDoA between array element k and l [s]

In Equation (2.62), the constant terms are omitted because they do not depend on
τmk ,ml (r), and thus not on r, which is the variable beingmaximized [33, 34].

For each grid point r, SRP computes the sum of GCC’s between the microphone af-
ter aligning them based on the expected TDoA [31, 33]. The grid point with themaximum
SRP value is selected as the estimated source position. Therefore, SRP has a trade-off
betweenaccuracy and computational complexity. To achievehigher localization accuracy,
the spatial grid, with candidate locations, must be made finer, i.e. with smaller spacing
between grid points. This results in a denser grid, allowing for more precise estimation
of the sound source position. However, a denser grid also means a significantly larger
number of grid points to evaluate, which increases the computational load.

2.7.4 MUSIC

In 1986, R. O. Schmidt developed theMUSIC algorithm, which exploits the eigenstructure
of the covariance matrix enabling precise estimation of multiple signal directions, setting
a standard in array signal processing for separating signal and noise subspaces [38]. The
MUSIC subspace method assumes the noise is AWGN, meaning the signal and noise are
uncorrelated. The signal model is defined as [38]:

X = AF+W (2.63)

X Received signal [·]
A Steering responsematrix [·]
F Signal components [·]
W Noise components [·]

The size of X, A, F and W depends on the number of elements in the array and the
frame size, measured in samples. Including this, the signal model can be expressed as:


x1(1) x1(2) · · · x1(k)
x2(1) x2(2) · · · x2(k)
...

... . . . ...
xM (1) xM (2) · · · xM (k)

=


a1(θ1) a1(θ2) · · · a1(θD )
a2(θ1) a2(θ2) · · · a2(θD )
...

... . . . ...
aM (θ1) aM (θ2) · · · aM (θD )




f1(1) f1(2) · · · f1(k)
f2(1) f2(2) · · · f2(k)
...

... . . . ...
fD (1) fD (2) · · · fD (k)

+


w1(1) w1(2) · · · w1(k)
w2(1) w2(2) · · · w2(k)
...

... . . . ...
wM (1) wM (2) · · · wM (k)


(2.64)
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xm (k) Received signal at the m’th sensor at sample index k [·]
am (θd ) Steering vector response of the m’th sensor to the d ’th source [·]
fd (k) Signal from the d ’th source at sample index k [·]
wm (k) Noise at the m’th sensor at sample index k [·]
θd AoA of the d ’th source [◦]
M Total number of sensors [·]
D Total number of sources [·]

Here it is assumed that the sound source is stationary, meaning the AoA to be esti-
mated remains constant over the sampling period from 1 to k. As a result, the entries in
the steeringmatrix A do not depend on k.

Now the covariance matrix of the received signal matrix can be determined. This is
done by averaging the received signal at each sensor over the sampling period. This yields
[38]:

S≜XX∗ = AFF∗A∗+WW∗ (2.65)
S Received signal covariancematrix [·]
∗ Denotes the conjugate transpose [·]

Denotes the average [·]

Equation (2.65) can be rewritten, as FF∗ essentially represents the source signal power,
while WW∗ represents the noise covariancematrix. This leads to the expression [38]:

S = APA∗+λS0 (2.66)

P Signal covariancematrix [·]
λ Noise power scaling factor [·]
S0 Normalized noise covariancematrix [·]

The signal and noise subspaces can now be separated by considering the generalized
eigenvalue problem, which can be obtained from Equation (2.66):

|APA∗| = |S−λS0| = 0 (2.67)

| | Denotes the determinant function [·]

To solve the generalized eigenvalue problem, it is assumed that the number of sourcesD is
smaller than the number of sensors M . Additionally, an important assumption is that the
sources are uncorrelated, which results in the signal covariance matrix P being diagonal
and positive definite. Under these assumptions, APA∗ has rank D, meaning it is not full
rank [38]. Consequently, there are M eigenvalues with exactly D nonzero eigenvalues,
while the remaining N = M −D eigenvalues are zero, whichmeans themultiplicity of λmi n

becomes N . This leads to an expression for estimating the number of sources, which is
given by:

D = M −N (2.68)

N Number of eigenvalues equal to zero, i.e. multiplicity of λmi n [·]

However, in practical scenarios, the multiple occurrences of λmi n may not be exactly
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identical but instead form a small cluster. This cluster spread diminishes as the number
of samples taken into account increases, improving the estimation accuracy [38]. In the
case of artillery localization itmay be difficult to obtain enough samples, since themuzzle
blast duration is relatively short. Furthermore, the assumption of uncorrelated sources
may not always hold. When the sources exhibit some degree of correlation, P is no longer
strictly diagonal but instead contains nonzero off-diagonal elements that capture the
correlations between sources. This alters the rank structure of APA∗ and can cause its
eigenvalues to deviate from the idealized case, potentially making it more challenging to
separate the signal and noise subspaces accurately [38].

The M eigenvectors defining the subspaces must satisfy [38]:

Sei −λi S0ei = 0, for i = 1,2,...,M (2.69)
ei i ’th eigenvector [·]
λi i ’th eigenvalue [·]

From Equation (2.69) it follows that:

Sei −λi S0ei = 0 (2.70)
⇕

(APA∗+λmi nS0)ei −λi S0ei = 0 (2.71)
⇕

((APA∗+λmi nS0)−λi S0)ei = 0 (2.72)
⇕

(APA∗+ (λmi n −λi )S0)ei = 0 (2.73)
⇕

APA∗ei + (λmi n −λi )S0ei = 0 (2.74)
⇕

APA∗ei = (λi −λmi n)S0ei (2.75)

Evaluating Equation (2.75) for λi = λmi n , which occurs N times, leads to the following im-
plication:

APA∗ei = (λi −λmi n)S0ei = 0 ⇒ A∗ei = 0, for λi =λmi n (2.76)
The implication inEquation (2.76)means that the eigenvectors corresponding to thenoise
subspace are orthogonal to the signal subspace. Thus, the signal and noise subspaces can
be constructed in the following way:

UD = {a1,...,aD } (2.77)
EN = {eD+1,...,eM } (2.78)

Where

UD ⊥ EN (2.79)
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UD Source signal subspace [·]
EN Noise subspace [·]
ai i ’th steering vector in the signal subspace [·]
e j j ’th eigenvector in the noise subspace [·]
⊥ Denotes orthogonality [·]

The steering vectors corresponding to the AoA(s) lie within the signal subspace UD

and are therefore orthogonal to the noise subspace EN . This allows for the projection of a
set of candidate steering vectors onto the noise subspace EN , which results in the creation
of the "MUSIC spectrum", as given by [38]:

PMU SIC (θ) = 1

a∗
i (θ)EN E∗

N ai (θ)
(2.80)

PMU SIC (θ) MUSIC spectrum [·]

The AoA(s) of interest can be determined by identifying the θ’s that correspond to
the largest peaks in theMUSIC spectrum, which can be expressed as:

θ̂ = argmax
θ

(PMU SIC (θ)) (2.81)

θ̂ Estimated AoA [◦]

Inpractical implementations of theMUSICalgorithm, the search space for AoAestimation
is often discretized to a predefined grid instead of scanning continuously. This means
that instead of evaluating the pseudo-spectrum at every possible angle, the algorithm
considers a set of discrete angles, suchas every 1◦ or 0.5◦, within a given range, e.g. [0◦:180◦].

The choice of grid resolution impacts both accuracy and computational efficiency. A
finer grid search improves the accuracy of AoA estimation. However, it significantly
increases computational cost at the same time, since more points need to be evaluated.
Thus, there is a trade-off between accuracy and computational complexity.

2.7.5 Method comparison and selection

Variousmethods for AoAand localization estimationhavebeen introduced. A comparison
of thesemethods, in the 2microphone case, is drawn from the pros and cons summarized
in Table 2.2.

Page 35 of 119



Group 1029h 2. Analysis

Localization
Method

Pros Cons

Multilateration
• Defines hyperbolic (2D) or
hyperboloid (3D)

• Robust against reverbera-
tion with GCC-PHAT

• Useful as a constraint
when fused with other
data non-time based data.

• Cannot provide a unique
location

• Requires precise syn-
chronization between
microphones

FDoA
• Defines isodoppler (2D) or
isodoppler (3D)

• Useful as a constraint
when fused with other
data non-frequency based
data.

• Cannot provide a unique
location

• No built in noise suppres-
sion

• Not intended for low
frequency acoustic broad-
band signals

SRP
• Combines power and
TDoA information

• Enables 2D localization
• Robust against reverbera-
tion with GCC-PHAT

• High computational cost
(increases with grid den-
sity)

MUSIC
• Provides an AoA constraint
• Potential for high accuracy
• Useful as a constraint
when fused with other
data non-time based data.

• Provides only direction,
not full position

• High computational cost
(increases with grid den-
sity)

FDoA + Multilatera-
tion • Isodoppler and hyper-

boloic curve constraints
improves accuracy

• Enables 2D localization

• Still cannot fully resolve
position in general case

• Higher computational cost
than using FDoA or multi-
lateration individually

Table 2.2: A pros and cons overview for comparison of localizationmethods.

Considering the initial problem statement as given in Section 1 and the scalability poten-
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tial in terms of a solution that is suitable for real-time applications, the project will chose
a localization method based off how well it works for a two-microphone setup and how
well it works as a potential real-time applicationmethod.

The SRP and MUSIC are ruled out due to their reliance on grid search, which results
in high computational cost for high accuracy. Multilateration using TDoA, and FDoA as
standalone methods, cannot resolve a 2D location using a two-microphone array and are
therefore excluded. However, multilateration provides valuable constraints, particularly
when the possible location is confined to a predefined region within 2D or 3D space, as is
the case in the scenario discussed in Section 2.1. Combining multilateration with FDoA
adds further constraints and an intersection between the hyperbolic and isodoppler
curve. This allows the possible location of the artillery to be resolved. Thus, for further
reference the project will investigate the implementation of multilateration combined
with FDoA-based artillery localization.

2.8 Intersection solvers

As a consequence of using only two microphones is that both methods only provide one
dimensional localization information. As a stand alone method the artillery localization
will hence be described as a line of an x and y coordinate in 2D space and described as a
surface of a x, y and z coordinate in 3D space. Ultimately keeping the artillery position
unknown though only along the defined function.

However, as the information achieved from both methods are independent, as a re-
sult of being based of frequency and time information respectively, an intersection will
emerge revealing the artillery position in the 2D space. Additionally this has proved to
increase the estimation accuracy formultiplemicrophone array configuration as explored
in several research papers [30].

In the case of known height of both drone and artillery the z coordinate can be fixed
to the artillery unknown position and hence transforming the 3D localization estimation
to a 2 dimensional localization estimation problem. The intersection that emerges by
combining TDoA with FDoA can be seen on Figure 2.12.
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Figure 2.12: Two intersections seenbetween the hyperbolic and Isodoppler functions as a result of combining
TDoA with FDoA based information. The two functions are mapped for a z coordinate corresponding to 4 m
with the drone in a height of 800 m. The artillery position in [1400 1000] overlaps the furthest intersection
point from the drone. The first intersection point act as an ambiguity point.

Given the nonlinear nature of Equations (2.44) and (2.49), and the way the variables of
interest are embedded within these equations, no closed-form analytical solution exists.
However, the intersection point can be formulated as a nonlinear least squares problem.
The objective is to minimize the sum of squared residuals, where each residual corre-
sponds to a function set to zero. In practice, this results in an estimated (x,y) coordinate
thatminimizes the residuals, effectively locating a localminima of the resulting cost func-
tion. The non linear least square problem is defined as follows:

min
x,y

n∑
i=1

ri (x,y)2 (2.82)

ri i ’th residual [·]
n Amount of data points [·]

However, as only 1 data point is achievable n becomes 1 with the residual being de-
fined as:

r (x,y) =
(

fc

cs
· (vo · r̂m1s −vo · r̂m2s

)−∆ f

)
+ (|P̂a −Pm2|− |P̂a −Pm1|− cs ·τ12

)
(2.83)
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Solving the non linear least squares problem can be done in many ways. As displayed
on Figure 2.12, two intersections between the two functions exist, which in turn makes
the cost function have two minima. As a result the optimization problem becomes non
convex, hence requiring a more complex solver. However, with real time scalability in
mind, some convex optimization methods use an initial point to firstly ensure faster
convergence and secondly in the projects case ensure that the proper minima can be
reached. So based on the lesser complexity and therefore faster computation of convex
methods, the Levenberg–Marquardt (LM) algorithm is investigated.

2.8.1 The Levenberg–Marquardt algorithm

The LMalgorithm is one of themost used optimizationmethods as it combines theGauss-
Newtonmethod and gradient descent, achieving fast convergence near theminima while
doing smaller safer steps at smaller learning rates [39]. The LMmethod therefore becomes
a robust and fast convex optimizationmethod.

The LM algorithm is given as [39]:

p̂i+1 = p̂i −
(
JT J+λI

)−1∇ f
(
pi

)
(2.84)

p̂i+1 Intersection guess for iteration i +1 [m]
p̂i Intersection guess for iteration i [m]
JT J The Gauss-Newton Hessian approximation evaluated at pi [·]
λ Learning rate [·]
I Identity matrix [·]
∇ f (pi ) First order partial derivative of residual evaluated at pi [·]

From Equation 2.84 the ∇ f (pi ) term derives from the standard gradient decent method,
which evaluates the gradient at a given point. The gradient vector describes in what
direction and how much the given cost function changes, which is utilized by reversing
the direction said vector in order to move to a point on the cost function which is closer
to the minima. The gradient is scaled by the learning rate λ, which ultimately control
how much the steepest decent method is involved. The hessian term on the other hand,
derived from the Gauss-Newton method, contains the second order derivative, at a given
point, which in turn describes the curvature of the cost function. Using the curvature
information the step size effectively becomes variable ensuring bigger steps when needed
[39].

The LM algorithm procedure is as follows:

1. Insert an initial point p0, find pi+1 and evaluate squared residual
2. If residual is lower than the residual evaluated at the initial point reduce λ to reduce

the effect of the gradient. If the residual is higher λ is increased
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3. Find a new point pi+1

4. repeat until one of four parameters are met:
a) Gradient norm is smaller than threshold: ∥∇ f (pi )∥ < ϵg

b) parameter update is smaller than threshold: ∥pi+1 −pi∥ < ϵx

c) Cost function improvement is smaller than threshold: | f (pi+1)− f (pi )| < ϵ f

d) Maximum number of iterations k reached: k ≥ kmax

The convergence speed, the computational requirements and the precision of themethod
is hence highly correlated to the these four parameters. However, the choice of the initial
point plays a crucial role in both convergence speed and achieving the correct intersection
point.

2.9 Problem statement

With insight into the localization scenario, localization methods and based off the de-
limitation and assumption stated in Section 2.5, the following problem statement is
formulated:

How well can a two-microphone array on a moving platform detect and localize an
artillery muzzle blast using a combination of TDoA and FDoA?

Additionally, to help answer the problem statement a set of research question has
been constructed. These are formulated as follows:

• Howdoes TDoA estimation using amatched filter compare to the GCC-PHATmethod
for localization?

• Howeffective is FDoA-based localizationwhenapplied toabroadbandacoustic signal
on amoving platform?

• How does noise, reflections and shock wave affect the localization performance?
• How well can the two-microphone system combining FDoA and TDoA estimate the
true artillery position, under different conditions?
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Due to the unavailability of high-quality artillery shooting data, both in terms of signal
clarity and control over the recording environment, a simulated acoustic environment im-
plementation is proposed. The lack of usable real-world data stems from several factors,
including the confidentially due to its warfare nature, and the inherently noisy nature of
existing online recordings. Consequently, the proposed acoustic simulation will focus on
modeling the complex propagation of the shockwave and muzzle blast from an artillery
firing position to themoving sensor array.

3.1 Acoustic modeling overview

The Acoustic modeling block, with its inner sub-blocks, internal and external interfaces
can be seen on Figure 3.1.

Figure 3.1: Block diagram of the Acoustic modeling block.

With respect to Figure 3.1, the Acoustic modeling simulates the following challenges:

1. The artillery shock wave
2. The artillery muzzle blast
3. The artillery muzzle blast reflection
4. The attenuation of each signal
5. The Doppler shift andmicrophonemovement as a result of a moving platform
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6. The individual signal delay as a result of different distances to and from artillery to
eachmicrophone

7. Additional AWGN to replicate different types of noise as described in Section 2.5

In general terms the Acoustic modeling, with respect to Figure 3.1, works by first generat-
ing the signal of interest e.g. the muzzle blast. For testing purposes the shockwave and a
single reflection of themuzzle blast can also be toggled to be generated. For every signal a
copy is also generated to facilitate the two microphone array configuration. Hence the 6
signals ssm1 , ssm2 , smm1 , smm2 , srm1 and srm2 . With the first s indicating that it is a signal with-
out noise, the first subscript being the first letter of the given signal e.g. s for shockwave
and lastly the second subscript indicatingwhether the signal belongs tomicrophone1or 2.

The attenuation takes the distance from the artillery to each microphone into ac-
count and calculates the individual frequency attenuation which is applied accordingly
to each signal. The dronemovement block takes the drone velocity vector into account by
firstly calculating the second microphones movement in between the signal reaching the
firstmicrophone andwhen it reaches the secondmicrophones new position. Additionally
this block also calculates theDoppler shift as a result of the dronesmovement in reference
to the stationary artillery of interest. The signal delay sub-block combines the 6 signals
into twomicrophone specific signal vectors, where each signal is delayed the appropriate
amount of time to replicate the ToF of each signal. The 2 new signals sm1 and sm1 are
now used as input to the final sub block, Noise, which corrupts the entire signal vector
including time instances without signal with AWGN.

For the sake of transparency Figure 3.1 does not provide a true reflection of the how
the flow through the modeling script actually works. Therefore a flowchart has been
constructed to visualize this, as seen on Figure 3.2.
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Figure 3.2: Flowchart of the Acoustic modeling block. Striped lines indicating transfer of input data.

Greater detail on how the script work will be given in the sub-blocks individual sections.
However, the major difference compared to the block diagram on Figure 3.1, is how
the microphone position change as a result of the moving platform is calculated in the
beginning and that theDoppler shift is calculated as apart of the atmospheric attenuation.

TheMATLAB code for the Acoustic modeling can be found in Appendix A.

3.2 Muzzle blast generation

The design of the muzzle blast simulation, follows the description of said muzzle blast as
described in Section 2.4. This is, an impulse with an approximately peak SPL amplitude
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corresponding to 185 dB measured at 4 m form the artillery and a time length of approx-
imately 100 ms. To replicate this, Matlab’s built in impulse() function was used. This
function returns a vector containing an impulse response of a continuous-time system. A
time vector is used as an secondary input containing the desired signal length in seconds
at a desired sampling rate. The time vector dictates the length of the signal space as well
as the time resolution, which in reality is infinite.

To achieve a impulse response similar to Figure 2.7 a transfer function on the general form
was used in as argument for the impulse() function:

H(s) = ω2
n

s2 +2ζωn s +ω2
n

(3.1)

ωn Natural frequency [rad/s]
ζ Damping factor [·]
s Complex frequency variable [·]

Through a series of trial an error it was found that a damping factor of ζ = 0.25 and a
natural frequency of ωn = 200rad/s = 31.8Hz. This combination resulted in the closest
visual approximation of the right side of Figure 2.7. The referencemuzzle blast [3] and the
simulated are seen side by side on Figure 3.3.

Figure 3.3: Recordedmuzzle blast [3] (Left) and the projects simulatedmuzzle blast (Right).

FromFigure 3.3 it is clear that not all of themuzzle blast features are captured by the simu-
lated response. However, the simulated sinc function does captures the overall time char-
acteristic of the signal as well as the amplitude.

3.3 Shockwave generation

The shockwave modeling design aims to recreate a replicate of the measured shockwave
impulse as seen on the left image on Figure 2.7. Additional, to achieve data corresponding
as much to real life as possible the complex propagation of the shockwave, as seen in
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Section 2.4, is also to be replicated.

Like the design of the muzzle blast, Matlab built in function Impulse() is used to
generating the impulse, with reference in a standard form second order transfer function.
The damping factor and natural frequency was set through trial an error to ζ = 0,2 and
ωn = 2000rad/s = 318.3Hz, respectively. With respect to Figure 2.7, the shockwave was
modeled using the same peak SPL as the muzzle blast, resulting in an amplitude of
191 dBSPL. A comparison between the measured shockwave and the projects modeled
shockwave can be seen on Figure 3.4.

Figure 3.4: Recorded shock wave [3] (Left) and the projects simulated shock wave (Right).

For the modeling of the shockwave propagation the following sketch will be used for fur-
ther reference, as seen on Figure 3.5.
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Figure 3.5: Sketch of shock wave propagation from artillery to a arbitrary microphone in 2D.

Figure 3.5 displayed the 2D scenario with the microphone (Green dot), Artillery (Red dot)
the projectile path (Red arrow) and the triangle approximated shockwave (Blue lines). The
goal here is to achieve the angle θi nt which is the angle from the microphone in reference
to the x-axis to the intersection point. This is, the first point on the projectile path where a
line (Green) is perpendicular on the shockwave cone and intersects with themicrophone.
To find this angle a series of right angled triangles has been constructed as well as some
beneficial imaginary angles θ1 to θ5. These are defined as follows;

θ1 = 180−90−θshot (3.2)
θ2 = θ1 −θmach (3.3)
θ3 = 180−90−θ2 (3.4)
θ4 = 180−θ3 −θbet a (3.5)
θ5 = 180−θ4 (3.6)

θbet a Angle frommicrophone to artillery with reference to the x-axis [°]
θmach Angle of the shock waves cone, with reference in the projectile path [°]
θshot Angle of shooting direction with reference to the x-axis [°]

Using θ5 and the properties of the right angle triangle that exist among θ5, the inter-
section point and themicrophone, the desired angle θi nt can be found as:

θi nt = (180°−90°−θ5)+θbet a (3.7)

With respect to the known θi nt , θshot and the position of microphone and artillery, the
parametric form for the red and green line can be used to find the intersection point in
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2D, which ultimately yields the propagation time for the given shockwave as defined in
Section 2.4.

However, since the problem lies in the 3D space an additional elevation angle is de-
fined for the artillery shooting direction. This yields the following line on the parametric
form:

Lshot = pa + t ·

cos
(
180−θshotA

) ·cos
(
θshotE

)
sin

(
180−θshotA

) ·cos
(
θshotE

)
sin

(
θshotE

)
 (3.8)

pa 3D artillery position [m]
θshotA

Angle of shooting direction in azimuth plane (x y) [°]
θshotE

Angle of shooting direction in elevation plane (xz) [°]

Note that the 180 term in Equation 3.8 is necessary due to how the angles are de-
fined in reference to the x-axis.

To find the unknown elevation angle of the microphones line down to the intersec-
tion point, given a predefined artillery shot elevation angle, surface was used. This is,
based off the angle θi nt found in the 2D space, a perpendicular vector is defined pointing
in the positive z-direction. From this a plane on the parametric form can be defined as:

Smi c = pm + s1 ·

cos(θi nt )
sin(θi nt )

0

+ s2 ·

0
0
1

 (3.9)

pm 3Dmicrophone position [m]

By intersection the line with the surface a single point emerges corresponding to the
intersecting point, but now i three dimensional space. The intersection is found by setting
the two equations equal each other:

Smi c = Lshot

⇕ (3.10)

pm + s1 ·

cos(θi nt )
sin(θi nt )

0

+ s2 ·

0
0
1

= Lshot = pa + t ·

cos
(
180−θshotA

) ·cos
(
θshotE

)
sin

(
180−θshotA

) ·cos
(
θshotE

)
sin

(
θshotE

)
 (3.11)

Which can further be reduced on the vector matrix form:

Ax =b

⇕ (3.12) t
s1

s2


cos

(
180−θshotA

) ·cos
(
θshotE

)
cos(θi nt ) 0

sin
(
180−θshotA

) ·cos
(
θshotE

)
sin(θi nt ) 0

sin
(
θshotE

)
0 1

=(
pm −pa

)
(3.13)
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By inversion of the matrix A, x becomes the solution containing the 3D position for the
intersection. However, this is under the assumption that the matrix is invertible which
only applies if all row vectors are independent. This property is exploited, as when this is
not the case it means that the shockwave never reaches themicrophone.

The resulting propagation of the shockwave is shown on Figure 3.6.

Figure 3.6: 3D simulation of the projectile and later the shock waves propagation from artillery to each of the
drones twomicrophones.

Figure 3.6 takes reference in a constant projectile velocity of 700 m/s and it also uses a lin-
ear propagation model for the projectile path which essentially means that the projectile
never hits the ground but linearly increases in height with time. Ultimately, this makes
the shockwave simulations less realistic for artillery positions at greater distances unless
adjustments are made by lowering the shot elevation and projectile speed to match the
expected conditions at those ranges.

3.4 Reflection generation

To accommodate testing capabilities with reflections this section will explain the mod-
eling of a singular muzzle blast reflection under ideal conditions. This is, a perfect flat
ground plane with no obstacles of any kind. In this type of scenario only one reflection
reaches eachmicrophone.
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The design of the reflection generation takes reference in Figure 3.7.

Figure 3.7: 2D sketch of the propagation of the muzzle blast reflection from the artillery to a microphone.
Artillery position has a non zero height representing themuzzle blast emitting from the artillery barrel.

The propagation time of an reflectedwave corresponds to the time it takes for the incident
sound wave to reach the ground plus the time it takes for the reflected sound wave to
travel from this particular point on the ground up to the microphone. This intersection
point on the ground follows that the incident angle and the reflected angle are the same.
To find this point the a mirror position is used for the artillery. The mirror position is
simply the artillery position but flipped around the z-axis. By doing so a straight line can
be constructed between the mirror artillery position and the microphone position. This
line has the same distance as the incident wave plus the reflected wave which effectively
can be used to find the propagation time of the reflectedmuzzle blast.

With respect to oblique reflection theory, the reflected wave looses some of its en-
ergy as it bounces off the ground [40]. this happens due to refraction where a third sound
wave known as the refraction wave or transmitted wave propagates through the ground at
a given angle θtr ans . The steepness of this angle and hence the energy transfer of this wave
depends on the incident angle and the acoustic impedance’s of the ground and air. Using
Snells law for acoustic waves to find the transmission angle [40]:

θtr ans = arcsin

(
cs

cear th
· sin(θi nci )

)
(3.14)
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cear th Speed of sound in earth, approximated to 1500 m/s [m/s]

With respect to the transmission angle the reflection coefficient can be found using
[40]:

Cr e f l =
Zear th ·cos(θtr ans)−Zai r ·cos(θi nci )

Zear th ·cos(θtr ans)+Zai r ·cos(θi nci )
(3.15)

Cr e f l Reflection coefficient stating the remaining energy of the reflected wave [·]
Zear th Acoustic impedance of earth approximated to 3000000 Pa · s/m [Pa · s/m]
Zai r Acoustic impedance of air approximated to 400 Pa · s/m [Pa · s/m]

Note that the reflected wave angle can be found using the mirror artillery position as
shown on Figure 3.6.

To facilitate reflection modeling for the 3D case, the euclidean distance in the x y-
plane between the artillery and microphone is used as the length between the two on
the x-axis in 2D space. In practice this maps the 3D length onto the 2D space making
the proposed model usable. When the reflection coefficients and reflection propagation
length is known the parameters can accurately be used within the 3Dmodel.

3.5 Noisemodeling

The noisemodeling design is based around AdditiveWhite Gaussian Noise (AWGN) using
Matlabs built in function randn().

The randn() function returns a scalar value between -1 and 1, based off a zero mean
σ2 = 1 gaussian distribution defined as:

f (x) = 1p
2πσ2

e

−x2

2σ2 (3.16)

This random variable is then scaled with required noise amount, as such:

x′ = po ·10NSPL /20 ·x (3.17)

x′ Signal vector with noise [Pa]
NSPL Nosie value in SPL [dB]
x Signal vector without noise [Pa]
p0 Reference sound pressure [Pa]

A comparison between the original signal and its noise corrupted counterpart can
be seen on Figure 3.8.
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Figure 3.8: Simulation of muzzle blast with AWGN corresponding to 30 dB SNR (Left) and simulated muzzle
blast before AWGN is applied (Rigth).

Note that noise is applied onto the whole signal vector including reflections and shock
waves, when these are enabled.

3.6 Signal delaymodeling

The signal delay blocks main objective is to combine the enabled signals for each mi-
crophone into a common vector with respect to time. This ensures that the sampling on
the system side is correct in terms of when signals reach the microphone such that the
selected localizationmethods works as intended.

From each signal generation script, muzzle blast, shock wave and reflection genera-
tion, their respective propagation times are also returned. This is achieved by calculating
the euclidean distance from the source position to each microphone respectively. With
the known propagation distance the propagation time is achieved by dividing with the
propagation speed. Usually the speed of sound, which is assumed constant at 343m/s or in
the case of the shock wave also the projectile speed is utilize for some of the propagation
as explained in Section 2.4.

Using these delays a signal vector is created of a length corresponding to an integer
representation of how many samples each microphones signal is delayed, the signal and
to ensure equal signal length on both microphones the integer delay for both micro-
phones. The integer sample delay is achieved by multiplying the propagation time for
each signal with the sampling frequency, which afterwards gets converted to an integer
type. The conversion does introduce some additional noise to the modeling which would
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not other wise be present. Additionally, for cases where shock wave and reflections are
enabled, the script overwrites the signal vector with a bigger one, depending on their
respective arrival time.

To visualize the signal generation Figure 3.9 displays the signal generation vector for
themuzzle blast only case:

Figure 3.9: Signal vector structure for eachmicrophone. The function Float2int() converts a float data type to
an integer data type. The function length() returns the length of the given signal.

Once the signal vector is initialized the individual signals on eachmicrophone are inserted
into their respective places. For the case with shockwave,muzzle blast and reflections the
signal vector can be seen on Figure 3.10.

Figure 3.10: Simulation of the signal vector containing the muzzle blast, shockwave and 1 reflection of the
muzzle blast. Signals has been delayed appropriate in reference to each other, with the shockwave arriving
first, then themuzzle blast followed by the reflection.

Figure 3.10 depicts the case with an artillery position 53 m away from the drone which is
in a height of 20 m. The muzzle blast shape is corrupted by the reflection as a result of
interference.
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3.7 Microphone position change

The purpose of this block is to account for the microphones movement in reference to
incoming sound waves. With respect to the microphone that receives the impulse first,
the second microphone will travel corresponding to the drones velocity vector to a new
point before receiving the impulse.

How this newmicrophone position is derived, will take reference in Figure 3.11.

Figure 3.11: Sketch showing sound waves emitting from the red artillery position. The sound waves, propa-
gating as plane waves, reach the first green microphone at a time t0. For a drone in stationary conditions the
bluemicrophone will receive the left most sound wave at a time t1. However, given a non zero velocity vector
vd , the updated microphone 2 will instead receive the second left most sound at a time in between t0 and t1,
resulting in an updatedmicrophone spacing and signal delay.

The updated two microphone position problem essentially becomes how much time
is the microphone allowed to move while the sound waves is also moving towards the
microphone, before the updatedmicrophone position and plane wave intersects.

This is solved by utilizing the fact that the plane wave coming for the artillery is or-
thogonal to the vector pointing from the position of the first microphone to the artillery
rm1,a . Hence, by defining a line between the updated second microphone position, as
a function of time, and the position of the first microphone rm2,m1 its possible to solve
for the time t , where this line is perpendicular on the artillery microphone 1 vector. This
problem is defined as follows:

f (t ) = rm1,a ·
((

pm2 +vd · t
)− (

pm1 +vcs · t
))

(3.18)
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pm2 3D Position of secondmicrophone [m]
pm1 3D Position of first microphone [m]
vcs 3D velocity vector of plane sound waves [m/s]

Within Equation 3.18 the dot product is utilized as this yields zero when these two
vectors are perpendicular to each other. Hence by setting the function equal to zero and
solving for t, t becomes the desired solution:

f (t ) = 0

⇕
rm1,a ·

((
pm2 +vd · t

)− (
pm1 +vcs · t

))= 0

⇕
rm1,a ·

((
pm2 −pm1

)+ (
vd −vcs

) · t
)= 0

⇕
rm1,a ·

(
pm2 −pm1

)+ rm1,a ·
(
vd −vcs

) · t = 0

⇕

−rm1,a ·
(
pm2 −pm1

)
rm1,a ·

(
vd −vcs

) = t (3.19)

Using the known t the secondmicrophones position can be updated bymultiplying t with
the drone velocity vector vd .

One limitation is that this new microphone position is only calculated for the muz-
zle blast propagation. For the reflection and shock wave the source position is different,
meaning the updated microphone position also becomes different. Particularly for the
shockwave this calculation was found to be troublesome due to the fact that the micro-
phoneposition is used as an argument to get the intersectionpoint. The intersectionpoint
being the source position which is used for calculating the new microphone position.
Hence, its not straight forward to get newmicrophone position as it is essentially required
beforehand.

As a result of limited time, this problem was not further looked into meaning that
the updated microphone movement is only calculated with respect to the muzzle blast.
This in turn affects the signal delays of the reflection and shockwave, which ultimately can
provide wrong statistic of how well the system performs with shockwave and reflections
from different artillery positions.

3.8 Attenuation and Doppler shift

Asmentioned in Section 3.1, the Doppler shift is implemented within the atmospheric at-
tenuation function to simplify function input and outputs. This section will therefor go
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through the design of firstly the ISL attenuation, then the atmospheric attenuation and
lastly how the Doppler shift is implemented within the atmospheric attenuation.

3.8.1 Inverse Square Law attenuation design

The ISL attenuation, follows themathematical formulas as presented in Section 2.2.1. For
a signal with reference in itsmeasured pressure at a given distance rather than an intensity
is given as:

P2 = P1 · r1

r2
(3.20)

P2 Sound pressure at distance r2 [Pa]
P1 Sound pressure at distance r1 [Pa]
r1 Reference distance where P1 is measured [m]
r2 Distance where P2 is measured [m]

In practice P1 and P2 are replaced by vector with P1 being a signal vector containing
either the muzzle blast, reflection or shockwave. The resulting ISL attenuated signal can
be seen on Figure 3.12.

Figure 3.12: Simulated original muzzle blast measured at 4 m, shown as the blue graph and simulated ISL
attenuated signal at a propagation distance of 18 m, shown as the orange graph.

The ISL attenuated signal on Figure 3.12 has additional been delayed in time correspond-
ing to the propagation distance of 18 m.
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3.8.2 Atmospheric attenuation design

The atmospheric attenuation design consist mainly of applying the frequency dependent
attenuation, as given in Section 2.2.1, to each frequency bin of the desired signal. To do
this, the desired signal is first FT, using Matlabs built in function fft(), which computes
the Fast Fourier Transform (FFT) of the signal. For the projects use a modeling sampling
frequency fs,mod is used to control the amount of frequency bins. In reality this sampling
frequency is infinite. However, due to practical implementation it has been set to 1 MHz.
With amuzzle blast length of approximately 200 ms this yields fs,mod frequency bins with a
frequency resolution of:

∆ f = 1

LS
= 5Hz (3.21)

LS Length of desired signal [s]

The atmospheric attenuation is then calculated for every frequency, with step size
corresponding to the frequency resolution ∆ f . This is in practice done through a for loop
where the i ’th iteration is converted to the respective frequency step size by i ·L−1

si g nal . For
the atmospheric attenuation calculation a constant temperature of T = 298.15K, a molar
concentration of water vapor of h = 1% and a ambient pressure of Pambi ent = 101.325Pa
was selected. With respect to themuzzle blast the frequency domain representation of the
original and atmospheric attenuated signal can be seen on Figure 3.13.

Figure 3.13: Figure A) Spectral content of muzzle blast. Figure B) spectral content of muzzle blast with atmo-
spheric attenuation. Both figures at a distance of 200 m.

Once the atmospheric attenuation has been applied in the frequency domain, Matlabs
built in Inverse FFT (IFFT), ifft(), is utilized. This transformation yields the time domain
representation of the atmospheric attenuated signal. However, as a result of the amplitude
only modifications to the frequency domain signal, the phase information happens to be
slightly corrupted. This in turns shifts the time domain signal in time, making the signal
wraparound to the other side, as a result of the circular convolution of the FFT. Addition-
ally due to the atmospheric attenuation attenuating high frequency content more severe,
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the resulting signal looses its high frequency characteristics. In practice this decreases the
steepness of the impulse in the beginning as seen on Figure 3.14.

Figure 3.14: Figure A) Time domain representation of muzzle blast. Figure B) Time domain representation of
muzzle blast with atmospheric attenuation. Both figures at a distance of 1200 m. Note the steepness of both
impulses in the beginning.

To solve the wrap around issue zero padding is explored. Zero padding works by adding a
series of zero samples in front and behind the signal. By doing so the signal becomes less
likely to wraparound as the shift has to more severe to reach the min or max frequencies.
Additionally the zero padding also increases the signal size which in turn increases the
frequency bin resolution, of course with the cost of higher computational complex-
ity. However, since the time shift is still present, the starting and ending sample of the
timedomain signal is not equal to those of theun-Fourier transformed zeropadded signal.

To solve this a threshold detector is used to find a suitable starting sample, which is
then used to define the remaining signal samples. From trial and error a threshold value
corresponding to 0.5 % of the maximum amplitude sample has proven to yield the best
time domain signal restoration. The intuitive threshold value of simply larger than zero,
does not work as for larger distances the signal becomes lower frequency based. This
change makes the beginning of the signal less steep and this slow transition from 0 to
signal peak seems to leak into the zero padded samples. Hence the entire zero padded
space becomes non-zero, increasing from sample 0 to the effective start of the signal.
By using the threshold corresponding to simply larger than 0 the signal vector becomes
as long as the amount of zero padding before the signal plus the signal. In practice this
makes the signal propagation delay appear greater than it actually should be. However
by using the suggested 0.5 % threshold value, the signal wont have the smooth transition
from 0 anymore and instead an infinite high transition, ultimately corrupting the fre-
quency responds of the signal with high frequency content. A Comparison between the
true frequency content after atmospheric attenuated and the frequency content after
atmospheric attenuation with the suggested threshold value can be seen on Figure 3.15.
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Figure 3.15: Figure A) Spectral content of muzzle blast with atmospheric attenuation. Figure B) Spectral con-
tent of IFFTmuzzle blast with atmospheric attenuation. Both figures at a distance of 1200 m.

With respect to ensuring the best replication of the expected real life signals, the localiza-
tion system is hence given both the time domain representation of the atmospheric atten-
uated signal and version without atmospheric attenuation. The atmospheric attenuated
signalwill beused for any timedomainoperationwithin the localization system,where the
frequency content of the signal is of lower priority. The original signal on the other hand
can be used for any frequency domain operation, by first performing a FT, then perform
the modeling specific atmospheric attenuation, and lastly do whatever system operation
is needed. This approach ensures that the frequency content remains as true as possible,
with thedisadvantage that the atmospheric attenuation algorithms,which shouldbedone
in themodeling part of the project, adds to the localization systems processing time. How-
ever, in real life applications the modeling script is not needed and the extra processing is
hence not done.

3.8.3 Doppler shift design

The Doppler shift, as described in Section 2.2.1 alters the frequency content on the
microphone side, based of the artillery position in reference to the microphones position
and velocity.

For broadband signals such as the within the projects case, this means that an infi-
nite amount of frequencies gets shifted accordingly. In order to model this, the projects
initial approachwas to shift the available frequency bins individually with the appropriate
amount. However, as a result of a finite amount of frequency bins, the shifted frequency
response became non continuous as certain frequencies weremissing.

Instead, an implementation within the atmospheric attenuation was investigated.
Given that the atmospheric attenuation is frequency dependent, that means that if a
frequency of 1 Hz becomes 2 Hz due to the Doppler shift, then the modeling can simply
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attenuated the 2 Hz frequency as a 1 Hz frequency. In practice this is implemented by
changing the frequency step size of i ·L−1

si g nal , as mentioned in Section 3.8.2, with:

f stepmi c1 =
fs,mod · cs

Θ f actor ·Lsi g nal ·
(
cs +vd · ra,m1

) (3.22)

Θ f actor Zero padding factor as amulti plum of the signal length [·]
ra,m1 3D unit vector pointing from artillery tomicrophone 1 [m]

The difference between a atmospheric attenuated muzzle blast and an atmospheric
attenuatedmuzzle blast with Doppler shift can be seen on Figure 3.16.

Figure 3.16: Spectral content of atmospheric attenuated muzzle blast (Blue graph) and atmospheric attenu-
atedmuzzle blast with Doppler shift (Orange graph).

Figure 3.16 takes reference in a artillery 1300 m away from the drone, with a drone veloc-
ity of 50 m/s in the artillery’s general direction. As expected, the Doppler shifted signal
becomes less attenuated due to the fact that the actually frequency content is lower and
hence gets less attenuated.
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In this chapter a system design will be proposed based off the knowledge obtained in pre-
vious chapters. With a general idea of the system designs sub-functionalities, each indi-
vidual functionality will afterwards be explored and designed, in its respective section.
With respect to the projects problem formulation and research questions the entirety of
the projects implementation is conducted in the Matlab programming environment due
to the lower prioritization on real time capabilities. Matlab is a high level programming
language, which provides the projects with many prebuilt functions and plotting capabil-
ities. A path to the developedMatlab code as well as its content can be found in Appendix
A.

4.1 System design overview

A block diagram has been constructed showcasing the proposed acoustic artillery detec-
tion and localization system aswell as its interfaces with Sky-Watch’s existing system. This
block diagram can be seen on Figure 4.1.
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Figure4.1: Blockdiagramof theacoustic artillerydetectionand localization system(depictedwithin thegreen
area), Sky-watch’s existing system (depictedwithin the red area) and the acousticmodeling block (depicted as
the grey block). Additionally, the acoustic artillery detection and localization system is divided into several
sub-blocks marked with their respective color.

From Figure 4.1 it can be noted that the overall system consist of three parts. First part
is the acoustic modeling block, as investigated in Chapter 3, which provides the acoustic
data x1(t ) and x2(t ) to the Acoustic localization system. Second part is the proposed
Acoustic localization system which ideally process and calculates an estimated a 3D
artillery position based off real acoustic artillery measurements. However, in the scope of
the project this is done based of an simulated environment within the Acoustic modeling
block. Third part is the existing Sky-watch system, which consist of the drone itself with
an onboard camera based localization system, a base station link with internet access and
lastly several onboard sensor.

As for the link between the existing system and the proposed acoustic artillery de-
tection and localization system, the existing system should ideally be able to provide
the acoustic system with drone positioning data, drone velocity data and lastly weather
and atmospheric data through the internet link, as denoted by the data matrix D̂. The
sensor data are in the projects case assumed to be ideal, which uncorrelates any sensor
data related errors from the proposed system performance. Additionally, the estimated
artillery position p̂a achieved from the acoustic artillery detection and localization system
would in turn be used in combination with the camera based localization to improve the
artillery position estimation, as depicted by the proposed Data fusion block within the
Sky-Watch system.

Within this project however, only the acoustic artillery detection and localization
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system will be explored further, leaving the integration between the acoustic localization
system and the existing Sky-Watch system for future work. With respect to Figure 4.1,
each individual sub-block within the acoustic localization system will shortly be ex-
plored in more detail in their respective section, starting with the Data acquisition block.
Note that the Filtering block, the Detection block and lastly the TDoA estimation block
will be explored in the combinedblock calledTDoAestimation, shown in theorangeblock.

However, before exploring the design of each sub-block some design parameters will
firstly be presented.

4.1.1 Design parameter derivation

This section provides an overview of the constants used in the design chapter, as derived
from themethods and assumptions outlined in Chapter 2

The microphone spacing dm needs to be as large as possible to ensure better TDoA
and FDoA resolution, however it also needs to be as low as possible in terms of increasing
the frequency spectrum without suffering from spatial aliasing. This in turn increases
the FDoA resolution. As mentioned in Chapter 2, the expected frequency content of
the impulses are up to around 500 Hz, which would result in the minimum microphone
spacing of dm = 500 · 2/cs = 34.3cm. The biggest microphone spacing is found with
reference in the wingspan of the Sky-Watch drone which is dm = 1m. This would then
correspond to amaximummeasurable frequency of fmax = 171.5Hz. As a result, themicro-
phone spacing of dm = 34.3cm is chosen as to keep the already small frequencyband intact.

Within Chapter 3, it is found that the artillery height needs to be fixed to a non zero
value as reflections are otherwise not possible. This is the case as the artillery position is
modeled after the artillery muzzle. This value has been set to z = 4m.

Muzzle blast and shockwave has within Chapter 3 been modeled to be 100 ms and
10 ms, respectively.

Section 2.8 describes the LM algorithm and how certain optimization parameters
are used to evaluate when the algorithm is stopped. Based of the projects problem
statement, it is apparent that the best possible performance is wanted. Therefore, through
a series of test, these parameters are set to ϵg = E −12 ,ϵx = E −12, ϵ f = E −12 and k = 100.

Lastly the system sample rate has to be selected. The sample rate in terms of the se-
lected fmax is only required to be 1 kHz, due to frequency aliasing. However, the sample
rate also influences the TDoA resolution.

To resolve the TDoA and account for variations in TDoA caused by different possible
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artillery locations, a sample ratemust be selected. This begins with identifying the desired
TDoA resolution. To do this, a scenario is consideredwhere the drone is located at [0,0,800]
and the artillerymuzzle blast occurring at [100,1,4]. Given themicrophone spacing dm , the
microphone placements using the chosen horizontal perpendicular microphone array,
will be at [0,0.1715,800] and [0,−0.1715,800]. The scenario is depicted on Figure 4.2

Figure 4.2: Illustration of the drone, andmicrophones equally spaced, in [0,0,800] and the artillery in [100,1,4].

In this scenario, the artillery is positioned almost directly in front of the drone, causing
the propagation distances of the muzzle blast to each microphone to be nearly equal. As
a result, the TDoA will be very small. Using Equation (2.49), the TDoA is calculated as
1.24665µs. To accurately resolve this TDoA, the required sample rate is:

fs = 1

1.24665µs
= 802.15kHz

The required sampling rate is substantially higher than the capabilities of standard audio
equipment, which typically operates at 48kHz. Therefore, the system will operate at this
standard sampling rate, and its limitations, wrt. TDoA resolution, can be mitigated using
interpolation techniques. A straightforward interpolation method involves connecting
two samples with a straight line. The interpolated points inserted between these samples
are equally spaced and the amount is controlled by the interpolation factor. Although
simple, linear interpolation lacks precision. A more accurate approach is polynomial
interpolation, where an n-degree polynomial is fitted through n + 1 equally spaced sam-
ples. As with linear interpolation, the number of interpolated points is determined by the
interpolation factor.
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The interpolation factor is determined by the ratio of the required sampling rate to
the system sampling rate:

L =
⌈

802.15kHz

48kHz

⌉
= 17

The ceiling operator is used to ensure that the resulting sample rate is an integer, since
fractional sampling rates are not valid in practical systems. Furthermore, taking the ceiling
ensures that the systemwill meet or exceed the required sample rate rather than fall short.

For artillery located at x = 45km, the sampling rate with interpolation allows for a
TDoA resolution, that enables differentiation of positions spaced approximately 56m
apart along the y-axis.

4.2 Data Acquisition

TheData Acquisition block is responsible for the sampling andwindowing of the time do-
main signal x(t ). The functionality and interfaces can be seen on Figure 4.3.

Figure 4.3: Block diagram of the Data Acquisition block.

The functional procedure of the Data Acquisition block consist of firstly passing the time
domain signal through an anti-aliasing filter. This ensure that any spectral content above
half the sample rate frequency becomes attenuated reducing aliasing affects. Then the fil-
tered time domain signal x ′(t ) is sampled according to the systems sampling rate fs which
produces the discrete time domain signal x[n]. Lastly, this discrete time domain signal is
passed through the Windowing block, which groups up a certain amount of sampled in a
vector x, and applying a window to reduce spectral leakage. The three blocks will now be
explored further, starting with the Anti-aliasing Filter block.

4.2.1 Anti-aliasing Filter

TheAnti-aliasingfilter has been implementedusing thebuilt inMatlab function "butter()"
and "filter()". The first function creates the Butterworth coefficient for the IIR lowpass
transfer function and the second function applies the corresponding difference equation
onto the signal space.
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For the arguments for the butter() function a cutoff frequency of 1kHz has been cho-
sen and a filter order of three. This ensures an untouched frequency band up to the
maximum frequency of interest fmax , while the third order Butterworth filter ensures
an attenuation of 60 dB per decade, which in practice becomes an attenuation of 60 dB
at 10 kHz. A 60 dB attenuation factor is commonly used as a stopband attenuation stan-
dard and the stopband frequency of 10 kHz is even slightly smaller than recommended
Nyquist–Shannon sampling frequency of fs/2 = 12kHz.

4.2.2 Sampling

The sampling is effectively just storing the received pressure reading from themicrophone
in memory. Usually this is done through the hardware component known as an ADC,
which would also introduce some noise as a result of a limited non infinite resolution.
However, in the project case these values are simply resampled from a higher sampled
signal within the acoustic modeling block.

In programming this works by firstly ensuring the system sample rate fs and themodeling
sample rate fs,mod are a multi plum of each other. Then the resampling works by taking
every fs,mod / fs index from themodeled signal and storing it in a signal vector.

4.2.3 Windowing

The system receives two synchronized audio signals from spatially separated micro-
phones. These signals are segmented into overlapping time windows, each of which is
windowed with a Hann window function to reduce spectral artifacts, given by [41]:

w(n) =
{

0.5−0.5cos
(2πn

N

)
, 0 ≤ n ≤ N ,

0, otherwise
(4.1)

w(n) Window function [·]

The resulting windows form the input to the localization system. Figure 4.4 depicts
the flowchart of the windowing function.
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Figure 4.4: Flowchart of the windowing function used in the localization system.

The window duration must be sufficiently long to ensure that both microphones capture
the entiremuzzle blast within the same analysis window, regardless of the TDoA caused by
the position of the artillery source. To guarantee this, the windowmust take into account:

• The full duration of themuzzle blast
• ±maximum possible TDoA

Thus, the required window duration is therefore given by:

LW = LMB+2 ·TDoAmax (4.2)

LW Length of window [s]
LMB Length of muzzle blast [s]
TDoAmax Maximum TDoA for microphone setup [s]

This formulation ensures that the entire muzzle blast is fully contained and tempo-
rally aligned across both signals for accurate TDoA estimation.

In addition to the window length, the amount of window overlap plays a crucial role
in capturing the muzzle blast accurately. A 50% overlap between consecutive windows
is chosen because it provides a balance between: Temporal resolution, computational
efficiency, and smooth transition with a Hann window applied. While overlap improves
the chance of at least onewindowcontaining the entiremuzzle blast for eachmicrophone,
the window length defined by Equation (4.2) ensures that the same window index across
both microphones contains the full event. This is essential for obtaining the accurate
TDoA and subsequent localization.

The total amount of windows that will be processed is dependent on the length of
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the simulatedmicrophones signals and is given by:

NW = 1+
⌊

LS −LW

H

⌋
(4.3)

NW Number of windows [·]
LS Length of entire microphone signals [s]

Note that NW > 1 only applies within the context of this project, as the simulated sig-
nals are stored and processed in full. In a real-time system, however, only one window
would be active at any given moment, with samples continuously being exchanged over
time.

4.3 Time Difference of Arrival estimation

The functionality of the TDoA estimation block essentially consist of three sub-blocks as
seen on Figure 4.5.

Figure 4.5: Block diagram of the TDoA estimation block.

These sub-blocks firstly ensures signal filtering, which isolates the muzzle blast when it is
present in the incoming signal. The second block perform the detection step, which finds
the windows containing a muzzle blast, and lastly the TDoA estimation, which estimates
the TDoA between the two microphone signals. In the TDoA estimation sub-block both
thematched filter and GCC-PHATmethods will be designed.

4.3.1 Matched filter & detection

The matched filter and NP detection functionality implements a muzzle blast detection
procedure, that operates across time-windowed segments of dual-microphone input sig-
nals. The structure of the algorithm, as illustrated in Figure 4.6, reflects a sequential, data-
driven approach that combines matched filtering with statistical decisionmaking.
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Figure 4.6: Flowchart of thematched filter and NP detector used in the localization system.

At the start of the routine, the windowed microphones signals are received. The routine
processes the corresponding audio data from both microphones, which is extracted and
analyzed independently.

The routine first performs noise variance estimation using the first window, under
the assumption that these initial samples are representative of the backgroundnoise level.
Because a Hann window tapers the signal at its edges, applying it reduces the measured
variance of a noise-only signal. This underestimation occurs due to the window’s shape.
To correct for this, the energy of the Hann window must be compensated, effectively
adjusting the result to match what would be obtained with a rectangular window. The
energy in the Hann window is given by:

Ew = 1

N

N∑
i=1

w2
i (4.4)

Ew Energy in the Hann window [·]
wi Samples in the Hann window [·]
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Taking the inverse of Equation (4.4) gives the correction factor for the nosie variance
estimation, which is then given by

σ̂2 =
(

1

N

N∑
i=1

x2
i

)
·
(

1

Ew

)
(4.5)

σ̂2 Estimated noise variance [·]
xi Samples in the first window [·]

This estimated noise variance becomes an input for the subsequent NP threshold
computation step.

For the NP detection threshold, the false alarm probability, PF A, is set to 1
1000000 , yielding

a stringent detection criterion. This conservative setting ensures that a detection is only
occurring when the matched filter output significantly exceeds the expected response
under the null hypothesis of noise. Such a low PF A effectively suppresses spurious detec-
tions caused by random noise fluctuations, thereby improving the overall reliability and
precision of the detection process. This is particularly advantageous in long-duration
monitoring scenarios, where a higher false alarm rate can accumulate to produce a
substantial number of false detections. The threshold, originally derived in Section 2.6.1,
is computed using Equation (2.39), which is restated below for convenience:

γ′ =
√
σ2EQ−1 (PF A) (2.39)

Following the threshold computation, the routine applies a matched filter, which is ob-
tained from the the known muzzle blast impulse response. The matched filter enhances
the SNR for windows containing the muzzle blast. A matched filter is created from the
generatedmuzzle blast by first resampling it at the system’s sampling rate. The resampled
muzzle blast is then time-reversed to form thematched filter. Both the resampledmuzzle
blast and the resultingmatched filter are shown in Figure 4.7.
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Figure 4.7: Resampled muzzle blast a) and the corresponding matched filter obtained by time-reversing the
resampledmuzzle blast b).

After the matched filter is applied the peak magnitude and its index in the filtered output
for eachmicrophone is found. This peak represents themost likely location of themuzzle
blast within the current window.

The next step is a detection check. The peak in matched filter output for each chan-
nel is compared against its corresponding detection threshold. A detection is only
considered valid if both channels independently exceed their respective thresholds in the
same window. This joint detection is essential for the accurate calculation of the TDoA,
as it relies on determining the precise delay between when themuzzle blast reached each
microphone. Without a reliable detection on both channels, the TDoA, and therefore
any localization, would be meaningless or at the least yield misleading results. If both
microphones detect the impulse, the routine proceeds to store the original microphone
signals for GCC-PHAT TDoA estimation, and the matched filter outputs as well as peak
indices for thatwindow, allowing further analysis for localization. If not, the loopproceeds
without storing data.

4.3.2 Obtaining Time Difference of Arrival

To estimate the NP, both the GCC-PHAT method and the peak index difference of the
matched filter output across channels will be investigated.

Since the detection method relies on the matched filter, it is important to examine

Page 70 of 119



4.3. Time Difference of Arrival estimation Aalborg Universitet

how the microphone signals are affected by the filtering process. Figure 4.8 illustrates the
amplitude and phase response of the obtainedmatched filter.

Figure 4.8: Amplitude response of thematched filter a) and phase response of thematched filter b).

The phase response of the matched filter is clearly nonlinear and shows irregular varia-
tions, whichmeans the output signal will undergo significant phase distortion. This poses
a challenge for estimating TDoA using the GCC-PHAT method, which depends entirely
on accurate phase information. Since GCC-PHAT normalizes the frequency domain
representation of the signal by removing amplitude information, any distortion in phase
directly impacts its ability to correctly identify time delays. In the presence of reflections,
shockwave, and channel-dependent noise, the temporal and spectral characteristics of
the received signals can vary across channels. As a result, applying GCC-PHAT to the out-
put of the matched filter can lead to unreliable TDoA estimates. Therefore, if GCC-PHAT
is used for TDoA estimation, it should be applied to the original, unfiltered microphone
signals at themoment of detection.

In contrast, TDoA estimation methods based on time-domain features rather than
phase can operate effectively on the matched filter output. One such approach involves
identifying the peak magnitude in each filtered microphone signal and storing its cor-
responding index. These peaks indicate the most probable location of the muzzle blast
within the analysis window for eachmicrophone, and their relative positions can be used
to estimate the TDoA reliably, even in the presence of phase distortion. The routine for
the time-domain TDoA estimation approach is shown in Figure 4.9.
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Figure 4.9: Flowchart of the TDoA calculation routine used in the localization system.

The windows used in this process are derived from the output of the matched filter. By
extracting a narrow frame of 20ms around the peak and applying interpolation, a high
resolution TDoA estimate is obtained.

For the GCC-PHAT method, the TDoA will be computed, as described in Section 2.7.2,
using the original time-domain windows. To improve the time resolution of the resulting
GCC-PHAT function, zero-padding is applied in the frequency domain prior to computing
the IFFT. The index corresponding to the peak of the GCC-PHAT function is then used as
the TDoA estimate.

The two TDoA estimation methods, GCC-PHAT applied to the original microphone
signals and the peak index differencemethod applied to thematched filter output, will be
tested on their own to compare their performance and assess which is themost reliable.
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4.4 Frequency Difference of Arrival estimation

The functionality of the FDoA estimation block consist of finding an estimate for the fre-
quency difference between the two microphones and am estimate for the corresponding
carrier frequency. Due to the frequency corruption of the time domain signal as explained
in Section 3.8, the FDoA estimation block consist in this project of 2 blocks. These as well
as the blocks interfaces can be seen on Figure 4.10.

Figure 4.10: Block diagram of the FDoA estimation block.

The striped block "Freq signal data acquisition" takes in the full signal vector of the
si g nal f r eq as well as which window has a detection. The block then performs the same
functionality as in the Data acquisition block now just on the si g nal f r eq signal. This is, it
resamples the signal and splits it up in windows of LW length. The window number that
had an detection on it is then used as a reference such that the same number window
for the si g nal f r eq is chosen. This essentially just ensures that non attenuated si g nal f r eq

signal takes the original signals space such that the FDoA algorithm has a nice untouched
frequency spectrum signal to work on. However, as the si g nal f r eq is not attenuated in
reference to doppler shift and alpha attenuation this is also done within this block. Note
that it was the IFT transformation that corrupts the signal in frequency, which does not
get applied due to the functionality of this block.

From this block the appropriate window with the si g nal f r eq is given to the FDoA es-
timation block. The dotted arrow indicates that this signal is only transmitted when
the system does use of the Acoustic modeling block. For real world use the non striped
arrows are instead used, which makes the input to the FDoA estimation block, the es-
timated τ̂12, thewindowwith the original signal andwhether thewindowhas andetection.

The functionality of FDoA estimation consist of seven parts.

1. Take the FT of bothmicrophone signal windows
2. Compensate lowest spectral content microphone signal with the sound pressure it

has lost due to the further propagation distance.
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3. Save the lowest possible frequency fm1 that is on a decreasing slope as well as its am-
plitude ai .

4. Find a frequency fm2(n) on the secondmicrophones frequency response that has the
closest possible amplitude to the ai

5. Make a regression line on the secondmicrophone frequency response, between the
amplitudes corresponding to frequency fm2(n −1), fm2(n) and fm2(n +1)

6. Find the intersectionbetween the regression lineand thehorizontal line correspond-
ing to ai

7. Find the difference between this frequency and fm1, which becomes the estimated
FDoA ∆̂ f 12 and choose fm1 as the estimated carrier frequency f̂c .

Within the first step, as a result of a window length of LW = 202ms the frequency bin
resolution only becomes ∆ f = 1/0.202 = 4.9505Hz. As the amplitude matching suffer from
low resolution, the signal is first zero padded with a factor of 1000 to achieve a frequency
bin resolution of ∆ f = 1/(0.202 ·1000) = 0.00495Hz. This has through trial and error, proven
to result in a better initial amplitudematching, while keeping the processing time fair.

Within the second step the frequency response with lowest Root Mean Square (RMS)
sound pressure is compensated, as other wise, the amplitude matching will yield the
wrong frequency. To compensate, the estimated TDoA value is used to find the extra
distance the second signal has propagated. The reference signal is then run through
another round of alpha attenuation inwhich all frequencies are attenuated corresponding
to this extra distance. Additionally, to compensate for the ISL attenuation the dc bin
frequency amplitude difference is found and the percentage difference is added to the
reference signal.

Regarding the third step; As a result of smaller carrier frequencies having a smaller
frequency difference, the matching approach ensures to find a reference frequency as
low as possible to make the carrier frequency guess estimate as close to the true carrier
frequency. As a consequence the frequency differences also becomes lower, resulting in
the frequency differences estimate being less robust against measuring errors. However,
in perfect conditions the measurement is perfect while the carrier frequency error will
remain the same, hencewhy the reference frequency is set as low as possible. Additionally,
as a result of themuzzle blast impulse having a spectral peak around its natural frequency
of 200rad/s, as explained in Section 3.1, the amplitudematching becomesweird before this
point. This is the case as when the frequency spectrum is flat the amplitudematching will
chose a frequency difference many times the actual difference. The amplitude matching
approach as done in step four between the compensated frequency response of both
microphones can be seen on Figure 4.11.
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Figure 4.11: Attenuated compensated frequency response of a valid signal window. The Figure is zoomed in
around the 25000 frequency bin corresponding to 40 Hz.

With reference in Figure 4.11, the matching approach will find the frequency on the blue
graph closest to the amplitude of the point on the orange graph.

The regression procedure in step five is done to increase the precision of the match-
ing frequency. As depicted in Figure 4.11 the point (250001;78932) on the blue graph, is
selected as the closets point, while not having the exact same amplitude. This is a result of
the limited frequency resolution and could be achievedusing a higher zero padding factor.
This however, severely increase the computation requirement, which iswhy the regression
approach is much more efficient. The regression approach is achieved using the built
in Matlab function polyfit(), which calculates the second order polynomial that fits the
matched point as well as the two surrounding points on either side. The estimated exact
matching frequency is then achieved by analytically solving the intersection between the
horizontal line and the polynomial as done in step six. The last and seventh step is self
explanatory.

4.5 Movement compensation

As a result of the drone moving while the artillery impulses are propagating through the
air, the furthest away microphone from the artillery will keep moving once the first mi-
crophone receives the signal. As a result, the geometries of themicrophone array becomes
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different, whichultimately corrupts the hyperbolic and isodoppler intersection. Theblock
diagram and the interfaces for this block can be seen on Figure 4.12.

Figure 4.12: Block diagram of theMovement Compensation block.

To compensate for the microphone movement the estimated TDoA, τ12, which describe
howmuch time has passed between the firstmicrophone received the signal until the sec-
ondmicrophone did, is used in connectionwith the known drone velocity vd, to figure out
howmuch the secondmicrophonehasmoved since the time t0 where thefirstmicrophone
received the signal. Hence vd ·τ12 yields the secondmicrophonemovement relative to the
positionof the secondmicrophoneat t0. Toachieve thenewabsolutemicrophoneposition
of the secondmicrophone, this value is simply added to secondmicrophone position at t0.

In turn this yields two new microphone positions pm1,new and pm2,new, where as one
of the two is unchanged as a result of being the first microphone to receive the signal.

4.6 Intersection estimation

The Intersection Estimation block consist in practice of four sub-blocks as seen on Figure
4.13.
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Figure 4.13: Block diagram of the Intersection Estimation block.

With respect to Figure 4.13, the functionality of this block is firstly to setup the isodopller
function using the estimated FDoA, ∆ f12, and new microphone positions, pm1,new and
pm2,new. Secondly, setup the hyperbolic function based of the estimated TDoA, τ12, and the
newmicrophone positions. Thirdly, estimate a starting point for the LM algorithm, based
off the signalwindow formicrophone 1, x′1, and the estimatedTDoA, τ12. These three func-
tionalities are achieved in theblocks FDoA isodoppler, TDoAhyperbolic and startingpoint
estimation, respectively. Once these sub blocks has been executed the internal interfaces
being the isodoppler function, the hyperbolic function and lastly the starting position are
inputted into the Intersection estimation sub block, which estimates the artillery position,
p̂a.

4.6.1 frequency Difference of Arrival isodoppler

With the estimated FDoA, the movement compensated microphone positions, a artillery
height of z = 4 and a estimated carrier frequency f̂c the isodoppler function, with reference
in Equation 2.44, is given as:

τ12( f̂c ) = f̂c

cs
·
(

vx

(
x̂pa −xpm1,new

|p̂a −pm1,new | −
x̂pa −xpm2,new

|p̂a −pm2,new |
)

+ vy

(
ŷpa − ypm1,new

|p̂a −pm1,new | −
ŷpa − ypm2,new

|p̂a −pm2,new |
)

+ vz

(
4− zpm1,new

|p̂a −pm1,new | −
4− zpm2,new

|p̂a −pm2,new |
))

(4.6)
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The corresponding isodoppler functionwith ideal input parameters can be seen on Figure
4.14.

Figure 4.14:Matlab plot showcasing the ideal isodoppler function along with the drone and artillery localiza-
tion.

The ideal values are derived directly from the Acoustic Modeling block, which displays
that under ideal conditions the isodoppler goes perfectly through the artillery position in
(1400;1000;4).

Figure 4.14 only displays the first quadrant, however due to the geometry of the mi-
crophone array and position or the artillery in reference to the microphone array, the
isodoppler function is mirrored in the third quadrant.

4.6.2 Time Difference of Arrival hyperbolic

Likewise, with respect to the movement compensated microphone positions, an artillery
heightof z = 4andanestimatedTDoA, τ̂12, thehyperbolic function,with reference toEqua-
tion 2.49, is given as:

cs · τ̂12 = |p̂a −pm2,new |− |p̂a −pm1,new | (4.7)

Using ideal function parameters the hyperbolic function can be seen on Figure 4.15.
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Figure 4.15:Matlab plot showcasing the ideal hyperbolic function along with the drone and artillery localiza-
tion.

The ideal values are likewise derived directly from the Acoustic Modeling block, which
displays that under ideal conditions the hyperbolic goes perfectly through the artillery
position in (1400;1000;4).

Figure 4.15 also only displays the first quadrant, however the hyperbolic function
extends into the second quadrant, mirrored to the first quadrant.

4.6.3 Starting point estimation

As explained in Section 2.8, the initial point for the LM algorithm has great effect on the
convergence speed and whether the correct minima is even reached. Hence, to achieve
a initial point as close to the intended minima as possible the project proposes an initial
low accuracy artillery positioning estimation algorithm. This algorithm finds the inter-
section between the TDoAmultilateration function and circle with radius found using an
attenuation based approach. This approach is deemed low accuracy as in practice the
attenuation difference between the measured signal and a reference signal is likely to be
corrupted by the many types of noise in the environment. However, as this point is only
used as an initial guess the LM algorithmusing the isodoppler and hyperbolic data should
in theory converge to the proper intersection.

The first step in the attenuation based algorithm is defining a reference signal. This
signal is derived from the Acoustic Modeling block and has been chosen as the muzzle
blast. The reference signal is then resampled according to the systems sample rate fs
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and inserted into a window corresponding to the systems window length. The reference
signal is now of the same amount of samples and length as any measured signal vector x′

returned after the Data Acquisition block.

Second step: When the Detection block has declared a window valid the corresponding
signal vector x′1 for microphone 1 is used as a the signal of interest.

Third step involves finding the RMS pressure of both the reference signal and signal
of interest, as done with the following equation:

pr ms =
√√√√ 1

LW
·
(

LW∑
n=1

x′(n)2

)
(4.8)

This is done rather than taking reference in the signal peak, in order to make it more
robust against noise.

The fourth step consist of finding a distance guess, dg uess , which minimizes the given
residual:

RRS,SoI = |pr ms,RS(dg uess)−pr ms,SoI |2 (4.9)

RRS,SoI Residual between reference signal and signal of interest [Pa]
pr ms,RS (dg uess ) RMS pressure of RS, with respect to a given distance guess dg uess [Pa]
pr ms,SoI RMS pressure of the signal of interest [Pa]

The function pr ms,RS(dg uess) takes in a given distance guess dg uess and applies ISL
and atmospheric attenuation onto the reference signal, as explained in Section 3.8.
Finding the dg uess value which minimizes the residual is achieved by considering the
problem as a least squares problem and then using the LM algorithm, with an initial guess
of x0 = 0.

Once this minima has been found the estimate for the distance from the first micro-
phone to the artillery position is projected down to the z = 4 plane using pythagoras
theorem. This ensures that the radius of the desired circle is in the sameplane as the TDoA
hyperbolic.

The final and fifth step consist of finding the intersention between the constructed
circle and estimated TDoA hyperbolic. This intersection is found by writing the circle
equation on parametric form, isolating for x and combining it with the TDoA hyperbolic,
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which is then set equal to 0, as follows:

d 2
g uess =(x −xpm1,new )2 + (y − ypm1,new )2

⇔ (4.10)

x =
√

d 2
g uess − (y − ypm1,new )2 −xpm1,new

⇒ (4.11)

0 =
√((√

d 2
g uess − (y − ypm1,new )2 +−xpm1,new

)
−xR2)2 + (y − yR2)2 + (z − zR2

)2

−
√((√

d 2
g uess − (y − ypm1,new )2 +−xpm1,new

)
−xR1)2 + (y − yR1)2 + (4− zR1

)2
− cs ·τ12

(4.12)

The problem now becomes a convex zero finding problem which is solved using Matlab’s
built in function fzero(). This function finds the root of the non linear equation using
Brents method. An approach which is similar to the LM algorithm, however better suited
due its lower complexity as a result of lower dimensionality.

The starting point found as the intersection between the attenuation based circle
and hyperbolic can be seen on Figure 4.16.

Figure 4.16:Matlab plot showcasing the intersection between the ideal hyperbolic function and attenuation
based circle, along with the drone and artillery localization.

Figure 4.16 shows that under ideal conditions the starting point lies on top of the artillery
position, which should guarantee the isodoppler and hyperbolic intersection solution to
find the correct minima.
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4.6.4 Intersection estimation

The intersection estimation between the hyperbolic function and isodoppler function
works essentially the same as algorithm that found the distances that minimized the
residual in Equation 4.9. However, now a qualified starting point exist and the non linear
least squares problem is slightly different.

The first step in setting up the nonlinear least squares optimization problem consist
of creating the residual. Both the TDoAmultilateration function and FDoA function is set
equal to zero, which independently yields the x and y coordinates thatmakes the function
equal to 0 and hence lies on the curvature of the respective function. The intersection
point between the two can hence be formulates as the x and y coordinate that makes the
sum of both function result in zero. The non linear least squares problem is therefore
defined as:

RH ,I = |RH +RI |2 (4.13)

RH ,I Residual between hyperbolic function (H) and isodoppler function (I) [Pa]

With RH and RI being defined as follows:

RH = |p̂a −pm2,new |− |p̂a −pm1,new |− cs · τ̂12 = 0 (4.14)

and:

RI = f̂c

cs
·
(

vx

(
x̂pa −xpm1,new

||p̂a −pm1,new || −
x̂pa −xpm2,new

||p̂a −pm2,new ||
)

+ vy

(
ŷpa − ypm1,new

||p̂a −pm1,new || −
ŷpa − ypm2,new

||p̂a −pm2,new ||
)

+ vz

(
4− zpm1,new

||p̂a −pm1,new || −
4− zpm2,new

||p̂a −pm2,new ||
))

−τ12
(

f̂c
)= 0 (4.15)

A contour plot showcasing the cost function landscape can be seen on Figure 4.17.
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Figure 4.17: Contour plot showcasing the cost function landscape of RH ,I , with ideal parameters and an ar-
tillery position in (5000;5000;4).

From Figure 4.17 it can by visual inspection be concluded that the minima seems almost
indistinguishable along the dark blue curvature. And after further inspection it was found
that residual of the hyperbolic function had a much higher contribution to the over all
cost function landscape. This was further proved by only plotting the hyperbolic residual
and verifying that the two plot were similar.

To solve this, the residual were normalized, effectively creating a weighted non lin-
ear least squares problem, as follows:

RW (H ,I ) =
∣∣∣∣∣ RH

cs · τ̂12
+ RI

τ̂12( f̂c )

∣∣∣∣∣
2

(4.16)

The corresponding cost function landscape can be seen on Figure 4.18.
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Figure 4.18: Contour plot showcasing the cost function landscape of RW (H ,I ), with ideal parameters and an
artillery position in (5000;5000;4).

Figure 4.18 now captures both hyperbolic and isodoppler curvetures. Additionally, it can
with a careful examination be seen how the artillery point (5000;5000) and the ambiguity
point (100;850) has amore dark blue color than the other points. Some concerns however,
is that area around the true artillery point is flat and that the area around (1000;1000)
creates a high hill which potentially can make initial guesses on the wrong side in that
area have a hard time converging to the proper minima.

With the use of Matlabs built in function lsqnonlin(), the LM algorithm is configured
and the intersection can be found using the residual in Equation 4.16 with the initial point
from Section 4.6.3.

Page 84 of 119



System evaluation 5
This chapter outlines the test framework used to evaluate the performance of the artillery
detection and localization system. The goal of the testing is to validate the ability to de-
tect and accurately localize artillery muzzle blasts under a range of conditions, including
varying distances, azimuth angles, and environmental effects such as noise, reflection and
shockwave.

5.1 Test overview

With respect to the block diagrams presented in the beginning of Chapter 3 andChapter 4,
the systemevaluation chapter aims to test the following blocks and sub-blocks as depicted
on Figure 5.1.

Figure 5.1: Block diagram of the Acoustic modeling system and Acoustic artillery detection and localization
system.

Specific for the test of Acoustic Modeling block is that rather than testing how well it
perform, the test is only interested in ensuring that everything in combination with each
other and that each individual blocks works as intended. This is achieved by setting up
a given scenario, calculating the theoretical result and evaluating the test up against the
result.

The test setup for the Acoustic artillery detection and localization system is based
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around how well it performs under given simulated scenarios and will be conducted for
each respective sub-block with ideal interfaces. This aims to find how well the respective
sub-block performs as a independent block. Finally, a full system test will be conducted
showcasing the systemactually performance. The test framework for the Acoustic artillery
detection and localization systemwill be explained further in Section 5.1.1.

As a consequence of the projects limited time frame and execution time of each in-
dividual test, the entirety of the Acoustic Modeling test wont be conducted. This is, the
functionality of the block as awhole has been tested through out the development process
but a thorough test with corresponding result wont be presented. Additionally, with the
same argumentation, the testing of theData Acquisition block, theMovement Compensa-
tion block and lastly the Intersection Estimation block wont be tested as individual block.
The final test however, will include these block functionalities and hence indirectly show
the performance of said blocks.

5.1.1 Test framework

In each test case, 100 shots are simulated over a fixed time period. This period is chosen
to ensure that, even at the maximum operational range, each muzzle blast has sufficient
time to propagate from the artillery to the sensors before the next shot is fired. Specifically,
for themaximum distance of 45km, the sound travel time is calculated as:

45km

343 m
s

≈ 131.3

Thus, to accommodate 100 shots, the total signal simulation duration becomes:

100 ·131.3s = 13130s

This ensures that no overlapping of acoustic events occurs, which could otherwise inter-
fere with the evaluation of detection performance.

The different distances chosen for the testing are in the interval between [0.1km to
45km], with the precise interval being defined within the respective test. This range of
distances ensures that the system is evaluated under both favorable and challenging
conditions, from very close proximity to the maximum desired detection and localization
distances. Likewise an interval of different azimuth angles from [5◦ to 80◦] will be tested.
These angles provide a representative sample of directions within the positive half-plane.
No negative azimuth angles are included in the test set, as they will primarily mirror
the positive angles and result in equivalent error characteristics. Specifically, negative
angles would only change the sign of the TDoA, FDoA and location estimates, without
introducing fundamentally new error behavior. This approachminimizes test effort while
still providingmeaningful insight into system performance.

Page 86 of 119



5.2. Test of the Detection block Aalborg Universitet

To evaluate the robustness of the system under varying ambient conditions, back-
ground noise is modeled as AWGN and defined in terms of dBSPL. The different noise
levels are specified in the respective test but ranges from [60dBSPL to 100dBSPL]. Express-
ing noise in dBSPL, rather than relative noise levels, provides a physically meaningful
and standardized reference that directly corresponds to expected real-world acoustic
environments. For example, 50dBSPL corresponds to a quiet ambient environment with
negligible drone self-noise, whereas 100dBSPL represents high-noise conditions, such
as operation near heavy machinery or in the presence of significant drone self-noise.
This range was chosen to reflect the expected variability in background noise levels
encountered during flight operations.

The use of AWGN allows for controlled and repeatable testing. Although operational
noise sources, such as wind, military vehicle traffic, or drone self-noise, may exhibit
spectral coloring or directional bias, AWGN offers a spectrally flat and statistically well-
understood model. This provides a useful baseline for performance benchmarking,
enabling systematic analysis of system behavior as the noise floor increases.

Finally, the modeled reflection and shockwave components are included in various
combinations to assess their individual and combined impact on system performance.

5.2 Test of the Detection block

In evaluating the performance of a detection system, two key metrics are precision and
recall [42, 43]. These provide insight into the ability to correctly identify muzzle blast
events while minimizing incorrect or missed detections. Accuracy is not relevant here, as
it becomes an unreliable metric for muzzle blast detection because it fails to account for
class imbalance. In real-world scenarios, muzzle blasts represent rare events compared
to ambient noise periods. This extreme imbalance means a trivial "always negative"
classifier could achieve high accuracy, while completely failing to detect actual blasts. The
accuracy metrics equal weighting of true negatives and true positives makes it insensitive
tomissed detections, which is undesirable.

Precision measures the validity of the detections the system makes. It is defined as
the proportion of true positive detections out of all positive system predictions [42, 43]:

Precision= TP
TP+FP (5.1)

TP Number of true positives [·]
FP Number of false positives [·]

A high precision indicates that when the system declares a detection, it is likely to be
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correct. This is important in scenarios where false alarms are costly or disruptive.

Recall, on the other hand, quantifies the ability to identify all relevant events. It is
calculated as the ratio of true positives to the total number of actual positive conditions
[42, 43]:

Recall= TP
TP+FN (5.2)

FN Number of false negatives [·]

A high recall means the system successfully detects most or all true events, which is
critical in applications wheremissing a detection has significant consequences.

Another performance metric for detection is the F1 score, which combines both pre-
cision and recall into a single metric, providing a balanced measure of a detection
performance. It is particularly useful when there is a need to account for both false
positives and false negatives in evaluation.

Mathematically the F1 score is defined as the harmonic mean of precision and recall
[43]:

F1 = 2TP
2TP+FP+FN (5.3)

A high F1 score indicates that the systemmaintains a strong balance between identifying
true events and avoiding false positives. Unlike the simple accuracy metric, the F1 score
is more informative in cases where class distributions are imbalanced or when the costs
of false alarms and missed detections differ. In this context, the F1 score helps assess the
overall validity of the detection system by summarizing how well it performs on both
capturing real events andminimizing false ones.

The performance of a muzzle blast detection system can be structurally represented
using a confusion matrix, as shown in Table 5.1. This matrix provides a clear breakdown
of the detection predictions against the actual conditions, enabling a granular analysis of
its strengths and weaknesses.

Actual Condition
System Prediction Negative Positive
Negative TN FN
Positive FP TP

Table 5.1: Confusionmatrix for themuzzle blast detection block.
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The confusion matrix underpins the calculation of precision, recall, and F1 score, as
these metrics are directly tied to the confusionmatrix components, as shown in Equation
(5.1)-(5.3). Furthermore, the confusionmatrix will reveal if there is class imbalance.

The detection system is designed to identify a muzzle blast event. However, in prac-
tice the muzzle blast can leak into adjacent windows, causing the event to span multiple
consecutive frames. This occurs due to the combination of window length and overlap,
which can cause the muzzle blast, to be split across multiple adjacent windows. To
account for this, the ground truth is annotated as a set containing true window indices,
a short sequence of windows surrounding the actual event. The true window indices are
determined by combining the window boundaries, the muzzle blast duration, and the
ideal propagation delay from the gun to eachmicrophone. First, the ideal arrival time at a
microphone gives the startingwindow. Then, using themuzzle blast duration, subsequent
indices for windows still contain the muzzle blast are computed. During evaluation, a
detection is counted as a true positive if it occurs in any of these annotated windows.

5.2.1 Detection performance with varying distances

To evaluate how distance affects detection performance, the azimuth angle is fixed at 40◦

and the ambient noise level is set to 70dBSPL. An angle and noise level of 40◦ and 70dBSPL
respectively, represents amoderate off-axis position andnoise level, offering a balance be-
tween favorableandchallengingdetectionconditions,whileavoidingextremecaseswhere
performancemightbedominatedbyangleornoise alone. Byholdingbothangle andnoise
constant, the influence of distance on detection performance can bemore effectively iso-
lated. The full range of distances, as described earlier, is used in the evaluation. The results
are shown in Table 5.2.

Distance (km) Precision Recall F1 Score
0.1 1.000 1.000 1.000
1 0.990 1.000 0.995
5 1.000 1.000 1.000
15 1.000 1.000 1.000
30 0.990 1.000 0.995
45 0.990 1.000 0.995

Table 5.2: Detection performance over distance. Azimuth angle = 40◦, noise level = 70dBSPL.

At close and moderate ranges, 0.1km to 15km, the system consistently achieves perfect or
near-perfect scores across all metrics. Even at the maximum desired range of 45km, the
system retains excellent performance, with a precision of 0.990 and recall of 1.000, result-
ing inanF1 scoreof 0.995. This indicates thatunder the selected test conditions, the system
reliably detects events up to its full operational range. The consistently low false alarm rate
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ensures that this performance is not achieved at the expense of excessive false detections.
These results suggest that distance alone, within the tested limits, does not significantly
degrade detection capability under moderate ambient and geometric conditions.

5.2.2 Detection performance under varying noise levels

The distance experiments at a fixed noise level of 70dBSPL demonstrated that detection
performance under this noise condition is highly reliable. Consequently, the purpose of
the noise level test is to evaluate the system’s robustness at noise levels above 70dBSPL,
using a fixed distance of 45km. This aims to identify the noise threshold at which the de-
tection system begins to fail due to excessive background noise. The results are shown in
Table 5.3.

Noise level (dBSPL) Precision Recall F1 Score
80 0.990 1.000 0.995
90 1.000 1.000 1.000
95 0.989 0.910 0.948
100 0.786 0.110 0.193

Table 5.3: Detection performance under different noise levels. Azimuth angle = 40◦, distance = 45km.

From the results in Table 5.3, it is evident that the detection system performance start to
degrade at a noise level of 95dBSPL. The detection system fails at a noise level of 100dBSPL,
as indicated by the very low recall and F1 score. However, the relatively high precision of
0.786 suggests that, when a detection is made in this scenario, it is still likely to be correct,
althoughmany true detections aremissed. This behavior is also expected, since the PF A is
set very conservative, resulting inmissingmost true events under severe noise conditions.

5.2.3 Detection performance with reflection

Thegoal of this test is to evaluatehow the reflection impact thedetectionperformance. Be-
cause of the specific way the first reflection and propagation ismodeled, only the distance
between the artillery and the sensor influences the detection results. Consequently, vari-
ations in azimuth angle or ambient noise levels are not expected to affect the outcomes
in this test. Therefore, only the distance is varied. This isolation allows for a focused as-
sessment of the effect of reflection on detection accuracy. The results are shown in Table
5.4.
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Distance (km) Precision Recall F1 Score
0.1 0.990 1.000 0.995
1 0.990 1.000 0.995
5 1.000 1.000 1.000
15 0.952 1.000 0.976
30 0.990 1.000 0.995
45 1.000 1.000 1.000

Table5.4:Detectionperformanceoverdistancewith reflectionon. Azimuthangle= 40◦, noise level= 70dBSPL.

The results of the reflection test indicate that reflections, as modeled in this scenario, do
nothavea significant impactondetectionperformance. One likely explanation is that only
the first reflection is included in the model, which may arrive nearly simultaneously with
the direct signal. As a result, it likely merges with themain signal rather than appearing as
a distinct secondary event, thereby having little to no effect on the detection system.

5.2.4 Detection performance with shockwave

The purpose of this test is to evaluate how the presence of a shockwave influences the
detection performance of the system. The test involves varying the relative azimuth
angle between the artillery position and the drone to investigate whether the orientation
impacts how the shockwave contributes to or interferes with detection. This approach
aims to identify potential angular dependencies in detection reliability when a shockwave
is present. Similar to the muzzle blast, the shockwave spans multiple time windows.
However, for evaluation purposes, a single detection within any of the windows where
the shockwave is present is sufficient to count the event as detected. Consequently, if the
system triggers in more than one of these windows, it is still counted as only one false
positive, not multiple. This ensures that overlapping detections from a single shockwave
event are not countedmultiple times.

The elevation of each artillery shot is calculated such that the projectile and the drone are
approximately at the same height at themoment the shockwave is generated. Specifically,
for a relative azimuth angle of 0◦, the shockwave observed at the drone originates directly
at the drone position. This results in the maximum possible shockwave sound level at
the drone. As the relative angle increases, the point of shockwave origin shifts away from
the drone, introducing a delay in arrival and consequently reducing the perceived sound
level. This setup allows for assessing how angular offset affects the shockwave influence
on detection capability. The results are shown in Table 5.5.
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Relative angle (◦) Precision Recall F1 Score
0 0.500 1.000 0.667
20 0.498 1.000 0.664
40 0.498 1.000 0.664
50 0.500 1.000 0.667
55 0.500 1.000 0.667
60 0.990 1.000 0.995

Table 5.5: Detection performance over different angles with shockwave on. Distance = 0.1km, noise level =
70dBSPL.

The results in Table 5.5 reveal a clear angular dependency in detection performance
when the shockwave is included. For relative angles between 0◦ and 55◦, recall remains
consistently perfect at 1, indicating that all muzzle blast events are detected. However,
precision in this range is significantly lower at approximately 0.5, meaning that while the
system detects all true events, it also triggers a high number of false positives as a result of
the shockwave.

At a relative angle of 60◦ and a distance of 0.1km, the shockwave arrives at the mi-
crophones simultaneously with the muzzle blast. This overlap does not appear to
interfere with the detection system’s performance. However, this might causes problems
for the TDoA estimation. For relative angles greater than 60◦ at the same distance, the
shockwave does not reach the drone at all, and thus has no influence on the detection
system.

5.3 Test of Time Difference of Arrival estimation block

The performance of the TDoA estimationmethods is evaluated using the 95% confidence
interval of the estimation error. This metric quantifies the statistical reliability and con-
sistency of the estimated TDoA’s across repeated trials. This provides an interpretable
measure of both bias and variability, and is well-suited for comparing different estimation
methods under noise and environmental uncertainties. The estimation error for each trial
is computed as the difference between the estimated and true TDoA. Based on these trial
errors, the samplemean and sample variance are calculated as follows:[44]::

e = 1

N
·

N∑
i=1

ei (5.4)

s =
√√√√ 1

N −1
·

N∑
i=1

(ei −e)2 (5.5)
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e Mean of TDoA errors [·]
ei i ’th TDoA trial error [·]
N Number of trials [·]
s Standard deviation of the TDoA errors [·]

Based on the sample mean and standard deviation, a 95% confidence interval for
the truemean can be constructed as follows [44]:

C I95 =
[

e −1.96 · sp
N

e +1.96 · sp
N

]
(5.6)

C I95 95% confidence interval [·]

This confidence interval offers a clear statistical measure for comparing TDoA esti-
mationmethods, highlighting their performance under varying conditions.

5.3.1 Time Difference of Arrival estimation performance with varying
distances

This test evaluates the impact of varying distances on the TDoA estimation in an acoustic
artillery localization scenario. To isolate the effect of distance, the noise level and source
azimuth angle are kept constant across all test conditions at = 70dBSPL and 40◦ respec-
tively. The results highlight the influence of distance on TDoA estimation performance,
which is a key factor in the performance of the acoustic localization system. The results
are shown in Table 5.6.

Distance (km) Matched Filter CI95 (µs) GCC-PHAT CI95 (µs)
0.1 [-1.8651 0.0111] [-8.9128 40.3900]
1 [-21.3380 -16.5160] [-61.6530 -8.0571]
5 [-37.6900 -26.6870] [-116.9600 25.4670]
15 [-98.6110 -80.8380] [-376.1400 -178.3500]
30 [-154.1200 -88.3700] [-66.4470 86.3160]
45 [-113.1600 -74.3680] [-39.2750 64.6030]

Table 5.6: TDoA estimation performance expressed as 95% confidence intervals at varying artillery distances.
Azimuth angle = 10◦, noise level = 70dBSPL.

The results presented in Table 5.6 demonstrate a distance dependence of TDoA estima-
tion. Forboth thematchedfilter andGCC-PHATmethods, thewidthof the95%confidence
intervals generally increases with distance, reflecting reduced TDoA estimation precision
at longer distances. This trend could be due to the decrease in muzzle blast SPL as
the artillery distance increases, which reduces the SNR and thus makes accurate TDoA
estimation more challenging. The matched filter method exhibits relatively narrower
and more stable intervals across all distances, particularly up to 15 km, indicating better
robustness. In contrast, GCC-PHAT shows a notable increase in the confidence interval
width and asymmetry beyond 5 km, especially at 15 km and above, where the intervals
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become significantly broader and more variable. These results suggest that, while both
methods degrade with distance, the matched filter approach maintains more consistent
TDoA estimation confidence intervals.

It is also noteworthy that the matched filter confidence intervals consistently lie in
the negative range for both lower and upper bounds, suggesting a systematic negative
bias in the TDoA estimates. Conversely, the GCC-PHAT intervals span both negative and
positive values, indicating a less biased but more variable estimate around zero. This
difference implies that while the matched filter method may provide more precise but
biased estimates, GCC-PHAT yields less biased but less precise TDoAmeasurements.

5.3.2 Time Difference of Arrival estimation with varying azimuth angles

This test evaluates the impact of source azimuth angle on the TDoA estimation for the
acoustic artillery localization system. To isolate the impact of angle, both the source-to-
drone distance and noise level are held constant. Twomethods, Matched Filter and GCC-
PHAT, are evaluated, and the results are presented in terms of 95% confidence intervals,
reflecting estimation consistency across angles. The results are shown in Table 5.7.

Azimuth Angle (◦) Matched Filter CI95 (µs) GCC-PHAT CI95 (µs)
20 [-39.277 -31.782] [-2.159 44.406]
40 [-65.538 -52.470] [-88.290 -26.083]
60 [-86.408 -68.031] [-88.797 -36.028]
80 [-121.200 -99.041] [-130.760 -61.266]

Table 5.7: TDoA estimation performance expressed as 95% confidence intervals for different artillery azimuth
angles. Distance = 1km, noise level = 70dBSPL.

As the azimuth angle increases, the 95% confidence intervals for bothmethods widen, in-
dicating decreased estimation precision at larger angles. The matched filter consistently
shows narrower confidence intervals compared to GCC-PHAT across all tested angles,
demonstrating superior robustness to angular variation. However, similar to the distance
test, the matched filter intervals remain negatively biased, with both bounds below zero.
However, GCC-PHAT also has a negative bias in this test but with wider intervals.

5.3.3 Time Difference of Arrival estimation under varying noise levels

This test examines how ambient noise impacts the TDoA estimation in an artillery local-
ization scenario. To isolate the effect of noise, the distance and the azimuth angle is held
fixed. The results are expressed as 95% confidence intervals for the estimated TDoA, re-
flecting the variability and bias introduced by different noise conditions. The results are
shown in Table 5.8.
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Noise Level (dBSPL) Matched Filter CI95 (µs) GCC-PHAT CI95 (µs)
60 [-34.966 -29.045] [-125.240 -25.015]
70 [-37.788 -25.751] [-126.920 29.122]
80 [-49.295 -20.190] [-255.170 -60.187]
90 [-82.057 13.432] [-311.670 -79.397]
100 [-54.319 8.559] [-408.750 -248.640]

Table 5.8: TDoA estimation 95% confidence intervals under different noise levels. Azimuth angle = 10◦, dis-
tance = 5km.

As shown in Table 5.8, increasing noise levels generally degrade TDoA estimation perfor-
mance for both methods. At moderate noise levels, the matched filter produces relatively
narrow confidence intervals with consistent negative bias, indicating stable estimation
despite some bias. The GCC-PHAT method also performs reasonably for moderate noise
levels, but gets wider intervals as the noise level increases.

At high noise levels, both methods show significant performance degradation. In
particular GCC-PHAT displays much wider confidence intervals, suggesting poor robust-
ness in high noise environments.

Overall, the results suggest that the matched filter offers more consistent and bounded
estimates under varying noise conditions, while GCC-PHAT is more sensitive to noise,
yielding estimation uncertainty.

5.3.4 Time Difference of Arrival estimation performance with reflection

The goal of this test is to evaluate the robustness of TDoA estimationmethods in the pres-
ence of reflection. The noise level and angle is held fixed and the distance is varied. By
comparing performance across varying distances, the effect of multipath interference on
TDoA estimation consistency is assessed. Results are presented as 95% confidence inter-
vals for both thematched filter and GCC-PHATmethods.

Distance (km) Matched Filter CI95 (µs) GCC-PHAT CI95 (µs)
0.1 [-2.1058 -1.0351] [-39.327 23.275]
1 [-28.945 -23.156] [-47.624 20.791]
5 [-36.827 -27.952] [-119.480 -13.503]
15 [-98.712 -85.100] [-173.820 32.843]
30 [-128.120 -95.465] [-123.000 9.493]
45 [-107.020 -82.668] [-68.927 20.782]

Table 5.9: TDoA estimation performance with reflection present, expressed as 95% confidence intervals. Az-
imuth angle = 10◦, noise level = 70dBSPL.
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The results in Table 5.9 show a similar trend to the test without simulated reflections: as
the distance increases, the TDoA estimation becomes less consistent, as indicated by the
widening of the confidence intervals. This suggests that the impact of the reflection in this
test is relatively minimal.

A likely reason is that only one reflection is simulated, which may not introduce enough
complexity to significantly alter the TDoA estimation. In real-world scenarios, where
multiple and dynamic reflections are present, the degradation in performance might
be more severe. Still, this result indicates that both methods retain a certain level of
robustness, even in the presence of a simple reflection scenario.

5.3.5 Time Difference of Arrival estimation performance with shockwave

The purpose of this test is to evaluate how the presence of a shockwave influences the
TDoA estimation performance of the system. This is done by varrying the relative azimuth
angle between the artillery source and the drone to determine how orientation affects the
reliability and consistency of TDoA estimation when a shockwave is present.

The test setup ensures that the elevation angle of each artillery shot is chosen such
that the projectile and the drone are at approximately the same altitude at themoment the
shockwave is generated. At a relative azimuth angle of 0◦, the shockwave is generated at
the same position as the drone, producing the highest possible shockwave sound level. As
the angle increases, the shockwave origin shifts further from the drone, delaying its arrival
and diminishing its intensity. This controlled geometry allows for the examination of how
angular displacement affects TDoA estimation robustness in the presence of shockwave
signals. The results are shown in Table 5.10.

Relative Angle (◦) Matched Filter CI95 (µs) GCC-PHAT CI95 (µs)
0 [-240.37 -203.43] [-454.44 -402.73]
20 [191.63 239.28] [70.71 136.95]
40 [135.56 179.65] [-35.34 34.19]
60 [11.35 21.06] [-48.62 12.49]

Table 5.10: TDoA estimation performance expressed as 95% confidence intervals at different relative angles
with shockwave propagation present. Distance = 1km, noise level = 70dBSPL.

The results in Table 5.10 reveal that the presence of a shockwave significantly impacts
the consistency of TDoA estimation for both the matched filter and GCC-PHATmethods.
Compared to other tests without shockwave influence, the 95% confidence intervals are
noticeably wider.

The reason for the inflated and skewed confidence intervals observed in this test, is
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the unintended response of the detection system to the shockwave. Although the system
is designed to detect artillery muzzle blasts, the corresponding shockwaves are also de-
tected by the system As a result, the system gives TDoA estimates not only for the muzzle
blast, but also for the shockwave. Because the shockwave and muzzle blast originate
from different locations, their corresponding TDoA values differ. When these two events
are both detected, the resulting TDoA distribution becomes a combination of both,
introducing substantial variance into the estimates. Consequently, the 95% confidence
intervals widen substantially.

5.4 Test of Frequency Difference of Arrival estimation block

The testingprocedureof theFDoAestimationblock is conducteddifferentlyas itwas found
that the proposed frequency matching approach even under ideal conditions was error
prone. Additionally, it was also found that FDoA approach itself, under the projects cir-
cumstances, is highly sensitive to even small amounts of noise. As a result this section will
not test the performance of the FDoA estimation block, as was done in previous design
section, but rather show the sensitivity to error of the FDoA method in the projects cir-
cumstances andhowwell the proposed FDoA estimation algorithmapproximates the true
FDoA values.

5.4.1 Theoretical test of Frequency Difference of Arrival method

ToshowcasehowsensitiveFDoAbase localization is againstfluctuationwithin theprojects
circumstances, the following will be tested;

1. How big of an FDoA error that corresponds to an intersection error of approximatly
500 m, between the ideal TDoA hyperbolic and the correspond isodoppler.
a) Tested at an artillery position of 45◦ and 80◦ at a distance of 1 km and 20 km in

reference to the drone in (0,0,800), with the following carrier frequency of 40 Hz.
Additionally, the carrier frequencies of 500 Hz and 1 MHz will be tested for an
artillery position of 45◦ at a distance of 5 km. Drone velocity is constant at 30m/s.

2. What carrier frequency guess error corresponds to an intersection error of approxi-
matly 500 m on the artillery estimation assuming ideal FDoA value.
a) Testedwith respect to the FDoA values corresponding to the carrier frequencies

of 40 Hz and 500 Hz at an artillery position of 45◦ at a distance of 1 km and 20 km
in reference to the drone in (0,0,800).

Table 5.11 shows the test results of the first test:

Page 97 of 119



Group 1029h 5. System evaluation

Carrier frequency [Hz] Angle [°] Distance [km] FDoA error [Hz] Position error [m]

40 45 1 3.17E −5 536
40 45 20 7.91E −7 514
40 80 20 9.71E −7 525
40 80 1 5.98E −5 120
500 45 5 1.47E −04 566
1E +6 45 5 0.26 414

Table 5.11: Test result for test of FDoA errors.

Here, the FDoA error is given as the the fluctuation in FDoA that result in the following po-
sitioning error. The positioning error being the differences between the true artillery po-
sition and the corresponding intersection cause by thewrongfully scaled isodoppler func-
tion. The six tests can further be visually inspected on Figure 5.2.

Figure 5.2: Results of FDoA errors test. Tests 1–6 in Tabular 5.11 correspond to the sub-figures (A)–(F), respec-
tively. Indivudally they showcase the artillery position, the ideal hyperbolic function and the true and error
isodoppler.

From Table 5.11 and Figure 5.2, it can be concluded that for lower carrier frequencies the
allowed fluctuation is in the order of E −5 to E −7 to get an artillery position precision of
around 500 m. Something, which in practice is commonnoise fluctuation. However, as the
carrier frequency is increased the allowed fluctuation becomes more manageable. The
increase in carrier frequency, however, makes the attenuation higher, which in practice
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becomes unreadable.

The result of second test regarding the effect of the carrier frequency is displayed in
the Table 5.12.

Carrier frequency fc [Hz] Angle [°] Distance [km] fc error [Hz] Position error [m]

40 45 1 3 445
500 45 1 42 478
500 45 20 14 578
40 45 20 1 514

Table 5.12: Test result for test of carrier frequency errors.

Here the carrier frequency error is the difference between the true carrier frequency and
the fluctuation that yields the respective positioning error. These four test are likewise
shown on Figure 5.2.
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Figure 5.3: Results of carrier frequency error test. Tests 1–4 in Tabular 5.12 correspond to the sub-figures
(A)–(D), respectively. Individually they showcase the artillery position, the ideal hyperbolic function and the
true and error isodoppler function.

From Tabular 5.12 and Figure 5.2, it can be concluded that for lower carrier frequencies,
fluctuation in the carrier frequency estimate is somewhere between 1Hz to 3Hz to get an
artillery position precision of around 500 m. Likewise as the carrier frequency is increase
the allowed fluctuation also becomes higher.

5.4.2 Test of Frequency Difference of Arrival estimation algorithm

To showcase the error between estimated FDoA value of the FDoA estimation algorithm
and the true FDoA value, the effect of this error and howmuch the carrier frequency guess
corrupts the estimated artillery position the following tests will be conducted:

1. How big of an FDoA value error is achieved using the FDoA estimation algorithm as-
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suming ideal carrier frequency guess and how much this affect the artillery estima-
tion.
a) Tested at an artillery position of 45◦ and 80◦ distance of 1 km and 20 km in refer-

ence to the drone in (0,0,800), with the following carrier frequencies of 40 Hz and
499 Hz

fc [Hz] Angle [°] Distance [km] FDoA estimate error [Hz] Position error [m]

40 45 1 7.48E-3 NaN
499 45 1 8.83E-4 690
499 80 1 1.50E-3 755
40 80 1 1.49E-4 6155
40 80 20 4.86E-6 16985
40 45 20 9.22E-6 18450
499 45 20 NaN NaN
499 80 20 NaN NaN

Table 5.13: Test result for test of carrier frequency errors.

The FDoA estimation error being the difference between the ideal FDoA value and the es-
timated by the projects FDoA estimation algorithm. The first test has a Position error of
NaN indicating that no intersection could be found between the ideal hyperbolic and er-
ror isodoppler. The two last test have both the FDoA estimation error and Position error as
NaN indicating that it was not possible tomeasure a frequency difference as the frequency
content at 499 Hz was attenuated below −6500 dB, which in turn was rounded down to a
zero in the 64-bit programming environment. The first six test are shown on Figure 5.4.
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Figure 5.4: Results of FDoA estimation algorithm test. Tests 1–6 in Tabular 5.13 correspond to the sub-figures
(A)–(F), respectively. Individually they showcase the artillery position, the ideal hyperbolic function and the
error isodoppler function.

From Tabular 5.13 and Figure 5.4, it can be concluded that generally the FDoA estimation
error is in the range E-3 for short range detection and in the range of E-6 for long range de-
tection. However, while the FDoA estimation error is small the corresponding the artillery
position estimation is anywhere from approximately 700 m off and up to approximately
17 km.

5.5 Test of Acoustic artillery detection and localization system

The goal of this test is to evaluate the performance of the localization system. As the FDoA
method at this point is currently only theoretically the localization system performance is
essentially only dependent on the detection and TDoA estimation subsystems. Each test
is run over 100 simulated shots andwill for each valid TDoA and intersection point give an
estimated 2D position. The shots will be simulated at 2 different distances and angles, all
with the reflectionmodel on. The noise is held constant. This gives an insight into how the
systemperformance in different position scenarios. One additional test will be conducted
with shockwave on to show how that impacts the localization results. The test parameters
are shown in Table 5.14
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Distance (km) SNR (dBSPL) Angle (◦) Reflections Shockwave

1 70 20 ON OFF
1 70 60 ON OFF
15 70 20 ON OFF
15 70 60 ON OFF
1 70 20 ON ON

Table 5.14: Parameters for test scenarios.

The performance evaluation of the localization system will be based on the mean local-
ization error and a 95% confidence ellipse, which defines the region containing the true
position with 95% probability. A confidence region formultiple parameters, such as x and
y estimates in this case, can be constructed from [45]:(

β−b
)′ X′X

(
β−b

)= ps2F
(
p,ν,1−α)

(5.7)

β True artillery location [·]
b Mean of artillery location estimates [·]
X Designmatrix [·]
F The F-distribution [·]
p Number of parameters [·]
ν Degrees of freedom [·]
1−α Confidence level [·]

Equation (5.7) defines the boundary of the confidence region for the parameter ar-
tillery location. Specifically, it describes an elliptical confidence region centered at the
mean of artillery location estimates. Thematrix X′X determines the shape and orientation
of the ellipse, the right-hand side scales the size of the ellipse based on the number of
parameters, the estimate of the variance and the critical value of the F-distribution at a
given confidence level.

Figure 5.5 illustrates the localization performance for a scenario where the artillery
is located 1km from the drone, under a moderate noise level of 70dBSPL and an azimuth
angle of 20◦ and 60◦.
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Figure 5.5: Results of localization estimation at 1km with 70dBSPL and azimuth angles of 20◦ and 60◦.

The results show that the estimated positions (red crosses) are not symmetrically dis-
tributed around the true position (black diamond), but instead form a distinct curved
pattern. This shape is a direct consequence of the ideal FDoA isodoppler, which enforces
geometric constraints on the location estimation, leading to the estimates forming an arc
distribution rather than circular clouds. Additionally, thenegative bias inTDoAestimation
introduces a consistent offset in the range, pulling the estimated positions systematically
away from the true position. The 95% confidence region (blue dashed ellipse) captures
the uncertainty, aligningwith the arc structure created by the FDoA isodoppler constraint.
The mean estimated position (cyan circle) visibly deviates from the true position, further
confirming the effect of TDoA bias. Themean distance error for the angles 20◦ and 60◦ are
0.138km and 0.401m respectively. This clearly shows that the localization performance is
dependent on the angle.

Figure 5.6 illustrates the localization performance for a scenario where the artillery
is located 15km from the drone, under a moderate noise level of 70dBSPL and an azimuth
angle of 20◦ and 60◦.
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Figure 5.6: Results of localization estimation at 15km with noise level 70dBSPL and azimuth angles of 20◦ and
60◦.

The structural similarity between the two location estimate clusters, both forming arc
shapes, again emphasize the influence of the ideal FDoA constraint. The increasing
spread with distance illustrates the degradation in localization estimation with increased
distance. Both clusters show mean estimated positions that are shifted downwards from
their respective true positions due to the systematic TDoA bias. The mean distance error
for the angles 20◦ and 60◦ are here 4.769km and 6.159m respectively.

The results effectively demonstrates that while the error structure, i.e. the arc shape,
remains consistent due to ideal FDoA, the magnitude of error and uncertainty scales
with distance and increased angle. Furthermore, the TDoA bias consistently affects range
estimation across scenarios, shifting themean downwards.

Figure 5.7 shows the localization performance over 100 runs when shockwave is en-
abled in the simulation.
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Figure 5.7: Results of localization estimation at 1kmwithnoise level 70dBSPL, azimuth angle of 20◦ and shock-
wave on.

The estimated positions continue to exhibit the an arc shape induced by the ideal FDoA
constraint, but they are more dispersed compared to the test without a shockwave. The
scatter of estimates reflects an increased confidence region, as a result of the shockwave’s
influence on the detection and TDoA estimation blocks. The fact that the estimated posi-
tions traceout thewhole isodoppler curve suggests that theTDoAestimatesbecomehighly
flawed, when the shockwave is present in the scenario, which was also expected.
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This chapter discusses key project topics, decisions, and assumptions, with the aim of
highlighting areas that require further development. Additionally, potential solutions to
some of the encountered issues are proposed.

Project delimitations

Within Section 2.5, a series of delimitations and assumptions were defined. It is expected
that some of the more critical assumptions, such as ignoring wind noise, motor/pro-
peller noise, the presence of multiple artillery sources, and general frontline combat,
may significantly degrade the system’s performance, potentially rendering the proposed
system non-functional. The primary challenge with wind and motor/propeller noise is
that they are inherently time-varying in both spectral content and intensity. This typically
necessitates the use of Deep Neural Network (DNN)-based filtering approaches, which
rely on access to representative training data, which was not available within the scope of
this project.

However, it can be speculated that due to the short-duration nature of the impulse
response and the correspondingly narrow system timewindow, these types of noisemight
be approximated as time-invariant within that time window. If this assumption holds, it
opens the possibility of using traditional Linear Time Invariant (LTI) filtering techniques,
or potentially adaptive filters, to suppress noise components that overlap the signal of
interest. In contrast, noise types that closely resemble the desired muzzle blast, such as
those produced by nearby artillery fire, are more challenging to separate based on time or
spectral characteristics. These cases likely require an entirely different approach, possibly
grounded in detection theory or probabilistic signal modeling.

Hardware limitation

As a consequence of working with a simulation approach in reference to system design,
implementation and testing, the consequences of hardware limitations has not been con-
siderednor tested. These limitations include time synchronizationbetweenmicrophones,
clock precision, ADC resolution,microphone sensitivities etc. For a real-world implemen-
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tation these challenges need to be accounted for and are likely to worsen the performance
of the system further. For instance, the simulated clock precision inMATLAB’s 64-bit envi-
ronmentprovides decimal accuracydown to approximately 10−16, whereas inpractical im-
plementations the clock precision typically offer lie in the nanosecond range, i.e. around
10−9.

Detection test results

The detection test showed that, in the absence of a shockwave and with noise levels at or
below 95dBSPL, precision and recall metrics were high. Even with themodelled reflection
the detection system performed well. However, these findings should be interpreted with
caution. The simplicity of the reflection model limits its realism. In real-world scenarios,
multiple delayed and potentially stronger reflections could interfere with or obscure the
original signal. A more detailed model incorporating more reflections would be required
to fully assess the influence of reflections on the detection system performance. Regard-
ing the detection system performance in the presence of a shockwave, the results showed
that it was not possible to distinguish between themuzzle blast and the shockwave events.
One potential solution is to implementmultiplematched filters, each tailored to a specific
event, and to extend the decision problem to identify which event is occurring based on
the energy levels of the corresponding matched filter outputs. In this way, the events can
be classified, and a detection is only triggered if the event is classified as amuzzle blast.

Time Difference of Arrival estimation test results

The TDoA estimation comparison test showed that GCC-PHAT generally produce wider
confidence intervals than the matched filter approach. This can be attributed to the fact
that GCC-PHAT was applied directly to the original, unfiltered signal windows, which still
contained noise. In contrast, the matched filter inherently suppresses noise, leading to
more narrow confidence intervals. To improve GCC-PHAT performance, a noise reduc-
tion preprocessing step that preserves phase information would be beneficial. Further-
more, the TDoA estimationmethods were tested in a system context where extreme TDoA
estimates (outside +/- max TDoA) is set to NaN. Because of the noisy input to the GCC-
PHAT, many of the TDoA estimates became NaN, hence the confidence interval is made
from fewer test samples than compared to the matched filter. The matched filter method
showeda consistent negative biaswhenestimating theTDoA. Potential sources of this bias
include the interpolation method, the sampling rate used for generating the impulse re-
sponse during modeling and relying solely on the peak of the matched filter output. An
alternative approach would be do bias correction based on more extensive testing or to
apply the GCCmethod to thematched filter outputs. The GCC approach leverages the full
information in thematchedfilteroutputs, rather thandepending solelyon thepeak ineach
output for TDoA estimation.
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Frequency Difference of Arrival test results

From thefirst FDoA test, which served to evaluate howwell FDoAperforms as a theoretical
method, under the delimitated and assumed conditions, it became clear that frequency
variations as small as 10−5, relative to a carrier frequency of 40 Hz at a distance of 1 km,
resulted in a position estimation error of approximately 500 m. Even more concerning,
at a distance of 20 km, an error of only 10−7 produced a similar positioning estimation error.

Therefore, even though the FDoA estimation algorithm, as shown in test 3, only de-
viated by an average factor of 10−5, the artillery position estimates were more than 700 m
off in all tests. In the first test, the results showed that by using a higher carrier frequency
of 1 MHz, the same position estimation error was only reached at a deviation of approx-
imately 2 · 10−1. However, when using acoustic waves, the signal attenuation at these
frequencies becomes severe. This was evident in the test 3, where carrier frequencies of
only 499 Hz experienced an amplitude drop below −6500 dB at 20 km.

All three tests were conducted with a velocity vector corresponding to 30 ms−1 in the
positive x-direction. This resulted in a relative velocity difference between microphone 1
and 2 to the artillery of approximately 0.0011 ms−1 at an angle of 45◦, and 5.04×10−4 ms−1

at 80◦.

As expected, by observing the FDoA estimation error in sub-tests 1 and 4 of the first
FDoA test, which were conducted using a 40 Hz carrier frequency at 45◦ and 80◦, respec-
tively, at a distance of 1 km, it becomes apparent that the FDoA estimation error increases
as the relative velocity difference becomes larger. Although this was not directly tested,
it can be speculated that, for significantly larger relative velocity differences, the FDoA
value increases substantially. This, in turn, would allow for a larger permissible FDoA
estimation errors.

As part of the proposed future work, it is recommended to explore methods for achieving
higher relative velocity differences between the microphones. While this, to some extent,
can be accomplished by increasing the spacing between microphones, this is limited
by the wingspan of the drone and is therefore not expected to contribute significantly.
Instead, it is necessary to explore other approach, e.g. mounting the microphones on a
rotating platform attached to the drone. Such a configuration would allow the micro-
phones to achieve significantly higher relative velocities, which can potentially improve
FDoA-based localization.

Lastly, it is also recommended experimenting with a different type of FDoA estima-
tion algorithm. Instead of relying on only one carrier frequency, a new approach should
use optimization techniques to estimate a spectrum of FDoA values and their corre-
sponding carrier frequencies by matching the entire frequency response, from the first
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microphone to the response of the secondmicrophone. This could provide amore robust
and accurate method for FDoA estimation.

Localization test

The localization test showed that both the distance and angle between the drone and the
artillery significantly affect performance. The observed angle dependency is likely caused
by the consistent negative bias in TDoA estimation. Additionally, it is important to note
that the test was conducted using the ideal FDoA, meaning the isodoppler remained con-
stantacrossall simulation iterations. This caused the localizationestimates to followanarc
shape,which isdue the ideal isodoppler. Since theFDoA, andconsequently the isodoppler,
was held ideal throughout the tests, it is difficult to draw definitive conclusions. A non-
ideal isodoppler pattern will likely result in a larger, more dispersed and less structured
localization estimate, leading to a wider confidence region.
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In this work an analysis of the artillery detection and localization scenario was firstly
presented, outlining a battlefield context to highlight the key challenges associated with
this specific use case. Based on the scenario and drone analysis, and considering the
constraint of a two-microphone array, a specific configuration was identified, namely a
ULA arranged in a perpendicular configuration, with a spacing of 34.3cm.

The muzzle blast was assumed to be known in advance, which means the signal of
interest can be treated as deterministic. Therefore, a NP detector was selected as the
detection method. Through an analysis of SOTA methods in artillery localization and
source localization more broadly, it was decided to investigate how well a localization
system utilizing a combination of TDoA and FDoA can perform. This decision was based
on the useful information each method provides, which offers distinct constraints that,
when combined, can help resolve a 2D position using a two-microphone array. It was
found using the drone-artillery geometry, and selected localization methods, that the LM
algorithm applied to a least squares formulation, initialized via. a TDoA and attenuation-
based estimate, could successfully resolve the artillery position, including resolving the
ambiguity point. Based on the analysis of the scenario, detectionmethod, and localization
techniques, the following problem statement was formulated to guide the project:

How well can a two-microphone array on a moving platform detect and localize an
artillery muzzle blast using a combination of TDoA and FDoA?

Due to the unavailability of high-quality artillery shooting data, a simulated acoustic
environment was design and implemented to facilitate testing capabilities by modeling
the complex propagation of the muzzle blast, shock wave, and reflections from a given
artillery position to eachmicrophone individually.

The detection system used a matched filter based on the modeled muzzle blast, with a
dynamic NP threshold set according to the signal noise, blast energy, and a defined false
alarm rate. The detection system was evaluated through simulations of various artillery
distances as well as varying noise levels. Furthermore, reflection and shockwave test were
conducted to evaluate their impact of detection performance. The results showed a high
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precision and recall in most tests. However, it was showed that noise levels of 95dBSPL or
above degrades the performance. Furthermore, the shock wave was consistently detected
as amuzzle blast, highlighting a critical issue that must be addressed in a final system.

The TDoA estimation employed two methods: a matched filter approach, which in-
volves finding the peak difference between thematched filter outputs from each channel,
and a GCC-PHAT approach, which estimates TDoA by analyzing the correlation between
signals using only phase information. The method comparison showed, as the detection
system tests, that noise and shockwave has a big influence on the performance. Fur-
thermore, while the 95% confidence intervals were generally wider for GCC-PHAT, the
matched filter method exhibited a consistent negative bias. However, due to its narrower
confidence intervals, thematched filter was selected for the localization system.

A FDoA estimation algorithm was designed based of a frequency response ampli-
tude matching approach with a complementary carrier frequency guess. Through tests it
was found to yield FDoA estimation errors in the range of E-5, however as a consequence
of the acoustic conditions of the project this proved to yield poor to non existing artillery
position estimations.

Finally, a full localization system test was conducted. Due to limitations in the FDoA
implementation, an ideal isodoppler was used. Though this does not reflect realistic
system performance, the test at 15km showed large confidence regions with mean error
distance of 4.769km and 6.159km, the latter corresponding to a larger angle. At 1km the
confidence interval were narrower with mean errors of 0.138km and 0.401km, again the
latter corresponding to a larger angle.

Hence, it is concluded that a two-microphone array on a moving platform, using
TDoA combinedwith FDoA for localization, is not suitable for real-world implementation
in its current functional state. However, further experimentation, particularly with im-
proving detection performance, noise reduction, and increasing the relative velocity, may
enhance the viability of the proposed approach. As a fallback, adding a third microphone
would enable the use of well-established localization methods that have proven effective
in numerous prior studies.
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MATLAB code A
The code developed and used throughout the project can be found in the zip folder
"MatlabCode_ES10". This folder contains a main script for the detection and localization
system developed called "ArtilleryLocalization_main.m" and a acoustic modeling script
called "artilleryShotModdeling.m". All the developed functions used in themodeling and
localization scripts are located in the sub-folder named "Functions".

Within the Functions folder the following scripts can be found, arranged according
to their respective design block and sub-blocks:

Acoustic modeling

1. applyAttenuation.m
2. applyAttenuationShock.m
3. generateImpulse.m
4. generateReflection.m
5. getPropDist.m
6. getPropTime.m
7. getSignalSpace.m
8. getSignalSpacePlusReflec.m
9. getSignalSpacePlusShock.m
10. shockwaveProp.m

Data Acquisition

1. antiAliasingFilt.m
2. dataAcquisition.m
3. getWindows.m

TDoA Estimation

1. computeDelay.m
2. computeDelayGCCPHAT.m
3. detectImpulseMatchedFilter.m
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FDoA Estimation

1. Functionality is applied inside ArtilleryLocalization_main.m

Movement Compensation

1. movCompensation.m

Intersection Estimation

1. attCostFunc.m
2. getInitialPos.m
3. getPosEstimate.m
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