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Abstract
Creating a model of collective behaviours, such as a fish shoal, requires
understanding the movements and interactions of the individuals within.
Individual-based models (IBMs), which consist of autonomous agents
interacting in a model space, have been used extensively in collective be-
haviour research, including investigating how fish engage with each other
and their environment. Testing these models with data gathered from
the lab or the field can be difficult, however. By extension, very few
modelling studies have aimed to address real-world questions such as en-
vironmental degradation. As shoaling behaviour is a source of variability
in the acoustic survey methods that underpin many fisheries population
estimates, IBMs can be used to explore how intrinsic behavioural factors
and extrinsic environmental factors interact to affect shoal shape and
density, and therefore stock assessments and sustainable fisheries quotas.

Chapter 2 reviews the role of behaviour in acoustic sampling, shoal-
ing IBMs, and the potential for improvements to fisheries sustainability
by exploring density estimation with an IBM. Chapter 3 is an exam-
ple of how a simple shoaling IBM based on the three-parameter model
of coherence with local neighbours, separation at a close distance, and
alignment with neighbours, built to be flexible and scalable in Python,
can be validated with approximate Bayesian computation (ABC). ABC,
while commonly used to validate IBMs, has not previously been applied
to a shoaling model. In ABC, statistical indicators of shoaling behaviour
collected from the model and from video of a small shoal of fish are used
to narrow the prior distribution of parameter values for the model. Four
of the six parameters were significantly narrowed. Cross-validation tests
indicated, however, that the model could be improved by determining
more informative statistical indicators. The overall IBM/ABC frame-
work, as demonstrated in Chapter 3, is flexible and iterative, well-suited
to collective behaviour modelling where informative priors and a large
quantity of empirical data may not be available.

Chapter 4 presents a version of the shoaling IBM in Chapter 3, recon-
ceptualized to match the output from acoustic surveying: echograms.
By determining the density from the position of each fish, rather than a
statistical indicator of individual behaviour (i.e. nearest neighbour dis-
tance), ABC could be used to determine how the overall shape of a shoal
changes in response to intrinsic factors, such as swimming speed, or ex-
trinsic factors such as a thermocline or sloped substrate. Additionally,
heading, which emerges from the movement vectors programmed for each
individual, can be representative of the tilt angle of the fish relative to
the ship. Tilt angle is an important factor in acoustic sampling, as the

vii



different tissues within a fish provide a different acoustic signal. Across
a fish shoal, this can lead to high variability in the recorded backscatter
and therefore biomass. Additional work is needed to develop the prior
parameters, density calculations, and computational framework to simu-
late and assess a fish shoal on the scale of pelagic species like herring or
blue whiting, but this chapter presents a novel approach to density esti-
mation with the potential to apply the robust field of collective behaviour
modelling to fisheries sustainability.

To further explore the relationship between shoaling behaviour and
acoustic sampling, Chapter 5 contains a survey of acoustic experts and
non-experts on their ability to identify species from echograms without
contextual information. There was high agreement across both groups for
simpler echograms, but low agreement for more complex ones. Overall,
the expert group performed only marginally better than the non-expert
group. The comments on the survey emphasized the importance of con-
textual information (time of day, time of year, and location) in species
identification. These findings indicate that shoaling behaviour is not
straight-forward or species-specific, with additional implications for at-
tempts to automate the acoustic survey process. Overall, this thesis seeks
to combine the theory behind collective behaviour with the practical need
for better estimates of fish density.
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Chapter 1

Introduction

1.1 What models are ‘useful’?
The first part of the often-repeated phrase “essentially all models are
wrong, but some are useful” (Wasserstein 2010) encompasses a funda-
mental issue in computational ecology – that no model can accurately
reflect the natural world. The second part is a buoying statement for the
computational ecologist, acknowledging that modelling can provide some
insight. The definition of what is ‘useful’, however, varies from scientist
to scientist. Some researchers seek to understand the broader how and
why of natural processes, with the goal of informing overarching con-
cepts, while others focus on a specific question with the goal of providing
a solution to a specific issue. Traditional approaches to ecology treat the-
oretical and practical approaches as separate (or even competing) fields
(Wagner 1974), where some ecologists seek unifying characteristics across
complex systems (Coyle 2014), and some see each system as a case study
and models as an extension of that case study where every variable can
be controlled (Halliday 2014).

These approaches rarely overlap, save a citation in an introduction or
a conversation over coffee. However, as those of us interested in tackling
the immediate problems of climate change, biodiversity loss, and resource
management seek to understand the problems we face, there is a wealth
of information that has been carefully explored by researchers interested
in more theoretical or esoteric questions that can be integrated with more
practical, computational approaches. There is value in translating what
is useful for our greater understanding of the natural world to what is
useful for keeping the planet inhabitable.

Collective behaviour research is a large and interdisciplinary field,
ranging from computer animation to ecology, investigating different as-
pects of how and why animals form groups. The field began with obser-
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vations of the natural world and some of the “eminent founders” of the
field of ethology, Karl von Frisch, Konrad Lorenz, and Nikolaas Tinber-
gen, were awarded the Nobel Prize in Physiology or Medicine in 1973
for identifying basic principles in the behaviour of insects, fish, and birds
and applying them to mammals, including humans (The Nobel Prize
in Physiology or Medicine 1973 2021; King et al. 2018). The field of
collective behaviour research, focused on how group behaviours emerge
from local interactions, was subsequently built on laboratory experiments
and models based on high-resolution tracking of individuals (King et al.
2018). Currently, almost all collective behaviour research is based on
simulations, but the applications are still wide-ranging. More recently,
improvements in ecological and behavioural data capture methods have
allowed for a “re-wilding” of collective behaviour research (as termed by
King et al. (2018)), where ecological realism can be improved by including
the environmental and social heterogeneity inherent in field data. This
data-driven approach does not, however, mean that the theory-driven
modelling approach on which the field is based is useless. A useful model
incorporates both approaches. King et al. (2018) quote Karl Popper on
the application of multi-disciplinary research to address environmental
degradation: “we are not students of some subject matter, but students
of problems”.

1.2 The development of collective behaviour
models of fish shoals

Interest in how fish form groups, including the overarching rules and the
implications for ecology have been the subject of research for over four
decades. The early three-parameter model (balancing coherence, sepa-
ration, and alignment) is still in use (Aoki 1984; Reynolds 1987; Jolles
et al. 2020), but the focus of the bulk of the research has changed over
time (Figure 1.1). Earlier studies focused on the sorting of individu-
als and whether the fish in front could be considered ‘leaders’ (Krause
1993; Huth and Wissel 1994; Krause et al. 2000; Reebs 2000; Couzin
et al. 2002). Later, research shifted to developing new approaches for
modelling, refining the three-parameter model (Tien et al. 2004), the
framework used (Gautrais et al. 2008), and the perceptive abilities of
the individuals (Rountree and Sedberry 2009). Interest in the interac-
tions between the shoal and the environment, while always of interest
(Nonacs et al. 1998; Krause et al. 2000; Hensor et al. 2005; Hemelrijk
and Hildenbrandt 2008; Berdahl et al. 2013; Rieucau et al. 2014), became
increasingly common more recently (Fig. 1.1). This increase likely ac-
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companies improvements in in-situ monitoring techniques such as sonar
(Handegard et al. 2012), and ex-situ technology such as creating virtual
reality tanks where the researchers can create photo-realistic fish and
environments (Ioannou et al. 2012; Stowers et al. 2017).

Aoki 1984
Computer simulation with 
coherence, separation, and 
alignmentReynolds 1987

3-parameter “Boids” model

Huth & Wissel 1994
Comparison of 3-parameter model 

with experimental data Nonacs et al. 1998
Foraging patterns predict large 
shoals for anchovyReebs 2000

Shoals led by minority of informed 
individuals Krause et al. 2000

Lab predictions consistent with 
field observations

Krause 1993
Individuals rotate shoal position to 
balance food & predation risk

Couzin et al. 2002
Shape driven by small-scale 

interactions & evidence for 
collective memory Tien et al. 2004

Model with attraction, repulsion, 
and neutral zonesGautrais et al. 2007

Lagrangian framework for 
identifying key behavioural factors Hemelrijk & Hildenbrandt 2007

Spatial patterns emerge from self-
organization depending on speed

Handegard et al. 2012
Sonar imaging to track interactions 

between predators, prey, and their 
environment

Rieucau et al. 2014
Individual interactions shape shoal, 

but difficult to measure in situ Fu 2016
Effect of group size on shoaling 
behaviourIoannou et al. 2017

Individual decision-making 
changes with predation risk Stowers et al. 2017

Virtual reality tanks can be used to 
control social interactionsFilella et al. 2018

Individual speed & direction 
affected by hydrodynamics

Pitcher & Partridge 1979
Relationship between density 

and volume with packing models

Rountree & Sedberry 2009
Incorporated a blind zone behind 

individuals
Herbert-Read et al. 2011
Inferring interaction rules

Berdahl et al. 2013
Problem-solving emerges from 
interactions with environmental 
gradients

Puckett et al. 2018
Shoal movements balance social 
& environmental information

Figure 1.1: Timeline of developments in collective behaviour modelling of
fish shoals.
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While all of this research is related in the basic fact that it involves
the simulation of fish shoals to address a research question, the reason for
conducting the work, and therefore the data needed and the applications
to ‘real world’ problems, vary greatly. There is an abundance of col-
lective behaviour research that explores how we think about intelligence
(Ioannou 2017), about how information transfers through a group (Han-
degard et al. 2012), and how individuals influence group decision-making
(Couzin et al. 2011), with potential consequences for how we understand
non-verbal communication and social networking (Couzin et al. 2002;
Giardina 2008). The technological advancements, including a Star Trek
holodeck for fish, have aided in this work by allowing researchers to par-
ticipate in the group’s decision-making (Ioannou et al. 2012; Stowers et
al. 2017).

Running parallel to the cognitive behaviour research, based in the
same principles but interested in very different questions, are the studies
focused on how shoals form in relation to their environment. Individual
behaviours, and therefore the behaviour of the group itself, have been
found to change with environmental gradients (Handegard et al. 2012;
Berdahl et al. 2013; Filella et al. 2018) and due to predation risk (Ioannou
et al. 2017). This research has implications for understanding behaviours
such as foraging, migration, and predator avoidance, which may include
vessel avoidance in fisheries and surveying (Fréon et al. 1993; Mitson
and Knudsen 2003; Godø et al. 2004; De Robertis and Handegard 2013;
Bruintjes et al. 2016).

These disparate approaches do intersect, however, as decision-making
for fish is governed by their environment (Puckett et al. 2018) and ques-
tions of how leaders emerge are informed by factors such as predation
risk and food availability (Krause et al. 2000). For example, Nonacs
et al. (1998) posited that hungry, “energy-maximising” fish swim faster
and stay on the periphery of the shoal, while sated, “predation-sensitive”
fish swim slower and seek safety in the center of the school. The model
indicated that these behaviours have implications for the growth rate,
mortality rate, swimming speed, and foraging preferences of commercial
species (Nonacs et al. 1998). Questions of memory and the presence of
well-informed individuals, while sometimes aimed at elucidating the fun-
damental rules of democratic consensus and group conflict (Couzin et al.
2011), are important when considering how the age and experience of
the individuals in a shoal affects group dynamics and migration paths
(Macdonald et al. 2018).

While much of this research has potential applications for fisheries,
very little collective behaviour modelling research has been brought to
bear on commercial species and fisheries sustainability. As many com-
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mercial species are gregarious, their behaviour affects monitoring and
management (Fréon et al. 1992; Fréon et al. 1993; Massé 1996; Scalabrin
1996; Godø et al. 2004; Hensor et al. 2005; Simmonds and MacLennan
2005; Georgakarakos et al. 2011; Lopez et al. 2012; Rieucau et al. 2014;
Handegard et al. 2017; Trygonis and Kapelonis 2018). However, very few
studies have attempted to apply collective behaviour research to improv-
ing stock assessment methods.

1.3 Why and how can stock assessments be
improved with a better understanding of
behaviour?

Sustainable fisheries management depends on accurate measurements of
fish biomass. The process for estimating population size has shifted
over time from fisheries-dependent collection methods, such as land-
ings at port and catch-per-unit-effort (CPUE) calculations, to fisheries-
independent methods conducted by research institutions, such as acoustic
and trawl-based surveys. All assessment methods are biased in some way.
Before the 1960s, landings and CPUE were favoured. These approaches
are biased by constant improvements in fisheries technology that lead to
higher catches (Gunderson 1993), from more targeted nets and trawls
(Rijnsdorp et al., 2008) to fish-finding acoustics and sonar – originally
adapted from military applications (Butler, 1988). In the 1970s, ap-
proaches shifted to catch-at-age and cohort analyses from scientific sur-
veys. These approaches were more accurate, but still biased by inaccurate
age estimation and mortality coefficients (Gunderson, 1993). Currently,
acoustic assessments are favoured as they allow for the collection of large
quantities of data, but can be biased by poor estimations of biomass
generated by algorithms confounded by high-density, multi-species shoals
(Fréon et al., 1993; Simmonds and MacLennan, 2005; Georgakarakos et
al., 2011). Fisheries-independent assessment methods also lack the range
and coverage provided by fisheries-dependent data collected from the en-
tire fleet (Mesnil et al., 2009; Gastauer et al., 2017).

Fisheries are the last frontier of wild-caught food, and the potential
for collapse is immediate and often felt only after it is too late to pre-
vent (Dulvy et al., 2003). Overfishing is compounded with the effects of
climate change, especially at higher latitudes. Species such as Atlantic
mackerel (Scomber scombrus), Atlantic herring (Clupea harengus), and
capelin (Mallotus villosus) are undergoing poleward range shifts in the
North Atlantic (Rose 2005b; Rose 2005a; Hughes et al. 2015; Ólafsdót-
tir et al. 2019), with consequences for marine and human communities.
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There is a real risk of conflict, as with the ‘Cod Wars’, which escalated
between Iceland and the United Kingdom in the 1950s-1970s over UK ves-
sels fishing within Icelandic waters (Glantz 2005; Steinsson 2016). Now,
with mackerel ranges increasing, there have been disputes over what the
total allowable catch should be for the Northeast Atlantic (NEA), a re-
gion shared by the European Union, Norway, Iceland, and the Faroe
Islands (Hughes et al. 2015; Jensen 2015; Spijkers and Boonstra 2017).
These disagreements were exacerbated by a decline in the catch for other
species, such as blue whiting (Micromesistius poutassou), and by the eco-
nomic and political situation (Glantz 2005; Mulvaney 2015). Continuing
range shifts may lead to more conflict (Spijkers and Boonstra 2017).

With the economic importance of fisheries and the precarious con-
dition of many fish stocks, any efforts to make data collection easier
and more accurate are a contribution to an equitable and sustainable
global future. In the NEA, acoustic surveys are used for commercially-
important pelagic species, such as herring, blue whiting, and sprat (Sprat-
tus sprattus). Small pelagic species accounted for approximately 45% of
landings in the EU in 2018 and were worth e1.23 billion (European
Commission 2020). Herring was the most landed species in the EU, rep-
resenting 18% of the total catch, followed by blue whiting at 11% and
sprat at 10% (European Commission 2020). Atlantic mackerel, while not
currently assessed acoustically for the International Council for the Ex-
ploration of the Sea (ICES) management recommendations, represented
8% of landings and was the third most valuable commercial species in
the EU, representing 5% of the value of EU catch in 2018, worth e355
million (European Commission 2020). Herring was the fifth most valu-
able catch in 2018, worth e278 million (European Commission 2020).
Ineffective management based on inaccurate population estimates risks
both environmental and economic collapse.

Fisheries acoustics is a form of remote sensing, allowing for the collec-
tion of large amounts of data and, when combined with ground-truthing
for species identification and biological data such as the size and condi-
tion of the fish, is much more accurate than previous fisheries-dependent
methods (Gunderson 1993; Reid and Simmonds 1993; McClatchie et al.
2000; Simmonds and MacLennan 2005). This higher accuracy leads
to better assessments of population and therefore better management.
Acoustic assessments are less time and resource-intensive than other
methods (Simmonds and MacLennan 2005) and can be used to assess
fish populations in regions that are difficult to assess with more invasive
methods, such as coral reefs (Campanella and Taylor 2016).

There are still sources of uncertainty in acoustic measurements, in-
cluding from the large shoals that many pelagic species form (Fréon et al.
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1993; Scalabrin 1996; Godø et al. 2004; Hensor et al. 2005; Simmonds
and MacLennan 2005; Lopez et al. 2012). Shoaling behaviour is an es-
pecially large complication for species such as mackerel, which lack the
swim bladder that provides the best acoustic signal at the commonly-
used frequencies (Korneliussen et al. 2016). Because acoustic assessment
is difficult for mackerel, for the majority of the NEA, mackerel is assessed
with surveys of eggs numbers, but this technique can be inaccurate due to
inconsistencies in the distribution of the eggs and the timing of spawning
(Slotte et al. 2007; van der Kooij et al. 2016). These inaccuracies, along
with those inherent in other assessment methods such as catch-at-age
data and tagging and recapture (Tenningen et al. 2011), are likely re-
sponsible for the especially high recorded variability in mackerel biomass.
For example, in 2005, the International Council for Exploration of the
Seas (ICES) produced a report, based on acoustic and aerial surveys of
mackerel in the North Sea, that predicted a lower abundance estimate
than the total catch for the fishery (ICES 2005; Scoulding et al. 2017).

In addition to the variability caused by fish behaviour, there is in-
creasing interest in automating the process of acoustic data collection,
which requires expert assessors to analyse the data and extensive ground-
truthing through trawling (Simmonds and MacLennan 2005; Georgaka-
rakos et al. 2011; ICES 2015). Automating this process would use ma-
chine learning and neural network approaches for species classification
and density estimation (Lefort et al. 2009; Aronica et al. 2019; Berges et
al. 2019; Brautaset et al. 2020), and would mean that acoustic sampling
could be even more efficient and, potentially, accurate (Korneliussen et al.
2016; Aronica et al. 2019). Automation also introduces the possibility of
using acoustic data collected opportunistically from commercial vessels
equipped with echosounders (Gastauer et al. 2017; Barbeaux et al. 2018;
Berges et al. 2019), or from autonomous and remotely-operated vehicles,
with a particular application for deep-sea habitats that are outside of the
reach of traditional acoustics (Benoit-Bird and Lawson 2016; Dunlop et
al. 2018). Without ground-truthing for validation, however, estimations
of density from acoustic data becomes even more essential and so does
the impact of behaviour on density.

New and innovative methods for investigating how behaviour affects
acoustic measurements, especially for species like mackerel, are part of
creating more sustainable fisheries. There is a wealth of theoretical work
on collective fish behaviour, but few studies have attempted to bring this
work to bear on fisheries issues. There have been successful implemen-
tations of behavioural models on the movement of fish shoals, such as
Boyd et al. (2018) who used an individual-based model to track the mi-
gration of mackerel in the NEA. No studies, however, have looked at how
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individual behaviour within the shoal affects biomass measurements.

1.4 Methodology: building useful models
Individual-based models (IBMs), also called agent-based models, are a
useful tool for investigating how the movements and decisions of an indi-
vidual within a group affect the dynamics of the group as a whole. A fish
shoal, while often appearing to act as a unit, is the result of smaller-scale
interactions (Tien et al. 2004; Ward et al. 2011). No fish has a concep-
tion of the group as a whole, much as one human moving with a crowd
cannot immediately conceptualise the shape of the entire group, or act in
concert with an individual with whom they have no contact (Hemelrijk
and Hildenbrandt 2008; Ward et al. 2011). This transfer of information
through visual or other sensory cues creates overall behaviour and can
be modelled with simple rules. In individual-based modelling, while the
individuals are given rules to follow, the group behaviour is an emergent
property and is not dictated by the computer or the modeller (Huston
et al. 1988). The individual agents in an IBM are self-contained and au-
tonomous, with assigned attributes. IBMs also consist of the model en-
vironment and rules defining the relationships between individuals: how
they are connected and how they interact on an individual-to-individual
basis (Huston et al. 1988; Macal and North 2010). Models of fish shoals
are generally based around a three-parameter IBM, where the only rules
the agents follow are based on their attraction to or cohesion with their
local neighbours, that they separate at a minimum distance to avoid colli-
sions, and that they match the velocity of their neighbours (Couzin et al.
2002; Tien et al. 2004; Hensor et al. 2005; Hemelrijk and Hildenbrandt
2008; Quera et al. 2016). From these simple rules, many versions of the
model are possible.

While the three-parameter IBM is theoretically robust, testing it in
the lab or in the field is a difficult proposition. Part of this issue stems
the lack of a clear question to be answered, as the possible model per-
mutations are endless. With a clear application, such as replicating the
densities seen in acoustic images, the path from theory to praxis is clearer.
This thesis seeks to unite these fields, to apply the extensive body of col-
lective behaviour research to a new problem that needs a solution. In
this thesis, I present the overlaps and holes in the theoretical and prac-
tical research relating to simulations of collective behaviour and the role
of behaviour in acoustic sampling. Chapter 2 reviews how behaviour in-
troduces uncertainty into acoustic estimates, the previous research that
has been conducted on shoaling behaviour, and how IBMs can be used
to reduce that uncertainty.

8



The first step towards that goal, Chapter 3 is a framework for assess-
ing IBMs using approximate Bayesian computation (ABC), a statistically-
robust but simple framework that allows for models of varying complexity
and can be part of an iterative process of model testing and data col-
lection (Turner and Van Zandt 2012; van der Vaart et al. 2015). This
approach has not been used for collective behaviour modelling before,
but it is well-suited to ethology because a large amount of information
about the relationships between the parameters and the resulting sum-
mary statistics can be determined with a small empirical dataset. Chap-
ter 3 uses data collected from video of a small group of three-spined
sticklebacks (Gasterosteus aculeatus) rather than acoustic data and four
of six parameters were significantly narrowed by the ABC. This chapter
provides a springboard for collaboration between ethologists, modellers,
and acousticians on future implementations of the framework.

Chapter 4 describes how the IBM/ABC framework presented in Chap-
ter 3 can be re-conceptualized to fit acoustic data. By changing the
orientation of the model space from top-down to side-on, increasing the
number of individuals, and assessing overall density instead of individual
relationships, the IBM can be adapted to explore how shoal shape and
density is affected by environmental factors such as a thermocline and
a sloped ocean floor. In this new orientation, agent heading can also
represent the tilt angle of individuals. The tilt angle of fishes, especially
species without a swim bladder, can change the backscatter of the group
and therefore density estimates. In the IBM, heading emerges from the
behavioural rules given to the individuals and in this framework, can be
tracked for the group in response to the model parameter inputs and the
environment.

Before biomass can be estimated from acoustic data, the echoes re-
ceived have to be assigned to species. Chapter 5 explores how behaviour,
isolated from the other signals in acoustic data, such as the location of
the survey, time of year and time of day, and acoustic frequency, is used
to identify species. The science of acoustic sampling – operating the
echosounder, analysing the acoustic signal, and choosing when to fish for
ground-truthing – cannot be divorced from the scientists conducting this
work, and there is a human element to the metrics and methods used to
classify acoustic data. Therefore, to examine the intersection of acoustic
target classification and human-driven species identification, I surveyed
experts and non-experts to explore the differences in identification suc-
cess rates and the overall behavioural factors (i.e. shoal size and shape)
used to distinguish between species. The expert group performed only
marginally better than the non-experts. The comments on the survey
highlighted the importance of context: time of day, time of year, and
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location. Investigating how the shoal shape and density of a particular
species changes with these factors is an opportunity to develop a model of
how behaviour changes with the environment, with a direct application
to fisheries sustainability.
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With the increased uncertainty introduced through climate change and
fishing pressure, having accurate estimates of fish biomass is essential for
global ecosystem and economic health. Acoustic surveys are an efficient
way to determine population size for pelagic species in the Northeast
Atlantic (NEA), but acoustic population estimates still contain uncer-
tainty and are difficult for some species. For example, Atlantic mackerel
(Scomber scombrus) is one of the most valuable fisheries in the NEA and
is not monitored acoustically, as mackerel lack the swim bladder that
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provides the strongest acoustic echo (target strength) at common assess-
ment frequencies. For all pelagic species, and especially for mackerel,
behavior is a source of variation in acoustic measurements and therefore
in population estimates. Behavior is mediated by both extrinsic and in-
trinsic factors, such as the environment and the life history of the fish.
In turn, behavior affects the density of the shoal and the tilt angle of the
fish relative to the survey vessel, affecting their target strength, which af-
fects the biomass estimate. Some fish may also undergo an anti-predator
response to survey vessels, changing their behavior in response to the sur-
vey. Understanding these behaviors and incorporating them into acoustic
stock assessment methods can improve the accuracy of population esti-
mates. Individual-based models (IBM) of fish shoals provide a pathway
for incorporating behavior into acoustic methods. IBMs have been used
extensively to build theoretical models of fish shoals, but few have been
successfully tested in lab or field conditions. As computational power
and monitoring technology improve, modeling the collective behavior of
pelagic fishes will be possible. Novel, interdisciplinary approaches to data
collection and analysis will help translate theoretical IBMs to the fisheries
science domain. Beyond acoustic stock assessments, this approach can
be used to investigate knowledge gaps in the effects of fisheries-induced
evolution and the potential for range shifts under climate change. Fur-
ther work to synthesize existing models and incorporate field data will
help determine how environmental, ecological, physiological, and anthro-
pogenic factors, often affecting both behavior and acoustic surveying,
are interconnected. Moving from theoretical models to practical applica-
tions will be a valuable tool in tackling the uncertainty that accompanies
further fisheries exploitation and warming oceans.

2.1 Introduction
As fishing pressure and climate change intensify, so does the need for
well-informed and standardized fisheries management. Ineffective man-
agement could lead to ecosystem collapse and widespread food shortages
(Scheffer et al. 2005; Srinivasan et al. 2010). Effective management,
in addition to well-crafted legislation and incentives, must be based on
the most accurate possible estimation of fisheries stock size (Burgess et
al. 2017; Zimmermann and Werner 2019). In the Northeast Atlantic
(NEA), small pelagic fishes, such as Atlantic mackerel (Scomber scom-
brus), Atlantic herring (Clupea harengus), blue whiting (Micromesistius
poutassou), horse mackerel (Trachurus trachurus), and capelin (Mallo-
tus villosus) are high-value catches, representing 37% of global fisheries
landings (Alder et al. 2008). Fished for both human consumption and
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animal feed, their large shoals mean low effort for commercial fisheries
(Biseau 1998). They are also essential to the pelagic and benthic ecosys-
tems, transferring energy from low-trophic plankton to predators such as
larger fish, seabirds, and marine mammals (Essington et al. 2015).

The population size for the majority of these species is assessed with
acoustic surveys, an efficient and effective method for estimating stock
size, especially when combined with trawls to determine the finer-scale
population dynamics such as age and condition (Massé 1996; Georgaka-
rakos et al. 2011). All acoustic stock estimates are, however, an estimate,
and while huge advances in technology and fisheries science have reduced
the bias inherent in the method, there are limits to how much information
can be gleaned from an acoustic survey. The behavior of fish, and how
that affects the density recorded by the echosounder, can complicate the
final biomass estimate (Fréon et al. 1993).

Behavior affects all assessments for gregarious fishes and models of
shoaling behavior can be adapted to any of these species. Including
behavior is especially important for developing an acoustic protocol for
monitoring Atlantic mackerel, which form large shoals and lack the swim
bladder that provides the strongest acoustic echo at the commonly-used
frequencies (Simmonds and MacLennan 2005; Korneliussen 2010). Mack-
erel is one of the most valuable, and most controversial, pelagic fisheries
species. Mackerel distributions are largely mediated by temperature.
Therefore, their range may expand poleward and into deeper waters with
increasing temperatures (Dulvy et al. 2008; Hughes et al. 2015; van der
Kooij et al. 2016; Ólafsdóttir et al. 2019). The shift in mackerel distribu-
tions precipitated a dispute over the total allowable catch (TAC) for the
NEA, a region shared by the European Union, Norway, Iceland, and the
Faroe Islands (Hughes et al. 2015; Jensen 2015; Spijkers and Boonstra
2017). These disputes were worsened by decreases in other fish catches,
such as blue whiting (Jensen 2015). With climate change, the ranges
of pelagic fishes may shift (Pecl et al. 2014), potentially creating conflict
(Spijkers and Boonstra 2017) and economic impacts (Hughes et al. 2015).

Reducing the uncertainty in mackerel stock assessments will require
extensive and standardized evaluation of their spatial distributions, pop-
ulation size, and behavior. The estimates of NEA population size are
based on surveys of mackerel egg biomass, catch-at-age data, and tagging
and recapture, all of which are subject to biases and error (Tenningen
et al. 2011). For example, a 2005 International Council for Exploration
of the Seas (ICES) report on acoustic and aerial surveys for mackerel in
the North Sea produced an abundance estimate that was lower than the
fishery catch (ICES 2005; Scoulding et al. 2017). Until 2014, there was
no standardized quantitative assessment criteria between the agencies

17



assessing the NEA stock, contributing to uncertainty in the calculation
of the total stock biomass (ICES Advisory Committee 2014). Because
of this uncertainty, ICES, who reviewed the NEA mackerel stock, rec-
ommended a 20% reduction in catch levels as a “precautionary buffer”
(ICES Advisory Committee 2014).

Improvements in acoustic techniques and novel approaches incorpo-
rating individual behavior, however, are providing a pathway to monitor-
ing mackerel acoustically (Scoulding et al. 2017), reducing the possibility
that the stock will be overfished before monitoring catches up with the
current state of the population. While there are many avenues for im-
proving acoustic monitoring, one possibility is to use models of collective
fish behavior to inform density estimates. While this is a theoretical ap-
proach, it provides ample opportunities for research that bridges theory
and practice and brings the broad bodies of work in ethology and acous-
tics to bear on a new problem. This approach could inform all species
management processes, with the most impact for species like mackerel.

2.2 Fisheries Acoustics and Behavior

2.2.1 Acoustic Survey Techniques

Acoustic surveys serve as the basis for population estimates and stock
assessments for many species, informing effective fisheries management.
The population size of gregarious fishes is difficult to estimate because of
their large geographic ranges and dense shoals. Before 1960, fish abun-
dance estimates relied on catch per unit effort (CPUE) data collected
from commercial fisheries, which was biased by the constant improve-
ments in commercial fishery technology and the lack of an accurate rela-
tionship between CPUE and stock size (Gunderson 1993). In the 1970s,
catch-at-age and cohort analyses based on scientific trawl data became
more popular, initiating the move to fisheries-independent assessments.
These methods were more accurate, but were subject to bias from erro-
neous age estimates and the mortality coefficients used in the analysis
(Gunderson 1993). There is still uncertainty in fisheries-independent as-
sessments, however, and they are entirely dependent on the data collected
during scientific surveys (Mesnil et al. 2009).

Acoustic surveys, conducted along transect lines, are an expedient
option for estimating populations, as they can cover large areas in short
timeframes and estimate density with low effort (Figure 2.1). They also
provide information on species absence, highlighting distribution changes
and migration patterns (Georgakarakos et al. 2011). Acoustic surveys
are carried out with echosounders, which consist of a transmitter that
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produces a burst of energy at a particular frequency, passed through a
transducer that converts this energy to acoustic energy (sound). This
acoustic pulse is emitted in a focused beam that can propagate through
water (Simmonds and MacLennan 2005).

Figure 2.1: Acoustic stock assessment workflow, from data collection with
an echosounder and ground-truthing with trawl data to data processing and
report generation.

Modern fisheries survey vessels are equipped with echosounders that
run on one or multiple frequencies (commonly from 18 to 333 kHz) and
are used for estimating fish biomass and distribution, along with zoo-
plankton populations, oceanographic processes, and other applications
(Demer et al. 2017). The data from the echosounder are processed with
software that infers the species present and the approximate biomass
from shoal shape, location, and behavior (Reid and Simmonds 1993;
Scalabrin 1996). Species identification is based on descriptive factors
for each species, determined by their acoustic resonance on various fre-
quencies (target strength) in various orientations and conditions, deter-
mined experimentally (Nakken and Olsen 1977; Simmonds and MacLen-
nan 2005; Korneliussen et al. 2018). The echosounder software uses al-
gorithms based on predictive neural networks and Bayesian networks to
identify species (Georgakarakos et al. 2011). These identifications are
ground-truthed by fishing a target shoal and recording species present
and relative and total biomass (Georgakarakos et al. 2011). The trawls
also provide data on the size, sex, life stage, and condition of the fish.
The accuracy of these algorithms determines the accuracy of the density
estimates. Simulated backscatter from virtual shoals indicates how bias
in estimates of shoal properties can vary with an interaction of detection
range and shoal density (Trygonis and Kapelonis 2018). Hence, algo-
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rithms can be confounded by shoaling behavior (Fréon et al. 1992; Scal-
abrin 1996; Godø et al. 2004; Hensor et al. 2005; Lopez et al. 2012) and
physiological differences between fish species (Blaxter and Batty 1990;
Misund 1993; Misund and Beltestad 1996; Scalabrin 1996).

The essence of collective behavior is that the group is more than just
a collection of individuals and fisheries acoustics perceive the behavior of
the shoal as a whole, rather than an aggregate of separate individual sig-
nals. Collective behavior facilitates feeding, reproduction, and predator
avoidance and can vary between species and with environmental condi-
tions (Rieucau et al. 2014; Handegard et al. 2017). Shoals of fish, defined
as a group engaged in social behavior beyond resource exploitation and
following one direction, and schools of fish, the same following one speed
and approximately less than a body length between individuals, are com-
mon in the open ocean (Pitcher 1983; Delcourt and Poncin 2012; Delcourt
and Poncin 2012). These dense groups introduce variation and therefore
uncertainty into acoustic population estimates (Fréon et al. 1993). The
echosounder software performs a series of calculations that are based on
“single target detector” algorithms that sort through the acoustic echoes
of the group to filter out the echoes from individuals (Georgakarakos et
al. 2011). These algorithms perform best in low-density, monospecific
conditions. Therefore, larger shoals, where the signal-to-noise ratio is
lower, can introduce bias where the algorithms can fail to reject multiple
echoes from the same individual (Georgakarakos et al. 2011). Density
varies both between shoals and within individual groups, with holes and
density nuclei shifting in time (Lopez et al. 2012). While ground-truthing
with trawls can confirm species composition and provide other biologi-
cal details, especially important for multi-species shoals (Massé 1996),
overall density is hard to verify, as much of the backscatter from fish
depends on their distance from and angle relative to the acoustic beam,
in addition to numbers (De Robertis and Handegard 2013; Trygonis and
Kapelonis 2018).

2.2.2 Incorporating Behavior Into Acoustic Assess-
ments

Though predation risk is often seen as the main driver for fish aggre-
gations, shoal dimensions and intra- and inter-shoal density can depend
on multiple other behavioral and environmental factors. These include
the geographical distances traversed, motivation of the fish (seeking food
or seeking safety), reproductive stage, position within the water column,
time of day, oxygen levels and consumption, and water flow (Tables 2.1,
2.2). The factors affecting individual behavior and hence shoal structure
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can be considered as imposed on the shoal (extrinsic variables like time
of day) or originating from the biology of the fish (e.g., feeding state).
Incorporating these variables into surveys of fish abundance is difficult
because some of the same variables that affect fish behavior also affect
the acoustic surveying process (Table 2.3).

Table 2.1: Extrinsic sources of variability in individual behavior that may
affect the overall shape and density of a shoal and therefore acoustic measure-
ments, where they are mentioned in the literature, and the specific effects of
these variables, if stated.

Category Variable Specific effect

Environmental Water flow Mediates maximum size of the shoal (Fu 2016)
Temperature Changes food distribution (Nonacs et al. 1998)
Temperature (Tien et al. 2004)
Temperature Thermoclines (Rieucau et al. 2016)

Salinity Pycnoclines (Rieucau et al. 2016)
Time of day Light levels (Rieucau et al. 2014; Rieucau et al. 2016;

Quera et al. 2016; Lee et al. 2019)
Substratum Changes food availability (Hensor et al. 2005)
Substratum Conspicuousness of predators (Hensor et al. 2005)
Currents (Tien et al. 2004)

Oxygen levels (Rieucau et al. 2014; Tien et al. 2004)
Depth Higher visibility & more coordination closer to the

surface (Nøttestad et al. 2016a; Quera et al. 2016)

Ecological Predation stress Mediates maximum size of the shoal (Fu 2016)
Predation stress Oblong shape with individuals attempting to hide behind

those in front (Hemelrijk and Hildenbrandt 2008)
Predation stress Swimming speed (Nonacs et al. 1998)
Predation stress Spacing - decreased nearest neighbor distance (Tien et al.

2004)
Food distribution Mediates maximum size of the shoal (Fu 2016)

Anthropogenic Vessel presence/noise Predatory response (Fréon et al. 1993)
Vessel presence/noise Swimming speed (Mitson and Knudsen 2003; Godø et al.

2004; Lopez et al. 2012; Bruintjes et al. 2016)
Vessel presence/noise Vertical movement (Mitson and Knudsen 2003; Bruintjes

et al. 2016)
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Table 2.2: Intrinsic sources of variability in individual behavior that may
affect the overall shape and density of a shoal and therefore acoustic measure-
ments, where they are mentioned in the literature, and the specific effects of
these variables, if stated.

Category Variable Specific effect

Physiological Body size Intra-shoal position, largest individual takes foremost
position (Pitcher et al. 1985)

Tilt angle Not found
Perceptive ability Sensing neighbors (Pitcher et al. 1985; Herbert-Read

et al. 2016).
Reproductive stage (Rieucau et al. 2014)

Condition Not found

Behavioral Feeding state
(hungry or sated)

Intra-shoal position (Pitcher et al. 1985; Nonacs et al.
1998)

Feeding state
(hungry or sated)

Behavior the individual or group is engaged in affects
swimming speed (Nonacs et al. 1998; Herbert-Read et al.

2011)
Distance travelled (Rieucau et al. 2014)

Experience Leadership – maintaining heightened environmental
awareness, especially on migration paths (Krause et al.

2000a; Reebs 2000)
Experience Memory and forgetfulness (Quera et al. 2016)
Leadership Direction of the shoal (Krause et al. 2000a)
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Table 2.3: Potential sources of variability in the acoustic survey process
(beyond standard calibration settings accounting for local conditions and ves-
sel/echosounder capacity), if found in the literature, and the specific effect, if
stated.

Category Variable Specific effect

Environmental Water flow Not found
Temperature Not found

Salinity Not found
Time of day Density and organization of the shoal (Simmonds and

MacLennan 2005)
Time of day Tilt angle (Simmonds and MacLennan 2005)
Substratum Not found
Currents Not found

Oxygen levels Not found
Depth Compression of swim bladder (Knudsen et al. 2009)
Depth Measurements less accurate at the surface and directly

above the seabed (Godø et al. 2004; Simmonds and
MacLennan 2005; Nøttestad et al. 2016a)

Depth May affect tilt angle, especially with changing light levels
(Simmonds and MacLennan 2005)

Ecological Predation stress Not found
Food distribution Not found

Anthropogenic Vessel presence/noise Vessel avoidance (De Robertis and Handegard 2013)
Vessel presence/noise Vessel avoidance (Simmonds and MacLennan 2005;

Georgakarakos et al. 2011)
Trawling Size & condition selection during trawling (Slotte et al.

2007)

Physiological Body size Uncertainty in body size (Simmonds and MacLennan
2005; Georgakarakos et al. 2011)

Tilt angle Angle of the fish to the vessel presents different target
strength (Simmonds and MacLennan 2005;

Georgakarakos et al. 2011; De Robertis and Handegard
2013; Fernandes et al. 2016)

Perceptive ability Not found
Reproductive stage Not found

Condition Body condition and tissue density changes target
strength (Simmonds and MacLennan 2005)

Condition Fish caught in trawls may be of lower relative condition
if healthier fish can avoid the net (Slotte et al. 2007)

Behavioral Feeding state
(hungry or sated)

Not found

Distance travelled Timing of surveys around fish migrations (Simmonds and
MacLennan 2005; Georgakarakos et al. 2011)

Experience Not found
Leadership Not found

23



Acoustic survey technology and analysis are continually improved,
but still include assumptions about behavior that introduce bias into the
abundance estimates. Target strength calculations assume even distribu-
tions within shoals and often only account for variation in the length of
the fish (Hazen and Horne 2003). In reality, further variation introduced
from uneven densities within the shoal and biased recording of the edge
of a larger group can lead to incorrect abundance estimates (Simmonds
and MacLennan 2005). Just as intra-shoal density is not consistent, the
body size and condition of fish within the shoal may not be evenly dis-
tributed. The fish on the edge of a shoal may differ physiologically and
behaviorally in important ways. Some fish have been shown to sort them-
selves by body size (Pitcher et al. 1985) and individuals on the edge may
be hungry and seeking food, rather than seeking safety in the center of
the shoal (Rieucau et al. 2014).

In addition to boundary effects and physiological variation, behavior
affects the orientation of the fish relative to the echosounder beam. This
tilt angle of the fish affects the target strength, as the orientation of the
fish affects which tissues are along the acoustic beam and different tis-
sues have different target strengths. Tilt angle is especially important for
species without swim bladders, where other tissues (i.e., the backbone)
provide the best acoustic echo (Hazen and Horne 2003; Simmonds and
MacLennan 2005). Experimental determinations of target strength from
scenarios where the fish are held in a fixed-position or in fish cages can-
not replicate the complex conditions of the open ocean and large shoals.
Therefore, tilt angle in situ remains an important and elusive behav-
ioral determinant of acoustic abundance estimate accuracy (Reid and
Simmonds 1993; Fernandes et al. 2016).

2.2.2.1 Vessel Avoidance

Beyond more static environmental and behavioral factors, some research
suggests that fish perceive the survey vessel as a threat and undergo
avoidance behaviors, though improvements in the acoustic profile of ves-
sels has mitigated this issue. Fréon et al. (1993) reported that the low-
frequency noise from some vessels causes avoidance behavior that can
reduce shoal density by 40–90% in some studies, but only weak or no
reaction in others. There is continued evidence to both support and re-
fute avoidance behavior in various species and scenarios (Fernandes et al.
2000; Mitson and Knudsen 2003; Knudsen et al. 2009). High noise can
disrupt the social behaviors that fish rely on for survival and reproduc-
tion and can affect individuals’ ability to coordinate their movements by
interrupting the transfer of information through the lateral line, such as
their neighbors’ position. Noise can also affect other sensory inputs, such
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as vision and olfaction (Herbert-Read et al., 2017). This communication
interference, combined with possible effects on stress, injury rate, feed-
ing rate, predator avoidance, and swimming behavior, can lead to lower
catch rates, especially when bottom trawling.

Fish may avoid the path of the vessel, horizontally or vertically, chang-
ing their tilt angle relative to the acoustic beam (Mitson and Knudsen
2003; De Robertis and Handegard 2013; Bruintjes et al. 2016; Brehmer
et al. 2019). Changes in tilt angle from diving or surfacing to avoid the
vessel affects the backscatter of the shoal, causing the signal to change
with the orientation of the fish to the vessel, rather than a change in shoal
density or distribution (Fréon et al. 1993; De Robertis and Handegard
2013). In addition, the expulsion of air from the swim bladder when div-
ing can affect the backscatter; in herring, a dive from 50 to 90 m results
in an 11% reduction in target strength (Knudsen et al. 2009; De Rober-
tis and Handegard 2013). Laterally, vessel avoidance can also reduce the
likelihood of a shoal being detected by the echosounder, the magnitude of
which depends on whether the change in position happens before or after
the fish have been measured by the echosounder (De Robertis and Han-
degard 2013). Trawl avoidance may also affect the biological sampling
during research cruises; Slotte et al. (2007) found that research trawls
contained smaller, more immature, and possibly “weaker” fish than the
catch from commercial trawlers. Therefore, the biological data used to
determine the shoal composition and therefore population structure may
also be biased by avoidance behavior (Slotte et al. 2007).

The effect that vessel avoidance has on population estimates depends
on how stock assessments are used. While vessel avoidance introduces
bias into the stock assessment pipeline, this only becomes an issue when
the assessment is used as an absolute representation of population, or if
the inclusion of bias varies between years (De Robertis and Handegard
2013). The magnitude of response also depends on the type of vessel and
the hydrographic conditions, such as time of day, physiological state, and
predation risk. The introduction of noise-reduced vessels has lessened the
impact of noise (Fernandes et al. 2000), though vessel avoidance remains
a source of bias (Georgakarakos et al. 2011; De Robertis and Handegard
2013).

2.2.3 Difficult Fish to Sample Acoustically – North-
east Atlantic Mackerel

While swim bladders provide the strongest acoustic echo for most fishes,
Atlantic mackerel (Scomber scombrus) lack a swim bladder, meaning that
acoustically measuring their population size is difficult at the most com-
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mon acoustic frequency (i.e., 38 kHz) (Korneliussen 2010). While the
large shoals that mackerel form mean they are easily found, determin-
ing density is difficult. The mackerel egg survey was the only source of
fisheries-independent data for the NEA mackerel stock for a long time,
but changes in the distribution of mackerel eggs and in the timing of
spawning affect the survey’s accuracy (Slotte et al. 2007; van der Kooij
et al. 2016). Acoustic or sonar monitoring is the preferred way to carry
out fisheries-independent surveying, so research has been carried out in
an effort to update and parameterize the existing framework to work for
mackerel.

Multifrequency acoustics can be used to identify mackerel, combining
frequencies ranging from 18 to 364 kHz. The backbone provides the high-
est target strength at 200 kHz, instead of the standard 38 kHz (Gorska
et al. 2005; Korneliussen 2010; Fernandes et al. 2016). Even with an
expanded frequency range, the target strength of mackerel is low and,
therefore, correct identification of species is even more important. For
example, the incorrect identification of herring as mackerel at these fre-
quencies would overestimate the abundance by 20 times (Fernandes et al.
2016). Additionally, while estimating the correct tilt angle is important
for all fish species, in mackerel, it is essential for correctly estimating
abundance (Hazen and Horne 2003; Fernandes et al. 2016). The differ-
ence in target strength for mackerel with a tilt angle of 1° vs. 15° can
double the abundance estimate (Scoulding et al. 2017). When expanded
over the survey area, this can have a considerable effect on the total es-
timates of density, as in 2005, when the mackerel abundance estimate
for the North Sea was lower than the catch for the fishery (ICES 2005;
Scoulding et al. 2017). For all pelagic fishes, but especially mackerel,
novel techniques to determine how behavior affects density and orienta-
tion are essential to improving stock assessment techniques and therefore
estimates of population size.

Along with multifrequency acoustic surveys, the algorithms for dif-
ferentiating mackerel from other species, such as capelin and sandeel
(Ammodytes marinus) have been successful (Korneliussen et al. 2016).
With these improvements, estimates for the stock in Norway are de-
termined acoustically while fish are aggregating in the feeding grounds
before migrating south to spawn (Korneliussen and Ona 2004; Slotte et
al. 2007). A method for the acoustic monitoring of mackerel has not,
however, been implemented across the NEA region. Issues with vessel
avoidance due to mackerel’s swimming speed may introduce bias into the
sample of mackerel in research trawls. Slotte et al. (2007) suggest that
mackerel exhibit size-dependent trawl avoidance, as the age, length, and
condition of mackerel caught in the slower and smaller research trawls
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was significantly lower than the fish caught during purse seining in the
same area. The acoustic surveys carried out in the Norwegian Sea may
also be possible because of the behavior of the mackerel, grouped into
schools, predominately in the top 40 m, whereas their behavior changes
and may be more difficult to measure acoustically at other points in their
migration (Godø et al. 2004; van der Kooij et al. 2016). While some op-
portunistic sampling has been successful in identifying mackerel, such as
the work conducted by van der Kooij et al. (2016) during the North Sea
International Bottom Trawl Survey, there is still no overarching method.
Developing a protocol will require extensive work to determine how the
behavior of mackerel varies across their migration route and how these
behaviors affect their acoustic properties.

2.3 Modeling Collective Behavior

2.3.1 Determining How Fish Move and Behave With
Individual-Based Models

Many commercial species are gregarious, forming aggregations to serve
a particular purpose, such as facilitating mating, increasing foraging effi-
ciency, or mitigating risk from predators (Rieucau et al. 2014; Reuter et
al. 2016). One method for improving stock assessments is to decrease the
assumptions made about the behavior of individual fish within the shoal.
Though predation risk is often considered the main driver of aggrega-
tions, changes in the dimensions and density of the school can depend on
a variety of factors (Table 2.1).

Developing a quantitative description of how individual fish interact
within a group is essential for understanding how animals behave (Gau-
trais et al. 2012), yet there are few species whose collective behavior has
been effectively quantified and the definitions of behaviors and modeling
methods vary across the literature. Modeling collective behavior depends
on quantifying the relationships between individuals, balancing biologi-
cal reality and theoretical simplicity. Quantification is generally based on
measuring the basic dimensions of the group and determining the degree
of cohesion. Measurements of cohesion can be the mean distance to the
center of the aggregation or the distance between individuals (Delcourt
and Poncin 2012).

Incorporating behavior into models of fish density can be achieved
with individual-based models (IBMs)1, which model the interactions of

1Individual-based models are also called agent-based models and are related to
particle models.
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individual agents within an environment with a simple set of rules. In
addition to modeling collective behavior, IBMs and particle models have
been used to model fish distributions with environmental factors, such
as for mackerel (Boyd et al. 2018) and capelin (Barbaro et al. 2009b;
Barbaro et al. 2009a). Before IBMs, most movement ecology used “state-
variable models,” which do not incorporate location and assume that
each individual has equal influence on the others (Huston et al. 1988).
With IBMs, the interactions between individuals are local; an individ-
ual is affected only by the other individuals and the environment with
which it comes in contact, facilitating modeling of variance on the small
scale (Huston et al. 1988). IBMs also include individual variability and
stochastic processes, allowing the actions of individuals to build the be-
havior of the group as a whole (Reuter et al. 2016).

An IBM consists of three aspects: (1) the individual agents, including
their attributes and behavior, (2) the relationships between the agents:
how they are connected and how they interact, and (3) the environment
(Macal and North 2010). The fundamental assumption of an IBM is that
all individuals are self-contained and uniquely identifiable. Older versions
of IBMs required the individuals to be identical, but newer methods allow
for heterogeneous individuals whose goals, behaviors, and resource loads
can vary (Huston et al. 1988; Macal and North 2010). Additionally,
the individuals must be autonomous: programmed behaviors must not
curtail their independent decision-making. Individuals also have a state
that can vary over time and that is subject to their environment (Macal
and North 2010).

Fish shoal IBMs have generally been based on three rules: attraction
to, separation at a minimum distance from, and alignment with neigh-
bors to establish collective behavior (Figure 2.2) (Couzin et al. 2002; Tien
et al. 2004; Hensor et al. 2005; Hemelrijk and Hildenbrandt 2008; Quera
et al. 2016). These models are based on the Boids model, developed by
Reynolds (1987), which follows this three parameter framework. While
these models create a theoretical, cohesive shoal, they include huge as-
sumptions, such as constant speed, large perception ranges, and small
school sizes Couzin et al. (2002) and Hemelrijk and Hildenbrandt (2008).
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Figure 2.2: Interaction rules that form the basis of a “Boids” model (Reynolds
1987), often used in collective behavior IBMs. Rules are (A) attraction to
mean position of nearest neighbors; (B) avoidance of other individuals at close
proximity; (C) alignment with neighbors.

Improvements to this basic model have included changing the rules
to be based on cohesion, separation, and alignment zones instead of set
limits (Tien et al. 2004; Hemelrijk and Hildenbrandt 2008), and incorpo-
rating a blind zone behind each “fish” to represent the sensory capabilities
of vision and the lateral line (Hemelrijk and Hildenbrandt 2008; Rountree
and Sedberry 2009). These models can be expanded to include different
behavioral states, such as food-seeking or safety-seeking (Pitcher et al.
1985; Nonacs et al. 1998; Krause et al. 2000a; Krause et al. 2000b; Reebs
2000), presence of a threat (Tien et al. 2004), leadership (Huth and Wis-
sel 1992; Krause et al. 2000a), methods for information transfer through
the shoal (Ward et al. 2011; Rieucau et al. 2016), and environmental
conditions such as thermoclines, pycnoclines, and light levels (Fu 2016;
Rieucau et al. 2016). While the specific effects of these variables on col-
lective behavior in situ are not fully-understood, IBMs are a useful tool
for modeling shoaling behavior, even with spatial heterogeneity (Reuter
et al. 2016).

2.3.2 Validating IBMs for Fish Behavior

Many shoaling IBMs are purely theoretical, and while there have been a
number of studies of collective behavior under lab and controlled field
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conditions, such as aquaculture pens, few studies have attempted to
validate their models using open field data. These in situ studies are
necessary to fully understand collective behavior, but moving from the-
oretical models to a replication of real-world systems is difficult to un-
dertake (Krause et al. 2000b; Lopez et al. 2012). First, while humans
are adept at distinguishing collective patterns in both simulated and real
video, machines are not always as accurate (Butail et al. 2013). Ad-
ditionally, most research has focused on a single species, outside of its
ecological context. That context can be important; for example, species
from high-predation habitats have been shown to form larger, tighter
groups, evidence that predation pressure may shape collective behavior
(Ioannou 2017). There is ample evidence that factors such as preda-
tion affect group dynamics, but it remains unclear how these behaviors
emerge from the group’s decision-making process. For example, Ioan-
nou (2017) modeled killifish behavior in the lab and the field and found
that their shoaling model could not handle the thousands of individuals
in naturally-occurring shoals, let alone explain their behavior. Ioannou
(2017) also found that the substratum likely had an effect on the fishes’
behavior because the type of substrata was tied to food availability and
the visibility of predators. The number of extraneous biotic and abiotic
factors in the field made predicting movement difficult (Hensor et al.
2005).

Many emergent group behaviors can be understood and modeled
without a thorough understanding of the underlying rules. However,
comprehension of the rules governing individual interactions is impor-
tant for understanding the evolution of social behaviors and the condi-
tions that affect them (Mann 2011). It is well-accepted that complex
group behaviors derive from simple rules, but the details of the inter-
actions, i.e., whether there is a leader or the number of neighbors an
individual interacts with, are unknown for most groups (Lukeman et al.
2010; Herbert-Read et al. 2011). It is not enough to simulate collective
behavior; any model needs to be compared to real behavior (Lukeman
et al. 2010). Inferring interaction rules from data is often done by cor-
relating measurable aspects of individual behavior and interactions with
neighbors (Mann et al. 2013).

One of the complications with comparing a theoretical model to em-
pirical data is that the theoretical models rarely incorporate the environ-
ment and also rarely represent the entirety of a fish shoal. Many others
focus on either individual behaviors, such as speed and direction changes,
or collective phenomena, rather than both. Various studies have deter-
mined quality-of-fit and model parameters through Bayesian statistics
(Mann 2011; Lopez et al. 2012; Mann et al. 2013; van der Vaart et al.
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2015). This method requires the central assumption that fine-scale be-
havior leads to group behavior and therefore one can be used to test the
other. Different individual rules can result in the same collective behav-
ior, deemed IBMs’ “Achilles heel” by Eriksson et al. (2010), and therefore
small-scale dynamics can be more useful in determining interaction rules
(Mann 2011). Bayesian paradigms are best-suited to deal with the un-
certainty inherent to IBMs because Bayesian inference uses a probability
distribution to determine the model parameters, rather than absolute val-
ues (Mann 2011). Additionally, Bayesian methods allow researchers to
examine many competing hypotheses, while avoiding over-fitting (Mann
et al. 2013). Other methods for assessing theoretical models are through
artificial neural networks, which were used by Herbert-Read et al. (2011)
to tease out the influence of social cues vs. environmental topography
on individual movement. The authors found that while their model may
have represented the experimental data effectively, it would not neces-
sarily accurately depict group behavior under all circumstances, a point
also made by Katz et al. (2011) when looking at the effect of predator
detection on collective behavior. Katz et al. (2011) found that while the
model could reproduce the patterns observed, the response in the lab is
likely less dynamic than in the real system.

2.3.3 Balancing Complexity and Parsimony in Col-
lective Behavior Models

Replicating an open ocean scenario requires the incorporation of both be-
havioral and environmental variables, but there is a balance between the
most “accurate” model and an effective one. While leadership (Huth and
Wissel 1992; Krause et al. 2000a; Lopez et al. 2012) and memory (Huth
and Wissel 1992; Couzin et al. 2002; Lopez et al. 2012; Biro et al. 2016)
are important aspects of collective behavior and determining decision-
making pathways, does their inclusion in a collective behavior model have
an impact on the practical applications for collective behavior models,
i.e., in the acoustic monitoring of fish shoals? Lopez et al. (2012) state
that while IBMs have had some experimental success in linking individ-
ual behaviors to school-wide properties, they are unlikely to accurately
reproduce experimental data because they fail to produce experimental
speed distributions. The applicability of models based on experimental
conditions may also depend on the size of the shoal. For example, Huth
and Wissel (1994) successfully reproduced the basic structure of a fish
school for 20 and 100 fish, concluding that the same model would be
applicable to schools of 1000 or more. Is that a valid assumption?

Additionally, there are biological and environmental factors to con-
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sider when comparing models to data in and ex situ. On a fundamental
level, not all fish have the same sensory capabilities, and there are effects
of time of day, water dynamics, prey availability, predation risk, etc. in
the open ocean. Random variation as a stand-in for some of these vari-
ables can be included in the model, as in Huth and Wissel (1994), but
this approach may introduce further bias. With the inherent complex-
ity, the “best” model answers the question asked; as we know, while all
models may be wrong, some are useful (Wasserstein 2010).

An important area for research would be to reduce the complexity of
the variables listed in Tables 2.1, 2.2. It should be possible for several
research programs to replicate the response of shoals to extrinsic and
intrinsic factors. It is plausible that the mechanisms that affect shoal
characteristics have aspects in common across environmental and biolog-
ical drivers. Further research would be to reduce the apparent complexity
to a limited number of empirically justified processes. For example, the
responses to temperature, flow and salinity could all be special cases
of a response based on (for example) leadership. An individual-based
framework, linked to field data, has the potential to make these types of
syntheses, moving toward an understanding of what extrinsic and intrin-
sic processes affect acoustic data collection. For example, Trygonis and
Kapelonis (2018) use a static, spatially random representation of shoal
density, but recognize that dynamic, realistic descriptions of the internal
structure of shoals are needed to refine signal algorithms.

2.3.4 Implications of Behavior for Acoustics – At-
lantic Mackerel

For mackerel, the in situ conditions that affect collective behavior include
their ontogeny, foraging ecology, and reaction to predators. Mackerel are
gregarious forage fish, at high risk for predation (Nonacs et al. 1998),
and environmental factors govern the route of foraging and spawning mi-
grations, as well as the dynamics of the shoal. Foraging mackerel are
usually found close to the surface, with their geographical and vertical
movements mediated by temperature (Hughes et al. 2015; Nøttestad et al.
2016a). Nøttestad et al. (2016a) found all mackerel schools in water above
6°C, with the majority found between 7 and 11°C, a temperature toler-
ance lower than the 8°C found in previous studies. Mackerel stay above
the thermocline where warmer, stabilized water masses trap nutrients,
phytoplankton, and zooplankton. The higher light levels may also help
them detect prey and the warmer waters may facilitate efficient swim-
ming (Nøttestad et al. 2016a). As mackerel are temperature-sensitive,
their distributions have shifted with climate change, following increased
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thermally-acceptable habitat, but the relationship between mackerel and
temperature is not straight-forward. The fisheries catch has also be-
come more dispersed, moving further offshore to areas of deeper water
(Hughes et al. 2015). Temperature and plankton concentrations affect
swimming speed as well, with areas with high plankton concentrations
and low temperatures found to be home to the largest fish, swimming
the slowest (Nøttestad et al. 2016a). Mackerel migratory behavior has
also been shown to be affected by currents; rheotaxis is likely due to the
influence on the lateral line and changes in the inertia of the shoal (Godø
et al. 2004).

Another consideration for field studies of mackerel behavior is their
predator avoidance strategy, if the shoal senses the survey vessel or
trawler as a threat. One fisher stated that after trawlers had passed
through an area, the mackerel were “all flighty,” that “they lie on the
bottom to feed instead of swimming in midwater,” making them harder
to fish (Purvis 2002). Within the literature, however, there is conflicting
evidence about whether mackerel respond to vessels as predators, as with
most fisheries species (Fréon et al. 1993; Fernandes et al. 2000; Slotte et
al. 2007). Nøttestad et al. (2016b) found no change in mackerel acoustic
readings before and after trawling, but Godø et al. (2004) had previously
found that vessels may affect their behavior and suggest reducing ves-
sel speed when surveying. Mackerel may also respond to the net while
trawling, with some evidence that they dive to avoid it, mixing with her-
ring near the seabed (Fernandes et al. 2000; Slotte et al. 2007). With
their weak target strength, correct identification of a mackerel shoal is
essential, and this mixing could have major effects on the total biomass
estimate. Further investigations into their behavior are necessary.

2.4 Possible Future Research

2.4.1 Parameterizing IBMs for Acoustic Research

Much of the work on modeling collective behavior has been theoretical,
but the insights from these models, when validated with empirical data,
demonstrate that they are a useful tool for determining overall shoal char-
acteristics such as density and orientation and how these characteristics
change depending on conditions. No studies, however, have attempted to
apply these models to acoustic surveys or to how the collective behavior
of pelagic fish may change along their migration path. This is a rich
avenue for research, as behavior is a major source of variation in acous-
tic stock assessments (Table 2.3). Properly parameterized and applied,
IBMs could be used to reduce sources of bias such as uncertainty in tilt
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angle and density variations, especially for mackerel and other gregarious
species. IBMs may also provide more information on whether behavior
changes in response to the survey vessel, or between acoustic sampling
and trawling, by providing statistical descriptors of shoal shape that can
be related to individual behaviors such as nearest neighbor distance and
polarization (Huth and Wissel 1992; Gautrais et al. 2012).

IBMs provide a framework for testing environmental and behavioral
factors that would be near impossible to replicate in situ. As the funda-
mental rules governing collective behavior are well-understood, there is
scope to test both intrinsic and extrinsic effects on shoals to determine
what changes to the environment or to the animals may affect shoal shape
(Tables 2.1, 2.2) and acoustic surveys (Table 2.3) and whether these ef-
fects are independent or linked. A clear taxonomy of these factors may
not be possible, but focusing on the connections between individual be-
havior and acoustic surveying will help build hypotheses that can be
tested with theoretical models and limited data collection. There is a
wealth of empirical data to be collected on whether the same conditions,
such as bathymetry and oceanography, change behavior to a degree that
is reflected in acoustic surveys (Tables 2.1, 2.3). Similarly, experimental
work is needed to test if behavioral conditions such as leadership and the
differences between foraging and evasive behaviors affect shoal shape in
acoustic surveys, even at a small scale (Tables 2.2, 2.3). IBMs have been
used successfully to model the spatial and temporal variation in mack-
erel populations (Boyd et al. 2018). This research could be expanded
further by incorporating behavioral changes across migration, i.e., be-
tween foraging, spawning, and traveling between grounds, to predict the
approximate vertical position and density of shoals along the migratory
path.

2.4.1.1 Improvements in Technology for Testing Theoretical
Models

The practical side of testing theoretical models is also increasingly feasi-
ble, as monitoring, tracking, and computing resources improve and be-
come more accessible. Investigating the individual behavior of fish in
the open ocean and efficient and accurate analysis of the data collected
requires novel uses of and advancements in these technologies. Tech-
nology for monitoring and assessing pelagic fish in the field ranges from
consumer-level cameras to 3-D sonar and does not need to be highly tech-
nical to be effective. Fernandes et al. (2016) used small video cameras
to determine the tilt angle of mackerel during surveys. The small cam-
eras did not disturb the mackerel and the fish were shallow enough to be
clearly visible on video. More advanced technologies are also being used,
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such as multibeam sonar, used by Tenningen et al. (2015) to determine
the backscatter and density of herring and mackerel during purse-seine
capture to determine how they responded to the net.

Further improvements in data collection include three-dimensional
video equipment and analysis techniques and automated tracking tech-
nology (Butail et al. 2013; Nath et al. 2019) for individuals in video.
The vanguard of collective behavior research are using approaches seem-
ingly out of science fiction, such as creating photorealistic virtual environ-
ments for zebrafish (Danio rerio) to test leadership and social interactions
(Stowers et al. 2017). Additionally, cloud computing is increasingly ac-
cessible for individuals and institutions, allowing for more robust models
and further parameterization and testing (Michener and Jones, 2012).
With these technological improvements come myriad opportunities to
turn theoretical models into practical tools for fisheries assessment.

2.4.2 Applying Behavioral Modeling to Other Im-
portant Questions

IBMs may also be useful in approaching more complex and theoretical
questions about how behavior affects fisheries science, such as whether
fish behavior has evolved with fishing pressure. There is evidence to sug-
gest that humans have exerted considerable selective pressure on fisheries
species through direct intervention, such as the escape of selectively-bred
fishes from aquaculture (Hutchings and Kuparinen 2019). While the
evidence for indirect intervention through fishing is less clear, the theo-
retical basis for genetic change under “predator” and prey interactions is
clearer (Hutchings and Kuparinen 2019). For example, shoals facilitate
information transfer and Macdonald et al. (2018) found that the age of
individual herring in a shoal can affect the migration path and organiza-
tion of the shoal. Further, Hollins et al. (2019) found that the vulnera-
bility of minnows to trawling depended on anaerobic capacity when the
fish were swimming with familiar conspecifics, but there was no effect in
an unfamiliar shoal. These studies suggest that collective behavior and
experience has an additional effect on both spatial distribution and fish-
eries capture. While collective memory and information transfer have
been questions explored in theoretical modeling studies (Couzin et al.
2002; Giardina 2008; Lopez et al. 2012; Ioannou 2017), the applications
to fisheries and stock assessments have not been clearly laid out.

Another important avenue for behavioral research is the effect of cli-
mate change on shoaling. Environmental conditions such as temperature,
water flow and currents, salinity, and oxygen levels can affect shoaling
behavior (Table 2.1) (Nonacs et al. 1998; Tien et al. 2004; Rieucau et
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al. 2014; Rieucau et al. 2016) and the influence of these factors is likely
to vary under climate change. While shifts in the spatial distribution
of important fisheries species, such as mackerel, has been investigated
(Hughes et al. 2015; Boyd et al. 2018; Ólafsdóttir et al. 2019), there has
not been an overall synthesis of how climate change may affect behavior
and, in turn, how those behavioral changes will affect larger-scale spatial
distributions.

2.5 Conclusion
The body of theoretical modeling works spans over four decades and
many disciplines, including mathematics, physics, medicine, ecology, and
cognitive science. From models of pathogen transmission across aqua-
culture sites (Alaliyat et al. 2019), to testing theories of democratic con-
sensus with fish shoals (Couzin et al. 2011), collective behavior modeling
has been hugely useful. Simple theoretical concepts have been effectively
applied to complex, real-world problems. The same approach is possi-
ble for fish behavior in stock assessments. Making predictions on how
extrinsic conditions affect shoal shape and density will require further
synthesis of existing models and deliberate inclusion of variables that af-
fect acoustic monitoring, as many of the factors affecting behavior are
likely interdependent. This research can improve our knowledge of and
therefore capacity to manage the commercially-valuable pelagic species
in the Northeast Atlantic, especially for mackerel. With climate change
and increasing global demands for fish, improvements to fisheries assess-
ment are imperative if we want to ensure a stable and productive future
for our oceans.
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Chapter 3

A framework for parameterising
individual-based models of fish
shoaling using approximate
Bayesian computation

This manuscript proposes a flexible framework for building and eval-
uating models of fish shoaling behaviour using individual-based mod-
elling (IBM) and approximate Bayesian computation (ABC). Effectively
modelling collective behaviour depends on appropriate variable selection,
model parameterization, and empirical data collection. Shoaling models
are therefore rarely comparable. To demonstrate how IBM and ABC can
be used for shoaling models, a simple three-rule IBM was run 100,000
times and a rejection ABC was conducted, comparing statistical indica-
tors of shoaling behaviour from the model to those calculated from video
of gregarious fish. ABC was able to narrow the prior distributions for four
of the six parameters – the speed at which the individuals travelled, their
vision radius, their minimum spacing distance, and the separation factor
included in the calculation of their movement vector. ABC also provided
additional information on how informative each parameter and statis-
tical indicator was, providing avenues for potential additional research.
For comparison, ABC was run with nearest neighbour distance (NND)
as the only statistical indicator, which had the strongest relationship
with most of the IBM parameters. Three parameters were significantly
narrowed: speed, vision, and separate. The coverage test indicated that
three parameters were not successfully estimated by the NND-only ABC,
suggesting that the other statistics were informative. Testing additional
parameters, i.e. model space, or statistical indicators, i.e. better-refined
NND, could improve the ABC results and provide a better comparison
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between the simulated and empirical data. The simplicity, flexibility,
iterability of the IBM/ABC framework is ideal for evaluating collective
behaviour models and can be implemented either to improve model par-
simony or model realism.

3.1 Introduction
Along with many other groups of animals, such as birds, insects, and
humans, fish form collective groups that can vary from tens to thousands
of individuals. For any species, collective behaviour can facilitate mating,
increase foraging efficiency, and mitigate risk from predators (Pitcher and
Parrish 1992; Rieucau et al. 2014). Though predation risk is often seen as
the main diver of fish aggregations, changes in the dimensions and density
of the group an depend on factors such as the geographical distances
traversed by the species, position within the water column, time of day,
reproductive stage, oxygen levels, and motivational state, i.e. hungry
or sated (Rieucau et al. 2014). Collective behaviour in fish falls under
three broad categories based on the degree of cohesion: aggregation,
shoal, and school. An ‘aggregation’ is the loosest grouping, classified as
a collection of individuals in a particular area, either due to a desirable
resource or active interaction and attraction (Rieucau et al. 2014). For
many applications, ‘shoal’ and ‘school’ are interchangeable, but heuristic
definitions, outlined by Pitcher et al (1983), distinguish a shoal as a
group without a common direction, and a school as a group with common
polarization and speed, with the distance between individuals limited to
approximately one body length (Delcourt and Poncin 2012; Pitcher et
al. 1985; Rieucau et al. 2014). These definitions, however, are not well-
defined, with little agreement across the literature.

The high variability in what can be considered shoaling behaviour
is echoed by the wide variety of methods and applications for models
of fish collective behaviour. In general, quantifying shoaling behaviour
is based on measuring the basic dimensions and determining the degree
of cohesion, often measured as the mean distance to the center of the
aggregation, or the distances between individuals, most often measured
as nearest neighbour distance (NND) (Delcourt and Poncin 2012). The
most basic model for the formation of a fish shoal balances three rules:
coherence with local neighbours, separation at a minimum distance, and
alignment with neighbours. These rules, based on the Boids model, de-
veloped for computer animations of animal groups by Reynolds (1987),
allow for collective behaviour to emerge (Couzin et al. 2002; Hemelrijk
and Hildenbrandt 2008; Hensor et al. 2005; Quera et al. 2016; Tien et al.
2004).
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Gaining a better understanding of the mechanisms for how fish be-
have is important for research that ranges from the theoretical, such as
examining the roles of uninformed individuals in leadership and demo-
cratic consensus (Couzin et al. 2011), to the practical, such as exploring
the reaction of fish shoals to fishing and fisheries survey vessels, which
can affect density estimates and therefore sustainable fishing (Fernandes
et al. 2000; Fréon et al. 1993; Wassermann and Johnson 2020). To an-
swer any of these questions, it is essential to evaluate simulations using
empirical data (Lukeman et al. 2010; Mann et al. 2013). The methods
for testing these models depends on the research question.

3.1.1 Validating behavioural models with empirical
data

For questions independent of ecological conditions and species, models
can be tested with real fish ex-situ, examining the fine-scale interactions
between individuals. Laboratory studies are particularly useful for exam-
ining questions relating to how groups make decisions and the emergence
of collective intelligence (Ioannou 2017). These studies have been used
to examine decision-making in predator avoidance (Ward et al. 2017),
and in the role of swarm intelligence when finding desirable habitat (in
this case, dark areas of a tank) (Berdahl et al. 2013). Laboratory set-
tings have the advantage of using technology to simulate changes in the
environment, such as creating virtual prey to examine the prey selection
process for predatory fish (Ioannou et al. 2012), or creating photorealistic
zebrafish to test social interactions of the group with an individual the
researchers can control (Stowers et al. 2017).

When attempting to validate models aimed at examining ecologi-
cal questions, the comparison with real fish is more difficult, especially
in open-water conditions and with large, migratory shoals. Therefore,
smaller gregarious fishes are often used. Zebrafish (Danio rerio) are a
model organism and have been used ex-situ for model validation in in
neuro-behavioural research (Bod’ová et al. 2018; Shelton et al. 2015;
Zienkiewicz et al. 2018). Testing simulations in the field is more diffi-
cult. For example, Hensor et al. (2005) modelled shoal formation us-
ing both laboratory and field data on killifish (Fundulus diaphanus) be-
haviour. The model replicated the laboratory data with high accuracy,
but was less successful at reproducing the behaviours in the field, pre-
dicting smaller and more numerous shoals than were observed (Hensor
et al. 2005). There have also been successful comparisons of simulated
and field data. Three-spined sticklebacks (Gasterosteus aculeatus) have
been used in-situ to examine collective behaviours and how they change
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with the environment (Jolles et al. 2017; Ward et al. 2017).
As many commercial species are gregarious, examining the shoaling

behaviour of these species is essential for proper analysis of population
size, as shoaling behaviour can be highly heterogenous, with shifting den-
sities that can affect the acoustic measurements of their population size
(Handegard et al. 2017; Lopez et al. 2012; Wassermann and Johnson
2020). The behaviour of these shoals, in terms of size, shape, density,
and travelling speed, is affected by environmental conditions such as tem-
perature, salinity, light levels, and depth, as well as ecological and an-
thropogenic factors such as predation stress and the presence of vessels
(Bruintjes and Radford 2013; Fréon et al. 1993; Fu 2016; Lopez et al.
2012; Mitson and Knudsen 2003; Quera et al. 2016; Rieucau et al. 2014;
Rieucau et al. 2016; Tien et al. 2004; Wassermann and Johnson 2020). It
is impossible to test all factors simultaneously, but many studies have sug-
gested potential avenues for increasing biological and ecological realism in
simulations through introducing leadership, goal-directedness, memory,
parameters representing environmental conditions, or large, biologically-
realistic shoal sizes (Herbert-Read et al. 2011; Krause et al. 2000; Lopez
et al. 2012; Mann 2011; Quera et al. 2016).

Developing a wider approach to shoaling models that allows for an
iterative progress building the best model, and that allows alternatives
to be examined using comparable metrics, can help relate multiple ap-
proaches to investigating collective behaviour. Such a framework would
be an improvement over the current state of research, where many func-
tional and informative models exist, but synthesis and evolution are dif-
ficult. This would be a step towards relating the research arising from
cognitive science and fisheries ecology. Despite the large body of work
on collective behaviour in fishes and the many questions that can still
be answered, it is difficult to compare the results from various studies
and bring the knowledge gathered from these disparate fields to bear on
new questions. Validating any of these collective models requires access-
ing in-situ data, which is especially difficult for fish species. This paper
explores how an individual-based model (IBM) of shoaling behaviour
can be evaluated with Approximate Bayesian Computation (ABC) using
opportunistically-collected data and the potential of the framework to be
applied to broader questions.

3.1.2 The Individual Based Model and Approximate
Bayesian Computation framework

Given the diversity of model construction and evaluation methods, defin-
ing a framework can provide a baseline for how to parameterize and
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evaluate shoaling behaviour models. Approximate Bayesian computa-
tion (ABC) has been used to evaluate collective behaviour models (van
der Vaart et al. 2015) and spatial models of fish movement (Boyd et al.
2018; Dominguez Almela et al. 2020), but has not been applied to shoal-
ing behaviour. Using IBMs and ABC is a simple and flexible framework.
IBMs can be simple or complex, allow for the easy addition of individual
types or conditions, and can be built from scratch to suit any problem
set. ABC uses only the runs of the IBM and the empirical data, and
all validation is conducted with pseudo-data generated from those runs,
increasing the flexibility. This paper seeks to provide a framework for
moving between theory and practice in a clear path that can be general-
ized for many different applications that link ecological and behavioural
modelling.

IBMs are ideally suited for addressing collective behaviour because
they allow for emergent behaviour from simple rules (compared to deter-
ministic models) and they are more flexible than other methods (Huston
et al. 1988; Macal and North 2010). With IBMs, the interactions be-
tween individuals are local; an individual is affected only by others and
the environment with which it comes in contact, facilitating modelling
of variance on the small scale (Huston et al. 1988). IBMs also allow for
individual heterogeneity and stochastic and emergent processes, allowing
the actions of individuals to build the behaviour of the group as a whole
(Reuter et al. 2016).

Approximate Bayesian computation is rooted in Bayesian statistics,
which differ fundamentally from frequentist approaches because they do
not rely on null hypothesis testing, and for assessing the success of a col-
lective behaviour model, determining a null hypothesis can be difficult.
ABC describes a broader process of parameter estimation and validation
than is accomplished with the direct calculation of probabilities using in-
formed priors in other Bayesian approaches. As the input parameters in
ABC are considered random (within a prior distribution), the inferences
made about them are based in the probability distribution based on ob-
servations of the data, i.e. the posterior distribution (Turner and Van
Zandt 2012). Most IBMs are assessed by observing patterns in empirical
data and using these patterns to iteratively design and parameterize the
model: “pattern-oriented modelling” (POM) (van der Vaart et al. 2015).
The empirical patterns then serve as a filter for excluding the least suit-
able model parameters. ABC is particularly useful when the likelihood
function that determines the posterior distribution in standard Monte
Carlo methods becomes more difficult to compute, i.e. as model com-
plexity increases and parameterization becomes less tractable (Beaumont
2010; van der Vaart et al. 2015).
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The ABC framework estimates posterior distributions by running the
model many times with random parameters drawn from prior distribu-
tions, selecting the model runs that most closely replicate the empirical
data, and producing an artificial data set of model parameters (Turner
and Van Zandt 2012; van der Vaart et al. 2015). ABC makes the POM
process simpler and more transparent and the posterior distributions of
parameter values demonstrates the uncertainty in the model, which can
be extrapolated to examine the uncertainty in the model’s predictions
(van der Vaart et al. 2015). Assessing this uncertainty is essential for
practical applications of IBMs such as resource management, and the
assessment is relatively simple, allowing for comparison between various
conditions, parameters, and datasets.

For this study, a very simple behavioural model, based on the three-
parameter Boids model, was assessed using video of three-spined stickle-
backs, opportunistically collected as bycatch in light traps. This research
as aimed at using the simplest cases for both model complexity and data
collection to test the framework. The stickleback video used in this study
provides an ideal testing setup for this framework because the use of a
shallow tray essentially constrained the fish to two-dimensions, replicat-
ing the simple model space. The distribution of input parameters is
assessed with ABC to determine which parameters are (1) important in
describing the behaviour of the sticklebacks and (2) are informative to
the model at all.

3.2 Methods
The model was constructed in Python 3.6 using the Mesa framework
(Mesa: Agent-Based Modeling in Python 3+ 2016). This description
of the individual-based model is developed from the Overview-Design
concepts-Details (ODD) protocol by Grimm et al. (2006).

3.2.1 ODD for the shoaling model

3.2.1.1 Overview

3.2.1.1.1 Purpose This model aims to create the basis for a frame-
work that accurately represents a shoal of fish with the goal of describing
the shape and density to approximate the conditions of a real fish shoal.
The eventual goal is to be useful to fisheries managers by improving
estimates for the density of a fish shoal in acoustic images, based on
individual fish numbers and density variations within the shoal. Acous-
tic measurements are always an estimate and are especially difficult for
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fish like Atlantic mackerel (Scomber scombrus) that do not have a swim
bladder (Korneliussen 2010).

3.2.1.1.2 Entities, State Variables, and Scales The model con-
sists of agents/individuals representing fish within a shoal. They occupy
a two-dimensional, bounded space, the dimensions of which are specified
when the model is implemented. The model space is a 2D Euclidean
space, composed of grid cells, indexed with x, y coordinates, over which
the fish (coded as point objects) can occupy an arbitrary position and
move freely across the grid. The model is based on the Boids model
(Reynolds 1987), where three simple movement rules lead to collective
behaviour: coherence, separation, and alignment.

The fish are governed by six variables: (1) vision - the radius in which
they perceive other individuals, (2) spacing - the distance at which they
separate, (3) their speed, and three variables that control the vector
created for their movement, which represent the proportional importance
of the three Boid parameters – (a) cohere, (b) separate, and (c) match
heading of neighbors (Figure 3.1).

Figure 3.1: Parameters for fish behaviour in the model: (1) vision radius,
(2) spacing – minimum separation distance, movement speed (not pictured),
and the “Boid” parameters included in the calculation of the movement vector:
(3a) coherence, (3b) separation, (3c) match heading of neighbors.

3.2.1.1.3 Process and Overview When initialized, fish are given
a movement vector that includes the speed (i.e. distance) and a heading
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that is determined by the relative proportions of their initial heading and
the movement factors (cohere, separate, and match heading). Cohere
(~vc; Equation 3.1) returns a vector from the individual’s initial position
(p1(x, y)) towards the centroid of the neighbours within the vision radius’
positions, where xi are fish locations (x, y)meeting 0 < ||xi−p1|| < vision
radius.

~vc =
1

n

n∑
1

xi − p1 (3.1)

Separate (~vs) returns a vector away from any neighbours’ position (xn)
closer than the spacing distance (Eq. 3.2) where ||xi − p1|| < spacing
distance.

~vs = −(xn − p1) (3.2)

Match heading (~vm) returns a vector matching the heading of neighbours
where ||xi − p1|| < vision radius (Eq. 3.3)

~vm =
1

n

n∑
1

~vx (3.3)

where ~vx is the most recent weighted vector (Eq. 3.4) for each fish within
the vision radius.

~vx =
(0.025~vc + 0.25~vs + 0.04~vm)

2
(3.4)

For each step, each individual’s velocity is determined by combining
the vectors created in the proceeding functions and their relative weights
(~vx). The weights were determined by examining the ability for the model
to produce collective behaviour through using the visualization element
of the Mesa package. The vector is added to the individual’s initial
position (p1), with the speed (s), and each fish is given a new position
(p2) for each step of the model (Eq. 3.5).

p2 = p1 + ~vx ∗ s (3.5)

The model is built on a continuous space that is automatically toroidal,
so to create boundaries, individuals are considered out of bounds when
the position of the fish is beyond the minimum or maximum x or y co-
ordinates defining the model space (0 and 100 for this instance). The
space is parameterized so that the individuals interact with the borders
regularly. In such cases, the heading of the fish is re-assigned as the in-
verse of the heading that led them out of bounds, and is then used to
calculate the new position, following Equation 3.5.
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3.2.1.2 Design Concepts

3.2.1.2.1 Emergence Coordinated movement between individuals –
collective behaviour – emerges from these simple movement rules, with no
direct communication between the agents. In real systems, behaviour is
mediated by more factors, including non-visual sensory input, differences
between individuals’ goals and personality, and environmental conditions.
This simple model, however, does replicate behaviour similar to that seen
in systems such as fish shoals.

3.2.1.2.2 Adaptation The individuals do not have any adaptive traits
that would affect their fitness, nor do they respond to changes in their en-
vironment, other than being attracted to or separating from local neigh-
bours.

3.2.1.2.3 Fitness Fitness-seeking is not currently included in the
model.

3.2.1.2.4 Prediction Individuals do not predict future conditions,
nor are their behaviours mediated by past conditions; they do not evolve
nor have any memory.

3.2.1.2.5 Sensing Individuals are aware of their neighbours within
a vision radius, determined with the parameter inputs. Individuals are
also aware of the boundaries of the model space.

3.2.1.2.6 Interaction The individuals do not interact directly with
each other, i.e. their movements are calculated based on others’ positions,
but they do not influence those positions directly.

3.2.1.2.7 Stochasticity The individuals are activated in a random
order, using the random package, included in the Python standard li-
brary (9.6. Random — Generate Pseudo-Random Numbers — Python
3.6.10 Documentation 2020). Therefore, no individual is repeatedly ac-
tivated before the other agents, affecting the order of operations within
the model. The starting position and initial velocity of each individ-
ual are also random, as is their initial heading before being combined
with the cohere, separate, and match heading vectors. As there is no
pre-determined shape of the group included in the model, random posi-
tions and velocities allow the shoal to emerge from random positions and
directions, rather than being determined by the starting point.
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3.2.1.2.8 Collectives The goal of the model is to form a collective.

3.2.1.2.9 Observation There is a visualization for the model as it
progresses and the user can observe the positioning of the fish and the
emergence of collective behaviour. This visualization uses an HTML5
canvas created in JavaScript, as part of the Mesa framework. The vi-
sualization also includes the vision radius of the agent and its heading
at each step. From this interface, the user can control the frames per
second, the number of individuals, their speed, their vision radius, and
the minimum spacing distance. The visualization also includes graphs of
the statistical indicators of shoaling behaviour.

Four statistical indicators of shoaling behaviour were developed to
describe the overall outputs from the model. These are (1) polarization
- median absolute deviation (MAD) of individual heading, (2) nearest
neighbour distance (NND) – mean distance between an individual and
its five nearest neighbours, (3) distance from centroid – mean distance
from the centroid of all individuals (DC), and (4) shoal area – total area
of the convex hull created by the agents. The value for each statistical
indicator is reported for each step of the model. For polarization, the
MAD of the headings was calculated using the mad tool in statsmodels
(Seabold and Perktold 2010). NND was calculated with a K-Dimensional
Tree (KDTree), a machine learning concept for clustering or compartmen-
talising spatial data by creating a binary search tree where the data is
represented as a k-dimensional point in space. The KDTree, determined
using the spatial tools in SciPy (Virtanen et al. 2020), was used to calcu-
late the distance between each fish and its nearest neighbours. Distance
from the centroid was calculated as the mean Euclidean distance of all
fish from the centroid using linalg.norm from NumPy (Oliphant 2015).
For shoal area, the convex hull (the smallest convex set that contains
all points) that covered all fish was calculated using the SciPy spatial
ConvexHull function (Virtanen et al. 2020).

3.2.1.3 Details

3.2.1.3.1 Initialization Individuals are initialized at a random posi-
tion and are given a random heading. They then move to a new position
at the speed determined by the model parameters and begin to imple-
ment the rules provided (Fig. 3.2).
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Figure 3.2: Model and agent initialization and procedure for each model step.

3.2.1.3.2 Input All six movement parameters (behavioural factors:
speed, vision, spacing, and velocity factors: cohere, separate, match
heading) can be determined by the user. The behavioural factors can
take on any value that is less than the dimensions of the model space, in
this case any value below 100. The velocity factors can vary between 0
and 1. When running the model multiple times, the inputs are generated
from a uniform distribution of values within these limits.

3.2.1.3.3 Submodels A less ‘realistic’ version of the model can be
implemented by removing the barriers and allowing the space to become
toroidal, where when an individual reaches the edge of the model space,
they reappear on the opposite edge.

Obstructions can be added as an additional class of model agents and
provided with their own procedures for each step of the model. As static
obstructions, these agents may be left stationary, or may move in any
pattern that is programmed into their step function.
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3.2.2 Model data production

To produce the data for comparison with the data collected from the
sticklebacks, the model was run on the Irish Centre for High-End Com-
puting (ICHEC) cluster 100,000 times with a uniform distribution of
parameter values to form priors for the ABC framework. As this model
has not been used before and all parameters are relative to other model
parameters and the model space, there were no informative priors. The
visualization included in the model provided a chance to ‘sanity check’
the priors qualitatively for a reasonable top range that would produce
groups of individuals. For the behavioural factors, the prior distribution
was a uniform distribution from 0-20 and for the movement vector fac-
tors, the priors were a uniform distribution from 0-1. The model was
run with 20 individuals. The model was run for 300 steps and the first
200 steps were discarded as burn-in to exclude the initial process of shoal
formation. 100 steps of the model represent approximately 30 seconds.
The model area was set to 100x100 grid cells.

The statistical indicators of shoaling behaviour were collected for ev-
ery step of the model and were returned for the entire run as minimum,
maximum, mean, and standard deviation of each value.

3.2.3 Data collection procedure for the sticklebacks

Video of the three-spined sticklebacks (Gasterosteus aculeatus) was col-
lected from fish collected as bycatch in light traps. The video file was
imported into LoggerPro. The dimensions of the video area were deter-
mined by setting the scale with an object of known length – the light
stick in the video frame (Fig. 3.3).

For each frame of the video analysed, first a point was added for the
head of a fish, and then a point was added for the tip of the tail a fish, to
indicate the direction the fish was facing. These two points were collected
for each of the fish. Then, the video was advanced by 30 frames to allow
for a change in position equivalent to approximately one body length.
The head and then the tail of each fish was recorded subsequently for
that video frame (Fig. 3.3). This process was repeated until all fish at
each video step were recorded for all 19 fish over 99 steps of video.
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Figure 3.3: Images from the video of the three-spined sticklebacks (Gasteros-
teus aculeatus) used as empirical data in model validation. Tracked nose and
tail positions in LoggerPro shown as coloured dots, initially a new colour per
frame, then all green from the 10th tracked video frame.
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3.2.3.1 Digitization analysis

The positional data of the fish in LoggerPro were recorded as x-y coor-
dinates. These data were then imported into Python. The experimental
space was approximately seven times the size of the model space, with the
maximum position for the sticklebacks recorded at 726. To allow for com-
parison with the modelled space, all positional data for the sticklebacks
were scaled down by a factor of seven. The same statistical indicators of
shoaling behaviour as were used to describe the modelled fish were then
calculated for each tracked step of the video.

3.2.4 Approximate Bayesian Computation framework

Following the protocol developed by van der Vaart et al. (2015), the sta-
tistical indicators from the model were compared to those from the data
collected from the sticklebacks using the abc package in R (Csilléry et al.
2012; R Core Team 2020) to conduct a rejection-ABC, accepting 0.001%
of the initial runs (n=100). Following the defaults for the abc package for
the rejection-ABC method, no heteroscedastic model is applied, nor any
priori parameter transformations. All statistical indicators were weighted
equally.

Two ‘quality control’ methods were used to assess the accuracy of the
model re-running the ABC: cross-validation and coverage. Both tests
re-run ABC using subset of model outputs as pseudo-data. For cross-
validation, the estimated values, i.e. the median of the posterior param-
eter distributions, is compared to the model results. Cross-validation
was conducted with the abc package, with the pseudo-data generated
from the 100 most-successful ABC results, and a proportion of runs ac-
cepted (tolerance) of 0.01. To examine the accuracy of the posteriors,
a test of the coverage property was conducted with the abctools (Nunes
and Prangle 2015) package. The coverage test finds the proportion of
accepted parameter values from the pseudo-data ABC that are less than
the value used for that run (Prangle et al. 2014). The coverage should be
uniformly distributed across the different proportion of ABC acceptances
tested (tolerance). The coverage test used the 100 runs with the smallest
error for a range of tolerances between 0.1 and 1.

3.2.5 Timeseries analysis of change in statistics over
time

To examine the periodicity and change in shoaling character over time,
the timeseries of each statistical indicator of shoaling behaviour was ex-
amined for both the stickleback video data and the modelled fish, using
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the mean posterior parameter values determined by the ABC analysis
and the mean prior distribution values. The model, fit with these pa-
rameter values, was run for 100 steps, 10 times for each set of parameter
values, with the first 200 steps discarded as burn-in.

3.3 Results

3.3.1 Comparison of priors and ABC framework pos-
teriors

The prior distributions of model parameters were altered to various ex-
tents after incorporating observational data in the Bayesian framework.
The homogeneity of variance between the prior and posterior distribu-
tions was determined with a Levene’s test, using the car package (Fox and
Weisberg 2019), and corrected for multiple testing with Holm’s method.
The mean values of the posterior distributions for vision, cohere, and
match heading remained within 50% of the mean of the prior distribution
(Fig. 3.4). The 95th percentile of the posterior distribution of factors, ex-
cept for speed, overlapped significantly with the prior distribution (Table
3.1; Fig. 3.4).

Table 3.1: Summary of posterior distribution of parameters determined from
ABC and the p-value for the Levene’s test of homogeneity of variance across the
prior and posterior distributions, corrected for multiple testing using Holm’s
method.

speed vision spacing cohere separate match
prior mean 10 10 10 0.5 0.5 0.5

2.5% 0.154 2.287 0.173 0.040 0.016 0.057
median 1.109 9.005 7.492 0.544 0.186 0.575
mean 2.801 9.728 8.078 0.528 0.280 0.542
97.5% 18.656 17.954 19.460 0.983 0.916 0.957

p-value <0.0001 0.0005 0.0453 0.2097 0.0011 0.1048

The posterior distributions for speed, vision, spacing, and the sepa-
rate vector factor differed significantly from the prior distributions, with
the clearest narrowing for speed (Table 3.1; Fig. 3.4).
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Figure 3.4: Density of parameter values; priors from the model in blue, pos-
teriors from ABC in green. Significant narrowing of the prior distributions
marked with asterisks (Levene’s test of homogeneity of variance p<0.05, cor-
rected for multiple testing using Holm’s method).

3.3.2 Validation and accuracy of ABC results

For cross-validation, while the posterior distributions of speed and the
match heading vector varied significantly from the prior distribution, a
linear regression of the true and estimated values for the cohere, separate,
and match heading vector showed no evident relationship (Fig. 3.5; R2 =
0.042; 0.179; 0.001), nor for spacing (Fig. 3.5; R2 = 0.334). The strongest
relationship was between the true and estimated values for speed (Fig.
3.5; R2 = 0.712), with a weaker relationship for vision (Fig. 3.5; R2 =
0.583).
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Figure 3.5: Linear regression of estimated and true parameter values for
cross-validation of ABC parameter estimation.

Posterior estimates generally found appropriate values for all param-
eters, most successfully for speed and vision. All factors except for speed
passed the coverage test, as the values from the pseudo-data did not
differ significantly from a uniform distribution. For speed, there was a
significant variation from uniformity, with an excess of values on the left
side of the distribution (Table 3.2; Fig. 3.6; p<0.01).
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Table 3.2: P-values from the Kolmogorov-Smirnov test for the pseudo-dataset
used for the coverage test with a normal distribution for each of the proportion
of ABC acceptances tested (tolerance). P-values <0.01 in bold.

tolerance speed vision spacing cohere separate match
0.1 <0.0001 0.2693 0.8994 0.5760 0.7946 0.1408
0.2 <0.0001 0.5719 0.6622 0.3773 0.6009 0.1170
0.3 <0.0001 0.8863 0.4257 0.3558 0.4825 0.1218
0.4 <0.0001 0.6089 0.4446 0.3366 0.4926 0.1285
0.5 <0.0001 0.6816 0.3267 0.3201 0.4010 0.0996
0.6 <0.0001 0.4966 0.3014 0.2125 0.4278 0.0851
0.7 0.0020 0.6521 0.1799 0.2934 0.4513 0.0687
0.8 0.0217 0.9361 0.2768 0.2812 0.5447 0.0438
0.9 0.0724 0.6655 0.6773 0.3256 0.7740 0.0371
1.0 0.3172 0.1482 0.7119 0.6611 0.6624 0.0341
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Figure 3.6: Distribution of relative frequency (p) of accepted parameter val-
ues that were less than the value from ABC using the 100 ‘best’ runs as pseudo-
data. Significant departure from uniform distribution marked with asterisk
(Kolmogorov-Smirnov test p<0.01).
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3.3.3 ABC framework with NND as the only statis-
tical parameter

To examine the effects of summary statistic selection, the ABC frame-
work was run with only NND as an alternative to model fitting with
all four statistical indicators of shoaling behaviour. NND was selected
as it had the strongest relationship with all parameter values except for
speed (Appendix A) and because NND is the statistic most often used
to describe individual interaction in fish shoals (Delcourt and Poncin
2012). The posterior distributions for speed, vision, and spacing were
significantly narrowed for the NND-only ABC. The posterior distribu-
tion for separate was significantly narrowed for the general ABC (using
all statistics), but not for the NND-only ABC (Table 3.3). The posterior
distributions from the general and NND-only ABC differed significantly
for speed, vision, spacing, and the separate movement vector (Mann-
Whitney U test, p<0.001; Table 3.3).

Table 3.3: Summary of posterior distribution of parameters determined from
ABC with NND as the only statistical indicators, the p-value for the Levene’s
test of homogeneity of variance across the prior and posterior distributions,
and the p-value for Mann-Whitney U test for difference between posterior
distributions generated by the general and NND-only ABC.

speed vision spacing cohere separate match
prior mean 10 10 10 0.5 0.5 0.5

2.5% 1.379 12.247 0.612 0.116 0.014 0.019
median 9.994 18.307 2.776 0.624 0.354 0.503
mean 9.548 17.720 3.893 0.589 0.419 0.498
97.5% 14.046 19.882 13.548 0.981 0.975 0.951

p-value <0.0001 <0.0001 <0.0001 0.3668 0.7652 0.3658

comparison of general ABC & NND-only
p-value <0.0001 <0.0001 0.0004 0.1547 0.0008 0.2463

Of the parameters for which the prior and posterior distributions dif-
fered significantly, the peaks in the posterior distributions for the NND-
only ABC were skewed right (towards higher values) for speed and vision,
compared to the general ABC, and left for spacing (towards lower val-
ues; Fig. 3.7). The distribution for cohere is similar to that from the
general ABC, but with a defined trend towards higher values, and the
distribution for match heading is more centered (Fig. 3.7).
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Figure 3.7: Density of parameter values; priors from the model in blue,
posteriors from NND-only ABC in green. Significant narrowing of the prior
distributions marked with asterisks (Levene’s test of homogeneity of variance
p<0.05, corrected for multiple testing using Holm’s method).

As with the general ABC, in the cross-validation, the strongest rela-
tionship between the true and estimated parameters were for speed and
vision, with a slightly stronger linear relationship for speed than vision
(R2 = 0.567; 0.412), and a weaker relationship for spacing (R2 = 0.388).
For all other parameters, there was no clear relationship (cohere vector
R2 = 0.062; separate vector R2 = 0.029; match vector R2 = −0.006).

For the NND-only coverage tests, fewer parameters were consistent
across different proportions of ABC acceptances, with significant devia-
tions from uniformity for speed and vision (p<0.01; Table 3.4; Fig. 3.8).
There were an excess of values on the left side of the distribution for
speed and an excess of values on the right for vision (Fig. 3.8). The
coverage test for spacing was also very close to failing for a subset of
tolerances (Table 3.4), but there is not as clear of a skew in the data
(Fig. 3.8).
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Table 3.4: P-values from the Kolmogorov-Smirnov test for the pseudo-dataset
used for the coverage test with a normal distribution for each of the proportion
of ABC acceptances tested (tolerance) for the NND-only ABC framework. P-
values <0.01 in bold.

tolerance speed vision spacing cohere separate match
0.1 0.1020 0.3232 0.6301 0.8244 0.8853 0.9837
0.2 0.0220 0.1938 0.5336 0.9675 0.9265 0.9594
0.3 0.0010 0.0253 0.2068 0.9898 0.9333 0.9199
0.4 0.0002 0.0005 0.0639 0.9879 0.9535 0.8499
0.5 0.0004 0.0002 0.0297 0.9670 0.8310 0.8495
0.6 0.0008 0.0001 0.0190 0.8784 0.7974 0.8457
0.7 0.0052 0.0003 0.0156 0.8515 0.5965 0.8657
0.8 0.0404 0.0013 0.0176 0.9470 0.5351 0.8723
0.9 0.1276 0.0047 0.0274 0.9774 0.5789 0.8330
1.0 0.5244 0.0464 0.1712 0.8944 0.7787 0.8134
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Figure 3.8: Distribution of relative frequency (p) of accepted parameter val-
ues that were less than the value from the NND-only ABC using the 100 ‘best’
runs as pseudo-data. Significant departure from uniform distribution marked
with asterisk (Kolmogorov-Smirnov test p<0.01, corrected for multiple testing
using Holm’s method).
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3.3.4 Comparison of ABC-selected model and empir-
ical data

The model was run ten times with the mean values from the poste-
rior distributions determined through the general ABC (speed=2.7, vi-
sion=9.7, spacing=8.1, cohere=0.53, separate=0.28, match=0.54) and
the NND-only ABC (speed=9.5, vision=17.7, spacing=3.9, cohere=0.59,
separate=0.42, match=0.50) and the means of the prior distributions
(speed=10, vision=10, spacing=10, cohere=0.5, separate=0.5, match=
0.5). The first 201 steps of each run were discarded as burn-in to match
the number of steps recorded for the tracked fish. As the model was run
100,00 times for the ABC and only 10 times here, these values do not
represent the full possible distribution of values, and the values demon-
strated are the average, and trends from individual model runs vary more
broadly. These data do, however, provide a basis for comparison between
the statistical indicators collected on the modelled fish, both from the
prior and posterior distributions, and the observed data.

The modelled fish were generally in a much more disparate group
than the observed fish. This is reflected in the larger distance to the
centroid, larger NND, and larger scaled shoal area. The modelled fish
were also less coordinated, or aligned, showing a greater deviation from
the mean heading than the empirical data (Fig. 3.9). For all statistics
except for polarization, the modelled fish using the means of the posterior
distributions were closer to the data from the observed fish than the
modelled fish using the means of the prior distributions.

There is no overlap between the ten model runs and the tracked data
for shoal area using the parameter values determined from the general
ABC (Fig. 3.9). There is some overlap between the two datasets for the
mean DC and polarization, as 60.6% and 39.4% of the tracked data points
fell within the minimum and maximum values for ten runs of the model
(Fig. 3.9). There was no overlap for the tracked and modelled data using
the general ABC parameters, but there was overlap between the tracked
and the minimum and maximum values at each point for modelled data
using the NND-only ABC parameters (94.9% overlap; Fig. 3.9).
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Figure 3.9: Statistical indicators of shoaling behaviour collected from em-
pirical data from tracked fish (purple) and the mean value at each step for
each summary statistic for ten model runs of 99 steps, with parameters set to
the mean values of the posterior distributions from the general ABC (green)
and NND-only (for NND; blue), and parameters set to the mean values of the
prior distributions (yellow). Shaded region for the modelled data represents
the maximum and minimum values at each step for the ten model runs.

3.4 Discussion
Overall, ABC was successful at narrowing the prior distributions of most
of the parameter values, suggesting that statistical descriptors of shoal-
ing behaviour can be linked to the behavioural rules used to generate
collective behaviour. Using a simple version of a shoaling model, four of
six parameters were significantly narrowed, but not all of the same pa-
rameters passed both the cross-validation and coverage tests, suggesting
that further consideration of parameters and summary statistics would
be useful for deriving the values that best replicate the empirical data.
Additionally, the lack of overlap between model runs using the means of
the posterior distributions suggest that additional parameters, or better
statistical indicators could improve the parameterization of the model.
These results suggests that the success of the IBM/ABC framework de-
pends largely on the data available and the question to be answered.

65



3.4.1 Comparison of modelled and empirical data

From the ABC test, the clearest parameter narrowing was for speed,
indicating that the model best replicated the statistical indicators from
the stickleback data using lower speeds (Fig. 3.3). The lack of coherence
to the coverage property for speed, with the values for the pseudo-data
skewed to the left, suggests that the ABC generally over-estimates the
values for speed (Fig. 3.6), which also suggests that the model best
matches the empirical data at low speeds. While less drastic, the pos-
terior distributions were also significantly different for vision, spacing,
and for the separate vector (Fig. 3.4). While the posterior distribution
for vision centered around the mean value for the prior distribution as
well, for spacing and the separate vector, the posterior distribution was
shifted towards lower values. This suggests that the model best repli-
cates the empirical data when the fish are closer together, not suggesting
a large separation distance. These results are supported by the compar-
ison of the modelled data using the ABC-derived parameters and the
observed data. Similarly, these results suggest a lesser importance for
separation in the vector calculations, against coherence and match head-
ing (Fig. 3.4). There was not, however, a strong relationship in the
cross-validation tests for spacing or for the separate vector, suggesting
that the significant difference in prior and posterior distributions does
not necessarily explain the difference between the true and estimated
values for these parameters (Fig. 3.5). There was, however, a positive
relationship in the cross-validation for vision and especially for speed,
suggesting that these factors are important for parameterizing the model
as the estimated values increase with the true values (Fig. 3.5).

For the remaining factors (the cohere and match heading vector fac-
tors), the lack of narrowing and the lack of a relationship in the cross-
validation tests suggests that these factors are not important in parame-
terizing the model to match the empirical data, at least when using this
set of statistical indicators. The range of values seem to have little in-
fluence on the outcome of the model. Cohere is essential for creating the
groups, but the model does not seem overly sensitive to its parameteri-
zation. For match heading, without a clear effect shown through these
analyses, it is possible it could be excluded as well, following the sim-
plified Boids models that considers alignment to be an emergent factor
(Herbert-Read et al. 2011; Lopez et al. 2012). The relatively uniform
distributions in the coverage tests suggest that the posterior distribu-
tions are not over- or under-estimated (Fig. 3.6). This does not mean,
however, that they are necessarily informative.

When comparing the modelled data over the course of 100 steps to
the observed data, the statistical indicators from the modelled data do
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not completely overlap with those from the empirical data. The mod-
elled data using parameters from the mean of the posterior distributions
was slightly closer to the observed data than the modelled data using
the mean of the prior distributions for all statistics except for shoal area.
This approach was most successful for DC for the ten model runs with
parameters set to the mean of the posterior distributions from the general
ABC that used all of the summary statistics, while there was no overlap
between the modelled data range and the empirical data for NND and
shoal area. Using parameter values from the NND-only ABC decreased
the NND, bringing it much closer to the tracked data, but still higher
overall. The lack of agreement between the modelled and tracked data
suggests that there is further improvement to be made to model devel-
opment and parametrization, and, perhaps, the selection of statistical
indicators.

There are multiple possibilities for improving the model fit, but as
Beaumont (2010) state, because ABC involves approximation, it is diffi-
cult to determine errors from approximation from errors resulting from
model choice. The visualization module included in the Mesa library al-
lows for cursory checks that the model does produce collective behaviour
and many improvements can be made as part of the iterative ABC pro-
cess. First of all, the priors were uniformly distributed and not highly
informative. While uniform priors can be used in ABC (Turner and Van
Zandt 2012), incorporating information about the probability density
for the priors gathered from previous iterations of the model framework
(such as this one) could greatly improve the posterior estimation. Alter-
natively, there may be alterations to the model that could improve fit,
such as greatly increasing the importance of the cohere movement vector
in relation to separate and match heading. Increasing coherence may re-
duce the values gathered for DC, shoal area, and NND. The weighting for
the vector factors (Eq. 3.5) was based on observations of the emergent
behaviour in the model visualization, these results indicate that seeking a
better match between the statistical indicators, rather than a visual anal-
ysis of the resulting behaviour, is a better method for parameterization
if there is enough computing power available to run multiple iterations.

Adapting the statistical indicators to better explain shoaling behaviour
could also improve the fit. Shoal area had the largest discrepancy be-
tween the modelled and tracked data, suggesting that there is the most
scope for improvement with this statistic. Instead of using the area of
the convex hull, which is very sensitive to outliers, other metrics of area
and spread may be better-suited. Lastly, adapting the model code to
be more specific to the behaviours of the real fish, such as their prefer-
ence for following the borders of the space could provide a better match
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specifically between the model and this set of empirical data, but might
limit the generalizability of the framework.

3.4.2 Proper parameterization and error reduction

The lack of narrowing for two of the parameters, combined with the fact
that both passed the coverage test, suggests that the implementation of
the parameters can be improved or expanded. One possible avenue for
parameterizing the model is to change the dimensions of the space or to
provide a more physical representation for each fish. While the dimen-
sions for speed, vision, and spacing are important relative to the model
space, the individuals themselves do not occupy any space of their own.
Their only physicality is indicated by the spacing parameter, essentially
determining the “personal space” of each individual, and when their po-
sition is projected to be out of bounds, causing them to “bounce” off
of the borders. The dimensions of the space, therefore, have no mathe-
matical relationship with the size of the individuals, which may hinder
comparisons with empirical data, where both the fish and their tank have
immutable dimensions. This lack of dimensionality may be especially an
issue for the total shoal area as a statistical indicator. Without a rela-
tionship between the size of the fish to the size of the area, measurements
of density as descriptors of shoal shape, such as DC and NND, may be
more informative.

While ABC is a useful framework for parameterization and for choos-
ing between models, it includes no process for distinguishing error in the
model and error in the parameter approximation (Beaumont 2010). Some
in the approximation can be assessed with cross-validation to ensure a
relationship between estimated and true parameter values, and with the
coverage test to determine if the posterior distributions are accurately
estimated, but errors in the model itself will be propagated through the
ABC framework. For shoaling behaviour, checking that the model allows
collective behaviour to emerge is essential. Models replicating ecologi-
cal conditions where expected values for environmental parameters and
summary statistics are known (or are within reasonable limits), should
be tested prior to implementing ABC (Beaumont 2010). The model im-
plemented here does allow shoaling behaviour to emerge, and the values
from the statistical indicators are not radically different. However, the
alignment of the modelled and empirical data did differ between the sta-
tistical indicators, and in future the model could be parameterized to
better align with whatever statistic best suits the question asked, when
a more specific hypothesis is being tested.
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3.4.3 NND as the only statistical indicator of shoal-
ing behaviour

The lack of an effect of the model parameters may also be due to weak-
nesses in the statistical indicators used to describe both the behaviour of
the sticklebacks and of the modelled fish. For all parameters but speed,
the strongest relationship between the prior distribution and the statis-
tical indicators was with NND (Appendix A), suggesting that the other
statistics may not describe the shoal in a way that is testable with these
model parameters.

When the ABC framework was implemented with NND as the only
statistical indicator, speed, vision, and spacing were significantly nar-
rowed, while separate was not (Fig. 3.4 & 3.7; Table 3.1 & 3.3). The
posterior distributions of speed, vision, spacing, and separate from the
NND-only ABC were also significantly different from those from the gen-
eral ABC (Table 3.3), indicating that NND is an informative statistic for
these parameters. The lack of difference between the general and NND-
only posteriors for cohere and match heading are likely the result of the
overall lack of successful parameterization for both ABC attempts. As
the separate movement vector was significantly narrowed for the general
ABC and not for the NND-only ABC, it is likely that one of the other
summary statistics (polarization, DC, or shoal area) captures the effect
of the separate vector.

For the NND-only ABC, the lack of agreement with the coverage
property, indicated by the departure from uniformity for speed and vi-
sion, indicates that the posterior distributions for these parameters are
not accurately estimated. The leftward skew for speed and spacing in-
dicates overestimation, while the rightward skew for vision indicates un-
derestimation (Fig. 3.8). This lack of uniform coverage, not replicated in
the general ABC for vision, suggests that the parameterization of vision
also includes another statistical indicator. However, the lack of a clear
relationship in the sensitivity analysis and in the cross-validation of the
ABC results, suggests than any link between these factors is relatively
insignificant, though some signal is indicated across the total 20 million
steps included in the ABC framework.

3.4.4 Additional potential statistical indicators

The selection of the statistical indicators of shoaling behaviour is as im-
portant as the parameter prior distributions for the success of the ABC
framework, as the selection of summary statistics can possibly bias the
ABC process (Beaumont 2010). Ideally, the summary statistics should
have varying degrees of correlation with each other and with the param-
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eters to decrease the influence of any one statistic on the ABC outcome.
For this study, the degrees of correlation between the statistical indicator
were all relatively high, varying between 0.46 for DC and area, to 0.95
for polarization and NND (Appendix B). Including enough statistics
must, however, be balanced with not including an unsustainable num-
ber of statistics and therefore falling prey to the curse of dimensionality
(Beaumont 2010). Statistic selection depends on understanding both
the empirical data available and the questions the framework should be
addressing.

For the statistical indicators, even within NND calculation methods,
there are options that may be more informative for this comparison with
empirical data. For example, the Clark-Evans Index (CEI) compares
observed NND values to a random spatial distribution of simulated NND
values to indicate if there is cohesion, versus a random or homogenous
distribution (Delcourt and Poncin 2012). NND can also be measured as
the homogeneity of NND, which is less affected by individuals that are far
away. Additional potential statistical indicators include measurements of
the angle of dispersion, or the group turning rate (Delcourt and Poncin
2012). Any of these indicators, or a variety of others, may be better at
parameterizing the model, but their power depends on both the empirical
data available and the question asked. For example, the NND statistic
used will be more or less sensitive to heterogeneity in distances, and
anything that takes into consideration the speed or orientation of the
individuals will be directly affected by the model parameters themselves,
rather than the emergent behaviours.

Improving the analytical tools for comparing the modelled and em-
pirical data is as necessary as parameterization. One potential improve-
ment for the shoaling IBM/ABC framework is to incorporate change
over time, a “time-depth perspective” (Biro et al. 2016). Another poten-
tial is to introduce heterogeneity in individuals through goal-directedness
(Macal and North 2010). These changes are especially relevant for in-
stances where a higher granularity in the data is important to replicate
– a blind-spot in this version of the ABC. For this set of empirical data,
there is clear periodicity, indicating that time elapsed is potentially an
additional dimension of the data beyond spatial orientation.

3.5 Conclusions
Proper parameterization and validation requires not only an applicable
method, but a clear question to be answered and suitable empirical data
with which to test that question. This ABC framework is flexible enough
to suit a highly parsimonious model with minimal parameters and statis-
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tical indicators, or a highly complex model seeking to replicate a specific
set of real-world behaviours. While in this instance, few parameters were
found to be closely linked to making the model output match the empir-
ical data, there was clear narrowing of the speed parameter, vision, spac-
ing, and separate vector parameters. The additional information gained
from re-running ABC with only NND demonstrates the iterability of the
framework, allowing for further experimentation and parameterization
without collecting any additional data.

Applying this IBM/ABC framework to shoaling behaviour demon-
strates how flexible the framework is, beyond previous applications to
spatial and energy budget models. This flexibility means that the frame-
work can serve as a baseline for comparison for a variety of approaches
to collective behaviour models. The framework allows for comparison
between observational summary variables, with the possibility to deter-
mine what are the most useful in narrowing the behavioural parameters.
Additionally, the relatively little computational cost of ABC and the pos-
sibility of implementing an IBM in a general programming environment
such as Python increases accessibility and replicability. The IBM/ABC
framework is a useful tool for evaluating and comparing collective be-
haviour models across disciplines.
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Chapter 4

Re-conceptualizing the
IBM/ABC framework to
simulate acoustic data

This chapter explores how the individual based model (IBM) and approx-
imate Bayesian computation (ABC) framework described in Chapter 3
can be expanded and applied to real-world questions in fisheries acous-
tics. The example in Chapter 3 only incorporated twenty fish ex-situ and
was not aimed at answering a specific question. This chapter conceptu-
alizes how IBMs can potentially be used to address how variations in
density and orientation within a fish shoal affects population estimates
from acoustic fisheries surveys and how shoaling behaviour relates to
environmental conditions.

4.1 Role of fish behaviour in acoustic data
collection

For many pelagic and demersal fisheries species, data collection is a
daunting task. Older methods of population estimation, such as mark-
recapture, catch-per-unit-effort, and catch-at-age methods are cost and
effort prohibitive and can be biased by improvements in fishing technol-
ogy and a lack of clear relationships between these metrics and popula-
tion numbers (Gunderson 1993). Acoustic surveys are an improvement
as they are cost-effective and more accurate than other methods, but
there are many sources of uncertainty (Simmonds and MacLennan 2005).
These have been partially addressed by constant innovation in acoustic
surveying technologies (Reid and Simmonds 1993), and most acoustic
data are ground-truthed by fishing the shoals seen on the echosounder
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(Georgakarakos et al. 2011). Acoustic methods have advanced through
the advent of sonar technologies and multifrequency echosounders that
can provide better depictions of changing density over time and better
density estimates for species like Atlantic mackerel (Scomber scombrus)
that lack a swim bladder (Brautaset et al. 2020; Handegard et al. 2017;
Korneliussen et al. 2018; Tenningen et al. 2015).

Improving the accuracy of acoustic measurements, rather than rely-
ing on the data collected from ground-truthing, has multiple applications
for increasing the reach and accessibility of acoustic sampling by mak-
ing the process more efficient, especially for informing the automation
of acoustic data collection and analysis. Automating acoustic sampling
introduces the possibility of expanding the data collection for stock as-
sessments beyond scientific survey vessels to opportunistic data collection
from fishing vessels (Gastauer et al. 2017a; Gastauer et al. 2017b), or
autonomous vessels in decommissioned oil fields (Jones et al. 2019). Im-
proving acoustic methods is especially important for delicate or difficult
to survey habitats, as in surveying fish populations in highly-complex
coral reefs (Campanella and Taylor 2016), or organisms in the deep sea,
inaccessible to ship-mounted echosounders (Dunlop et al. 2018).

Without ground-truthing, however, estimating biomass can be hugely
influenced by behaviour, especially for large shoals and depending on
the tilt angle of the fish relative to the echosounder (Fernandes et al.
2016; Korneliussen et al. 2018). Variations in density and distribution
within a fish aggregation can interfere with the algorithms used to analyse
acoustic data. These variations are influenced by intrinsic behavioural
factors such as leadership and feeding state, and extrinsic factors such as
temperature, depth, oxygen levels, and currents, but the specific effect of
each factor is not well-understood (Lopez et al. 2012; Wassermann and
Johnson 2020). There is high variability in the shape and density of fish
shoals and how they manifest in acoustic images (echograms), both across
and within species (Figure 4.1). This variability has consequences for
identifying species (Chapter 5) (ICES 2015) and for determining biomass
and therefore overall population levels (Simmonds and MacLennan 2005).
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A B

Figure 4.1: Echograms from the Report of the Workshop on scrutinisation
procedures for pelagic ecosystem surveys (ICES 2015). Echogram A considered
a ‘typical’ echogram for blue whiting (Micromesistius poutassou); echogram B
is an atypical echogram of juvenile blue whiting. In an echogram, the y-axis
represents the water column and the x-axis represents distance travelled along
the transect.

Additionally, the behaviour of the fish may be affected by the pres-
ence of the survey vessel. The low-frequency noise from some vessels
may disrupt fish behaviour (Fréon et al. 1993), and higher noise levels
can disrupt communication between individuals, potentially leading to
lower catch rates, especially when combined with bottom trawling (Bru-
intjes et al. 2016; Mitson and Knudsen 2003). Fréon et al. (1993) reported
40% reductions in measured density of shoaling herring in Norway and
90% reductions for Atlantic and polar cod due to vessel avoidance. Other
studies, however, have shown no vessel avoidance, especially with newer,
quieter acoustic methods (Fernandes et al. 2000; Mitson and Knudsen
2003; Nøttestad et al. 2016). With the high uncertainty in the relation-
ship between behaviour and measured density, understanding shoaling
behaviour and how it changes during the surveying process is essential
for sustainable fisheries management.

4.2 Adapting the IBM/ABC framework to
approximate acoustic data

While the IBM/ABC framework can successfully model the micro-level
behaviours of a small group of fish, a model replicating the scale of acous-
tic data collection has not before been attempted. While some models
have modelled larger shoals, many have focused on smaller group sizes
(Hemelrijk and Hildenbrandt 2008; Rieucau et al. 2014; Viscido et al.
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2007) and their assumptions can not necessarily be extended to groups
of hundreds or thousands of individuals, as are common in pelagic and
demersal shoals. Adapting these modelling frameworks to larger groups
is possible, however, and requires a change in the conceptualization of
how density is assessed and which parameters are included and varied in
the model testing. Changes in behaviour over varying timescales are also
an important aspect of acoustic surveying, especially with issues such as
vessel and trawl avoidance. Handegard et al. (2017) used 4-dimensional
sonar, including a dimension for time, to reduce bias in changes in density
recorded in the acoustic backscatter and Biro et al. (2016) suggest that
time has been excluded from models to their detriment. The IBM/ABC
framework can also be adapted to investigate density changes over time.

Traditional three-parameter models of collective behaviour (stemming
from Reynolds (1987)) generally focus on movement and the role each
individual’s drive to cohere with their local neighbours, separate from
them at a minimum distance, and match their velocity plays on the re-
sulting density. However, acoustic data is more static. These movement
parameters then take a back seat to other parameters, as the question is
not if or how a shoal is formed, but what is the density of individuals
within that group and how does that change. The distribution of fish
within a shoal can be highly heterogenous (Handegard et al. 2012; Lopez
et al. 2012), which complicate the algorithms used to detect individuals
during acoustic sampling (Fréon et al. 1993; Georgakarakos et al. 2011).
Density verification for large shoals is particularly difficult and is essen-
tial for determining the total estimate for fish biomass for the survey
area (Simmonds and MacLennan 2005). As the goal of this project is
to improve estimates of density, the number of fish becomes an input
parameter to investigate how evident the relationship between biomass
and density is at the scale of a pelagic shoal.

The technical requirements for implementing an IBM/ABC frame-
work with acoustic data are slightly different from other versions. Whereas
many behavioural models are implemented in NetLogo (Wilensky 1999),
which is purpose-built for individual- or agent-based models, using a
more general programming environment like Python provides more free-
dom and better connectivity with the sources of acoustic data, such as
Echoview (Echoview - Sound Knowledge 2021), popular acoustic soft-
ware, is already set up to interact with Python code. The large number
of individuals included in the model and the many runs needed to execute
ABC also require access to high computing power, such as is available
through remote access to scientific computing clusters. Running models
on a cluster is also made easier by using Python, as little installation and
no graphical user interface are necessary.
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4.3 Examples of changes in density over time
This model is a submodel of the IMB presented in Chapter 3. It was built
in Python 3.6 using the Mesa framework (Mesa: Agent-Based Modeling in
Python 3+ 2016). The model process and movement vector calculations
remained the same (Figures 3.1 & 3.2; Equations 3.1 - 3.5). In this
model, however, instead of having borders around the entire space, as in
Chapter 3, the model space is toroidal around the vertical axis, allowing
the individuals to travel in a cylinder to represent larger open space. The
borders on the top and bottom of the space are maintained to represent
the surface and the substrate. In this example, all parameters except for
speed remain static (Table 4.1).

Table 4.1: Static parameter values for the IBM of shoaling behaviour.

input parameter value
width 50
height 50
vision 10

spacing 2
cohere vector 0.25

separate vector 0.025
match vector 0.3

In the IBM in Chapter 3, the model space represented a top-down
view of the fish shoal. In this example, to replicate an echogram, the
model space represents a side-on view of the water column, with each
step representing the changes in density over time that are represented
by the x-axis in an echogram as the ship travels along a survey transect
(Fig. 4.1).

Instead of collecting a summary statistic for each model step or run,
as in Chapter 3, the model can be configured to report the cartesian
coordinates for each individual at each model step. These positions can
then be represented statistically and visually as density (Fig. 4.1 - 4.5)
using a two-dimensional kernel density estimation from the kde2d func-
tion in the MASS package and geom_density2D in the ggplot2 plotting
package in R (R Core Team 2020; Venables and Ripley 2002; Wickham
2016). Returning individual position, rather than a summary statistic,
demonstrates the relationship between individual numbers and overall
density (Fig. 4.2). This indicates that the model, with a known number
of individuals, can be used to simulate and examine changes in density
in an echogram.
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Figure 4.2: Position and 2D kernel density of the shoaling IBM with 300
individuals and speed=10 over steps 250-252 of one model run.

As speed was the most significantly narrowed factor in the IBM in
Chapter 3 and the swimming speed of a shoal can be affected by predation
stress (Nonacs et al. 1998) and vessel presence (Bruintjes et al. 2016;
Godø et al. 2004; Lopez et al. 2012), it is likely to be an important
parameter for any IBM replicating shoaling behaviour. Changing the
speed has a clear effect on the shape and density of the shoal in this
simple example; an increase in speed from 10 to 15 resulted in a single,
odd-shaped shoals (Fig. 4.3), rather than the bifurcated, round shape
seen with the lower speed (Fig. 4.2).
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Figure 4.3: Position and 2D kernel density of the shoaling IBM with 300
individuals and speed=15 over steps 250-252 of one model run.

4.4 Adding environmental features
Ecological realism is more important for this instance of the model, and
there is the possibility to add obstructions to represent environmental
factors that affect shoaling behaviour (Wassermann and Johnson 2020)
such as a sloped bottom (Fig. 4.4) or a horizontal barrier for a thermo-
cline (Fig. 4.5). These features are programmed as points along a line
and can have different levels of permeability depending on the number
of points (20,000 points for substrate in Fig. 4.4; 1,000 points for ther-
mocline in Fig. 4.5). The sloped bottom and thermocline had a similar
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effect on shoal shape, leading to a single, more oblong shape with a tail
(Fig. 4.4 & 4.5), compared to the bifurcated, round shape in the model
run with no obstructions (Fig. 4.2).
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Figure 4.4: Position and 2D kernel density of the shoaling IBM with 300
individuals (speed=10) over steps 200-202 of one model run with a barrier set
to represent a sloped substrate (solid line).
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Figure 4.5: Position and 2D kernel density of the shoaling IBM with 300
individuals (speed=10) over steps 200-202 of one model run with a barrier set
to represent a thermocline (dotted line).

4.5 Adding behavioural effects – tilt angle
Tilt angle, the angle of the fish relative to the echosounder beam, has
an impact on density calculations in acoustic surveying because differ-
ent tissues within the fish reflect the acoustic pulse at different rates,
affecting the target strength of each individual fish and therefore the to-
tal backscatter reported for the shoal. Tilt angle is especially important
for swim-bladderless fish, where the backbone provides the best acoustic
echo (Fernandes et al. 2016; Hazen and Horne 2003; Reid and Simmonds
1993; Simmonds and MacLennan 2005). For example, a change in tilt
angle from 1° to 15° relative to the echosounder can double the target
strength for a mackerel (Scoulding et al. 2017). Within the fisheries
acoustic literature, tilt angle has been shown to be affected by time of
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day, the depth of the shoal, and as a response to the presence of a vessel
(De Robertis and Handegard 2013; Fernandes et al. 2016; Georgakara-
kos et al. 2011; Simmonds and MacLennan 2005). It is likely that other
factors such as environmental gradients could affect tilt angle, but there
has been no research on tilt angle and shoaling behaviour (Wassermann
and Johnson 2020).

Individual-based models are ideal for simulating and testing the ef-
fects of environmental and behavioural variables on tilt angle as an emer-
gent behaviour. When the model area is viewed side-on, representing a
cross-section of the water column as in an echogram (Fig. 4.1), the
heading of each individual becomes a proxy for tilt angle relative to the
echosounder, here represented as an angle relative to the top-left corner.
To examine the effect of tilt angle on the density perceived from a single
point, heading was used to weight the density calculations (Fig. 4.6).
Neither kernel density estimation, nor the simple weighting with tilt an-
gle, are directly comparable to the density estimations from real acoustic
data, which are gathered from backscatter rather than x-y coordinate
position (Rudstam and Sullivan 2021). Instead, these methods serve as
an example of the relationship between tilt angle and density that can
be gleaned from the IBM output.

(A) no weighting (B) weighted by tilt angle
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Figure 4.6: 2D kernel density of the shoaling IBM with 300 individuals
(speed=10) for one step of one model run, with (A) no weighting applied
to density calculation, and (B) individual heading/tilt angle in radians applied
as a weighting factor in density calculation. Note: the apparent density and
shoal shape in the graph appears different from those in earlier graphs because
it is represented by a different function in ggplot2: stat_contour with bins=30
(Wickham 2016).

In the model, heading, represented in x, y coordinates, is calculated
for each step by combining the cohere, separate, and match movement
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vectors (Chapter 3; Fig. 3.2). For this example, heading for each model
step was converted into radians using the atan2 function from the math
package in Python (Python Software Foundation, 2021). The heading
was then used as a weighting factor in the 2D kernel density estimation
function kde2d.weighted in the ggtern package in R (Hamilton and Ferry
2018; R Core Team 2020). The position matricies are multiplied by the
weights, as are the bandwidths, determined with the bandwidth.drd func-
tion in the MASS package, which calculates a bandwidth suitable for a
Gaussian kernel density estimator (Venables and Ripley 2002). To com-
pare the two densities, a 2D Kolmogorov-Smirinov test was conducted
on the z-values from the density estimation with the Peacock.test pack-
age (Xiao 2016). While the result is subtle when there is a high degree
of polarization (i.e. when all individuals are facing the same direction),
there is still an effect for this model step (p=0.08), decreasing for the
shoal group at the bottom of the frame (Fig. 4.6).

The heading of the individuals changes as the model runs, with the
polarization of the agents increasing as a more organized shoal forms,
as demonstrated by the decrease in the standard deviation of the angles
(Fig. 4.8) over the first approximately 100 steps of the model. For the
model runs with some obstructions, either to represent a sloped bottom
or a thermocline, there is much more variation in the angles after this
point (Fig. 4.7 & 4.8), with a significant difference in the angle means
between the sloped bottom and the model with no obstruction (Fig.
4.7; p=0.02) and the two obstructed models (Fig. 4.7; p=0.02) using
a pairwise Wilcoxon rank sum test with correction for multiple testing
using Holm’s method (R Core Team 2020). The heading can range from
π to −π, with a mean of 0rad. For all of the model runs, the mean
heading hovered around 0rad for approximately 10-50 steps, then quickly
decreased, remaining below zero for the rest of the steps (Fig. 4.7).
This is because the individuals tend to travel horizontally around the
model space once the shoal has formed, avoiding barriers provided by
the obstructions, or just the top and bottom of the model space.
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Figure 4.7: Mean of individual headings/angles in radians for each step of
one model with no obstruction, a sloped bottom, and a horizontal barrier
representing a thermocline.
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Figure 4.8: Standard deviation (SD) of all individual headings/angles in
radians for each step of one run of the model with no obstruction, a sloped
bottom, and a horizontal barrier representing a thermocline.

The variation in heading does not, however, have a large effect on the
mean density for most of the time-steps in the model, with the largest
differences in the early steps of the model with no obstructions (Fig. 4.9).
Rather, the differences in density result from the changes in cohesion as
the shoal forms and reacts to the model borders. The fractional difference
in density from the heading would be more significant when scaled over
thousands of individuals and many steps of a model. Additionally, the
increased difference in early steps of the model indicates that disruptions
in polarization through a disturbance, such as a simulated vessel or net,
would introduce additional error into density calculations.
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Figure 4.9: Mean 2D kernel density, not weighted and weighted by head-
ing/angle, for selected steps along a model run with no obstruction, a sloped
bottom, and a horizontal barrier representing a thermocline.

4.6 Steps to take before validation with ap-
proximate Bayesian computation

Determining a suitable dataset to use in ABC to parameterize the model
is the first step in applying this model to acoustic data. Blue whiting
(Micromesistius poutassou), would be a good option given their large,
distinct shoals and high behavioural plasticity (Fig 4.1) (ICES 2015).
Testing the model on a species that is currently assessed acoustically is
essential before applying any findings to more novel applications, such
as the effects of tilt angle in mackerel shoals. Prior distribution selection
can be informed by known behavioural factors for the target species and
the summary statistics used for ABC should replicate the statistics used
to describe the acoustic data.

While the positional data presented here is useful for visualizing and
comparing the simulated data to echograms, it is not in the same format,
nor at the same scale, as the pelagic shoals represented by strong marks
in echograms. For example, shoals of blue whiting (Fig. 4.1) can contain
thousands of individuals and stretch for multiple nautical miles (ICES
2015). The parameterisation of a model at that scale would differ from
the values determined in Chapter 3 and would require testing before
implementing the IBM/ABC framework. The implementation of heading
as tilt angle, while theoretically tractable, would also need to be altered to
represent the angle of the individuals relative to the angle of the acoustic
beam.

Before running ABC, the best statistical descriptors for comparing
the modelled and acoustic data need to be determined, coded for the
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model, and calculated for the empirical data set. The parameters from
Chapter 3 that are focused on individual distances and cohesion, such as
nearest neighbour distance and polarization, are not likely to be useful.
Mean distance from the centroid and shoal area may still be applicable,
as could a variation of the density estimation methods used here. The pa-
rameterisation and statistics selection are likely to be iterative processes,
first focusing on bringing the model output close to approximating the
data collected from echograms, then on emergent behavioural factors like
tilt angle. The data from these findings can then be applied to the entire
survey area and to improving stock assessment methods by, for example,
estimating the error caused by changes in tilt angle.

4.7 Conclusion
While this chapter does not contain a completed assessment of whether
the IBM/ABC framework can be successfully adapted to work with
acoustic data, this is a novel approach that addresses an area of both the-
oretical and practical importance. Dealing with uncertainty in acoustic
stock assessment estimates has real-world consequences for the sustain-
ability of global fisheries. Additionally, this framework provides a way to
incorporate models with many more agents and a pathway for assessing
whether they can replicate the overall behaviour of pelagic and demersal
fish shoals.
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Chapter 5

Are experts better than
non-experts at classifying fish
species by behaviour in acoustic
images?

Acoustic stock assessments are efficient and effective methods for gath-
ering information on pelagic species and providing fisheries advice and
require expert scientists to collect and analyse the acoustic and biological
data needed. The analysis of fisheries acoustics includes inputs from the
environmental conditions, ecological context, and the behaviour of the
fish such as the size and shape of the school and the resulting strength
of the backscatter. Classifying acoustic data by species is supported
by ground-truthing, but trawling is not always feasible and certain be-
haviours are considered diagnostic of certain species. Following the re-
sults from the ICES Workshop on scrutinization procedures for pelagic
ecosystem surveys, which found high agreement between acoustic experts
(ICES 2015), a survey of both acoustic experts and non-experts was con-
ducted to determine if, in the absence of contextual clues such as location
and frequency, schooling behaviour could be used to identify species from
echograms, if experts would be more proficient and confident, and what
aspects of behaviour were used for identification. There was a slight, but
not significant increase in correct identifications for the self-identified ex-
pert group. This group outperformed the self-identified non expert group
for the more complex echograms and was slightly more confident in their
identifications. Comments within the survey highlighted the importance
of local experience and contextual information, but the group who identi-
fied as having experience in the area where the echograms were collected
did not perform significantly better either. The lack of a clear effect of
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expertise may be due to the removal of contextual information, such as
location and frequency, but also demonstrates that diagnostic features,
such as ’herring balls’, cannot be considered a surety when analysing
acoustic data without ground-truthing.

5.1 Introduction
Acoustic stock assessments are the foundation of fisheries advice for many
pelagic species, as acoustic surveys are an efficient and effective way to
gather information on population size in the open ocean. Fisheries sur-
veys use active acoustics. The echosounder generates a sound pulse that
is reflected back at the ship (backscatter) by organisms and objects in
the water (Simmonds and MacLennan 2005). The backscatter of inter-
est results from fish schools, and with experience, contextual data, and
ground-truthing through fishing the schools in question, the backscatter
can be categorized into fish species (Horne 2000; Simmonds and MacLen-
nan 2005). There are significant sources of error, however, with some
estimates of systemic error ranging as high as 80% (Korneliussen et al.
2018). Fish behaviour and environmental conditions introduce high vari-
ability (Korneliussen et al. 2018; Simmonds and MacLennan 2005).

The acoustic stock assessment process is set up to run as seamlessly
and autonomously as possible. As the ship moves along a transect line,
the echosounder returns the backscatter to a computer onboard, which
is equipped with software that can produce an estimate of the species
present and total biomass from the data, which is displayed as an image
(Echoview - Sound Knowledge 2021; Reid and Simmonds 1993; Fernan-
des et al. 2002; Simmonds and MacLennan 2005). These findings are not
accepted outright, however, and they are reviewed by the scientists on
duty, requiring expertise in fisheries acoustics and, given the high vari-
ability between locations and seasons, preferably local experience (ICES
2015). A selection of the schools of fish (marks) are ground-truthed by
deploying a trawl to collect a sample and confirm the species along with
other biological data, which is incorporated into the stock assessment
(Georgakarakos et al. 2011). The composition of the trawl is the best
indicator of species, but allocating a species to each mark also depends
on the depth of the mark, its location, the time of day, environmental
factors, and behaviour (ICES 2015). Because of these confounding vari-
ables, even with trawl data, the final decision on species allocation is
confirmed by the acoustic scientists, following their expertise.

Fish behaviour is central to distinguishing between species, with school
shape, dimension, and density all considered when classifying echograms.
These factors may be more plastic, however, than environmental factors
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and are dependent on other conditions. Density in particular, defined
as the strength of the acoustic backscatter (Sv), can depend on multiple
behavioural and environmental factors, including the presence of the sur-
vey vessel (De Robertis and Handegard 2013; Wassermann and Johnson
2020). Vessel avoidance and differences in catchability are also significant
sources of bias if trawl data is used as the only determining factor for
species identification, as some species are less likely to be caught because
of net avoidance or body size (Slotte et al. 2007; ICES 2015). The shape,
density, and location of the school does, however, remain an important
identifier and one of the quickest for assessing species.

With the possibility for bias and the number of potential data inputs
for species identification, the expertise of the acoustic scientist is essen-
tial. The ICES Workshop on scrutinization procedures for pelagic ecosys-
tem surveys (WKSCRUT) found good agreement on species identification
between individuals and teams, especially for single-species echograms
and for experienced assessors from the same survey. Variability in agree-
ment resulted mostly from inexperience in the species pictured or the
area surveyed, including misidentification and inclusion of the scattering
layer or plankton, in the case of blue whiting. Identification for blue
whiting was also harder close to the continental shelf, where the asses-
sors had occasional difficulty distinguishing blue whiting marks from the
shelf (ICES 2015). Inexperienced assessors also had, in general, an is-
sue identifying dense marks located at the surface and at the seabed,
sometimes identifying fish schools as seabed features such as shipwrecks,
boulders, and pipelines. The similarities in school shapes and behaviour
between species were also sources of disagreement, particularly within
clupeid species (herring, sprat). Assigning a mark to the wrong species
is particularly an issue during analysis, when the acoustic backscatter for
each species is scaled up for the area surveyed, increasing the potential
error and therefore affecting the population estimate (ICES 2015).

TheWKSCRUT report suggests that experience is essential for species
identification and that this experience cannot necessarily be transferred
between surveys because of differences such as survey timing and wa-
ter depth, but also suggest that acoustic images (echograms) can be
useful training tools. The report suggest that if trawls have been un-
successful, comparisons with similar-looking marks could be a valuable
resource in species identification, and that more complicated echograms
should be reviewed in post-cruise meetings (ICES 2015). The report also
found that mixed-species schools, particularly of herring and sprat, are
particularly difficult to identify, especially as pelagic trawls may not be
successful for smaller fishes. In general, the assessors highlighted that ad-
equate trawl information was lacking for determining species. However,
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ground-truthing is not always possible, and in those cases, manual school
identification combined with any other data sources, such as from camera
systems, is essential (ICES 2015). There are also automatic school detec-
tion algorithms, which are constantly improved, but are not standardized
across regions (Berges et al. 2019; ICES 2015; Korneliussen et al. 2016).

While the WKSCRUT report found high levels of agreement, the
authors do suggest that there are significant variations in the decisions
made by assessors coming in ’blind’ and suggest that further training is
needed on how each survey team handles their data and on the other
data available, such as trawl data and expert knowledge on the area.
The report also suggests that future workshops include simple echograms
and empty sections for better comparison across the entire dataset from
an acoustic survey (ICES 2015). The lack of agreement in some cases
is a potential source of bias in acoustic stock assessments, especially
when attempting to make comparisons between survey areas. The high
requirement for ‘experienced’ assessors is also a potential source of bias,
as the personnel on each survey varies. In the WKSCRUT report, the
potential species and geographical, environmental, and biological context
was provided from survey and haul data.

Without contextual data sources, behaviour (school shape, density,
and depth) is the only identifying factor. As behaviour is a confounding
variable for species identification and is dependent on the conditions, un-
derstanding the ways in which expert assessors determine species-specific
behaviours, and the level of agreement across both experts and non-
experts, is important for assessing the potential error in acoustic sam-
pling and for ensuring consistency across surveys through determining
what kind of training and expertise is necessary to consider a scientist an
‘expert’. In addition, understanding the characteristics that distinguish
fish schools is important for efforts to automate the collection of acoustic
data, increasing the efficiency and reach of acoustic surveys through us-
ing techniques such as classification trees (D’Elia et al. 2014) and neural
networks (Brautaset et al. 2020) to identify species and analyse acous-
tic data, allowing for the possibility of using acoustic data collected from
fisheries and autonomous vessels and for data collection in delicate or dif-
ficult conditions (Campanella and Taylor 2016; Korneliussen et al. 2016;
Gastauer et al. 2017a; Gastauer et al. 2017b; Dunlop et al. 2018; Aronica
et al. 2019).

This project seeks to determine if, in the absence of ecological and ge-
ographic context, experts agree on species identification from behavioural
factors and if their rates of identification are higher than non-experts. A
survey was conducted, open to any participant, on species classification
from echograms without any contextual information, the confidence of
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the respondent, and the characteristics used. A short tutorial was in-
cluded for non-experts. Following the findings from the WKSCRUT re-
port, it is expected that self-identified experts would be better at species
classification, even without context, and that those with expertise would
be more confident in their identifications. With the range of echograms
included in the survey, it is also expected that there would be a higher
degree of agreement and correct identification for the simpler, clearer
echograms than for the more complex ones.

5.2 Methods
The survey consisted of a series of introductory questions on respondents’
expertise level, a brief tutorial, ten echograms to analyse (Figure 5.1),
and summary questions (Appendix C). To examine whether school shape
and position can be an effective diagnostic tool for species identification,
both experts in fisheries acoustics and non-experts were questioned us-
ing echograms collected for the WKSCRUT report. Respondents were
invited through Twitter and by email to complete the survey, which ran
from 19 October 2020 to 16 November 2020.

The introductory questions were designed to assess the level of ex-
pertise of respondents, beyond the self-identification of ‘expert’ or ‘non-
expert’ – which was asked as “would you consider yourself an expert in
the analysis of fisheries echograms”. The questions covered education in
marine science or fisheries, employment in marine science, employment
in commercial fisheries, participation as a scientist on an acoustic survey,
training in the analysis of fisheries acoustics, experience with fisheries
and/or acoustics in the North Atlantic or North Sea, and participation
in the WKSCRUT workshop (Appendix C).

The tutorial briefly covered the acoustic identification of herring,
blue whiting, and boarfish, following the behavioural descriptions in the
WKSCRUT report (ICES 2015). The ten echograms were selected to
cover a range of difficulties. Respondents were asked to identify which
species they believed were present – herring, sprat, boarfish, mackerel,
horse mackerel, blue whiting, and other/unidentified/mix. Respondents
were able to choose multiple species. For each echogram, respondents
were asked to provide an optional description of their reasoning for their
identifications, and then to rank how confident they were that they had
successfully identified the species on a scale from 1-5: 1 – not confident
at all, 2 – slightly confident, 3 – somewhat confident, 4 – fairly confident,
5 – very confident (Appendix C).

To determine the likelihood of correct responses for each group of
respondents, the odds ratio was calculated using the questionr package
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and a Mann-Whitney U test in R (Barnier et al. 2020; R Core Team
2020). Odds ratios represent the chance that an outcome will occur
given the circumstances; when the ratio equals one, the circumstances
do not affect the odds of that outcome (Szumilas 2010).
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Figure 5.1: Echograms (1-10) used in the survey and the species represented,
sourced from the ICES Workshop on scrutinization procedures for pelagic
ecosystem surveys (WKSCRUT) (ICES 2015). Any frequency or location in-
formation was removed.
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5.3 Results
The survey received 164 responses. The majority (65.9%, n=108) of
respondents had studied marine science or fisheries at the university level
and 42.7% (n=70) were employed in marine science, with 3.1% (n=5)
employed in commercial fisheries. 33.5% (n=55) had participated as a
scientist on an acoustic survey and 32.9% (n=44) had been trained in the
analysis of fisheries acoustic data, 21.34% (n=35) of whom were trained
through a course or training programme and 11.6% (n=19) of whom were
trained by a colleague on the job. A minority of respondents (20.1%,
n=33) had experience with fisheries or acoustics in the North Atlantic
or North Sea. Only 3.7% (n=6) of respondents had attended the 2015
WKSCRUT workshop. Overall, 25% (n=41) considered themselves an
expert in the analysis of echograms (Fig. 5.2).
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Figure 5.2: Sources of experience from the introductory questions versus
respondents’ self-identification as an expert or a non-expert in the analysis of
fisheries echograms.

5.3.1 Accuracy of species identification

The accuracy of respondents’ species identification varied across the echo-
grams presented. Half (n=59) of the respondents who completed the en-
tire survey at least partially correctly identified the species in five or more
echograms, with an average of 4.5 echograms partially correct (Fig. 5.3;
sd=1.42). All respondents incorrectly identified at least two echograms
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(Fig. 5.3). From these results, the echograms can be roughly broken
down by ease of identification, from ‘easy’ for echograms 1, 2, and 9
(mean number of at least partially correct answers: 114.33, sd=6.11),
‘medium’ for 3, 4, and 10 (mean=47, sd=24.23), and ‘hard’ for 5, 6, 7,
and 8 (mean=22, sd=15.08).
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Figure 5.3: Frequency of at least partially correct echogram identifications
for the self-identified expert and non-expert groups.

The easiest echograms to identify were the first two, as these were
relatively simple, with clear marks and represented species that were
included in the brief tutorial. Almost all responses identified herring
in the first echogram, and blue whiting for the second (Table 5.1; Fig.
5.4). There was also a relatively high accuracy for herring in the ninth
echogram, but the WKSCRUT report also indicated that mackerel were
represented in that echogram, and no self-identified expert responses and
only 4.3% of self-identified non-expert identifying mackerel (Table 5.1;
Fig. 5.4).

For the more complicated echograms, the expert group performed
better than the non-expert group (Table 5.1; Fig. 5.4). Echograms three
and four constituted echograms of medium difficulty, representing single-
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species schools, but with less clear marks that were less representative
of the tutorial descriptions (Fig. 5.1). Echogram ten included the most
species, and the expert group performed marginally better (Table 5.1;
Fig. 5.4). For all echograms, the expert group more often indicated
the presence of other/unidentified/mix, ranging from an increase in 3.3%
of responses for echogram eight, to a 37.3% increase in responses for
echogram three (Fig. 5.4).

For the hardest echograms, the success rate for identification was
much lower, with the least agreement for echograms five, six, and seven.
Echograms five and six were both herring, identified by 10% of expert
responses and 14.7% of non-expert for echogram five and 35.7% of expert
and 27.7% of non-expert for echogram six (Table 5.1; Fig. 5.4). How-
ever, for both echograms, boarfish was identified more often (Table 5.1;
Fig. 5.4). The identification success of echogram seven was the poor-
est, with 85.7% of expert and 86.2% of non-expert responses identifying
incorrectly herring, while only 3.6% of expert and 2.13% of non-expert
responses correctly identified blue whiting (Table 5.1; Fig. 5.4). The
identification of echogram eight was also unsuccessful, with the majority
of responses indicating other/unidentified/mix, followed by boarfish and
herring (Table 5.1; Fig. 5.4). Correct identification of sprat was 21.4%
for expert and 14.8% for non-expert responses (Table 5.1; Fig. 5.4).
Sprat was not included in the tutorial.
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Figure 5.4: Percentages of each species identified in answers for each
echogram (1-10) for the self-identified expert and non-expert groups. Species:
her – herring, spr – sprat, bof – boarfish, mac – mackerel, hom – horse mackerel
(scad), whb – blue whiting, and other – other/unidentified/mix.
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Table 5.1: Percentage of responses that indicated the correct species for each
echogram, grouped by expertise level – self-identified experts in fisheries acous-
tics (n=28-30), non-experts (n=92-103), those with experience with fisheries
and/or fisheries acoustics in the North Atlantic or North Sea (n=24-27), and
those with no experience with marine science (n=24-28). Highest rate of cor-
rect identification bolded for each species.

expertise level (% correct)

echogram correct species expert non-expert local
experience

no
experience

1 herring 86.7 92.2 88.9 82.1
2 blue whiting 90.0 82.8 85.1 72.0
3 blue whiting 50.0 39.6 53.9 29.2
4 boarfish 43.3 27.1 34.3 16.7
5 herring 10.0 14.7 15.4 16.7
6 herring 35.7 27.7 24.0 33.3
7 blue whiting 3.6 2.1 4.0 0
8 sprat 21.4 14.9 16.0 12.5
9 herring 96.4 88.2 92.0 87.5
9 mackerel 0 4.3 0 0
10 boarfish 21.4 17.4 29.2 20.8
10 mackerel 14.3 8.7 8.3 4.2
10 horse mackerel (scad) 14.3 12.0 20.8 12.5

mean 37.4 33.2 36.3 29.8

33 respondents identified as having experience with fisheries and/or
acoustics in the North Atlantic or North Sea, 57.5% of whom also identi-
fied as experts. This group performed marginally better than the expert
group for five of the echograms (1, 3, 5, 7, 10), and better than the non-
expert group for seven (2, 3, 4, 5, 6, 7, 8, 10; Table 5.1). Additionally,
some of the self-identified ‘non-experts’ did have some level of expertise
in fisheries or fisheries acoustics. 35 respondents had no experience, in-
cluding not studying or being employed in marine science. The successful
identification rate for this group was lower for all echograms except for
echogram 5, where herring were selected by 16.7%, and for echogram six,
where the group with no experience identified herring at a higher rate
than the non-expert and local expertise groups (Table 5.1).

Overall, the odds ratio for expert vs. non-expert respondents indi-
cated a benefit in self-identified expertise, with a ratio of 1.43, indicating
that the expert group was correct more often, though this effect was not
statistically significant (Table 5.2; p=0.094). There was no clear effect of
local experience, compared to the ‘expert’ group, with a mean odds ratio
of 1.10 (Table 5.2; p=0.735). The expert group performed better than
the group with no experience, with a mean odds ratio of 1.77 (Table 5.2;
p=0.1814), as did the non-expert group, though to a lesser degree (Table
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5.2; ratio=1.15, p=0.780).

Table 5.2: Odds ratios for groups of varying expertise: self-identified experts,
non-experts, those with experience in fisheries or fisheries acoustics in the
North Atlantic or North Sea (local experience), and those with no experience,
including no education in marine science, for all species (bwh – blue whiting,
bof – boarfish, her – herring, mac – mackerel) and for echogram difficulty –
easy (echograms 1, 2, 9), medium (3, 4, 10), and hard (5, 6, 7, 8).

group 1 group 2 mean bwh bof her mac easy med hard
expert non-expert 1.43 1.70 1.68 1.57 0.88 2.01 1.57 1.17
expert local expeertise 1.10 1.10 1.05 1.38 0.92 1.58 1.09 1.03
expert no experience 1.77 1.98 2.43 1.73 1.92 2.92 2.46 0.50
non-expert no experience 1.15 1.16 1.33 1.32 1.10 1.84 1.48 0.50

5.3.2 Confidence of identification

After completing the survey, most respondents were not confident in their
identifications, with no respondents indicating that they were very confi-
dent in their responses, and only 7.7% of self-identified experts and 4.4%
of self-identified non-experts indicating that they were fairly confident
(Fig. 5.5). Overall, there was no correlation between number of correct
answers and confidence (Fig. 5.5; Spearman’s rho=0.247). There was a
significant increase in confidence, by 0.39 points, between the respondents
who at least partially correctly identified 5 or more echograms (n=59),
compared to those who only identified four or fewer correctly (Fig. 5.5;
n=59; p=0.018). There was no significant difference between ‘experts’
and ‘non-experts’ (p=0.210), though there was a similar difference in re-
ported confidence, with non-experts rating their confidence 0.26 points
higher than the expert group, on average (Fig. 5.5).
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Figure 5.5: Percent of respondents’ overall confidence at the end of the survey
for the self-identified expert and non-expert groups, and for respondents who
at least partially correctly identified 5 or more echograms (high score) and 4
or fewer (low score). Confidence scale: 1 – not confident at all, 2 – slightly
confident, 3 – somewhat confident, 4 – fairly confident, 5 – very confident.

The confidence level for each echogram varied. The highest confidence
level for experts was echogram two, with 20% of respondents indicating
that they were very confident (Fig. 5.6). For non-experts, the high-
est the highest confidence level was for echogram one, with 10.68% of
respondents indicating that they were very confident (Fig. 5.6). The
expert group were least confident about echogram ten, with 42.9% indi-
cating that they were not confident at all, whereas the non-expert group
were least confident about echogram eight, with 51.1% not confident
at all (Fig. 5.6). Neither group was “very confident” about identify-
ing echograms four, six, eight, and ten, and no non-experts were very
confident about echogram three (Fig. 5.6).
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Figure 5.6: Percent of respondents’ confidence for each echogram 1-10 for
the self-identified expert and non-expert groups. Confidence scale: 1 – not
confident at all, 2 – slightly confident, 3 – somewhat confident, 4 – fairly
confident, 5 – very confident.
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5.3.3 Method of identification

All parameters provided (school size, shape, depth, and strength of back-
scatter) were used for species identification by both the expert and non-
expert group, but the expert group indicated a higher use of all pa-
rameters, with 100% of respondents indicating that they used school
shape, followed by backscatter strength (96.2%), school depth (92.3%),
and school size (80.8%; Fig. 5.7). For the non-expert group, school shape
was also the most highly used (90.2%), followed by school depth (76.1%),
backscatter strength (67.4%), and school size (66.5%; Fig. 5.7).
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Figure 5.7: Percent of respondents who indicated that they used each iden-
tification method for the self-identified expert and non-expert groups.

5.3.4 Reasons for species identification

21 of the expert group provided comments on their reasoning for deter-
mining which species were present. When the echogram was relatively
simple and close to the tutorial, e.g., for echogram one, the comments
were similar, with ten of the responses explicitly mentioning the ‘tall,
pillar-like’ description of herring schools. The comments also included
reference to previous experience, mentioning that “herring can also be
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‘hard’ to the bottom”, or that “they are on the bottom, which is not what
I’d expect for herring where I work ”. While the second echogram also had
high agreement in identifying blue whiting, the reasoning given was more
often related to the school’s position relative to the bottom slope, with
11 respondents mentioning what looked like a continental shelf edge.

For the more complex echograms, the expert group comments also
referenced the descriptions in the tutorial, especially for echograms five
and six, which were overall mis-identified as boarfish. The comments
mention the similarity with boarfish, with the “roundish schools near
the seabed ”, and also the possibility of other species; “could be herring
in there, but most likely a mix of gadoid type species, maybe whiting or
Norway pout”. This lack of agreement was echoed by a lack of certainty
expressed for these more complex echograms, with comments such as
“not sure about this one”, and “guess, tricky one” for echogram six.

Echogram seven had the lowest correct identification rate for blue
whiting, and the comments from the expert group reflect this lack of cer-
tainty, with multiple commenters mentioning that while there are simi-
larities to herring, other clues suggest otherwise, such as “these look like
classic small-pelagic schools. . . . Can’t say whether it’s herring, sprat,
or (horse) mackerel based on my knowledge, though”, that the echogram
“ looks like ‘herring balls’ but could be horse mackerel as well ”. Only one
comment mentioned the correct species and it also referenced local ex-
pertise – “I suspect blue whiting, marks too big and strong at that depth to
be herring. Shape of the school is not typical herring, but I have seen blue
whiting on the west coast of Scotland marking like this”. Three comments
mentioned that having frequency information would aid correct identi-
fication, and that “region and season knowledge is needed. . . context is
important, trawl catch is needed ”.

Multiple comments mentioned a lack of information provided, even
for the simpler echograms. For the first, one respondent mentioned that
the “strong backscatter and tight schooling suggest herring; however, I’ve
seen herring loosely distributed along the bottom during the winter, and
loosely scattered off the NE peak of Georges Bank in September. This is
why you must have ground-truthing to verify backscatter ”, and that clas-
sifying echogram two was “difficult without ground-truthing. . . . Without
knowing the frequency and threshold of the echogram, I can only assume”.
The lack of information about the frequency was also mentioned in a
comment on echogram three, specifically that it is “hard to tell with-
out information on the operating frequency (to distinguish mackerel from
other species)”. Frequency was also mentioned for echogram four – “with-
out knowing the frequency, I can’t say anything definitive”, and “if this is
a 38 kHz echogram then it’s likely something containing an air inclusion,
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likely a swimbladdered fish. I’d be looking at the frequency to help here”.
Frequency was also mentioned for echogram seven. The lack of informa-
tion on frequency was also mentioned in four of seven of the additional
comments at the end of the survey. One responded commented that the
lack of information and uniform display of the information, along with
the frequency, vessel speed, and ping rate, made identification much more
subjective, and that while “humans are very good a picking up subtle vari-
ations in shape, texture and context, we can also be easily misled and/or
not consider or detect all of the available information in the data”.

Another common comment was the lack of local experience for self-
identified acoustic experts. Comments included responses such as “with
no experience of Atlantic marks, I have to go on previous description”,
and “no idea really. I have no direct experience in this area. . . . I’d have
to say that you shouldn’t consider me an expert in this case as I have
nothing to go by except for the training data”. The additional comments
at the end of the survey included similar responses, such as that “with-
out catches and prior knowledge of the area, I don’t think these guesses
[make] any sense. It remains extremely subjective”. Three respondents
of 11 additional comments mentioned that they were very reliant on the
training set.

The self-identified non-expert group who commented (n=90) used
similar diagnostics to identify schools, with 53 comments mentioning
‘pillars’ as a descriptor for herring in the first echogram, and 64 com-
ments mentioning the school’s location relative to the continental shelf
for echogram two. Some of the non-expert group responses also indicated
the use of previous experience, ranging from local knowledge, such as for
echogram one, “ low level wide area near surface indicates school of small
pelagic fish (probably mackerel or sprat given geography)”, to comments
on the lack of frequency information provided. Despite identifying them-
selves as non-experts, some responses belied previous experience, such
as mentioning that “not being able to see what frequency it is or other
frequencies made this difficult. These would usually be available when
trying to scrutinise schools”. Another comment on echogram ten men-
tioned that the survey had “made me question my knowledge base,” and
that they were “seriously questioning my transplanted echogram abili-
ties”, based on previous experience with tropical species. Nine of 21
additional comments at the end of the survey mentioned that the re-
spondents wished they had more examples in the tutorial, or examples
for all species included in the possible identifications.
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5.4 Discussion
No respondent, including experts who had attended the WKSCRUT
meeting (n=6), even partially correctly identified the species in every
echogram (Fig. 5.2). The group of respondents who identified as experts
did correctly identify species at a higher rate than the self-identified non-
experts, but did not perform better for all echograms (Table 5.1 & 5.2;
Fig. 5.4). This may partially be due to the fact that some respondents
in the non-expert group did have some expertise in fisheries acoustics,
such as previous training (Fig. 5.3). The expert group was also, in gen-
eral, slightly more confident than the non-expert group, though the re-
spondents scored their confidence very similarly throughout the survey.
When compared with the group with no experience, the expert group
performed better for all species in all echograms, except for herring in
echogram five (Table 5.1; Fig. 5.4). In general, the self-identified expert
and self-identified non-expert group performed worse than the group with
no experience (including education) for the most complicated echograms
(5-8; Table 5.2), perhaps where a majority of respondents were either
guessing, or were misled.

The lack of a clear outperformance by the expert group may be due
to the lack of accompanying information, such as frequency, location,
and ground-truthing, but is also influenced by the lack of clarity in how
species can be characterised by behaviour. When the echogram was
relatively simple (Fig. 5.2), there was both high agreement between the
expert and non-expert group, and within each, including in respondents’
comments on their reasoning for determining which species were present.
The simplicity of the echograms is also shown by the higher confidence
in identification reported for echograms one and two (Fig. 5.6). As
stated in the tutorial and gathered from the WKSCRUT report, the
“tall, pillar-like” schools that herring form were clearly diagnostic to most
respondents in the first echogram, and the large school, “ located off or
along the continental shelf ” were recognised for blue whiting in the second
echogram. Once the echograms did not closely match these descriptions,
however, agreement and accuracy decreased. Other than for the expert
group for echogram three, and both groups for herring in echogram nine,
none of correct species were identified by half of the respondents.

The reason for the lack of correct identifications for the more complex
echograms is likely different for each image. Further test series could be
used to explore and define features that are associated with ambiguity
or misleading identifications. For echograms four, six, eight, and ten,
the marks are less large and clear (Fig. 5.1), which may have played
a role in the incorrect identifications. However, the comments provided
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suggest that the expected behaviours for some species were misleading.
In echogram five, there are distinctly round schools, located close to
the bottom, which is used as a diagnostic feature of boarfish. The re-
sults reflect this, with both the expert and non-expert groups identifying
boarfish instead of herring, and the expert group to a slightly greater de-
gree (Fig. 5.4). A similar misidentification occurred in echogram seven,
where both the expert group and non-expert group largely determined
that the echogram showed herring instead of blue whiting, and more of
the expert group than those that correctly identified blue whiting were
‘very certain’ that their identifications were correct (Fig. 5.4 & 5.6). The
schools are very large and are more vertical, as is diagnostic for herring,
rather than horizontal. The comments from the expert group include
doubt that the species is herring, but only one comment explicitly men-
tioned blue whiting and did so with local knowledge of the behaviour of
juvenile blue whiting west of Scotland. The echogram was, in fact, one
of juvenile blue whiting from west of Scotland (ICES 2015).

5.4.1 Local expertise and importance of contextual
information

While the lack of local knowledge was mentioned multiple times as a
reason for uncertainty, respondents who identified themselves as having
experience with fisheries acoustics in the North Atlantic or North Sea
did not perform much better than the expert group. The local expertise
group identified four echograms at a higher rate, including echogram
seven and echogram ten, which included three species, but by a small
margin (Table 5.1). The importance of local knowledge is highlighted
in the WKSCRUT report, and is essential when training individuals for
acoustic surveys (ICES 2015). That expertise, however, had only a small
effect on the accuracy of identifications in this survey.

The lack of effect may be due to the dearth of information provided.
The absence of frequency information was mentioned by many of the ex-
pert group’s comments and is an important diagnostic feature for iden-
tifying species during a survey. The removal of contextual information
contributed to the low degrees of certainty. Including frequency, how-
ever, would have required a more thorough tutorial for non-experts. An
investigation of the behavioural features used to identify species within
the expert group would require a more thorough description of the data
collection, including the frequency of the echogram, the same school un-
der different frequencies, and contextual information such as location,
time of year, and time of day.

Without this contextual information, behavioural descriptors are un-
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reliable indicators of species for all but the simplest echograms. The
non-expert group, including the respondents with no experience in ma-
rine science or fisheries, performed almost as well as the expert group
and successfully applied the diagnostic features included in the tutorial.
Some of the comments in both groups mentioned that they did not as-
sign any echograms to species not listed in the tutorial, which might
partially explain the lack of correct identification of sprat in echogram
eight, mackerel in echogram nine, and horse mackerel in echogram ten.
These species were not included in the tutorial because no diagnostic
information was provided in the WKSCRUT report (ICES 2015). The
identification of these species, particularly for mackerel as they lack a
swim bladder, requires more contextual information and, most impor-
tantly, ground-truthing.

5.4.2 Implications for species classification and au-
tomation

As noted in the WKSCRUT report and in the comments collected in the
survey, ground-truthing is an essential aspect of species classification, but
there are situations and conditions where ground-truthing is not feasible.
This is a particular issue for delicate and highly-complex habitats, such as
coral reef ecosystems, where fish diversity is also very high (Campanella
and Taylor 2016), and for surveying the deep sea, out of reach of tradi-
tional ship-mounted echosounders (Dunlop et al. 2018). These issues also
exist to a lesser degree in pelagic habitats where, even if ground-truthing
is possible, there may be bias introduced through net avoidance and small
body sizes (Slotte et al. 2007; ICES 2015). Echogram seven, the most
incorrectly-identified echogram, showed juvenile blue whiting where the
highly mobile schools and small individuals required multiple passes with
the net to collect a 55kg sample (ICES 2015). The WKSCRUT report
notes that these marks were unusual, and the survey data indicate that
even within an experienced group, there may have been a misidentifica-
tion if no ground-truthing data were available. Some of these issues can
be mitigated by the use of both multiple frequencies and newer sonar
techniques (Benoit-Bird and Lawson 2016; Handegard et al. 2017; Haris
et al. 2018), and by using remotely-operated vehicles (ROVs) and camera
systems to validate catches (Graham et al. 2004; Campanella and Taylor
2016; Fernandes et al. 2016; Gastauer et al. 2017b; Underwood et al.
2018).

Beyond the feasibility of ground-truthing, improving species identifi-
cation from acoustics has the potential to decrease the cost and increase
the scope of fisheries monitoring, especially by incorporating opportunis-
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tic sampling from fisheries vessels (Gastauer et al. 2017a; Gastauer et al.
2017b; Barbeaux et al. 2018; Berges et al. 2019) and autonomous vehicles
and ROVs (Benoit-Bird and Lawson 2016; Jones et al. 2019). Moving
from human-based to algorithm-based methods for species classification
has the possibility of increasing the efficiency and, potentially, decreasing
the inaccuracy of acoustic stock assessments (Korneliussen et al. 2016;
Aronica et al. 2019). There is a rich possibility to use machine learning
and neural networks to automate species identification, but the success
of these approaches depends on the accuracy and completeness of the
training data sets (Lefort et al. 2009; Korneliussen et al. 2016; Aronica
et al. 2019; Berges et al. 2019; Brautaset et al. 2020).

The first step towards automation is to identifying individual fish,
or small schools, using the relative acoustic frequency responses of indi-
vidual fish. The success of machine learning and neural network models
depends on the quality of the training data, and low-quality data and an-
notations can introduce error (Brautaset et al. 2020). The success of these
methods can also depend on school size and shape, and developing math-
ematic descriptors of fish behaviour, which is an essential part of acoustic
species classification (Fréon et al. 1992; Scalabrin 1996; Simmonds and
MacLennan 2005), does depend on expert classifications. One method,
described by Korneliussen et al. (2016), is to develop a feature library – a
database of acoustic features of fish schools (relative frequency responses
collected with a multi-frequency echosounder), along with non-acoustic
features, such as geographical distributions, depths, and temperature
ranges. Automatic species characterisation through the use of a feature
library for capelin, mackerel, and sandeel in the Barents Sea, Norwegian
Sea, and North Sea was successful, but the authors suggest that these
methods be used in conjunction with expert opinion (Korneliussen et al.
2016).

Other methods for automatic identification use classification trees to
sort acoustic targets (D’Elia et al. 2014), or are based on training a deep
convolutional neural network to identify targets (Brautaset et al. 2020).
These approaches can then either be applied to real-time identification al-
gorithms (Berges et al. 2019) or to facilitate the analysis of large acoustic
datasets (Gastauer et al. 2017b; Aronica et al. 2019). Initial applications
of these approaches have been up to 95% accurate for small schools of
Mediterranean fish (Aronica et al. 2019), and over 99% for mackerel and
91% accurate for herring and horse mackerel in the North Sea (Berges et
al. 2019). Berges et al. (2019) note, however, that accurate identification
depends on proper echosounder calibration, especially when comparing
between vessels. The applicability of these methods across scientific pro-
grammes and management organisations remains to be seen. There is still
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human expertise included in the pipeline for automatic acoustic species
classification, in the provision of training data, in the validation process,
and in the translation of acoustic data to management advice.

5.4.3 Conclusion

As determined in the WKSCRUT report, expertise on acoustic species
identification can vary by location and even by survey, and therefore
training is essential to increase the degree of agreement and accuracy in
species identification (ICES 2015). This survey demonstrates that exper-
tise, however defined, did not significantly increase the accuracy of species
identification based solely on behaviour. While in practice additional
context clues would be available, this survey demonstrates that surety in
certain behavioural clues, such as “herring balls” compared to boarfish in
the Northeast Atlantic, are not static. Additionally, the varying degrees
of success in correct identifications across the echograms suggest that it
is possible, especially in situations where automation is useful, to screen
acoustic data for marks that are more likely to be correctly classified and
to select more complicated echograms for further analysis. There remains
scope to explore how behaviour is incorporated into the decision-making
processes onboard a survey vessel and how these decisions may affect
stock assessments and therefore sustainable fisheries policy.
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Chapter 6

Discussion

The initial inspiration for this project came from a news article about
illegal fishing in the ‘Mackerel Box’ off of Cornwall, in which a fisher
observed that it was obvious when the trawlers had been fishing the
mackerel, making the fish “all flighty”, and causing them to “lie on the
bottom to feed instead of swimming in midwater” (Purvis 2002). This
article sparked an interest in how fish behaviour interacts with the meth-
ods used to monitor and assess fish populations. Within the scientific
literature, there is substantial research into how fish shoals form and be-
have (Lopez et al. 2012; Rieucau et al. 2014), and an acknowledgement
that behaviour introduces error into acoustic stock assessment methods
(Fréon et al. 1993; Godø et al. 2004; Simmonds and MacLennan 2005),
but there is dearth of modelled or empirical studies on how behaviour
is affected by the environment and, in turn, how behavioural variability
affects biomass estimates. Behavioural responses to the environment are
also exacerbated by the vessel avoidance behaviour exhibited by some
species (Fréon et al. 1993; Fernandes et al. 2000; Mitson and Knudsen
2003; Bruintjes et al. 2016), aligning with the fisher’s comments that
behaviour is affected by fishing activity.

Behaviour is an especially important factor for mackerel, as their lack
of a swim bladder means that acoustic sampling still is not used for
stock assessments in much of their range, leading to large margins of er-
ror in population estimates (Tenningen et al. 2011; Tenningen et al. 2015;
ICES 2014). While there have been improvements in the assessment of
mackerel populations with advances in sonar imaging (Handegard et al.
2017; Tenningen et al. 2017), any approach still requires an understand-
ing of mackerel behaviour, as the tilt angle of the fish relative to the
echosounder has a drastic effect on the density estimates (Hazen and
Horne 2003; Fernandes et al. 2016; Scoulding et al. 2017). These issues
apply to swim-bladdered fish as well, with estimates of the amount of
error in acoustic assessment from fish behaviour reaching 50% (Georga-
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karakos et al. 2011). The goal of this thesis was to explore how modelling
fish behaviour could reduce the uncertainty in acoustic stock assessments
by exploring how the density and shape of fish shoals reacts to intrinsic
factors – inter-individual distance, speed, and polarization – and even-
tually to extrinsic factors – temperature, salinity, light levels, substrate,
and vessel presence.

6.1 Bridging individual-based modelling and
acoustic stock assessments

Applying collective behaviour modelling to fisheries sustainability is in
line with the “re-wilding” of collective behaviour research (King et al.
2018), a combination of theory-driven ethology and data-driven fisheries
ecology. Chapter 2 outlined the importance of behaviour to acoustic
stock assessments and the potential for an individual-based model (IBM)
to replicate shoaling behaviour in a way that could be applied to fish-
eries acoustics. This chapter also highlighted the potential for future
research that integrates the modelling work on how shoaling behaviour
emerges from the constituent individuals and responds to the environ-
ment with understanding how these factors manifest in acoustic sampling.
The chapter shows that there are many instances where there has been
research on the extrinsic (environmental, ecological, and anthropogenic)
and intrinsic (physiological and behavioural) factors that influence shoal-
ing behaviour, but not corresponding research on the same sources of
variability in the acoustic survey process. There were also two sources of
intrinsic variability, tilt angle (Simmonds and MacLennan 2005; Georga-
karakos et al. 2011; De Robertis and Handegard 2013; Fernandes et al.
2016) and fish condition (Simmonds and MacLennan 2005; Slotte et al.
2007), found in the acoustic literature, that were not explored in the
modelling literature (Table 6.1). While it was beyond the scope of this
thesis to collect data on or test these factors, there are clear avenues for
future research that could inform more accurate fisheries assessments.
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Table 6.1: Subset of extrinsic and intrinsic sources of variability in behaviour
that may affect the overall shape and density of a shoal that are either found
in the collective behaviour modelling or acoustic stock assessment literature
(beyond standard calibration settings accounting for local conditions and ves-
sel/echosounder capacity). For specific effects, see Chapter 2 (adapted from
Wassermann and Johnson (2020)).

Variable Modelling literature Acoustic literature
Water flow size of shoal not found
Temperature food distribution not found
Temperature thermoclines not found

Salinity pycnoclines not found
Substratum food availability not found
Substratum conspicuousness of predators not found
Currents specific effect not stated not found

Oxygen levels specific effect not stated not found
Predation stress size & shape of shoal not found
Predation stress speed not found
Predation stress spacing of individuals not found
Food distribution size of shoal not found
Perceptive ability sensing neighbours not found
Reproductive stage specific effect not stated not found

Tilt angle not found strength of backscatter
Condition not found tissue density
Condition not found healthy fish avoid net

Feeding state intra-shoal position not found
(hungry or sated) speed not found

Experience leadership; memory not found
Leadership shoal direction not found

IBMs were suggested in Chapter 2 because they have been used ex-
tensively to simulate fish schools and because they can include spatial
and individual variability. Chapter 3 and Chapter 4 examine the appli-
cation of IBMs to fish behaviour, first in Chapter 3 by using video of a
small group of fish to validate a simple IBM of shoaling behaviour using
approximate Bayesian computation (ABC), and then in Chapter 4 by
exploring the steps necessary to translate this shoaling IBM to the larger
scale and different presentation of fisheries acoustic data.

Chapter 3 demonstrates that a shoaling IBM can be validated with
ABC, with four of the input parameter distributions significantly nar-
rowed to better fit the video data. This narrowing is not the only useful
output of ABC, however. With the cross-validation and coverage tests
included in the process, more information on the biases and relationships
in the prior distributions can be explored with pseudo-data created from
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the model runs and ABC results (Prangle et al. 2014; van der Vaart et al.
2015; van der Vaart et al. 2018). The cross-validation test indicated that
there was no evident relationship between the true and estimated values
for cohere, separate, and match, indicating that these parameters, even
with a significantly narrowed posterior distribution for separate, may not
have a large effect on the statistical indicators of shoaling behaviour. The
coverage test indicated that speed was over-estimated, suggesting that
further parameterization of the model is required to correctly estimate
speed. These tests increase the value of ABC for situations where deter-
mining informative priors is more difficult, as is the case when extensive
real-world data is difficult to collect or is unavailable.

In addition to demonstrating the scope for improving the prior param-
eterization of the model, the results from Chapter 3 indicate that select-
ing the summary statistics used to compare the modelled and empirical
data is an essential part of creating an effective IBM/ABC pipeline. All
of the statistical indicators of shoaling behaviour – distance from the cen-
troid (DC), nearest neighbour distance (NND), polarization, and shoal
area – describe different aspects of shoals. DC and NND describe how
closely packed the individuals are, which roughly translates to density,
while polarization describes the degree of organization and shoal area
describes the overall size of the group. In Chapter 3, the modelled data
never overlapped with shoal area, suggesting that shoal area is not par-
ticularly useful when parameterizing the model to match the small-scale
and highly-variable data from the videoed fish. This type of statistic,
however, may be more useful when describing the overall shape of a
larger shoal, such as from acoustic sampling, as described in Chapter 4.

Representing acoustic data (echograms) with the IBM requires a re-
conceptualization of the model, flipping it on the x-axis to represent a
cross-section of the ocean, rather than an overhead view of a fish tank.
The goal of the model also changes. Instead of simulating how a shoal is
formed from individual actions, the model is focused on simulating how
overall density changes over time and relative to the environment. This
will require re-parametrization of the model, different summary statistics,
and creative implementations of the environmental conditions found in
the empirical data, such as including thermoclines or sloped bottoms,
both of which can affect group behaviours (Chapter 2 ). Changing the
orientation of the model to match an echogram also allows the heading,
a behaviour that emerges from the combination of the cohere, separate,
and match vector parameters (Chapter 3), to represent the tilt angle of
individuals relative to a point (the echosounder or acoustic beam). Esti-
mating tilt angle is essential for properly estimating biomass in acoustic
sampling as small changes in the orientation of the fish, especially mack-
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erel without a swim bladder, can result in large changes in the backscat-
ter from the shoal (Hazen and Horne 2003; Simmonds and MacLennan
2005; Georgakarakos et al. 2011; Fernandes et al. 2016; Scoulding et
al. 2017). Unlike other factors such as species composition, body size,
and age class distribution, tilt angle cannot be determined with ground-
truthing. IBMs, where behaviours such as heading/tilt angle emerge from
the individuals interacting with the environment, are an ideal platform
for investigating the chain of effect from environment to behaviour to
density estimates.

6.2 A practical example of the role of be-
haviour in fisheries acoustics

Over the course of investigating the sources of variability in behaviour
and through participating in multiple acoustic surveys, it became evi-
dent that fish behaviours, while difficult to assess computationally, were
used to identify fish species during acoustic surveys, influencing the de-
cisions of when to ground-truth the acoustic data. Species identification
was also the subject of friendly debate among the scientists and crew
while waiting for the ground-truthing trawl to come on board during
surveys. The survey for Chapter 5 was designed to determine whether
behaviour, in the absence of other variables, could be used to identify
species and if there was a difference in successful identifications between
acoustic experts and non-experts. This study built on a report from the
ICES Workshop on scrutinization procedures for pelagic ecosystem sur-
veys (WKSCRUT), which found that expertise in analysing echograms
varied by location and survey (ICES 2015). The results in Chapter 5
indicate that self-identified experts performed slightly better than self-
identified non-experts, but not by a large margin. There was a low degree
of agreement in the identification of the more complex echograms, and a
high degree of misidentification for two – in echogram five where herring
was misidentified as boarfish, and in echogram seven where blue whiting
was misidentified as herring – by both the non-expert and expert groups.

The comments collected throughout the survey indicate that certain
shapes and behaviours are considered diagnostic for species, but these can
also be contradictory and overlapping. For example, boarfish are charac-
terised by small, condensed shoals and herring are characterized by tall
pillars, but herring can also present in tight balls, described as “herring
balls” both anecdotally on board the ship and within the comments re-
ceived on this survey. This confusion is clear in the misidentification of
herring as boarfish in echogram five. The comments also indicated that
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the acoustic frequency, time of year, location, and time of day are impor-
tant for identifying species, and the results confirm that the absence of
this contextual information limits even experts’ ability to correctly and
confidently identify species from echograms. These results indicate that
shoal behaviour, such as depth, size, shape, and density, while essen-
tial to determining biomass and increasingly automatically assigned to
species (Simmonds and MacLennan 2005; Korneliussen et al. 2016), is an
incredibly complex and cryptic aspect of the acoustic surveying process.

The comments on the survey also highlight the importance of environ-
mental factors – time of year and time of day – in species classification,
factors which have also been found to affect collective behaviours (Chap-
ter 2). The underlying mechanisms, such as changes in temperature and
salinity within the water column with seasonality, can affect the verti-
cal position of the shoal, and associated changes in prey locations can
change foraging patterns, leading to further changes in shoal behaviour
and shape (Rieucau et al. 2014; Rieucau et al. 2016). Time of year af-
fects acoustic sampling, as fish migrations and age composition can affect
acoustic stock assessments (Simmonds and MacLennan 2005; Georgaka-
rakos et al. 2011). Changes in light levels with time of day can affect risk
perception and shoal reactions (Rieucau et al. 2014; Rieucau et al. 2016;
Quera et al. 2016; Lee et al. 2019). Correspondingly, time of day has been
found to affect acoustic sampling through the density and organization
of shoals and the tilt angle of individuals (Simmonds and MacLennan,
2005). The effect of geographic location on shoaling behaviour is more
complex, with many environmental and ecological variables at play. The
relatively predictable nature of seasonal and diurnal cycles present an
opportunity to test how behavioural cues, such as perceptive ability and
reactions to environmental gradients, affect tilt angle, shoal shape, and
density.

6.3 Future steps
Fisheries acoustics is an inherently inter-disciplinary field, combining en-
gineering, ecology, and mathematics, but relatively little attention has
been paid to how theoretical and simulation approaches to fish behaviour
can fill in gaps in existing knowledge. The effect of behaviour on acous-
tic sampling is well-documented, with the resulting error reaching 50%
by some calculations (Georgakarakos et al. 2011), but less research on
the underlying mechanisms. This thesis presents a framework for test-
ing the factors that affect individual behaviour and how that behaviour
manifests in acoustic sampling. There are opportunities for future re-
search in the application of the IBM/ABC framework to acoustic data
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and in the further expansion of this research to elucidating patterns in
behaviour that can be useful for examining how the environment affects
shoaling, how tilt angle emerges in response to other individuals and the
environment, and for informing automatic species classification.

While Chapter 4 includes suggestions for how the IBM can be re-
conceptualized to fit acoustic data, parameterization and implementation
of ABC to validate the model with empirical data will require collabo-
ration with acousticians, both for correct analysis and for determining
what questions need to be answered. The importance of time of day,
time of year, and location, as mentioned in the survey comments in
Chapter 5, are all examples of the interaction between environmental
cues, behaviour, and acoustics, with evident consequences for species
classification. The underlying factors – light levels and environmen-
tal gradients – can be incorporated into the model environment and
are ideal applications for IBMs exploring how the environment affects
emergent behaviours such as tilt angle and shoal shape. While some of
these questions can be answered with existing datasets, ideally the data
would be collected through a sampling programme aimed at surveying
the same species (potentially blue whiting) multiple times in the same
location to establish a baseline for shoaling behaviour under different
conditions. With a dedicated programme, the data collected would be
explicitly aimed at determining the effect of variables such as time of day
and time of year, rather than resulting from a collection of surveys with
differing protocols and personnel.

Tilt angle is one of the most important factors that can affect density,
especially for non swim-bladdered fish such as mackerel. While ecological
factors such as time of day, time of year, and geography are intrinsic to
the survey protocol, and biological factors such as the size and age of the
fish can be validated with ground-truthing in many cases, tilt angle is
difficult to determine, especially during the survey process. The target
strength of each species at set angles is determined experimentally by
hanging a fish within a tank and taking readings from different angles
(Nakken and Olsen 1977; Nesse et al. 2009). In practice, using multiple
frequencies for mackerel can give a reasonable density estimate, but can
only be used at close range, and mackerel behaviour can be highly plastic,
changing in response to the survey vessel (Scoulding et al. 2017). Small
cameras deployed into mackerel shoals can provide real-time data on tilt
angle (Fernandes et al. 2016), but this method is not scalable for larger
vessels or deeper shoals. The data from these sources – target strength
by orientation and in-situ tilt angle from cameras – could provide a
basis for parameterising and validating an IBM of mackerel tilt angle
and elucidate the resulting effect on biomass estimates from density in
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acoustic sampling.
In addition to contributing to our understanding of the connection be-

tween environment, behaviour, and biomass estimates, investigating how
behaviour affects the way shoals manifest in an echogram is important for
developing methods for autonomous acoustic data collection. Applying
machine learning and neural network approaches to species classification
is a burgeoning area of research, as it promises both an increase in the
speed and accuracy of data analysis and in the availability of the data,
allowing collection from the fishing fleet and from sources, such as coral
reefs and the deep sea, that are inaccessible to ground-truthing (Cam-
panella and Taylor 2016; Gastauer et al. 2017; Barbeaux et al. 2018;
Dunlop et al. 2018; Berges et al. 2019). Species classification in com-
plex scenarios remains a stumbling-block for automation, however, and
is the subject of ongoing research in the application of artificial intelli-
gence and machine learning to fisheries acoustics (J.M. Jech, personal
communication, 21 Oct. 2020).

Automatic species classification has been successful in some contexts,
such as using a feature library to identify pelagic shoals in the Barents,
Norwegian, and North Seas (Korneliussen et al. 2016), using artificial
neural networks to identify small pelagic schools in the Mediterranean Sea
(Aronica et al. 2019) and implementing real-time identification of pelagic
species in the North Sea (Berges et al. 2019). Korneliussen et al. (2016),
however, caution that the approach should only be used in conjunction
with expert analysis and Berges et al. (2019) note that the success of the
identification depends on proper calibration, especially between vessels.
Additionally, these methods have not be tested on multi-species shoals
or for all geographic areas; as demonstrated in Chapter 5, the success of
species identification, even by experts, depends on the complexity of the
data. The success of species identification by algorithm depends on the
quality of the training data (Brautaset et al. 2020), and IBMs provide
a way to test the behavioural classifications developed through machine
learning techniques to determine if underlying behavioural rules, and
their interaction with the environment, can be detected across datasets.

6.4 Summary
The research conducted and main findings within this thesis are sum-
marized below. This thesis is a first step towards the integration of
the often highly theoretical simulations of shoaling behaviour and the
questions and uncertainties presented by shoaling behaviour in fisheries
acoustics.
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1. Understanding fish behaviour is essential for sustainable fisheries
management. As the population estimates that underpin fisheries
policy recommendations are by and large based on acoustic stock
assessments, variability in these numbers can have drastic conse-
quences for fisheries sustainability. Additionally, for species such
as mackerel for which acoustics are not yet used, there is inter-
est in adapting these methods to take advantage of the increased
efficiency and accuracy provided by acoustic methods. Fish be-
haviour, however, introduces uncertainty into measurements, and
approaches for modelling the shifting densities in fish schools with
extrinsic and intrinsic factors can lessen this uncertainty.

2. There are many avenues for research that combines the previous
simulation work that has been done on the sources of variability in
shoaling behaviour with the potential effects on acoustic sampling,
as evidenced by the lack of studies demonstrating the potential
sources of variability in acoustics that are represented in the simu-
lation literature.

3. Individual-based models, used extensively to simulate collective fish
behaviour, have potential for modelling the behaviour of pelagic
fishes and applications for fisheries acoustics.

4. There is scope for improving the parameterization and the selection
of summary statistics to describe shoaling behaviour using an IBM.
The selection of both of these factors will depend on the question
asked and the empirical data available for comparison.

5. Adapting the IBM/ABC framework to acoustic data is a novel ap-
proach to estimating fish density and can complement other at-
tempts to characterise and describe behaviour in the context of
acoustic sampling, especially by examining how environmental fac-
tors affect tilt angle, which in turn affects total backscatter and
therefore density calculations.

6. The high variability in fish behaviour translates to a lack of agree-
ment, even between experts local to the North Atlantic, on species
identification. This indicates that ground-truthing is essential for
accurate stock assessments and that attempts to automate the
acoustic sampling process could potentially be biased by expert
opinion in the absence of trawl data.
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Appendix A

To test the relationship between the parameters and the summary statis-
tics, the model was run 100 times for each test, again with 20 individuals
over 300 steps, with the first 200 steps discarded as burn-in. For each
test, all but one parameter remained static. For the tested parameter,
the input values were selected from a uniform distribution of 100 random
values within the prior distribution (0-20 for the behavioural factors and
0-1 for the movement vector factors) and the remaining factors were set
at the mean value for their distribution.

The relationship between the parameter values and the summary
statistics was highly variable and not always linear when modelled using
a generalised additive model (GAM) with the tested parameter smoothed
using thin plate regression splines, using the mgcv package in R (R Core
Team 2020; Wood 2003; Wood 2011) (Figure A.1 & A.2; Table A.1).
Speed had a weak positive relationship with polarization and DC, and a
weak non-linear, negative relationship with shoal area. The relationship
between vision and all summary statistics was non-linear and generally
negative, strongest for NND and shoal area, where the values for both
statistics decreased precipitously after the vision radius passed approxi-
mately 10 (Fig. A.1). Spacing also had a non-linear relationship with all
statistics, the strongest with NND and shoal area. With spacing, for all
statistics, there is an initial increase, reaching an asymptote or decreasing
slightly (Fig. A.1).
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Table A.1: Adjusted R2 values for general additive models of the summary
statistics with smoothed input parameters over 100 steps (n=100), with the
input parameter varying while all others remain static, with the highest R2

value in bold. Parameters varied across a uniform distribution: 0-20 for speed,
vision, spacing; 0-1 for cohere, separate, match.

input parameter polarization
nearest

neighbour
distance

distance
from

centroid
shoal area

speed 0.279 0.168 0.248 0.267
vision 0.084 0.898 0.383 0.796
spacing 0.27 0.94 0.461 0.82
cohere 0.011 0.832 0.198 0.659
separate 0.234 0.938 0.467 0.822
match 0.504 0.631 0.482 0.441

summary statistic output
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Figure A.1: Generalised additive model (GAM) of summary statistics over
200 steps (n=100), with each behavioural parameter varying across a uniform
distribution (0-20) while the others remained set at 10. Tested parameter
smoothed using thin plate regression splines.

The effect of the movement vectors is much less apparent, but there
was a slight negative relationship for cohere and DC and polarization, and
for match and these statistics (Fig. A.2). There was a slightly positive,
non-linear relationship for separate and DC and separate and polarization
(Fig. A.2). For NND, according to the GAM results, the relationship
between this statistic and the parameter values is the strongest (Table
A.1), but there is only a very slightly linear negative relationship with
cohere and match and a very slightly non-linear negative relationship
with separate (Fig. A.2). The relationship between all parameters and
shoal area is slightly negative and non-linear (Fig. A.2).
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Figure A.2: Generalised additive model (GAM) of summary statistics over
200 steps (n=100), with each movement vector parameter varying across a uni-
form distribution (0-1) while the others remained set at 10. Tested parameter
smoothed using thin plate regression splines.
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Appendix B

To test the degree of correlation between the summary statistics – dis-
tance from the centroid (DC), nearest neighbour distance (NND), polar-
ization and shoal area, the covariance of the mean value for each statistic
from each run of the model (n=100,000) were compared with Spearman’s
rank correlation coefficient in R (R Core Team 2020) (Figure B.1.
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Figure B.1: Spearman’s rank correlation coefficients for the mean values
of polarization (polar), nearest neighbour distance (NND), distance from the
centroid (DC), and shoal area (area).

R Core Team (2020). R: A Language and Environment for Statistical Computing.
Vienna, Austria: R Foundation for Statistical Computing.
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Appendix C

Screenshots from the survey conducted in Chapter 5.
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