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Abstract 

Underwater communication within underwater sensor network is crucial for surveillance of coast 

and ocean areas. The aim of this report was to examine whether it is realistic to use the 

communication signal which is sent from one node to another as a sonar pulse, and in such 

case at what distances.  

To examine the problem, a system consisting of two nodes and one approaching target was 

simulated in Matlab. At first, the system tries to detect the target by using a generalized 

likelihood ratio test, which calculates the probability of a present target from the surrounding 

sounds. When a target is detected by a node, it estimates the bearing to the target by using 

beamforming and sends out a communication signal to the other node. The communication 

signal spreads out in the water, and bounces on the target before it is received by the second 

node. To calculate the distance, the second node decodes the signal to get the time difference, 

from which the distance is calculated. In the end, the target's position was estimated with a 

weighted least square estimator with measurements of the bearing and distance. 

The result shows that the distance to the target could be estimated with high precision in the 

given scenario, and that the width of the Cramér-Rao lower bound depends mainly on the 

variance of the beamforming algorithm. The maximum distance reached up to two kilometers 

but was mainly restricted by the detection algorithm. In conclusion, the result shows that the 

communication pulse can be used as a sonar pulse at the tested distances. However, the 

simulated scenario is a simplified version of the real world so more testing should be performed 

before a final conclusion can be made. 
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Populärvetenskaplig sammanfattning

För övervakning av kust- och havsomr̊aden, vid exempelvis militära operationer
eller för oceanografska observationer, används ofta ett undervattenssystem som är
uppbyggt av flera noder som finns utplacerade p̊a botten. Noderna lyssnar efter
mål s̊asom ub̊atar, fartyg etc, med syftet att kunna detektera och lokalisera dessa.
Om en nod lyckas detektera ett mål s̊a skickar den ut en akustisk kommunikation-
ssignal till övriga noder i systemet.

Målet med detta examensarbete var att undersöka om den kommunikationssignal
som skickas mellan noderna ocks̊a kan användas som en sonarpuls för att bestämma
avst̊andet till målet, och därmed förbättra lokaliseringen av målets position. Un-
der antagandet att kommunikationssignalen kan användas som sonarpuls, s̊a un-
dersöktes dessutom vid vilka avst̊and mellan noden och målet som det var möjligt
att använda signalen som sonarpuls.

Resultatet visar att det är möjligt att använda kommunikationssignalen som en
sonarpuls. Bäst funkar det p̊a nära avst̊and, d̊a är den estimerade positionen i
stort sett lika med det riktiga positionen. I takt med att avst̊andet till m̊alet
ökar s̊a ökar även osäkerheten i vilken rikting målet befinner sig, estimeringen av
avst̊andet höll sig däremot väldigt nära den faktiska distansen i alla simuleringar
som gjordes. Simuleringen som gjordes var dock en förenkling av verkligheten,
och flera av de störningsmoment som finns ute i naturen har inte tagits med i
beräkningarna.

För att undersöka detta s̊a simulerades ett sensorsystem best̊aende av tv̊a noder
tillsammans med ett mål som närmade sig noderna. Noderna försöker detektera
målet genom att lyssna efter ljud som tillhör m̊alet. Genom att mäta energiniv̊aer
i de ljudsignaler som noderna hör, s̊a kan man utifr̊an sannolikhetslära bestämma
hur troligt det är att det finns ett mål i närheten. När sannolikheten är tillräckligt
hög säger man att ett mål detekterats. För att bestämma positionen s̊a uppskat-
tades m̊alets riktning och avst̊and i förh̊allande till noderna, som i sin tur användes
för att beräkna målets position.
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Chapter 1

Introduction

1.1 Background

Underwater acoustic sensor networks are commonly used to monitor coast and
ocean areas as a part of military operations or oceanographic observations [1]. The
network’s combat value depends on its ability to detect and locate foreign objects,
and a clear tactical advantage is given to the side with the best reconnaissance
abilities compared to the opponents [2]. Multiple sensor nodes work together to
search a given area, and good communication between the different parts in the
system is essential for the surveillance to be successful. However, underwater
communication comes with many major challenges such as limited bandwidth,
high propagation delay, and high bit error rates etc., causing a limit of the amount
of information that can be sent between the nodes [1].

The Swedish Defence Research Agency (FOI) study deployable underwater sen-
sor systems for monitoring coastal areas. The aim of the study is to improve
the overall surveillance capability, compared to today, by sharing processed data
between different underwater systems and platforms, such as ships, submarines,
helicopters, autonomous platforms and sensor systems. The gathered data from
multiple sensors will help to improve the detection range and contribute to the
classification and localization of targets during surveillance missions.

An underwater network where all sensor nodes are attached to the bottom of the
ocean can be modelled as a two-dimensional network where any difference in depth
is ignored. The sensors are grouped into different clusters, where each cluster has
its own underwater sink (UW-sink). The UW-sink works as a communication link
to the surface which collects information from the sensors and sends it to a surface
station. Floating around at the surface, the surface station receive the information
from the UW-sink and forwards it to a surface sink placed on a ship for example,
where the data can be collected and analysed [1].
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2 CHAPTER 1. INTRODUCTION

1.1.1 Passive and Active Sonar

A passive sonar listens silently for signals generated by the target. In short, the
sonar consists of multiple spatially separated hydrophones that each receive the sig-
nal at different points in time. By measuring the delay between the hydrophones,
an estimate of the direction towards the target, called bearing, can be calcu-
lated [3]. When two or more nodes in the network has an estimation of the bear-
ing, the target’s location can be estimated by triangulation [4]. The downside of a
passive sonar is that its ability of detection depends on the strength of the signal
emitted by the target, making it inefficient for detection of silent targets [5].

An active sonar generate and transmits a pulse that echo on the target and returns
to the receiver, which measures the time difference between transmission and the
instant the pulse is received. From the time difference, a distance to the target is
estimated [3]. Depending on whether the transmitter and receiver are separated or
not, an active sonar is classified as mono-, bi- or multistatic sonar. The monostatic
sonar has the transmitter and receiver located in the same place whereas the
bistatic sonar has them located at different places. By adding more transmitters
or receivers to the system, it becomes multistatic. The advantage of the active
sonar compared to the passive is that it is able to detect quiet target since it is not
dependent on the signal strength from the target. Another advantage is that it is
possible to increase the transmitted pulse’s sound level, making it less susceptible
to surrounding noise [5].

1.2 Purpose

The purpose of this master thesis is to examine whether a communication signal
used in an underwater sensor network can work as a sonar pulse to improve the
localization of an underwater target. The main question of the master thesis is:

• Is it realistic to use the communication signal as a sonar pulse?

Given that a communication signal can be used as a sonar pulse, we also want to
determine

• At which distance is it realistic to use the communication signal as a sonar
pulse?

1.3 Project Description

FOI conducts research on and develops underwater sensor network used for surveil-
lance of the coastal areas. Recently, a new type of underwater sensor node called
NILUS, shown in Figure 1.1, was procured. So far, three nodes has been purchased
and together they form a system that can detect and track underwater and surface
targets. The exchange of information between the nodes is handled by communi-



1.3. PROJECT DESCRIPTION 3

Figure 1.1: A NILUS node used for underwater surveillance. The node has four
hydrophones which listens for targets and communication signals and a Benthos
modem responsible for the transmission of communication signals. The gas bottle,
pressure transmitter, and inflatable bag are used to salvaged the node. [Source:
FOI]

cation signals that travels from one node to another. FOI is interested to examine
whether these communication signals can be used as a sonar pulse and if in such
case it can improve the localization of targets.

Bistatic sonar systems can be used to localize targets, and their speed and course
[6, 7], as well as determining the position of the nodes within the system itself
with help from known landmarks [8]. The performance of a bistatic system is
best when the target is located beyond the receiver from the transmitter’s point
of view, and decreases when the target’s position is between the transmitter and
receiver [9]. The impact of uncertainties regarding the nodes’ positions have been
investigated in [10] and [11], during the assumption that the propagation speed
is known. The case with both sensor nodes and propagation speed uncertainties
have been addressed in [12].

Reverberation is defined as undesired scattering caused by the bottom, the sur-
face, and the water volume. If the reverberation level is too high, the sonar will
not be able to distinguish the echo from the target. In shallow waters, such as the
Baltic sea, the performance of active sonar systems are mainly limited by rever-
beration. However, [5] shows that the use of bistatic sonar systems can decrease
the reverberation level, but if the highest target echo arrives at the same time as
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Figure 1.2: An illustration of the problem scenario with two nodes and one target.
Node 1 estimates the angle φ towards the target and node 2 estimates the distance
r = r1 + r2.

the peak of the reverberation, the ratio between the reverberation and target echo
remains the same as for monostatic systems. Instead, the echo-to-reverberation
level can be overall improved by multistatic operations. The results also show that
advantages such as extended detection range, less risk for sonar interference, and
enhancement of passive systems by adding active systems, are confirmed for both
shallow waters as well as for deep waters.

This thesis will consider a detection and tracking scenario with two nodes located
on the north axis as pictured in Figure 1.2. An incoming target approaches the
system with an angle φ relative to the east axis. In order not to reveal their
presence, node 1 and 2 listens passively for a signal emitted by the target. As the
target comes closer, the energy of the signal reaching the nodes increases. When
the target is close enough, the energy will be higher than a given threshold and
the node, in this case node 1 since it is closest to the target, determines that a
target is present. The nodes are equipped with multiple hydrophones that receive
the signal at different times and from these time differences, node 1 estimates a
bearing φ̂ to the target using beamforming.

Thereafter, a communication signal is sent from node 1 to node 2 with information
about the estimated bearing and a time stamp of when the signal was sent. Due
to reflections on surrounding surfaces, node 2 will receive a number of echoes in
addition to the signal from the direct path. The receiving node uses the echo that
has been reflected on the target to estimate the distance r̂ by comparing the time
of transmission from node 1 with the time the signal was received and multiply
the time difference with the signal’s speed of sound.

The target’s position is then estimated by defining a signal model describing how
the angle φ and distance r depends on the unknown position.
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1.4 Limitations

Throughout the thesis we will assume that the following assumptions are valid:

• The exact position of both nodes is known.

• The nodes have atomic clocks, meaning that the time is synchronized be-
tween the nodes.

• The signal will suffer from amplitude loss and time delay due to the communi-
cation channel, but no reverberation. Only the two signals we are interested
in will reach the receiver, i.e the direct signal and the sonar pulse. Moreover,
the signals will reach the receiver with a time interval that is long enough to
not cause any interference between each other.

• Only one target can be present in the detection range of the system.
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Chapter 2

Proposed Solution

Next a method to detect and estimate the position of a target will be proposed.
The method consists of three building blocks, illustrated in Figure 2.1.

2.1 Target Detection and Bearing Estimation

Each node has a sensor array with multiple hydrophones which passively listen
for targets. On the real nodes there are four hydrophones placed as a pyramid,
with one at the top corner and three of them at the bottom corners, see Figure1.1.
However, during calculations in this project the nodes’ sensor arrays are assumed
to be an Uniform Linear Arrays (ULA), which means that the hydrophones are
placed on a linear array with equal spacing between them, as illustrated in Figure
2.2.

When a target is present, hydrophone m receives the signal

xmn = s(nTs − τm) + emn (2.1.1)

Target detection and
bearing estimation

Range estimation using
communication signal

Target localization

Figure 2.1: Three building blocks, which together forms a method to detect and
localize targets.

7
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Φ 
12345

d d dd

Figure 2.2: A target emitting a sound signal which is received at angle φ by a
node with an uniform linear array, consisting of five hydrophones with distance d
between them. Upon arrival the signal is approximated as a plan wave.

where n denotes the point in time when the signal was received. The noise emn is
assumed to be zero mean White Gaussian Noise (WGN) with variance σ2

e . The
signal s(t) denotes the sound emitted by the target and is sampled with an interval
Ts and has a delay τm, which is measured as the time it takes for the signal to
travel from the first hydrophone to hydrophone m. During the assumption that
the sound wave can be approximated as a plane wave by the time it reaches the
node, the time delay in an ULA is calculated by

τm = (m− 1)
d sinφ

c
for φ ∈ [−90° : 90°] (2.1.2)

where φ denotes the signal’s angle of arrival, d equals the distance between the
hydrophones, and c denotes the speed of sound in water which approximately
equals 1500m/s [13].

The idea of beamforming is to filter the signal with dependence upon angle to
reinforce or cancel out the signal, and from that calculate an estimated bearing.
There are many different types of beamformer algorithms to achieve this, but for
this case a so called delay-and-sum beamformer will be implemented. The delay-
and-sum beamformer in time domain is defined as

B(φ) =
N∑
n=0

∣∣∣ M∑
m=1

xmn

∣∣∣2. (2.1.3)

To simplify the implementation of the algorithm, Discrete Fourier Transform
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(DFT) is used to transform the signal xmn into the frequency domain,

Xm = DFT{xm} (2.1.4)

where Xm denotes a sequence of the signal containing N time samples and is
received by hydrophone m, in frequency domain. By using Parseval’s theorem [14],
the beamforming algorithm (2.1.3) is rewritten as

B(φ) =
1

N

∥∥∥ M∑
m=1

(Λm)∗Xm
∥∥∥2. (2.1.5)

Λm denotes the phase shift matrix, that appears when a time delay are transformed
into frequency domain. The diagonal matrix Λm is defined as a matrix containing
the phase shift for each angle between -90°–90°,

Λm ,


1 0 . . . 0

0 e−iω1τm
...

...
. . . 0

0 . . . 0 e−iωN τm

 (2.1.6)

where ωn = 2πfn, and fn denotes the normalized frequency. By using (2.1.5),
the energy of the signal is calculated for one specific angle. As mentioned earlier,
the added phase shift will either cause constructive or destructive interference on
the signal depending on how well Λm matches the actual delay. When the added
phase shift is equal to φ, constructive interference occurs, and the signal contains
the highest amount in energy. Thus the direction to the sound source, a.k.a.
target, can be found by searching for the angle that gives the highest beamforming
response, i.e., maximum energy.

2.1.1 Generalized Likelihood Ratio Test

The system needs to be able to determine whether a target is present or not in the
surrounding area. This can be done using statistical hypothesis testing. Under the
assumption that only one target can be present in the detection range, we have
the two hypotheses

H0 : No target (2.1.7)

H1 : Target

When a target is present in the detection range, i.e.,H1 is true, the node will receive
a signal given by (2.1.1). For cases when the opposite hypothesis is true, i.e., no



10 CHAPTER 2. PROPOSED SOLUTION

target is present, there is no signal s(t) and the received signal will consequently
consist of noise only.

Let Z denote a matrix containing N time samples of the signal, from hydrophone
1 to M , as

Z ,

 x10 . . . xM0
...

...
x1N−1 . . . xMN−1

 . (2.1.8)

To determine which hypothesis is true, the system performs a Likelihood Ratio
Test (LRT), which in turn uses the probability of observing Z under hypothesis
H0 and H1. That is

TLRT (Z) =
p (Z|H1)

p (Z|H0)

H1

≷
H0

γ (2.1.9)

where γ is the so called detection threshold. The probability distribution of Z
under H0 is given by

p (Z|H0) =
1

(2πσ2
e)

N
2

exp

[
− 1

2σ2
e

N−1∑
n=0

(xmn )2

]
, (2.1.10)

where the signal xmn consists of noise only. To simplify the expression, the logarithm
is calculated, which yields

log(p (Z|H0)) = C − 1

2σ2
e

E, (2.1.11)

where C = −N
2
log(2πσ2

e) is a constant and E denotes the energy of the signal,
given by

E =
N−1∑
n=0

(xmn )2 (2.1.12)

The probability of H1 cannot be calculated since the signal s(t) is unknown. For
problems with an unknown signal, the LRT is replaced with the Generalized Like-
lihood Ratio Test (GLRT), which calculates the ratio using the estimated signal
ŝ(t) found by the Maximum Likelihood Estimator (MLE). The GLRT is written
as
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TGLRT (Z) =
p(Z; ŝ,H1)

p(Z;H0)

H1

≷
H0

γ (2.1.13)

The likelihood function for a signal in time domain with Gaussian probability
density function is

p(Z; s,H1) =
1

(2πσ2
e)

N
2

exp

[
− 1

2σ2
e

N−1∑
n=0

(x[n]− s[n])2

]
, (2.1.14)

where s[n] needs to be estimated. By converting the signal into frequency domain
using DFT, as in (2.1.4), and take the logarithm of the equation, (2.1.14) can be
rewritten as

log(p(Z; ŝ,H1)) = C − 1

2σ2
eN

M∑
m=1

‖Xm −ΛmS‖2 (2.1.15)

The aim of the MLE is to find the value of signal S which maximizes the likelihood
function in (2.1.15). That is,

Ŝ =
1

M

M∑
m=1

(Λm)∗Xm. (2.1.16)

By substituting S with Ŝ and simplify the result, (2.1.15) can be rewritten as

log(p(Z; ŝ,H1)) = C − 1

2σ2
e

(E − M

N
‖Ŝ‖2), (2.1.17)

A comparison between the square of (2.1.16) and the beamforming algorithm in
(2.1.5), shows that they both contain a squared sum of the signal and that the
only difference between them is the constant before the sum, so lets substitute the
estimate of the signal with B(φ). To calculate the GLRT, (2.1.11) and (2.1.17)
is inserted into the logarithmic expression of (2.1.13) and multiplied by 2, which
yields

2log(TGLRT (Z)) =
1

σ2
eM

B(φ)
H1

≷
H0

γ (2.1.18)

The threshold γ is determined by the probability of false alarm, denoted PFA,
i.e., the probability of deciding that a target is present when the opposite is true.
Figure 2.3 illustrates the likelihood functions of the two hypotheses, where the area
under the right curve represents the probability of detection and the shadowed
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p(z|H0) p(z|H1)

z
γ

Figure 2.3: The likelihood curves of scenario H0 and H1. The shadowed area
corresponds to PFA.

area represents PFA. The two bell curves overlap each other, which will cause false
alarms and missed detections when determining which hypothesis is true, since
both hypotheses are likely to be true at the same time. As seen in Figure 2.3,
the size of the shadowed area depends on the threshold γ and choosing a higher γ
decreases the risk of false alarm. However, a decreased risk of false alarm comes
at the cost of higher probability of missed detections.

Due to the unknown target signal, the probability of detection and consequently
PD cannot be determined. The value of the threshold γ is therefore chosen from
the characteristics of the likelihood function for H0, which are found by analysing
the statistics of B(φ) when there is no target present and the signal only consists
of noise. The expression of B(φ) in time domain is known from (2.1.3), where the
signal xmn in this case is equal to the noise emn . Since the noise is WGN, a stochastic
signal is received by all hydrophones. Lets denote the summed stochastic signal
over the hydrophones with βn, which has the normal distribution βn ∼ N (0,Mσ2

e).
The expression can then be rewritten as

B(φ) =
N∑
n=0

∣∣∣ M∑
m=1

em(nTs + τm)
∣∣∣2 =

N∑
n=0

∣∣∣βn∣∣∣2 = Mσ2
e

N∑
n=0

∣∣∣ βn√
Mσ2

e

∣∣∣2. (2.1.19)

Hence,

βn√
Mσ2

e

∼ χ2(1) (2.1.20)

as the distribution of βn follows the standard normal distribution, with mean
value and variance µβ = 1 and σβ = 2, respectively. As N → ∞, i.e. the
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number of samples is large, the χ2-distribution can be approximated as the normal
distribution.

The number of false detections was determined not to exceed two times a week
when measuring once every second, which corresponds to a probability of 0.00033%.
Assuming that the number of samples is large, B(φ) is approximated to be dis-
tributed according to the normal distribution, from which the threshold γ =
µ + 4.5σ was chosen as it gives an accuracy of 1.03 false alarms per week. The
mean value and variance of B(φ) is µ = MNσ2

e and σ = 2N(Mσ2
e)

2.

2.2 Range Estimation Using

Communication Signal

The travelled path from source to receiver in an underwater sensor network is
called communication channel. As the signal passes through the communication
channel, it gets distorted by the surrounding environment. Transmission loss,
noise, multi-path, Doppler spread, and high and variable propagation delay are
all factors that affect the communication in an underwater network. All factors
that contributes to signal interference are influenced by water properties such as
temperature, salinity, and density. In both deep and shallow water, the horizontal
channel varies more than the vertical channel [1].

Transmission loss and noise alter the shape of the signal, which are discussed
in section 2.3.1.1. Multi-path and Doppler spread are two causes of intersymbol
interference, meaning that the sent data symbols interfere with each other and can
be responsible for severe degradation of the acoustic communication signal.

Multi-path occurs due to reflection of the signal. As the signal spreads in all
directions, the signal appears in different versions, some bounces on the bottom or
surface, which causes a change in direction. So, in addition to the direct signal from
source to receiver, reflected versions of the signal might also reach the receiver. If
two signals arrive at the receiver close in time, it generates intersymbol interference.
The multi-path spreading is strongly connected to depth and distance between
source and receiver [1].

The Doppler spread is an effect which causes changes of the frequency of the
signal as it travels between the transmitter and the receiver. There are two types
of Doppler frequency spread that might appear, a simple frequency translation
which is relatively easy to compensate for and a continuous spreading of frequencies
which is harder to compensate for [1].

2.2.1 Source

Before the information of the estimated bearing, which is stored as binary numbers,
can be sent through the channel it needs to be converted into an acoustic sound
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Source Receiver
Communication

Channel

Figure 2.4: The communication signal is emitted by a source and sent through
the communication channel. The receiving node is located on the other end of the
communication channel.

Infobits

M-seq|Info|M-seq

Turbo code
encoder

4QAM

Conv. with
pulse shape

Figure 2.5: A flow chart of the process of turning binary information into a sound
signal.

signal. During the conversion, the information goes through several steps which
are shown in the flow chart in Figure 2.5.

At first, the information is embedded into a package with outer binary sequences
called M-sequences at both ends. The M-sequences are a known piece of informa-
tion and works as a start and end sign, telling the decoder where the message starts
and ends. They also play a roll in the approximation of the communication chan-
nel. By comparing the M-sequences in the arrived message with the M-sequences
that left the source, a filter can be designed by the receiver to restore the signal.

Secondly, the package is turbo coded. Turbo code is used to spread out each bit
of information over the whole message, in case some bits go missing along the
channel. When the package enters the turbo coder, the package duplicates three
times. The three packages will pass through the encoder in three different paths
before they all combine into one long message in the end. The first package passes
right through the coder without any changes. The second package is convolved with
a Recursive Systematic Convolutional (RSC) code so that each bit in the package
contains small pieces of information about the other bits. The third package goes
through an interleaver which reorganizes the bits into a different order. After the
interleaver, the package enters a RSC just as the second package. In the end, the
three packages are joined into one long message which is three times as long as the
original package. The encoder is said to have rate 1/3 when 1 bit in the original
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package is described by three bits in the new one.

When the message has passed through the turbo code encoder, it is time for the
binary numbers to be transferred into a signal in the time domain. To do this, the
binary numbers are converted into numbers in the complex plane. This is done
according to the 4QAM standard, where two binary digits represents one point in
one of the four quadrants on the plane.

At the end, the package is convolved with a pulse shape. By taking the absolute
value of the real part in the imaginary numbers, an acoustic sound wave is created.

2.2.2 Communication channel

When a communication signal has been generated by the source, it is time for the
signal to be transmitted to the receiver. The length of the communication channel
for the sonar pulse is the total distance the signal has travelled after it has left the
source, bounced on the target and arrived at the receiver. As mentioned earlier,
the signal will be distorted during the time in the communication channel which is
simulated by adding noise and lower the amplitude on the generated signal. The
time delay is caused by the transmission time and is calculated by dividing the
distance with the speed of sound. The channel will also add some random noise
to the signal. However, factors such as reverberation, multi-path, and Doppler
spread are not taken into account, which creates some limitations to the channel.

2.2.3 Receiver

The final part of the chain is the receiver, which should be able to extract the
original information from the signal. This is executed by recreating the steps done
in the transmitter but in reverse. The decoder starts by bringing the message from
real numbers to complex numbers. Thereafter, a filter is created by comparing the
received bits to a known training sequence, which is stored in both the source and
the receiver. The difference between the sent training sequence and the received
one is caused by the communication channel, and since both versions are known a
filter can be made by convolving the sent and the received training sequence. The
filter can then be used to decode the unknown message that was sent. Once the
filtering is finished, the decoder converts the imaginary numbers into binary again
by mapping them onto the complex plane and round them to the nearest point
on the map. The final step is to run the message through an inverse of the turbo
coder to get the original information that was sent by the source.

2.2.4 Distance Estimation

The distance r from source to target plus target to receiver will be estimated
by measuring the time difference from when the communication signal leaves the
transmitter until it reaches the receiver. When the transmitted signal is received
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and decoded, the receiver calculates the transmission time ∆t. The signal travels
by the speed of sound in water, so the distance is calculated as r = c∆t, where c
denotes the sound speed.

2.3 Target Localization

Given that a target has been detected and the range and bearing to the target has
been estimated as illustrated in Figure 1.2, the first step in finding an estimate of
its position is to define a signal model of how the received observation depends on
the unknown location. Lets denote the position of the target θ = [pxt pyt ]

T , which
describes the position of the target in Cartesian coordinates. Node i receives the
observation

yφi = φi(θ) + eφi (2.3.1)

from the target, where φi is the direction of the target as shown in Figure 1.2
and eφi is WGN. When an observation from the target has been received, node i
transmits a communication signal to node j. The observation received by node j
is

yrij = rji (θ) + erij (2.3.2)

where rji is the distance from node i to the target plus the distance from the target
to node j, illustrated as the distance r1 + r2 in Figure 1.2. Further, erij is WGN
added to signal r, where ij denotes that the communication signal has travelled
from node i to node j. As mentioned previously, the communication signal contains
the estimated bearing, meaning that node j will have all the information it later
needs to estimate the position of the target. By combining (2.3.1) and (2.3.2) the
observations can be written in vector form as

y ,

[
yφi
yrij

]
= h(θ) + e. (2.3.3)

The observed signal h is defined as the vector

h(θ) ,

[
tan−1

(
pxt−pxi
pyt−p

y
i

)
‖pt − pi‖+ ‖pi − pt‖

]
(2.3.4)

where pi and pj denotes the position of nodes i and j, respectively, and pt denotes
the target’s position. The noise vector e is defined as
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e ,

[
eφi
erij

]
(2.3.5)

where eφi and erij have the covariance matrix

C , cov(e) =

[
σ2
φ 0

0 σ2
r

]
. (2.3.6)

The estimate of θ can be found by minimizing the squared norm of the error, i.e.,

θ̂ = argmin
θ
‖y − h(θ)‖2C−1 (2.3.7)

by using a Weighted Least Square (WLS) estimator. However, WLS can only be
applied at linear problems, so lets start by defining

θ = θ0 + δθ (2.3.8)

where δθ denotes a change in position. By inserting (2.3.8) in (2.3.3), the obser-
vation is approximated as

y ≈ h(θ0) +∇θh(θ)

∣∣∣∣
θ=θ0

(θ − θ0)︸ ︷︷ ︸
δθ

+e. (2.3.9)

(2.3.9) is rearranged into the linear problem

y − h(θ0) = Hδθ + e (2.3.10)

where H denotes

H , ∇θh(θ) =

[
∂φ
∂x

∂φ
∂y

∂r
∂x

∂r
∂y

]
=

[
pyt−p

y
i

‖pt−pi‖2
pxi −pxt
‖pt−pi‖2

pxt−pxi
‖pt−pi‖ −

pxj−pxt
‖pj−pt‖

pyt−p
y
i

‖pt−pi‖ −
pyj−p

y
t

‖pj−pt‖

]
. (2.3.11)

The estimate of δθ is found by the WLS estimator

δ̂θ = (HTC−1H)−1HC−1(y − h(θ0)). (2.3.12)

The target position θ is estimated by a recursive least square algorithm which
calculates the change in position, δθ, and adds it to the estimated position for
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multiple iterations as shown in Algorithm 1. The input of the algorithm is the
covariance matrix C, the position of the nodes pnodes, the observation y, and an
initial guess θ̂.

Algorithm 1 Algorithm for Estimation of θ

function RLS(C, pnodes, y)
θ̂ ← initial guess
for n = 1 : N do

H ← ∇θh(θ̂)
δθ ← (HTC−1H)−1HTC−1(y − h(θ̂))
θ̂ ← θ̂ + δθ

end for
return θ̂

end function

2.3.1 Calculation of the Covariance Matrix

The covariance matrix in (2.3.6) depends upon the variance for each measured
distance and angle. A theoretical value of the covariance is calculated for the
distance and angle estimations by

var(r) =
c2/4

2BTB2
rms10

SNRactive
10

(2.3.13)

var(φ) =
12

2π2n (n+1)
n−1

(
dM
λ

)2
cos2(φ)10

SNRpassive−DI
10

(2.3.14)

where B is the bandwidth in [Hz ], T is the integration time in [s ], Brms is a constant
equal to 0.05, n is the number of hydrophones, λ is the signal’s wavelength in [m],
and dM is the total length of the array in [m]. SNRactive and SNRpassive denote
the Signal to Noise Ratio (SNR) for an active and passive system, respectively [15].
How to calculate the SNR will be presented next.

2.3.1.1 The Sonar Equation

The sonar equation shows how the SNR for acoustic signals in water depends on
different environmental characteristics, and is described in [16]. For a passive and
active sonar, the sonar equation is given by

SNRpassive = SLpassive − TL− (NL−DI) (2.3.15)

and
SNRactive = SLactive − TL+ TS − (NL−DI) (2.3.16)
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respectively, where SL denotes the source level, TL denotes the transmission loss,
NL denotes the noise level, DI denotes the directivity index, and TS denotes the
target strength. All parameter values are given in [dB ].

The source level of a signal in the passive sonar equation is given by noise created
by the target of interest, for example a submarine or a ship. There are four main
sources to ship noise: machine noise, propeller noise, hydrodynamical noise, and
transient sound.

Unbalance in rotating parts or explosions in cylinders in combustion engines among
others causes mechanical vibrations in the ship. The vibrations propagates through
the hull and out into the water and is the source to machine noise. The machine
noise does not depend on speed and is the dominating part of the radiated noise
at low velocities. Propeller noise is created outside the hull by the propeller’s
movement in the water. The propeller noise is proportional to the angular velocity
and number of propeller blades of the propeller. For ships at the surface, there is a
special type of propeller noise called cavity. When the propeller rotates, it creates
small air bubbles that implodes with a sharp sound shortly after they occurred and
becomes a contribution to the propeller noise. Hydrodynamical noise is generated
in the air-water interface when the ship is moving through the water. The strength
of the noise depends on the ship’s speed and the smoothness of the hull. Usually, it
is not as strong as the machine noise or propeller noise. Transient noise are sudden
sharp noises caused by activities in the ship such as a closing door or a pump that
starts. To summarize, the two strongest sources to ship noise are machine and
propeller noise, causing the source level to depend on the speed and size of the
ship. Measurements has been made on multiple older ships to derive an expression
which estimates the source level, and resulted in the following equation

SLpassive = 60logK + 9logT − 20logf + 35 (2.3.17)

where K is the speed in [knots ], T is the weight of the ship in [tonnes ], and f is
the frequency the passive sonar listens at in [kHz ]. The active sonar acts both as
the source of sound as well as the receiver. SLactive is therefore determined by the
strength of the sonar, i.e., the power of the signal it emits.

The transmission loss is caused by three factors: geometrical spreading, absorption
and anomalies. Absorption appears due to the fact that sound propagates through
water by movement of particles. As the particles move, friction emerges and some
of the energy will convert into heat. Absorption mainly affects high frequency
signals. Anomalies is defined as all transmission losses that is not classified as
geometrical spreading or absorption. For example, it can be caused by scattering,
refraction or diffraction. The geometrical spreading can be either spherical or
cylindrical. When the signal is emitted from the source it will spread in all direction
which is called spherical spreading. However, as the signal hits the surface or the
bottom, the spreading area will become constant in one direction and the signal
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will spread in a cylindrical form instead. The type of spreading for a signal will
be determined by the depth of the ocean or the lake. In deep waters, the signal
will not reach the surface nor the bottom which means that the signal will spread
spherically. In shallow water, on the other hand, there will be cylindrical spreading
since the signal easily can reflect in the surface and bottom. For measurements in
the Baltic sea, the spreading is approximated as a combination of spherical and
cylindrical spreading and the transmission loss is given by

TL = 17log(r) (2.3.18)

where r is the distance from the source of sound to the receiver measured in [m].

Noise is defined as unwanted signals which amplitude, phase, and frequency varies
randomly over time. There are multiple sources to noise in the sea, for example
rain, wind, ship traffic, and biological sounds, which all together contributes to
a factor called sea noise. Sea noise is the type of noise a hydrophone measures
during its time in water, in addition to self-noise caused by the hydrophone itself.
In seas with limited traffic, wind is the main source to sea noise. The noise level
is a function of wind speed Vk [knots ] and centre frequency f [kHz], and can be
approximated by

NL = 35 + 24log(1 + Vk)− 17log(f). (2.3.19)

By using an array with multiple hydrophones, the sensitivity of the hydrophone
array can be increased in a given direction. The directivity index is an expression
of the gain in sensitivity that occurs when an observation direction is chosen. For
a linear array with spacing d = λ/2, the directivity index is determined by the
number of hydrophones in the array, denoted M , and is calculated by

DI = 10log(M). (2.3.20)

The signal transmitted by the sonar is reflected on the target which can cause a
change in energy of the signal. How much of the energy that is reflected back
depends on the target strength. A target with high target strength is usually
approximated to reflect all energy.

2.4 Theoretical performance

Finding a lower bound on the variance of any unbiased estimator has proven to be
useful to appraise the performance of an estimator. In scenarios where the chosen
estimator reaches the bound we can claim that it is the optimal estimator for the
given problem. However, for cases where the estimator does not attain the bound
it can still work as a benchmark against which we can compare different unbiased
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estimators. Multiple methods to determine a lower bound for the variance exist,
but the Cramér-Rao lower bound (CRLB) is the easiest one to calculate [15].

2.4.1 Cramér-Rao Lower Bound

Let the vector y be normal distributed as

y ∼ N (µ(θ),C(θ)).

where the mean µ and covariance C depends on a set of parameters θ. Then the
covariance of any unbiased estimator θ̂ is lower bounded by

cov(θ̂) � I(θ)−1 (2.4.1)

where the Fisher information matrix is given by

[I(θ)]ij =

[
∂µ(θ)

∂θi

]T
C−1(θ)

[
∂µ(θ)

∂θj

]
+

1

2
tr

[
C−1(θ)

∂C(θ)

∂θi
C−1(θ)

∂C(θ)

∂θj

]
.

(2.4.2)

In the considered target localization problem the µ = h(θ) and the C(θ) = C,
and hence

I(θ̂) = HTC−1H +
1

2
tr

[
C−1(θ)

∂C

∂θi
C−1

∂C(θ)

∂θj

]
. (2.4.3)
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Chapter 3

Simulations and Results

The performance of the detector is determined by the Receiver Operating Curve
(ROC), which shows probability of detection over probability of false alarm. Figure
3.1 illustrates the detector’s performance for three different SNRs; −6dB, −9dB,
and −12dB, all calculated with the input values presented in Table 3.1. The figure
shows that the detector’s performance decreases exponentially with decreasing
SNR. For a SNR equal to −6dB, the probability of detection is 100% for all values
of PFA.

Table 3.1: Input parameters for the simulation of the receiver operating curve.

Input ROC

Bearing 30°
Number of samples 200
Number of hydrophones 5
Number of Monte Carlo loops 1000
Hydrophone spacing [m] 0.25
Sampling frequency [kHz ] 10
Signal frequency [kHz ] 3
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Figure 3.1: The detector’s ROC plotted for three SNRs; −6dB, −9dB, and −12dB.
The figure shows that the performane of the detector increases with increased SNR.

To simulate a system consisting of a transmitter, receiver and target, a sine wave
with added WGN was generated to represent the noise emitted by the target
together with an ULA to represent the receiver, with parameter values presented in
Table 3.2. The bearing of the simulated target was estimated by the beamforming
algorithm, shown in Figure 3.2, where the blue line represents the normalized
energy of the target signal received in directions between −90°–90°and the red line
is the detection threshold. The target’s bearing is estimated as the angle at which
the signal has the highest energy, in this case 30°, if the peak is higher than the
threshold.

The variance of the estimated bearing was calculated by (2.3.14) for three SNRs;
−6dB, −9dB, and −12dB, and is presented in Figure 3.3. The result shows that
the variance behaves the same for all SNRs, it is symmetric around the bearing
0°and increases exponentially on both sides with increased bearing. In addition,
the result demonstrates how the variance is increased by decreased SNR.
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Table 3.2: Input parameters for the simulation of beamforming and variance of
the estimated angle.

Input Beamforming

Bearing 30°
Number of hydrophones 5
Hydrophone spacing [m] 0.25
Sampling frequency [kHz ] 10
Signal frequency [kHz ] 3
DI 0
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Figure 3.2: The normalized energy of the received signal in the interval -90°–90°.
A target is estimated to be present at the angle with highest energy, i.e. 30°.
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Figure 3.3: The variance of estimated angles for a passive sonar, calculated for
-6dB, 9dB, and -12dB.

Table 3.3: Input parameters for the simulation of the communication pulse.

Input Communication pulse

Number of samples 200
Number of Monte Carlo loops 20
Sampling frequency [kHz ] 48
Signal frequency [kHz ] 5
Bandwidth [kHz ] 2

Figure 3.4 and 3.5 illustrates a received communication signal in time and fre-
quency domain, respectively, which was generated with the parameter values shown
in Table 3.3 and sent through a simulated communication channel. The figures
shows how the receiver obtains two signal, at first a signal with high amplitude
and a bit later a signal with less amplitude. The pulses represents the direct signal
and the echo that has bounced on the target, where the direct signal is the strong
one. The distance to the target was estimated from the arrival of the second pulse,
i.e. the echo.

The standard deviation of the distance estimation is shown in Figure 3.6. The the-
oretical standard deviation, illustrated by the blue line, was calculated by (2.3.13)
and is decreasing linearly with decreasing SNR on a logarithmic scale. However,
the simulated standard deviation decreases very steeply at first before it levels out
and approximately follows the same values as the theoretical standard deviation,
until it decreases very steeply again around −4dB and becomes zero.
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Figure 3.4: The two signal pulses re-
ceived by node 2 in time domain.
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Figure 3.5: The two signal pulses re-
ceived by node 2 visualized in a spec-
trogram.
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Figure 3.6: The theoretical and simulated standard deviation of the distance esti-
mation plotted with respect to SNR. The theoretical standard deviation decreases
linearly with increasing SNR on a logarithmic scale. The incline of the simulated
standard deviation first decreases steeply before it flattens out and approximately
becomes equal to the theoretical standard deviation’s gradient.
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Table 3.4: Input parameters for the sensor system simulation and target estima-
tion.

Input Target Estimation

Number of hydrophones 5
Hydrophone spacing [m] 0.25
Sampling frequency [kHz ] 10
Signal frequency [kHz ] 3

Lastly, the target’s position was simulated with parameter values given by Table
3.4 for three different angles; 1°, 30°and 60°, which is illustrated in Figure 3.7,
3.8, and 3.9, respectively. The figures show the sensor system with the two nodes
on the left axis together with the target’s true position, presented as a yellow
square, and the estimated position, presented as a red circle. The target is seen
at three different distances in each figure; 935m, 1390m, and 2090m, measured as
the direct path from node 1, which corresponds to the SNRs −6dB, −9dB, and
−12dB, respectively. In addition, the CRLB has been calculated and plotted with
a green line for all estimates.

In Figure 3.7, 3.8, and 3.9, the CRLB is increasing with increased distance between
the target and sensor system. By comparing the figures for each angle, the CRLB is
also seen to be increasing with increased bearing. The estimated position is located
close to the true target position in most cases, and always inside the CRLB.
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Figure 3.7: A plot of the sensor system consisting two nodes (triangles) and a target
(square) illustrated at three different distances, with a bearing of 1°measured from
node 1. The estimated position is shown as a red circle and the CRLB is plotted
in green.

Figure 3.8: A plot of the sensor system consisting two nodes (triangles) and a target
(square) illustrated at three different distances, with a bearing of 30°measured from
node 1. The estimated position is shown as a red circle and the CRLB is plotted
in green.
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Figure 3.9: A plot of the sensor system consisting two nodes (triangles) and a target
(square) illustrated at three different distances, with a bearing of 60°measured from
node 1. The estimated position is shown as a red circle and the CRLB is plotted
in green.



Chapter 4

Discussion

The variance of the bearing increases towards the infinity as it reaches the edges
at ±90°as seen in Figure 3.3 since the cosine-term in (2.3.14) approaches zero for
perpendicular angles. This makes it harder to estimate the bearing for targets
located above or under the sensor system. To improve the bearing estimation
and also remove the mirrored estimation, more sensor nodes with ULAs placed
in different directions can be used. By placing the ULAs in different directions
and combing the bearing estimation, the system should be able to estimate one
position of the target instead of two. The further improve the estimation, one
idea could be to weight the measurements so the estimate are based more on the
measurements with less variance than the ones with higher variance. This could
reduce the weak spots of the sensor node that appear when a target is located
straight above or under the node, since the node in that case are given a smaller
weight in the approximation of the position.

As seen in Figure 3.6, the simulated standard deviation does not follow the theo-
retical standard deviation. One reason can be that the algorithm which estimates
the distance has a certain threshold, so when the SNR is less than that threshold,
the variance is large, but as the SNR reaches the threshold the estimation becomes
more accurate and the standard deviation starts to follow the theoretical one. The
simulated standard deviation becomes zero when the SNR in large enough, which
can be caused by a threshold as well, as it did for small SNRs, or that the number
of simulation from which the simulated standard deviation is calculated is to small.

The CRLB in Figure 3.7, 3.8, and 3.9 is more of a line than a circle, which shows
that the estimate of the distance to the target has high precision. The variance of
the bearing, however, stretches the CRLB to the sides making it more difficult to
estimate the exact direction towards the target. This also agrees with the result in
Figure 3.6 and 3.3, where the variance of the bearing is seen to be greater than the
variance of the range. However, the simulated communication is very simplified
compared to reality with no multi-path, reverberation, etc. taken into account.
In a real world scenario, the algorithm need to be able to separate the echo which
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has bounced on the target from echos that comes from bounces on the surface,
seabed, surrounding cliffs etc. The echos might also arrive to the receiver close in
time which can make it even harder to separate the signals.



Chapter 5

Conclusion and Future Work

In conclusion, the communication signal has potential to be used as a sonar pulse
according to the simulations. For a simulated communication channel, the range
estimations are calculated with high precision, and the large value of the CRLB
depends mainly on the bearing estimation.

According to the simulations, the communication signal can be used as a sonar
pulse for SNRs from −16dB and above. However, the simulated result is not very
realistic due to the simplifications, so in a real scenario the communication signal
probably has a higher limit.

For future work, it would be interesting to analyze the characteristics of the com-
munication signal, such as bandwidth and frequency, to investigate under what
conditions it works best as a sonar pulse. It would also be helpful to test the
signal in a real scenario to see how the communication signal affected by a real
communication channel. To decrease the variance and further improve the estima-
tions, it is interesting to investigate scenarios with more sensor nodes to increase
the number of measurements that position estimation is based on.
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