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Summary
Ensuring fish welfare is paramount in meeting the increasing demand for farmed
salmon. Real-time monitoring is a key tool for gaining insights into fish be-
haviour, which is crucial for sustainable and ethical aquaculture practices.
In this thesis, we explore current methods for monitoring fish behaviour in off-
shore salmon farming, and apply some of them, such as submerged cameras
and single-ping echosounders to investigate salmon behaviour. We then develop
a new and automated approach using machine vision techniques to detect fish
and its behaviour patterns in 3D sonar data collected from a novel multi-beam
echosounder infrastructure. Based on this method, we also identify and intro-
duce some new parameters that can be extracted from 3D sonar data to further
enhance our knowledge of fish behaviour. Finally, we assess how future far-
offshore farming operations can communicate observations to expert systems on
shore in more reliable and efficient ways.

Paper I: Reviews current and state-of-the-art fish farming observation meth-
ods.
Paper II: Investigates how environmental factors like waves and currents affect
salmon behaviour and cage space.
Paper III: Explores the use of multibeam echosounders and machine learning
for advanced monitoring.
Paper IV: 3D multibeam sonar is used to analyse the behaviour of offshore
farmed salmon.
Paper V: Assesses the viability of cellular communication in remote aquacul-
ture monitoring.

Together, these studies advance our understanding of monitoring technolo-
gies and salmon behaviour in aquaculture.
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Samandráttur
Laksavinnan vil hava betri hættir at hava eftirlit við tí, ið hendir niðri í aliringunum.
Hetta er neyðugt fyri at skapa góða fiskavælferð í stríðnum at nøkta hækkandi
tørvin av aldum laksi til matna. Gott eftirlit við atburðinum hjá fiskinum kann
geva innlit í, hvussu fiskurin hevur tað, og kann virka sum ávaring, um eitthvørt
ikki er sum tað eigur.
Í hesari ritgerðini eru núverandi yvirvøkuhættir av alilaski í ringum kannaðir, og
summir av hesum, til dømis undirsjóvar myndatól og einkult-strálu ekkolodd eru
nýtt til at granska fiskaatburð. Ein nýggjur og sjálvvirkandi yvirvøkuháttur, ið
ger brúk av fleirstrálaðum ekkoloddum, er síðani mentur. Fyri at sjálvvirkandi
síggja, hvar laksurin er í mátiúrslitunum, verður tilgjørt vit nýtt. Bygt á hendan
yvirvøkuhátt var ein kanning gjørd, har viðurskiftir verða mátað, ið annars ikki
áður hava borið til, so sum frástøða frá nót til fiskar og svimjitættleikin. Hesir
yvirvøkjuhættir skapa sera nógv data, ið fyri at skapa nyttu skulu sendast á
land. Í síðsta partinum av ritgerðini verða samskiftisviðurskiftini fyri aliútgerð
á havinum greinað, fyri at hendan vitan kann koma á land uppá ein álítandi hátt.

Grein I: Inniheldur eina kanning av núverandi yvirvøkuhættum..
Grein II: Kannar hvussu umhvørvi, m.a. alda og streymur, ávirkar atburðin á
alilaksi, og plássið í alinótini.
Grein III: Verður ein framkomin yvirvøkuháttur, ið nýtir fleirstrálað ekkolodd
og maskinlæring, mentur.
Grein IV: Verða úrslit frá einum fleirstrálaðum ekkoloddi nýtt til at máta
svimjiatburð á aldum laksi á sjónum.
Grein V: Verða samskifitisviðurskiftini fyri yvirvøkuútgerð á alibrúk til havs
kannað.

Saman skapa greinarnar í hesari ritgerðini eitt yvirlit og framstig av vitanini
um yvirváking av alilaksi.
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Chapter 1

Introduction

1.1 Motivation

For thousands of years, the ocean has served as a crucial source of proteins and
lipids, including omega-3 fatty acids, for human populations, mainly through the
harvesting of wild marine life. However, global �shery catches have plateaued
since the mid-1980s, as indicated by Figure 1.1, whereas the human population
has surged from4:85 � 109 to 8:04 � 109 [1]. The discrepancy between stag-
nant �sh supply and growing demand highlights the urgent need for alternative
sources.

Aquaculture or �sh farming has emerged as a crucial solution to this chal-
lenge. Cultivating �sh in controlled environments alleviates the pressure on wild
�sh populations. The alarming rates of over�shing, marine habitat destruction,
and exploitation have raised concerns. However, this shift is not without its
challenges. A central challenge in aquaculture is how to ensure �sh welfare,
which can be compromised by factors such as high stocking density, prevalence
of infectious and parasitic diseases, and optimized feeding strategies. To accom-
modate the expansion of aquaculture, together with these challenges, �sh farms
have necessitated moving from more sheltered locations to o�shore locations
with stronger currents and higher waves, resulting in a higher demand for more
robust and innovative farming techniques.

Aquaculture food production, which includes the farming of �n�sh, molluscs,
crustaceans, and other aquatic animals, is growing faster than other major food
production sectors globally[3]. Among them, Atlantic salmon (Salmo salar) is
one of the major farmed species, whose growth has contributed to the expansion
of �sh farming in the North Atlantic.

Through farming practices, �sh farmers acquire valuable experience in the
process of their work, usually speci�c to the location they are used to and
often hard-earned, with accidents and hazards to the �sh that could be avoided
with better decision-making. A new approach called Precision Fish Farming
was proposed [4]. This approach suggests a shift from experience-based �sh
farming to knowledge-based �sh farming. To acquire the data for data-driven
and, by extension, knowledge-based �sh farming, observing and analysing what
is happening under the water line is of utmost importance.
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Figure 1.1: World Fisheries and Aquaculture Production, excluding aquatic
mammals, crocodiles, alligators, caimans, and algae. Data from [2]

1.2 Background

Atlantic salmon is generally kept in large �exible net cages during the o�shore
stage. The size of these cages has doubled in the last ten years and now usually
reaches 60m in diameter [5]. This thesis considers the gravity-type �sh farm, as
it is the dominant type of �sh farm used in o�shore farming [5]. On a gravity-
type farm, the net is divided into the side net and the conical part at the bottom.
The conical part is suspended from the side net, and the side net is suspended
from a �oat. A weight is attached at the transition from the side net to the
conical part along its circumference at multiple places to keep the side net from
deforming. A centre weight is placed in the bottom of the conical part to stretch
out the net.

Float60 mBuoy

AnchorAnchor

Sinker tube

Mooring plate

Centre weight

Figure 1.2: Cross section of the main components of an example o�shore cage,
including mooring lines to the mooring plates, frames, anchors, and fastening
buoys.

The �sh farm is moored to a frame. This frame consists of four mooring
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plates positioned around each cage. Each mooring plate is anchored to the
seabed. A buoy lifts the frame o� the seabed.

Mooring plate

100 m

Figure 1.3: Top down view of an example o�shore �sh farm, including moorings
to fastening buoys. Red lines are moorings between the mooring plate and the
�oat. Black lines between the Mooring plates make up the frame, and the other
black lines are to the anchors.

The formation of a �sh farm is highly dependent on the environment and
is a�ected by current velocity [6]. The volume of an o�shore cage decreases
signi�cantly as the current speed increases. If the volume is reduced su�ciently,
the welfare of the salmon may be a�ected [7, 8].
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1.3 Project objectives and implementation

This project aims to explore and re�ne methods for monitoring salmon in o�-
shore farming cages. Key questions guide our research:

ˆ What primary methods are currently employed for active �sh monitoring
in o�shore farms?

ˆ What behaviours and patterns can be observed using these monitoring
techniques?

ˆ Which alternative technologies could provide better insights into �sh farm-
ing practices?

ˆ What speci�c behaviours and patterns can be observed with the new meth-
ods developed in exploring alternative technologies?

ˆ How viable is cellular communication for data transfer in remote o�shore
aquaculture monitoring?

The remainder of this thesis is structured as follows. Chapter 2 summarises
state-of-the-art observation methods for o�shore �sh farms, discussing both non-
invasive techniques and the implications of di�erent observational approaches.
Chapters 3 focuses on analysing how �sh responds to waves and currents mea-
sured using single-beam sonars and submerged cameras. Chapter 4 develops a
new approach for monitoring salmon using multibeam echosounders and ma-
chine learning. Chapter 5 further explores salmon behaviour using 3D multi-
beam echosounders using a larger dataset new techniques. Chapter 6 examines
cellular communications for remote aquaculture monitoring to enhance the re-
liability and e�ciency. The thesis concludes with Chapter 7, summarising the
main �ndings and presenting future perspectives.
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1.3.1 List of papers

The culmination of this research is presented in the form of manuscripts, de-
tailed at the conclusion of this thesis. While the main methods and results
of these papers are integrated within the thesis, the complete manuscripts are
included at the end as appendices. These documents encapsulate our study's
main �ndings and contributions, o�ering an in-depth view of our advancements
in aquaculture monitoring.

Paper I Kristmundsson, J., Patursson, Ø., Potter, J., & Xin, Q. (2023).
Review of o�shore salmon farming observation methods.
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Paper II Johannesen, Á., Patursson, Ø.,Kristmundsson, J., Dam, S. P.,
Mulelid, M., & Klebert, P. (2022). Waves and currents decrease
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and machine learning. IEEE Access, 11, 108306-108316.
https://doi.org/10.1109/ACCESS.2023.3320949

Paper IV Kristmundsson, J., Patursson, Ø., Potter, J., & Xin, Q. (2023).
Observing Farmed Salmon Behaviour through 3D Multibeam Sonar
Draft.

Paper V Kristmundsson, J., Patursson, Ø., Potter, J., & Xin, Q. (2023).
Exploring Cellular Communications for Remote O�shore
Aquaculture Monitoring. (2023). In the proceedings of the 33rd
International Telecommunication Networks and Applications
Conference (ITNAC), Melbourne, Australia. 7-10.
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Chapter 2

Observation methods and
parameters

Choosing the right observational method for the task at hand is critical for
successful investigations, but what has to be observed should �rst be determined
before choosing a method. In this section, some key observation parameters
will be described, and then methods for observing these parameters will be
presented.

2.1 Observational parameters

2.1.1 Location of �sh

Environmental factors, such as oxygen levels [9], currents, and waves [10] af-
fect the preferred swimming depth of salmon. Therefore, assessing the vertical
distribution of �sh can be critical to determine if there is an area in the wa-
ter column with undesirable water quality. There are also bene�ts in knowing
the horizontal distribution of �sh, for example, in targeted feeding, where feed
spreaders will be placed in areas where most of the �sh are located. Another
bene�t of knowing the location of �sh is to detect potential areas with unde-
sirable oxygen levels that the �sh is avoiding, as dissolved oxygen also varies
within the cage [11].

2.1.2 Behavioural and welfare indicators

Sea cages in exposed areas may experience high currents. Salmon need to swim
actively to avoid hitting the net and getting injured. As the swimming capability
of salmon increases with size [12], determining the swimming speed and e�ort
can indicate how suitable a farming site is for the size of �sh. Swimming e�ort is
measured by tail beats per second (TB), and swimming speed can be measured
in body lengths per second (BL) or by absolute distance. Swimming speed must
be considered relative to the current speed, as the absolute position may stay
mostly the same, even if the �sh is travelling through the water. Therefore, the
ability of a system to observe swimming speed and e�ort and similar swimming
behaviour, such as orientation, can be indicative of welfare issues.
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Physiological abnormalities, such as vertebral deformities, can occur fre-
quently in farmed salmon and signi�cantly impact their welfare [13]. Further-
more, the symptoms of malformation and deformities can also a�ect swimming
behaviour. For example, an abnormal swim bladder can cause salmon to swim
sideways or even upside down [14]. Other welfare issues such as skin condi-
tion, �n damage and emaciation are also relevant operational welfare indicators
(OWIs)[15].

2.1.3 Operational

Providing salmon farmers with relevant production information is important to
support their decision-making and planning.

Biomass is an important parameter to estimate, and there is a clear need
for a non-invasive biomass estimation tool to eliminate the stress associated
with handling during manual biomass measurements [16]. Biomass estimation
is crucial for e�cient and pro�table production [17]. Continuous measuring of
the biomass will allow an observational system to extrapolate the growth rate
and plan the optimal slaughtering time when most of the salmon has reached
the desired weight. In Norway, the maximum allowable biomass (MAB) has
also been used to regulate the production of the salmon industry [18]. Careful
biomass control is a useful tool in the battle against sea lice, as higher densities
can reduce infestation [19]. This process naturally needs to be handled carefully,
as too high densities may a�ect the welfare of the salmon [20, 8]. The combina-
tion of the growth rate and the feed amount makes it possible to estimate the
feed conversion factor. Measuring the weight of individual �sh makes it possible
to analyse weight variations. Tracking the variation in weight could indicate
potential issues with malnourished �sh. Emaciation is also a relevant welfare
indicator [15], that could indicate some diseases, such as pancreatic disease [21].
Salmon only sometimes maintain a �xed level of appetite during the day [22].
Therefore, a system that measures appetite could increase welfare and growth
rates while reducing feed waste. Measuring appetite may be done by analysing
salmon swimming activity during feeding or tracking feed pellets that have not
been consumed. Also, tracking feed pellets and faecal matter while sinking to
the seabed might provide additional information for selecting sea-bed sampling
sites.

Wild �sh can spread diseases and parasites [17], such as salmon lice, to
salmon farms [23, 17]. An early detection system for exposure to wild �sh
schools may trigger heightened awareness and monitoring, such as shortening
physical lice counting and welfare monitoring intervals. Direct lice counting is
also interesting, as the current methods can lead to unnecessary �sh handling
[24]. An e�ort is being made to have part of the o�shore production cycle
in submerged cages [25], and in such production methods, having a method
to count lice continuously can ease production. Marine mammals are also of
interest to observe since they can a�ect salmon production through predation,
resulting in direct deaths and possible escapement [26].
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2.2 Non invasive Observational methods

Many parameters should be considered when selecting the method best suited
for the issue at hand, and many scales can be considered when using an obser-
vational method, from the scale of parasites, such as sea lice, to �sh sizes, cages,
and farm size observations. Each method has its own characteristics where it
is the most e�cient. Observations outside the operational range may result in
non-optimal results. Only observational methods that give near-instantaneous
information will be considered. Methods that record data to be retrieved later,
such as implanted data tags, will not be considered. Furthermore, only obser-
vation methods in salt water will be reviewed, as this chapter focuses on the
o�shore part of �sh farming.

2.2.1 Optical observations

Optical observations in underwater environments rely on the unique properties
of visible light transmission through water. Electromagnetic waves experience
signi�cant attenuation through seawater at the frequencies traditionally used
for communication through air. This absorption is on the order of 60 dB m� 1

at frequencies from1 MHz to 60 MHz [27]. Attenuation is severe at most fre-
quencies, with a notable reduction in absorption in the visible spectrum. This
quality is what makes water largely transparent to visible light. As a result,
optical systems are suitable for underwater observation up to several tens of
meters range in clear water.

A typical setup for a camera-based observational system in aquaculture
involves strategically placed submerged cameras within the cage pointing to-
wards locations of interests. These cameras are designed to capture images and
videos, providing real-time monitoring of various parameters such as �sh size,
behaviour, health, and environmental conditions. The captured visual data can
be processed using machine learning algorithms to automate the analysis, en-
abling e�cient detection and classi�cation of �sh behaviours, health indicators.
This integration of optical systems with advanced data processing techniques
enhances the ability to manage and optimise �sh farming operations e�ectively.

Camera based observational methods

Cameras can provide high-de�nition images with high temporal and angular
resolution and have been widely used in �sh-farming research and operations.
One application of submerged cameras is in the feedback loop of �sh feeding
control systems [4, 10]. Cameras can observe various parameters such as �sh
size, behavior, health, and environmental conditions within the cages. They
are instrumental in monitoring feeding habits, detecting signs of disease, and
ensuring optimal living conditions for the �sh.

Arti�cial light is widely used to postpone sexual maturation and increase
growth [28]. These installations can improve the conditions for submerged cam-
eras in low light conditions, such as night or winter in northern regions. How-
ever, lighting up a farm for observation may a�ect the inhabitants' behaviour.
Excessive or improperly timed lighting can lead to stress or changes in natural
behaviour patterns, which need to be carefully managed.
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An estimate of the range of a submerged camera-based observational system
is 0.5 - 25m [4]. The circumference of salmon �sh farms has doubled in the
last two decades, resulting in an average cage diameter in Norway or the Faroe
Islands of 43-44m [5]. As cages increase in size, the proportion of the cage that
can be observed with a single camera decreases. Therefore, multiple cameras or
moving camera systems may be required to cover larger areas e�ectively.

Several studies have included submerged cameras to monitor di�erent pa-
rameters, such as the spatial distribution of �sh, both in small scale scenarios
[29] where the entire cage was monitored and in full-size cages, where parts of
the cage were monitored with several cameras [10, 30]. Multiple attempts have
been made to automate optical systems to do �sh counting [31]. In [32], an
automatic process for swimming speed and direction estimation was developed.
The results showed that the system can detect changes in behaviour at di�erent
times of day, likely due to di�erent conditions.

Other relevant EM-based methods are discussed in Paper I found in Ap-
pendix A, such as diode frames and implanted tags.

2.2.2 Acoustic Observation

Acoustic waves o�er an alternative to EM waves, propagating with lower atten-
uation but only at lower frequencies and with lower velocity. At 10 kHz, the
acoustic absorption coe�cient is near 1 dB km� 1, increasing to approximately
30 dB km� 1 at 100 kHz [33], This allows sound waves to travel much further
than EM waves before the amplitude drops below the receiver's sensitivity.

The operating principle of an active sonar is that acoustic energy is trans-
mitted into an environment, usually in the form of a compact 'packet' known as
a 'ping'. Re�ection (backscattering of energy) occurs when this energy interacts
with an impedance change in the medium (such as encountering a �sh or part of
the farm structure) resulting in a new wavefront radiating from that point. By
measuring the energy and delay of re�ections the range and other information
of targets can be estimated. An active sonar may consist of a narrow-beam
transducer acting as a transmitter and receiver. Such a sonar can measure the
distance to targets causing re�ections in the direction of the beam.

Atlantic salmon have a swim bladder that is used to adjust their buoyancy.
Because the swim bladder resonates with the frequencies often used in acoustic
instruments, an incoming pressure wave will produce a strong re�ection. The
study by [34] suggests that90%� 95% of the contribution of the backscatter
cross-section from such a �sh is due to the swim bladder. The response of the
swim bladder at di�erent depths has been explored by [35]. The swim bladder's
volume and surface area, and therefore the backscatter intensity depend on the
pressure.

Single-beam sonar

The single-beam sonars used in [30] and [10] have a beam width of26� . All
targets within the beam will contribute to the backscatter, while none outside
the beam will be observed. The system is therefore limited by its Field of View
(FoV), and a single-beam system (unlike an optical camera, which also has a
limited FoV) has no angular discrimination within this beam. Using a sonar
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with a narrower FoV would provide improved angular resolution, potentially
allowing single �sh to be detected, at the cost of covering a smaller solid angle.
Using a wider beam will increase the likelihood that a �sh appears inside the
beam, but if several targets appear at the same distance, separation between the
targets will not be possible. Automated �sh tracking using single beam sonar
has been developed and tested by [36].

Split-beam sonar

Split-beam sonar o�ers more advanced capabilities due to the acoustic beam
being split, as the name suggests, into individual segments [37]. The primary
advantage of split-beam sonar lies in its ability to locate targets within the
beam. This point was demonstrated by tracking Atlantic salmon in [38], where
individual �sh were tracked over several pings. This study also showed a cor-
relation between �sh size and target strength, demonstrating the possibility of
using sonar for size estimation in �sh farms. The ability of a split-beam sonar
to locate targets within the beam can also be used to improve the performance
of biomass and size estimation algorithms using target strength analysis [39].

Multibeam sonar

Multi-beam sonar uses digital array processing to steer beams electronically in
di�erent directions by applying phase delays to arrays of transducers. Older sys-
tems used analogue beamforming, employing multiple transducers, each with a
very narrow beamwidth and only using one transducer at a time[40]. Multi-
beam echosounders have rarely been used in �sh farming applications. To the
authors' knowledge, only a few other studies have used an MBES to extract
information from an o�shore �sh farm, e.g. [41]. Other studies have inves-
tigated the acoustic e�ects inside an o�shore �sh farm, including mesoscopic
wave physics and ultra-slow acoustic energy transport [42, 43]. With the arrival
of inexpensive and fast computational resources, data acquisition boards and
memory, multi-beam manufacturers have now embraced more advanced signal
processing methods. A beamforming sonar uses multiple transducers in an array,
each with a large beamwidth, and creates narrow steerable beams by applying
phase delays to the transducers during transmission or reception. Combining
the signal to and from multiple transducers, with appropriate phase delays, nar-
rows the resulting beam. This approach can be used both during transmission
and reception. Initially, phase-shifting beamforming was done by phase-shifting
and adding analogue signals. However, with better hardware, it is possible to
perform the entire process digitally [44], meaning that during reception, the
beamformer can be steered in all directions simultaneously without signal loss.
Multi-beam sonars are mainly used for bathymetric surveying but have many
other applications.

2.3 Discussion

Each technology o�ers its own set of pros and cons, both in performance met-
rics and observational abilities. Considering how the observational method af-
fects what is being measured is important. For example, using optical observa-
tions during nighttime requires introducing arti�cial light that could a�ect the
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salmon's behaviour [28], and introducing arti�cial sound from an active sonar
may also introduce a response, provided the frequency and intensity of the emit-
ted sound is within the hearing range of the salmon [45]. Invasive options that
require physical handling of the �sh, such as pit-tagging or implanting tags, are
also discouraged. Deployment di�culty, deployment costs and purchasing price
are also relevant parameters to consider.

Optical observation is a capable and comparatively inexpensive method to
observe many parameters in �sh farming. Cameras can provide high-de�nition
images with high temporal and angular resolution, making them widely used in
�sh-farming research and operations. They are suitable for monitoring various
parameters such as �sh size, behaviour, health, and environmental conditions
within the cages. Arti�cial light is often used to enhance visibility in low light
conditions, such as during the night or winter in northern regions, but this can
a�ect �sh behaviour and stress levels.

Acoustic observation systems have a far longer range than optical and pit
tag systems. Acoustic-based systems can observe a variety of parameters, often
overlapping with the capabilities of optical and tag-based systems. The limita-
tions of acoustic systems are mostly concerned with spatial resolution, leading
to a failure to provide su�cient detail for some tasks. For example, acoustic
systems are unsuitable for wound detection, parasite detection and individual
recognition.

2.4 Conclusion

Understanding what is happening under the water line is crucial for managing
o�shore salmon farming operations. This chapter focuses on data collection
and summarises some of the main parameters that a�ect the ability of common
underwater observation methods, speci�cally camera-based and acoustic-based
observations.

Cameras perform well in observing many production and welfare parame-
ters when subjects are within range. However, they have a limited range and
ensuring a clear picture can be challenging. Additionally, extracting informa-
tion from camera-based systems is labour-intensive, as automatic detection in
production is not fully developed, except for feed pellet tracking. Acoustic ob-
servation systems, on the other hand, have a far longer range and can acquire
much of the same information as camera-based systems, with the added bene�t
of performing well in low light conditions and turbid water. Multibeam sonars
can observe many parameters but have rarely been used in aquaculture research
due to the increased complexity accompanying this method.

Ultimately, the most appropriate method will depend on the speci�c goals
and resources of the operation. Looking forward, the role of machine learn-
ing in enhancing data interpretation will become more signi�cant. Machine
learning algorithms can process and analyse large volumes of data from these
observation methods, particularly from acoustic and optical observations. These
algorithms can automatically detect and track subjects, even in complex 3D en-
vironments. Future research is expected to focus increasingly on developing and
implementing specialised machine learning techniques for this purpose. With
these advancements, data mining and machine learning will be crucial in inter-
preting complex datasets, enabling more informed decision-making and better
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management practices in o�shore salmon farming.
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Chapter 3

Monitoring �sh behaviour
using single-beam sonars and
submerged cameras

Observations occur in a site with strong tidal currents and well-mixed water.
Using video cameras and echo sounders, we show that salmon prefer to use the
entire water column, narrowing their range only in response to cage deformation,
waves, or daylight. The method used, and the observations made based on sonar
data are described in this chapter.

3.1 Setup

To monitor changes in �sh behaviour versus currents and waves, two Acoustic
Doppler Current Pro�lers (ADCPs) were deployed; one was directly north of the
northernmost cage, and one was directly south of the study cage. Both pro�lers
were set up to collect hourly wave data from a 20-minute burst. The ADCP
placed north of the site measured current data at one ping every two seconds,
and the ADCP south of the site measured currents in bursts of 120 pings at one
ping per second every �ve minutes.
Two echo sounders (Simrad EK 15, 200 kHz) were mounted at the cage's bottom,
halfway between the centre and sides, and parallel to the coastline. The purpose
of the sonars was to measure the vertical distribution of �sh within the cage.
Based on the backscatter, the distance to the surface detected any �sh within
their beam, providing insights into the occupied water column sections and the
cage's depth. The sounders operated by emitting a ping every four seconds
throughout the experiment.

There were three species of �sh with a signi�cant amount of biomass within
the cage; these are Atlantic Salmon (Salmo salar), Lump�sh ( Cyclopterus lum-
pus) and Saithe (Pollachius virens). Lump�sh lack a swim bladder and, there-
fore, are not clearly detectable by the echo sounders. However, the presence of
saithe in the cages with swim bladders means that the sounders capture data
from both salmon and saithe.

Additionally, the sounders were equipped with tilt and pressure sensors.
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Figure 3.1: Layout of equipment. Aerial and side on view of the study
cage with the location of echo sounders (yellow circles and cones show viewing
area of echo sounders), pressure sensors (attached to the net and shown as blue
bars) and video cameras (shown as circles or cones depending on viewing angle).
Camera viewing angles are approximate. The camera with diagonal stripes is the
feed camera, which was nearer the surface than the bottom mounted cameras.

These sensors, recording data every �ve seconds, were essential for validating
the distance measurements to the surface and identifying any deviations that
might a�ect the accuracy of the data.
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3.2 Data collection

Data was collected from the �rst of November 2019 to the 15th of February
2020 to capture as many bad weather events and tidal conditions as possible.
Video cameras were scheduled to record for �ve minutes each once per week.
In addition to these baseline recordings, alternative schedules were enacted for
bad weather events to record for �ve minutes three to four times daily during
bad weather to capture behaviours in large wave conditions.

3.3 Data analysis

Echo sounder data were extracted from the raw �les using the "oce" package in
R [46]. First, the water surface was found. This process is explained in the next
section. Second, data above the surface was removed, and depth adjusted to the
surface rather than the distance from the echo sounder. Third, the data were
binned into 5-minute intervals, and 16.5 cm depths andSv (acoustic backscat-
tering strength) averages were exported. Once data had been exported, the
exported �les were read into R, where the surface and the lowest 4.5 metres
(below the cage bottom) were removed. The code for the echo sounder data
processing can be found on GitHub [47]. For echo data, linear models were used
to estimate the e�ects of environmental variables on the "evenness" of �sh dis-
persal within the water column using raw Sv as a proxy for relative �sh density.
The residuals from these models indicated how variableSv was, so large resid-
uals indicated "clumping" , and small residuals indicated evenly dispersed �sh.
We also used linear models to estimate how environmental variables a�ected
�sh swimming depth, weighing the depth variable by Sv . While it is possible
to estimate real biomass from the backscatter intensiy[48], we did not calibrate
gain to do this estimation, as we were more interested in relative changes rather
than biomass estimation.

3.4 Surface detection

Detecting the ocean surface above an upward-pointing sonar entails speci�c
challenges. The data quality varied considerably, often impacted by high wave
scenarios, leading to the obscuration of the water surface. This e�ect was likely
caused by air over-saturation in the top layer of the water. Additionally, the
presence of a large number of �sh within the sonar's beam further complicated
surface detection. These �sh, either by shadowing the surface or being near it,
made it di�cult to discern a clear edge between the air and water.

Specialised software was developed to accurately identify the water surface
in sonar data, with its source code available [47]. This software facilitates the
detection of the water's surface and o�ers a feature for manual veri�cation of
the identi�ed surface, ensuring accuracy and reliability in the data analysis.
The process of identifying the water surface in sonar data involves two stages.
Initially, the strongest backscatter for each ping is located to determine a prelim-
inary surface. However, the high biomass often means the strongest backscatter
doesn't coincide with the actual surface. Large depth deviations are detected
to address this issue, often resolving by selecting the second-highest intensity
depth.
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Figure 3.2: The user interface of the Surface Detector: The left panel displays
the amplitude-depth pro�le for the current sonar ping, while the right panel
presents a time-sequenced echogram. Notably, the surface and bottom of the
cage are identi�able at the top and near the bottom of the echogram.

3.4.1 Automatic surface detection

A feed-forward neural network was trained to replicate the previously manually
labelled surfaces to improve accuracy and reduce manual labour. This network,
a fully connected three-layer system with ReLU activation, demonstrated a high
accuracy of 99.69 % in correctly identifying the surface and net within a meter
in new data sets. This neural network-based method demonstrates potential

Figure 3.3: Two pings are showcasing varying con�dence levels. The left image
illustrates accurate surface detection with high con�dence, while the right image
shows an instance of incorrect surface detection, albeit with the correct distance
also eliciting a notable response in con�dence levels.

in surface detection accuracy. However, its application in published research
remains pending, as the relevant publication has been postponed for future
release.
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3.5 Single beam sonar results

Fish avoided the surface during the day (Fig 3.4); this pattern persisted regard-
less of hydrodynamic conditions.

Figure 3.4: Depth and dispersal of �sh seen in the south echo sounder
over an hour in the day when the current is weak. Backscatter strength
(Sv ) indicates �sh density, with higher values (-70) indicating many �sh and
lower values (-100) indicating fewer �sh. For simplicity, data presenting a cur-
rent stronger than 0.11 m s-1 is not included.

As the current increased, the �sh narrowed their vertical distribution within
the water column, resulting in stronger localised target strength, as opposed to
a lower intensity signal with more even dispersal in weaker currents (Fig 3.5).

Fish moved upwards in the water column in a stronger current. The side of
the cage and direction of current a�ected the degree to which the shoals moved
up (South echo sounder; F3,218622 = 8665, P < 0.001, North echo sounder;
F3,206399 = 7170, P < 0.001, Fig 3.5). They still avoided the surface during the
day, resulting in a greater concentration of �sh below 5m depth (Fig 3.5).

Like during daylight, waves caused �sh to move away from the surface (South
echo sounder; F4,218621 = 6307, P < 0.001, North echo sounder; F3,206399 = 6026,
P < 0.001). However, �sh moved upward at the side of the cage where current
entered the cage, countering the e�ect of waves (Fig 3.6).
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Figure 3.5: Depth and dispersal of �sh over current. The upper and lower
panels indicate the two echo sounders and the left and right panels indicate the
direction of the current. Backscatter strength (Sv ) indicates �sh density, with
higher values (-70) indicating many �sh and lower values (-100) indicating fewer
�sh. Data presenting shoal depth during the night is not included for simplicity.

Figure 3.6: Depth and dispersal of �sh over wave height (Hm0) in
weak current. The left and right panels are the south and north echo sounder,
respectively. Data where the current exceeded 0.11 m s-1 are excluded. Signal
strength (Sv ) indicates �sh density, with higher values (-70) indicating many
�sh and lower values (-100) indicating fewer �sh. Data presenting shoal depth
during the day is not included for simplicity.
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3.6 Discussion

Salmon at this study site showed surface avoidance during daylight hours, pre-
ferring to occupy the cone portion of the cage during the day and the entire
water column at night [49]. This behaviour likely helps avoid predators and
stressful surface conditions. Strong currents caused the cage bottom to deform
upwards, concentrating �sh above the cone in the 5-10 m depth range. Our �nd-
ings con�rm that salmon adjust their position in response to cage deformation
rather than moving away from the bottom.

Waves also in�uenced vertical positioning. At night, salmon avoided the
surface in tall waves, similar to their daylight response. This may be due to the
physical disturbance from waves. During daylight combined with large waves,
�sh moved further down, aligning with previous studies [30, 50]. Theoretical
work suggests that long-period waves could exceed salmon swimming capacity
if cages are not deep enough [51].

Salmon altered their swimming mode with current speed, changing from free
swimming to standing on current as it increased [52]. Interestingly, they beat
their tails slower in the standing mode, indicating energy conservation. This
behavior change occurred at relatively low currents, suggesting a preference for
energy e�ciency. Literature indicates that exceeding preferred swimming speeds
negatively impacts salmon [53], but currents at this site were unlikely to cause
such issues and may provide environmental enrichment [54, 55]. Unlike previous
�ndings, swimming e�ort increased in long-period waves, especially in stronger
currents.

Overall, salmon prefer to use the entire water column but adjust their po-
sition due to cage deformation, waves, and daylight. They also seem to prefer
areas with currents, possibly for better water quality or �ow dynamics. This
study is limited to observations from a single cage, but it contributes valuable
data to the limited research on salmon behaviour in commercial cages.

3.7 Conclusion

Several observations can be made based on the changes in response to the long-
term observations of the echosounder data. The strongest e�ects of currents
and waves on salmon relate to how they decrease the space available to the �sh.
Salmon actively choose to occupy areas in the cage exposed to stronger currents
but avoid the surface in large waves.

For farming in new sites exposed to strong currents and potentially in cur-
rently used sites, one should consider the vertical space limitation when currents
cause cage deformation. Therefore, making the cage resistant to deformation
and deep enough that even in the strongest currents, enough vertical space can
bene�t salmon welfare. This point is particularly relevant during the day when
waves are large and if the biomass density is high, for example, shortly before
harvest. At sea, waves are likely to have longer periods, necessitating a deeper
net for the salmon to have space to avoid them. Alternatively, salmon will have
to move away from the sides of the cage to avoid collision, which e�ectively
reduces the diameter of the cage, greatly reducing the volume.

The observational methods used, including sonar and manual optical cate-
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gorization, have limitations. Single beam sonar is restricted to its single �eld
of view, and individual tracking remains impractical. Cameras provided valu-
able high-de�nition images that allowed detailed monitoring of �sh behavior
and spatial distribution within the cage. However, optical observations, sim-
pli�ed into categories like "No salmon," "Some salmon," and "Many salmon,"
are labor-intensive and lack precision in detection and counting. Developing
new methods for more e�cient and accurate observation could signi�cantly en-
hance these processes for expanding the knowledge of �sh behavior in farming
conditions.
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Chapter 4

Fish monitoring in
aquaculture using multibeam
echosounders and machine
learning

Multibeam echosounder (MBES) is a technology that electronically steers beams
in di�erent directions using array processing and can provide high-resolution
images of the underwater environment. An MBES can provide real-time loca-
tion and target strength information over many beams, covering a wide �eld of
view. Additionally, secondary information can be estimated from the backscat-
ter data, such as biomass, spatial distribution, swimming behaviour, health
indicators, and objects' presence and position, such as cage outline, mooring
lines, predators, or intruders.

Multibeam echosounders have rarely been used in �sh farming applications.
To the authors' knowledge, only a few other studies have used an MBES to
extract information from an o�shore �sh farm, e.g. [41]. Other studies have in-
vestigated the acoustic e�ects inside an o�shore �sh farm, including mesoscopic
wave physics and ultra-slow acoustic energy transport [42, 43].

The use of MBES in �sh farming poses signi�cant challenges due to the large
amount of data generated and the labour-intensive nature of the manual analysis
of backscatter data. To address these challenges and investigate the utility of
MBES in �sh farming, there is a need to develop methods for automatic data
analysis. Object detection and classi�cation are key tasks for extracting useful
information from the data produced by a sonar looking into a �sh cage. Object
detection involves locating and identifying objects of interest in an image, while
object classi�cation involves assigning labels to detected objects based on their
features or characteristics.

In this work, we propose and test a machine learning-based method for
underwater detection and localisation using multibeam echosounders (MBES)
in �sh farming applications. We demonstrate a three-stage process involving
data acquisition, pre-processing, and object detection. We then compare the
performance of four di�erent vision-based deep learning object detection al-
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gorithms in di�erent signal-to-noise scenarios by arti�cially adding noise to the
pre-beamformed signals. This method successfully detects �sh in MBES images,
which has potential applications in optimising feeding schedules, behaviour anal-
ysis, and �sh health monitoring. Furthermore, this method holds the potential
for detecting and tracking other objects within �sh farms, such as cages and
mooring lines. This study paves the way for further development of MBES data
as a non-invasive and automated monitoring method in aquaculture.

4.1 Data acquisition

The study uses a Seapix-R multibeam echosounder (MBES), capable of high-
resolution underwater imaging, for �sh monitoring in aquaculture. Positioned
outside a salmon cage with a downward tilt, the MBES covers most of the cage
area except for a small wedge-shaped blind spot at the top.

Figure 4.1: The system, installed at the Lingelaks site (Norway).

In Figure 4.2, a schematic of the cross-section of the MBES installed at the
site is shown. The actual system installed at the site is depicted in Figure 4.1.
The vertical array of the MBES served as the transmitting array, illuminating
one beam at a time within the �eld of view indicated in orange in Figure 4.2.
The transmitting beams varied in angle between -10 and 10 degrees from the
broadside. The horizontal array functioned as the receiving array, with beam-
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Figure 4.2: Cross section of the measurement setup. The MBES is drawn in
red, and the �eld of view of the MBES is orange.

forming performed in software after reception.
The dataset was obtained during a single data collection event. The sampling

was conducted at an o�shore salmon farming site operated by Lingelaks in
Bergadalen, Norway. During the sampling event, 15.300 swaths were collected
over 10 minutes. Each swath results from one beamformed transmission pulse
sent by the vertical array and then sampled by the horizontal array, resulting
in a bird's eye view snapshot.

4.2 Beamforming and target strength estimation

A steering vector was applied to the transmitting and receiving signal to perform
beamforming. The steering vectorv describes the phase delay applied to each
transducer for a plane wave arriving from an angle of arrival (AOA) or departure
from an angle of departure (AOD). The steering vector was derived from the
wave vector and is de�ned as:
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where � e(�; � ) is the phase at each transducer, de�ned as
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where k is the wave vector andR is the location of each transducer element.
Beamforming is accomplished by applying the phase shift de�ned by the

steering vector v(�; � ) (4.1) at the time of transmission and to the received
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signal after sampling. The received signal per transducer is denotedy, and
captured by the horizontal transducer array, and the transmitted waveform is
denoted by x and is sent with the vertical array. The steering vector for the
receiving case is:

w T = v(�; 0)H (4.3)

and in the transmitting case:
f = v(0; � ) (4.4)

The received echo level (EL) after beamforming the transmitted and received
signals can be expressed as:

EL = w T H � f � x + w T n (4.5)

where the pulsex to be transmitted is beamformed with the transmitting steer-
ing vector f and passes through the acoustic channelH . The echo signal, which
results from the interaction of the transmitted waveform with the surrounding
environment, is shaped by the channelH . This channel imposes the e�ects of the
echo on the signal, characterising the multiple-input multiple-output (MIMO)
relationship between the transmitting and receiving transducers. The signal
from the receiving transducer array then applies a steering vectorw T to the
received signal, including potential noisen in the system.

The received beamformed data de�nes the EL as a voltage vs. delay for each
angle �; � integrated over the sampling period. The target strength (TS) is then
estimated based on the received echo level (EL) and compensated for the source
level (SL) and two-way path loss by applying time-varied gain (TVG) and by
adding a constant for the absorption coe�cient. This formula provides a value
for target strength versus distance for each angle (�; � ).

TS = EL � SL � 2AF(�; � ) + 40 log10(r ) + 2 r� (4.6)

where SL is the source level, TS is the target strength, AF is the array factor,
r is the distance to the target, and � is the absorption coe�cient. The model
assumes spherical spreading from the source and target; thus, we employed
the term 20 � log10(r )[56]. This range correction aligns with the methodology
employed in [41].

The TS versus� and delay is then transformed into an image that an object
detection algorithm can employ to detect objects within. An example if such
an image can be seen in Figure 4.4.

4.3 Object detection

Departing from conventional threshold-based detection methods, this study
leveraged machine vision techniques to detect objects in the collected acoustic
data. These techniques o�er signi�cant advantages regarding adaptability and
precision and provide an innovative approach to underwater object detection
and analysis.

The positions of any clearly distinguishable targets were marked to use the
2D images obtained from the pre-processing steps as training data for the object
detection algorithm. The only signi�cant source of backscatter in the measure-
ments recorded during this trial was the �sh inside the cage. This process was
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Figure 4.3: Histogram of target strengths (TS) from a single swath (� = 0 o)
showing the distribution of backscatter strengths.

meticulous and labour-intensive, as great care had to be taken to ensure that
the quality of the training data was good.

Of the 15.300 swaths measured, 300 (1.96 %) were chosen at random times
and angles to produce the training, validation, and test data. The targets in
these 300 swaths were annotated, resulting in a total of 10.352 labelled ob-
jects. Of the 300 labelled swaths, the data were then split into training (70 %),
validation (20 %) and test data (10 %). The training set was augmented by
�ipping the images horizontally to double the training data to 600 swaths to
increase the training data. Some of the chosen object detection algorithms have
limitations regarding the image resolution and maximum number of targets per
image. Therefore, the data set was tiled in a 2x2 format to ensure compatibility,
transforming one image into four smaller sub-images.

In this study, YOLOv5 [57] (v7.0, 2022), YOLOv6 [58] (v4.0, 2023), YOLOv8
[59])(v8.0.0, 2023), and SSD [60] were employed as representative algorithms to
demonstrate the e�ectiveness of the proposed framework for object detection
using acoustic data. Each algorithm operates by setting bounding boxes to
detect objects, classifying the object within the box and providing a con�dence
score, an example of which can be seen in Figure 4.5.

These algorithms were selected to demonstrate the applicability and e�cacy
of machine vision techniques for this application. Each YOLO model was trained
for 10.000 epochs. However, the patience parameter was set to 600, meaning
the training process would terminate if there were no improvements after 600
consecutive epochs. The SSD model was trained for 64 epochs, after which
no improvement was found. The best-performing model from multiple training
rounds was selected for further comparison.
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Figure 4.4: Target strength of a single swath (� = 0 o) from the MBES. Backscat-
ter from �sh at di�erent angles and distances can be seen. The targets observed
in these measurements had a TS of <-65dB.

Figure 4.5: YOLOv8-L inference on a unseen swath.

4.4 Multibeam machine vision results

This section presents the �ndings from our experimental assessment of the e�-
cacy of the proposed method in object detection and classi�cation within MBES
swaths of �sh farming cages. Additional tests were conducted to evaluate the
detection accuracy and the impact of noise on the detection performance.

4.4.1 Detection Accuracy

To evaluate the performance of the algorithms, we employed three metrics:
Precision, Recall, and mean Average Precision (mAP). Precision is de�ned as
the proportion of identi�ed positives (i.e., detected objects) that are correct. A
model with perfect precision would only produce correct detections, but it might
miss many objects. Recall is de�ned as the proportion of true positives that
are identi�ed correctly. A model with perfect recall can detect every instance
of an object in an image, but it may also produce many false positives. mAP50

(mean Average Precision at 50 % Intersection over Union) is a combined metric.
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A detected bounding box is considered correct if it overlaps� 50% with the
ground truth box. Essentially, mAP 50 evaluates both the model's detection
ability and the precision of its bounding box placement.

Table 4.1 presents a comparative analysis of the detection accuracy for the
various object detection methods tested in our study. Except for SSD, the overall
mAP50 achieved was generally above 70 %, with small variations depending on
the model used, demonstrating a good ability to detect objects in the MBES
images.

Table 4.1: Detection accuracy for the tested object detection methods.
Method mAP50 P R
YoloV5 - x 0.713 0.748 0.702
YoloV6 - L 0.773 0.824 0.72
YoloV8 - x 0.697 0.781 0.626
SSD300 - ResNet-50 0.283 0.136 0.151

4.4.2 Detection Accuracy in the presence of noise

In real-world scenarios, image and object detection systems often encounter
noisy environments, a�ecting accuracy.

For our experiment, set in real-world conditions, we wanted to explore the
impact of noise on detection. To provide a consistent and controlled investi-
gation of the robustness of object detection algorithms under varying signal-
to-noise ratio (SNR) conditions, we introduced an arti�cial deterioration of
the SNR using normally distributed random noise. This method is commonly
employed in simulations to approximate the random noise typically found in
real-world environments and is very similar to models that aim to model the
spectrum of background noise underwater [61]. Further, as seen in Figure 4.3,
this distribution also �ts the TS distribution observed in our experiment.

We add normally distributed noise to the received signal to arti�cially de-
teriorate the signal-to-noise ratio before beamforming. The expression for the
noise-augmented received signal, derived from Equation 4.5, is:

y = H � f � x + n + N (0; � ) (4.7)

We introduced a new parameter to set the noise level, NL.

� = 20 log10(NL) (4.8)

We used noise levels (NL) ranging from -20 dB to 20 dB. The noise was
added as a vectorn in equation 4.5: for each level of noise, Gaussian noise was
randomly added to the input images, with the standard deviation of the noise
determined by the NL parameter. The detection accuracy of the model was
evaluated on noisy images using the mAP50. The results of this evaluation are
shown in Figure 4.6 which shows that the Detection Accuracy of the di�erent
models decreased as the NL increased, with a signi�cant drop in performance
at NL levels above 5 dB. At 0 dB, the model mAP50 dropped by approximately
20 % compared to its performance on noise-free images. At low NL, the model's
Detection Accuracy reaches levels near its noise-free performance at -20 dB NL.
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Figure 4.6: mAP50 at di�erent arti�cially added noise levels.

We also observe that the YOLO-based models perform signi�cantly better than
the SSD300 model at low NL, with a smaller di�erence at high NL.

Given that the Detection Accuracy remains una�ected until a substantial
degree of noise is introduced, it is plausible to suggest that the acoustic emis-
sion power we used may be excessive for the employed range. Consequently,
reducing the power level could not only contribute to a reduction in MBES
power consumption but also potentially enhance �sh welfare.

4.4.3 Bounding box analysis

Our results showed that the bounding boxes' average size is0:11m2, as can be
seen in Figure 4.7.

While bounding box dimensions generally correlate with �sh size, with larger
�sh producing larger bounding boxes, it's important to understand this corre-
lation is not direct. Equating bounding box dimensions to �sh size directly
would be misleading, as the heading of the �sh can signi�cantly in�uence the
size of the bounding box. For example, if the �sh swim in the direction of the
image's Cartesian axis, the bounding box will appear small, but if the �sh swim
diagonally, the bounding box becomes larger.

Furthermore, not all parts of a �sh may be equally insoni�ed in the sonar
image. Situations may arise where only a portion of the �sh is visible, leading
to an underestimation of its size based on the bounding box dimensions. This
issue is further complicated when considering that the beam angle of the MBES
is only 1:6o, meaning that there may be many �sh in each image that are only
partially illuminated.

While most bounding boxes corresponded to the anticipated size range, we
did note that some were signi�cantly larger. This result indicates the poten-
tial occurrence of scenarios where multiple �sh are near each other, resulting
in overlap and a consequent larger bounding box. Overlapping object detec-
tion is a recognised challenge in this �eld [62]. However, given the relatively
consistent shape of a �sh, there are techniques available to �t known shapes
to overlapping objects, aiding in their di�erentiation [63]. Nevertheless, in our
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Figure 4.7: Bounding box size distribution of targets detected with YOLOv6.

dataset, instances of overlapping �sh were uncommon. Approximately 95 % of
the bounding boxes were smaller than0:2m2, end base, squared, suggesting they
likely encapsulated a single �sh.

4.5 Discussion

Our results demonstrate the potential of using machine-learning algorithms for
object detection in images as an alternative to the traditional method of se-
lecting a threshold. We demonstrate that a machine vision algorithm can ex-
ploit information from multiple delays and angles for accurate target detection.
However, some disadvantages must be considered. For example, this method is
currently limited to detecting objects within a speci�c range of sizes. It may not
perform well in detecting objects signi�cantly smaller or larger than the sizes in
the training data.

Exposing the algorithms to more training data captured in more varied sit-
uations may improve their performance, allowing them to better recognise and
di�erentiate between di�erent objects.

This work serves as an initial step in showcasing some of the possibilities
that an MBES o�ers to �sh farming, particularly by establishing the feasibility
of employing machine vision for object detection in sonar images. While the
current study provides insights into the feasibility of this method, we recognise
the limitations of using vision-based algorithms and the merit of developing a
dedicated algorithm for this task.

Although our proposed method demonstrates promising results for object
detection in images, there is still room for improvement. Future work should
focus on exploring new approaches and techniques that can help address the
current limitations and further improve the performance of our method.
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4.6 Conclusion

In this study, we successfully trained di�erent vision-based machine learning
algorithms to detect targets based on images obtained from an MBES pointed
at a �sh farming cage.

Successful implementation of this method may have signi�cant implications
for �sh farming. Reliable methods for �sh detection can potentially improve
e�ciency and reduce welfare risks to �sh during farming operations, including
optimising feeding schedules, analysing behaviour, and detecting �sh health
issues.

Although the present work focuses on detecting �sh, this method of using
vision-based object detection algorithms to detect targets in �sh farms can be
extended to detect and classify other objects present in and around �sh farms,
such as cages, mooring lines, and mooring plates allowing for live monitoring of
the dynamics of �sh farms.

In conclusion, while our study demonstrates the feasibility of using machine
learning algorithms to detect targets from MBES images in �sh farming cages,
it is important to note its limitation due to reliance on a small dataset from a
single location.

Building on this foundation, in Chapter 5, we intend to broaden our re-
search scope with larger and more varied datasets. This expansion will validate
our �ndings and allow for exploring additional insights, such as behavioural
patterns, akin to the observations made in Chapter 3. This extended analysis
could yield a more comprehensive understanding of �sh behaviour and aquacul-
ture dynamics.
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Chapter 5

Exploring Salmon Behaviour
in Aquaculture Using 3D
Multibeam Sonar

Our previous research laid the groundwork by harnessing multibeam echo sounders
with advanced machine-learning algorithms to detect the location of individual
�sh within these �sh farms [64]. The current study extends this innovative
approach, employing long-term monitoring to develop methods to capture the
diurnal behavioural variations of salmon within sea cages. These extended ob-
servations are poised to reveal a comprehensive picture of �sh behaviour, a�ected
by the interplay of natural rhythms and the altered hydrodynamics of their new
habitats.

5.1 Materials and Methods

5.1.1 Study Site and Fish stock

The study was conducted at an o�shore salmon farming site operated by Lin-
gelaks in Bergadalen, Norway. The Atlantic salmon (Salmo salar) stock at this
location is contained within square �exible net cages measuring 37m� 37m.
The depth of the cage, excluding the conical part is 20.
The �sh stock size was sampled on September 8'th 2023, with an average size
of 1297 g. Employing a standard growth formula, the average size during the
data acquisition in the days (8. Nov 2023 - 11. Nov 2023) is estimated to be
2460 g.

5.1.2 Setup

For the experiment, the MBES was mounted on the outside a 37m� 37m square
cage, approximately 13 m from the nearest corner. This study employed the
methodology outlined in [64], found in Appendix C for processing the acoustic
data into images. As the process of beamforming and projection remained
consistent with our previous e�orts.
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Figure 5.1: Measurement setup. The Seapix is drawn in red, and its �eld of
view is drawn in orange.

5.1.3 Data Acquisition

Data acquisition commenced on Tuesday, November 7, 2023, at 17:30:40 GMT
and concluded on Saturday, November 11, 2023, at 13:30:21 GMT, spanning a
duration of 3 days and 20 hours. Throughout the experiment, data sampling
occurred at 30-minute intervals, each lasting for 10 minutes. Each 10 minute
sampling event generated 4.998 swaths, capturing angles ranging from� =
� 10o to � = 100, with a granularity of 1o. Out of these sampling events, 11
were unsuccessful. The total amount of raw data collected amounted to 378
GB. Following the processes of beamforming and image generation, the �nal
dataset size was to 692 GB. During this period the MBES was set up with the
con�guration as de�ned in table 5.1.

Table 5.1: MBES Con�guration parameters during data acquisition.
Parameter Value Unit
Sampling duration 600 [s]
Sampling interval 1800 [s]
Transmission mode CW
Transmission frequency 150 kHz
Transducer drive voltage 600 [V]
Transmission duration 50 [� S]
Reception duration 25 [ms]
Idle duration 10 [ms]
Transmission swath start angle 10 deg
Transmission swath stop angle -10 deg
Transmission swath step 1 deg

5.1.4 Target detection

For target detection, we focused on enhancing the performance of the previously
most e�ective model, Yolov6-L[58]. We enriched the training data by incorpo-
rating 50 randomly selected and labeled images from the beamformed dataset

42



speci�c to this site. Subsequently, the entire dataset underwent augmentation
processes, including �ipping, rotating, and noise addition, to enhance model
robustness.

The model underwent training across 10,000 epochs multiple times to opti-
mise its performance. The best iteration of the model demonstrated a mAP50
of 0.89, accompanied by a precision of 0.92 and a recall rate of 0.89, indicating
substantial improvements in target detection capabilities of 12% compared to
our best performing algorithm before, resulting in half of the missed targets in
the earlier method being detected correctly by the new method.

5.1.5 Target location analysis

One parameter that is of interest to analyse is the likelyhood of a �sh colliding
with the cage, as this can cause wounds and injure the �sh. To measure this
distance, we take each individual swath, and measure the distance between the
nearest �ve targets, as can be seen in Figure 5.2. The net position is calculated
from the geometry of the setup, and does not take cage deformation into account.
Similarly, to get a measure of the risk of �sh colliding with each other, we also

Figure 5.2: Measurement from cage to nearest �sh. The grey lines signify the
distance from the cage to �ve of the nearest �sh inside the cage. Cage location
(red) is found by the geometry of the setup.

analyse the swimming distance between �sh. This is done in 3D for each range
of swaths� = � 10o � 10o in such a way that �rst the 3d location of all targets is
found, then targets that overlap two or more swaths get removed, this is more
likely at shorter distances. Then for each target, the distance to the nearest
target is found, and then averaged. An example of this is shown in Figure 5.3.
One potential issue with this approach is that �sh near the end of the detection
range have a disadvantage, as the nearest �sh might be out of range of the
observation, resulting in not the nearest target being measured.

5.2 Results

5.2.1 Mean distance between �sh

To analyse the mean distance between �sh in the dataset we collect the �sh
detection data, computing the 3D positions of the �sh, and calculating the
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Figure 5.3: Mesuring swimming distance between �sh. The grey lines signify
the distance from various targets to the target being analysed. The target being
analysed is shown by it's red bounding box, and the nearest target that is not
itself is shown with a red line.

distance between each �sh and its nearest neighbour. The distances are then
aggregated into a matrix, with each row representing a di�erent time point. The
method concludes with plotting this data to visualise variations in �sh distances
over time or in relation to environmental factors like solar angles.

Figure 5.4: Distance between �sh at � 10 < � < 10 versus time on left Y axis
and solar elevation on right axis.

Plotting the mean distance between �sh versus solar angle produces Fig-
ure 5.5.
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Figure 5.5: Mean distance between �sh versus solar angle.

5.2.2 Distance from cage to �sh

In this subsection, the distance from the cage to the mean distance of the nearest
5 �sh is plotted.

Figure 5.6: Mean distance from cage to nearest �ve �sh versus time.
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Figure 5.7: Mean distance from cage to nearest �ve �sh versus solar angle.
Yellow line shows moving average over 10 points.

5.3 Discussion

In the results where we look at the mean distance between �sh, we see that there
is a huge variation in time. Although during nighttime, the behaviour seems
mostly constant. Twilight starts at a solar angle of � 18o. As the sun starts to
rise, we see larger separation between �sh. This may be because as the sun rises,
each individual �sh may have a better chance of not hitting each other. As the
sun reaches it's highest point of the day, the distance between the �sh decreases
again, before we start seeing a gradual drift back to nighttime behaviour. This
may be because of a schooling pattern emerging, similar as seen in [30, 10]. It
is di�cult to make meaningful observations with certainty regarding the mean
distance from cage to the �sh. It seems like the �sh do not behave the same
every day. We can see that generally during the day, the �sh seems to swim
further from the cage border, and during the night the �sh are nearer. This
might be due to the fact that the �sh may have di�culties in seeing the net.

5.4 Conclusions

The aim of this study was to investigate the behaviour of farmed Atlantic salmon
using advanced 3D multibeam sonar technology in an o�shore farming environ-
ment. To achieve this, we �rst improved the performance from the best model
from Paper III, by incorporating more training data from a new site and a longer
time period, along with changes in the augmentation method to further expand
the dataset. The enhanced model showed a marked improvement in perfor-
mance, achieving a mAP50 of 0.89 compared to the previous high of 0.77. The
dataset for this study covered four days, during which the spacing between �sh
and their proximity to the cage were analysed. The result showed indications
of day-night variations in salmon swimming patterns, aligning with �ndings
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from [10]. During the night, swimming patterns seems relatively constant, but
as dawn approached, an increase in the separation between �sh was observed,
likely due to improved visibility. This trend reversed as the day progressed,
with a decrease in distance between �sh around midday, possibly indicating the
formation of schooling patterns. The results also suggested that the distance
between the �sh and the cage varied during the observation period, with �sh
tending to swim closer to the cage at night, potentially due to di�culties in
perceiving the net. This variability in behaviour shows some of the complexity
of �sh interactions within their environment and highlights the necessity for
continuous and advanced monitoring in aquaculture practices.
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Chapter 6

Cellular Communications for
Remote Aquaculture
Monitoring

This work explores communication challenges inherent in future sustainable
aquaculture operations. One trend is for aquaculture to move further o�shore as
suitable nearshore sites are exhausted, and other bene�ts of increased separation
of installations are realised. For example, sea lice is a prominent issue in salmon
farming, resulting in economic losses for the industry and impacting the welfare
of the farmed �sh [65]. Sea lice larvae do not feed, relying solely on the energy
from their internal yolk for survival. Due to this limited energy source, they have
a restricted lifespan and must quickly �nd and infect a host [66]. These larvae
rely on ocean currents to propel them, so the likelihood of transmission decreases
as the distance between farms increases. To combat salmon lice and improve
�sh welfare and salmon production, there is, therefore, increasing interest in
o�shore �sh farming, with greater separation. Currently, most salmon farms lie
within 400 m from shore and less than 5 km from each other [5].

Far o�shore sites maximise this advantage, almost eliminating the infection
pressure from salmon lice, with rates approaching zero [67]. This advantage facil-
itates healthier �sh populations and improves the sustainability of �sh farming.
To this end, the Norwegian Directorate of Fisheries has recommended three
areas for far o�shore �sh farming, situated between 40 and 60 km from land
[68].

However, moving operations farther from the coast introduces its own chal-
lenges. Modern �sh farms rely on extensive monitoring of many parameters to
estimate �sh health, behaviour, and environmental conditions. This reliance
on monitoring is increasing as emerging technologies and automated systems
become more widely used, and direct observations become more di�cult and
costly as operations move farther from shore.

O�shore sites, in particular, often struggle with weak cellular reception. In
an era where real-time monitoring and data-driven decision-making are crucial
to successful sustainable aquaculture, poor connectivity threatens operational
e�ciency and jeopardises �sh welfare.While these remote sites may be crewed,
future farms are likely to move increasingly towards uncrewed operations, and,
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in any case, regularly transmitting operational information to onshore facilities
o�ers several advantages.

Constantly relaying data to operations centres enables a broader team of
experts to monitor and assess the situation and facilitates the application of
AI across amalgamated large datasets to identify potential problems earlier and
more consistently. This approach facilitates timely interventions and better,
data-driven decision-making.

This work introduces a novel network application for transmitting data from
far o�shore �sh farms. Using data-heavy sources, we employ machine learning
to extract the key parameters for ensuring the required Quality of Service (QoS)
[69]. In the context of monitoring o�shore �sh farms, the uplink throughput is
crucial for real-time applications, especially in challenging environments. This
contrasts with common connectivity QoS needs in land-based cellular networks,
where the downlink is typically prioritised, and the uplink may be compara-
tively weak. Through adaptive data transmission strategies, we investigate the
potential of land-based cellular networks to provide real-time monitoring data
from a far-o�shore �sh farm.

6.1 Multibeam Sonar in Aquaculture Monitoring

The integration of cutting-edge technologies propels the evolution of o�shore
aquaculture monitoring. Among these, multibeam sonar may emerge as a game-
changer, o�ering new insights into underwater environments.

An example of this technology is the Seapix-R 3D multibeam sonar system,
which we explored in prior work [64]. Positioned to monitor �sh movement and
behaviour within their cages, this system captures details that would be elusive
to conventional methods. By transmitting acoustic pulses with a frequency of
150 kHz and sampling the resulting backscatter using its 64 transducer reception
array at 36 kHz, the system collects raw data at a rate of 5.55 MB/s.

While this wealth of data unveils details about the underwater environment,
it poses challenges, especially when considering real-time data transmission in
o�shore settings with limited bandwidth. As we transition into discussions on
cellular communication in the subsequent sections, it is essential to keep this
context in mind: the substantial data output from multibeam sonar and the
inherent challenges of transmitting this information e�ciently.

6.1.1 Path loss

Estimating the received power levels becomes paramount to assessing commu-
nication performance over extended o�shore distances. For this purpose, we
employ three prominent models: Free Space Path Loss (FSPL), the Two-Ray
Ground Re�ection model, and the ITU-R P.1546-6 recommendation.

Path loss summary

At a distance of 44 km, the estimated path loss for the di�erent models is
summarised in Table 6.1. Communication beyond the radar horizon distance (44
km in this scenario) is feasible at the assumed frequencies [70], but experiences
signi�cant attenuation as the received signal mainly consists of tropospheric
propagation paths. The e�ects are included in the ITU-R calculation [71, 72].
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Figure 6.1: Path Loss vs. Distance for LTE band 20 operating at 700 MHz.
Height of transmitter and receiver as per the chosen scenario.

Table 6.1: Path loss at 44 km.
Model Path Loss (dB)
Free Space -122.22
Two-Ray -123.28
ITU-R P.1546 -135.78

Figure 6.1 illustrates the path loss at di�erent distances. Examining the
path loss estimates from the di�erent models at 44 km, as summarised in Table
6.1, it is evident that the ITU-R P.1546-6 recommendation provides the highest
and, therefore, most conservative path loss value. Given the importance of
conservative estimates in ensuring reliable communication in challenging marine
environments, we use the ITU-R P.1546-6 value for our subsequent analyses.

6.1.2 Link budget

The link budget accounts for the gains and losses in a communication system,
providing a way to evaluate the strength of the received signal. By accounting
for all sources of gain (e.g. antenna gain) and loss (e.g. path loss), the link
budget helps determine whether a system will meet its required performance
criteria, such as the necessary SNR for a speci�c modulation and coding scheme
(MCS).

To determine the appropriate MCS for our scenario, evaluating the uplink's
signal-to-noise ratio (SNR) is essential. Given our focus on the uplink direction
for data transmission and considering its inherently lower transmission power
than the downlink, this point becomes especially relevant. To evaluate the link
budget, we �rst estimate the received power based on the transmitted power and
the losses and gains of the system. In our case, we assume a user equipment
(UE) power class 4 (High power non-handheld UE), with a maximum total
radiated power of 23 dBm and a maximum antenna gain of 20 dB as de�ned
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in [73]. We consider the noise �gure, which represents the degradation of the
SNR as the signal passes through the system. A typical noise �gure in practical
systems is about -6 dB [74] with a front-end loss of -4 dB. The resulting received
power is -105.6 dBm. Thermal noise is the only noise source considered, de�ned
as

N0 = kTB = � 107:44 dBm (6.1)

where: k is Boltzmann's constant, T0 is temperature andB is bandwidth. From
the received power and thermal noise, we can evaluate the SNR:

SNR =
Eb

N0
= 1 :33 dB (6.2)

where: Eb is the energy per bit. From the SNR, the spectral e�ciency can be
evaluated:

C = log 2

�
1 +

Eb

N0

�
= 1 :33 bps/Hz (6.3)

While these values are low, they fall within the spectral e�ciency of the MCS
index tables de�ned in [75]. They are around the limit of the reference sensitivity
de�ned for base stations in [76].

Making a crude estimation, not accounting for scheduling, control channels,
MAC, losses due to imperfect MCS selection, we can estimate the upper limit
of the data throughput as:

DL = C � B = 0 :74MB/s (6.4)

6.2 Adaptive Data Analysis, Compression and
Transmission (ADACT) to match QoS

Adaptive data transmission is a dynamic approach to data communication that
adjusts transmission parameters based on the prevailing network conditions.
Unlike traditional methods, which generally operate with �xed parameters ir-
respective of the network environment, adaptive data transmission tailors its
operations to ensure optimal performance under varying conditions. In the
context of monitoring o�shore farms, the marine environment poses signi�cant
challenges. Weather �uctuations, marine tra�c, and channel interference can
a�ect QoS. Adaptive data transmission may become indispensable as it dynam-
ically adjusts to these ever-changing conditions, maximising QoS.

However, the sheer volume of data, especially from advanced tools like multi-
beam sonars, presents a severe challenge. A raw data rate of over 5 MB/s can
be overwhelming for real-time transmission, especially in bandwidth-constrained
o�shore settings, even for adaptive data transmission systems.

To address this issue, we introduce the concept of Adaptive Data Anal-
ysis and Compression, in which image processing (beamforming the sampled
backscatter at di�erent angles) is used as a �rst step to form images that can
be compressed with an adaptive compression level, depending on the attainable
QoS of the data transmission link. The images are assembled as a video and
compressed with H.264, reducing the data rate to 0.92 MB/s.

This point is still more than supported by the conditions found in Equa-
tion 6.3. However with adaptively chosen further compression and/or reduced
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resolution or a reduced sampling speed, real-time observations are possible.
These measures may be adjusted as signal conditions improve or degrade.

It is also possible to leverage machine vision techniques to reduce the data
volume by adaptive analysis of the images generated by beamforming. For ex-
ample, we have previously developed a method to identify �sh locations from
data-heavy sources using YOLOv6 [58]. The algorithm's output focuses solely
on the critical �sh positional data, stripping away redundant content. This
contextually-driven image analysis reduces the data rate to less than 9 kB/s,
making transmission more feasible in bandwidth-limited environments and al-
lowing even the narrowband Internet of Things (NB-IoT) to become feasible.
Furthermore, this approach would leave bandwidth for transmitting other op-
erational data, including from multiple multibeam echo sounders. ADACT,
enabled by AI and ML techniques, thus provides an e�cient and adaptable so-
lution for data communication in challenging environments. It can help ensure
that o�shore �sh farms remain connected, enabling timely and e�ective decision-
making while providing more information when conditions support higher data
transfer rates. ADACT ensures that the maximum priority information can be
provided to support decision-making in far o�shore farming operations.

6.3 Conclusion

Our exploration of the feasibility of using 5G cellular communication for remote
o�shore aquaculture monitoring shows that cellular coverage in good conditions
should be possible. However, the uplink performance is likely too limited to
support dense data transfer from sophisticated monitoring systems. Adaptive
Data Analysis, Compression and Transmission mechanisms, enabled by arti�cial
intelligence and machine learning techniques with feedback, ensure that criti-
cal data can still be transmitted in real time, even in bandwidth-constrained
scenarios.

Space-based communication systems like SpaceX's Starlink present an in-
triguing alternative or supplementary solution. As satellite constellations ex-
pand and their coverage becomes more comprehensive, they might provide the
bandwidth and reliability needed for far-o�shore operations. However, these
systems are still limited in their uplink performance. The ADACT mechanisms
outlined in this research o�er a viable method to optimise how o�shore aqua-
culture operators remain informed, connected, and primed for timely decision-
making, regardless of the type of communication network employed.
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Chapter 7

Conclusions and Future
perspectives

The following sections will summarise the main �ndings from each line of in-
quiry, demonstrating how this research contributes to the �eld and suggesting
directions for future work.

7.1 Conclusion

In concluding this thesis, we re�ect on our exploration of observation methods
for salmon in o�shore farming cages. This research was driven by key questions
about current monitoring practices, observable �sh behaviours, the potential of
alternative technologies, and the viability of remote communication methods.
Through various studies, we have uncovered signi�cant insights into these areas,
enhancing our understanding and capabilities in aquaculture monitoring.

7.1.1 Findings from Paper I

In the �rst paper we review current and state-of-the-art �sh farming observa-
tion methods, assessing their e�ectiveness and limitations. Key �ndings include
the e�ectiveness of camera-based systems within their limited range and the
challenges in ensuring clear imaging and data extraction. Acoustic cameras
provide advantages in low light and turbid conditions, while tag-based systems,
though informative, are invasive. Acoustic sonar, particularly multibeam sonars,
emerges as a promising but underutilised method due to its complexity. The
paper highlights a future focus on automatic detection and tracking, likely in-
tegrating machine learning to enhance these monitoring methods according to
speci�c operational goals.

7.1.2 Findings from Paper II

In paper II we apply some of the observation methods reviewed in the �rst
paper to study salmon behaviour. Key observations reveal that currents and
waves signi�cantly in�uence the available space for salmon, a�ecting their be-
haviour. Salmon prefer areas with stronger currents but avoid surfaces during
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large waves. This behaviour suggests the need for cage designs that are resistant
to deformation and deep enough to provide ample vertical space, even in strong
currents. This is particularly crucial when wave sizes increase and before har-
vest when biomass density is high. In the study we noted that the limitations
of existing observational methods like single beam sonar and manual optical
categorisation, emphasising the need for more e�cient and precise techniques.

7.1.3 Findings from paper III

In paper III, we developed a method for automatic detection of salmon using
machine vision algorithms in images based on multi beam data. We show that
these algorithms are e�ective in detecting targets from backscatter data, al-
though the detection range is constrained by the multipath e�ects caused by
the high biomass within the cage. We also note that out implementation has
some limitation regarding the training data, and expanding the training dataset
with more diverse scenarios could improve algorithm performance. This re-
search is a signi�cant step in automating real-time observation in aquaculture
using MBES, indicating potential areas for future re�nement and enhancement
of object detection capabilities.

7.1.4 Findings from paper IV

In Paper IV, we advanced the machine vision models from Paper III. This was
achieved by incorporating more training data from a new site and a longer time
period, along with changes in the augmentation method to further expand the
dataset. The enhanced model showed a marked improvement in performance,
achieving a mAP50 of 0.89 compared to the previous maximum mAP50 of 0.77.
The dataset for this study covered four days, during which the spacing between
�sh and their proximity to the cage were analysed. The result showed indications
of day-night variations in salmon swimming patterns, aligning with �ndings from
Paper II.

7.1.5 Findings from paper V

In paper V, we explore the use of 5G cellular communication for remote moni-
toring in far o�shore aquaculture. We show that that cellular coverage is gen-
erally feasible at the distances that the far o�shore sites require. The uplink
performance at these sites may be insu�cient for dense data transfer from ad-
vanced monitoring systems. To mitigate this, we introduce Adaptive Data Anal-
ysis, Compression, and Transmission (ADACT) mechanisms, leveraging AI and
machine learning. ADACT ensures real-time data transmission in bandwidth-
limited scenarios. We also discuss how space-based communication systems like
Starlink can provide additional uplink capabilities and redundancy.

7.1.6 Concluding remarks

In summarising this thesis, we have made signi�cant e�orts in understanding
and enhancing salmon monitoring in o�shore cages. Our exploration spanned
from evaluating current observation methods to implementing advanced ma-
chine learning algorithms for real-time monitoring. We have uncovered some of
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the dynamics in the nature of salmon behaviour in�uenced by environmental fac-
tors and developed innovative approaches to overcome technological challenges
in remote settings. We hope that these �ndings can enable more sustainable
and welfare-focused aquaculture practices.

7.2 Future perspectives

7.2.1 Dataset Expansion and Environmental Diversity

Future research should aim to collect and analyse data from a wider range of
environmental conditions. In Paper III, the data was acquired over a 10-minute
period, laying the groundwork for the method. In Paper IV, we built upon this
by signi�cantly extending the data collection to nearly 4 days, equivalent to
about 28.8 days of continuous recordings. This provided a richer dataset and,
after training, resulted in a much-improved algorithm.

However, this dataset covered only two sites with the same cage type. The
data acquisition period should be further extended, taking inspiration from Pa-
per II's 106-day sampling period using two single beam sonars. Extensive data
collection is essential for in-depth behavioural analysis of salmon, especially
when capturing behaviours linked to environmental conditions. Future experi-
ments should occur in varied conditions, including di�erent currents, wave sce-
narios, salmon sizes, and cage types. This approach underscores the need for
substantial computational resources and storage solutions for managing the large
data volumes from extended monitoring. These experiments could further re�ne
the monitoring method and provide deeper insights into salmon behaviour.

7.2.2 Algorithm Development

One promising avenue for future research is exploring temporal tracking of tar-
gets. This method involves analysing consecutive swaths to track individual �sh
location over time, allowing for the observation of �sh movement. Correlating
�sh positions over time o�ers a more thorough understanding of their behaviour
and movement patterns, addressing temporal dynamics issues not evident in iso-
lated swaths. While the method developed in Paper III shows the feasibility of
using machine vision algorithms to detect �sh in images, we recognize its lim-
itations, particularly in not fully utilizing the data acquired. In the process of
transforming beamformed data to images, some information may get lost. For
instance, due to the beam aperture of the MBES, details near the echosounder
appear small, and might get lost as a picture with a lower resolution gets gen-
erated from the data. Information can also get lost in the image's colourscale,
despite e�orts to select values that accurately represent data intensities. While
this method has proven e�ective for demonstrating MBES use in salmon mon-
itoring, developing a dedicated algorithm for �sh detection from beamformed
data has merit. A dedicated algorithm could better use temporal and 3D data,
a direction worth considering in future research.

7.2.3 Sustainability

If methods could be developed to use MBES data to monitor appetite and
feeding behaviour, then it might become possible to reduce feed waste, by for
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example feeding �sh with data driven feeding regimes. The e�ectiveness of
tracking feed, can also be extended to tracking growth. This not only can
contribute to operational cost of the farm, but also reduce environmental impact
of farming operations. Additionally, if methods could be developed for a MBES
to track feed pellets as they sink, then insights into the distribution of feed waste
on the sea�oor could be gathered.

7.2.4 Multistatic operation

The ambition to develop multistatic observation methods using multibeam sonar
was an early goal of this project that was postponed. The bene�ts of a multi-
static system extend beyond merely increasing the coverage area; it also o�ers
diversity gain and higher spatial resolution. Such a system can reveal intricate
details about activities within the cages. Increasing the number of MBES units
would enhance spatial resolution and mitigate the attenuation e�ects caused by
the high biomass inside the cages, leading to clearer and more detailed obser-
vations. Doppler observations could also become far more interesting, as any
velocities measured would be in absolute spatial terms instead of relative to the
single multibeam.

7.2.5 Automated Data Processing Techniques

Developing advanced automated data processing techniques is crucial for opti-
mising salmon monitoring in o�shore farming. With a well-trained algorithm,
we can shift towards a more automated approach in data processing, reducing
manual intervention signi�cantly. This automation is not just about processing
data but also about creating systems that can inform �sh farmers proactively
during the production cycle.

By e�ectively and e�ciently utilising the data acquired, such a system could
o�er real-time insights and decision-making support, enhancing the overall ef-
�ciency and productivity of aquaculture operations. The key lies in crafting
a method that not only processes data e�ciently, but also interprets it in a
way that is actionable and bene�cial for daily farming practices. Note also
that more comprehensive state-of-the-art work on deep learning and machine
learning algorithms can be adopted to further enhance and improve the system
performance.
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