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Abstract 

Animal aggregates (sparrow flocks, anchovy schools, caribou herds) are complex systems poten

tially made up of thousands of individuals moving in a coordinated mass. While such aggregates 

are difficult to study in the field, individual based spatially explicit computer models (IBSEMs) 

offer researchers a way to investigate how the interplay of individual behaviours makes aggre

gation possible and leads to different aggregate level behaviours. In this thesis I argue that in 

order to model species-specific aggregate behaviours, modellers must pay attention to three 

properties of animals that uniquely determine their aggregating behaviour: the perceptual mech

anisms of the animal, the movement abilities of the animal and the cognitive mechanisms that 

connect perception to action. The existing modelling framework, the Attraction Repulsion (AR) 

framework, does not allow for an adequate representation of these three facets of individual 

aggregating behaviour. As an alternative I present a new modelling framework, the Perception 

Cognition Action (PCA) framework. I use this framework to create an experimentally based, 

experimentally validated computer model of Danio rerio aggregate behaviour. I further demon

strate, more generally, the importance of modelling perception by analysing the behaviour of 

a theoretical aggregate model that varies the perceptual abilities of agents and determines the 

effect that this has on aggregate cohesion. Lastly, I explore the interplay between perception, 

cognition and movement by varying individual perception, cognition and action properties. I 

analyse the behaviour of the resulting aggregate with a focus on how the interaction between 

perception, cognition and action determines aggregate properties. 
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Chapter 1 

Introduction 

This chapter begins by providing a brief overview of aggregate research in order to situate the 

thesis in the broader context of the aggregate research field. The chapter then presents the 

contributions and goals of the thesis. It concludes with an overview of the remainder of the 

thesis. 

1.1 Aggregate research: A synopsis 

Animal aggregation is a pervasive phenomenon in the natural world. European Starlings move 

through the air in a tightly packed, fast moving group (Heppner, 1997). Slime mould live as 

a group of unconnected single-celled organisms until these organisms start to starve, at which 

point they gather together to form a single slug that moves as a cohesive whole (Camazine, 

Deneubourg, Franks, Sneyd, Bonabeau, and Theraulaz, 2003 ). Dolphins move in pods that 

perform elaborate manoeuvres in order to herd fish (Bel'kovich,1991), which themselves move 

in large, coordinated schools (Parrish, Viscido and Griinbaum, 2002). 

Despite its prevalence, aggregation is not an inevitable result of organism interaction, but 

a behaviour that must be initiated and maintained through the action of specific biological 

mechanisms. Some aggregating animals, like dolphins, are highly complicated and intelligent 

organisms, while others, like slime mould cells, could barely be said to have cognitive abili

ties. Nonetheless, every one of these organisms has the ability to move together with other 

organisms of the same type in complicated ways to form cohesive, organised groups that often 
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display elaborate spatial and temporal group patterns. This suggests that aggregation is both an 

evolutionarily important and multiply realisable natural behaviour. 

Animal aggregate researchers (a interdisciplinary group comprised of cognitive scientists, 

psychologists, biologists, sociologists, computer scientists and physicists), have as their goal 

the description, explanation and prediction of the behaviour of animal aggregates. Researchers 

in this field may study the movement patterns generated by animal aggregates (for example, 

the swirling cylindrical patterns (mills) seen in fish schools (Parr, 1927)) or the patterns of 

communication that are generated by these aggregates over time (for example, the synchronised 

flashing of fireflies, (Moiseff and Copeland, 2000)). They may be interested in describing the 

nature of the aggregate behaviours seen in a particular species (for example, the 'people streams' 

observed in human crowd situations (Helbing, Farkas, Molnar and Vicsek, 2002)) or they may be 

interested in doing more abstract, theoretical work (for example, studying the effect that access 

to varying levels of environmental information has on general aggregate behaviour (Couzin, 

Krause, Franks and Levin, 2005)). 

1.2 Thesis goals and contributions: The Perception Cognition Ac

tion (PCA) modelling framework 

Thesis Goals The central premise of this thesis is that the existing theoretical framework 

for modelling animal aggregates- referred to in this thesis as the Attraction Repulsion (AR) 

framework— needs to be revised for two reasons. First, the AR framework lacks the theoretical 

power required to describe how individual behaviours and properties exbited by members of 

a particular species lead to the aggregate behaviour and properties of that species. Second, 

the AR framework is not adequate for creating predictive, verifiable models of specific animal 

aggregates. 

Related to these issues of the AR framework, the goals of this thesis are as follows: 
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• to present a new, perception based, information processing driven, theoretical framework 

for modelling animal aggregates— the Perception Cognition Action (PCA) framework— 

for use in creating species-specific aggregate models 

• to explain how the PCA framework is compatible with, but usefully extends, the existing 

AR framework 

• to demonstrate that the PCA framework can be fully implemented in an IBSEM modelling 

environment (the PCA Implementation (PCAI)), resulting in embodied, three-dimensional 

aggregates of computer agents 

• to demonstrate the utility of the PCA framework, as implemented, by applying it both 

experimentally and theoretically. 

Thesis Research Contributions Aggregation is a complex phenomenon, arising out of the 

combined actions of many individuals. Consequently, in order to answer questions about aggre

gation some understanding must be gained about the ways in which the different behaviours 

of individuals within an aggregate lead to aggregate-level behaviour. Models, particularly La-

grangian and individual based models (IBMs), are well positioned to investigate these questions 

because they can provide insight into the connections between the two levels of behaviour. With 

this in mind, this thesis presents an individual based, information processing driven, animal ag

gregate modelling framework for use in modelling species-specific aggregation. This framework— 

the PCA framework— will improve on the existing de facto aggregate modelling framework, 

referred to in this thesis as the Attraction Repulsion (AR) framework, by more concretely relating 

the relevant species-specific properties of individuals within an aggregate to the behaviour of 

the aggregate as a whole. In particular, the PCA framework's focus on the perceptual abilities 

of animals will allow biologists to more easily create experimentally verifiable individual based 

spatially explicit models (IBSEMs) of aggregation in specific species of animals. 

After defining the PCA framework, the thesis will present the results of three research 

projects undertaken to demonstrate the utility of the PCA framework. In the first project, the 

PCA framework is implemented in the Breve modelling environment. Then, video tracking 
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technology (Tracker 3D, Griinbaum, Viscido and Parrish, 2005) is used to collect data on the 

behaviour of individuals in a Danio rerio (common name zebra danio or zebrafish) aggregate 

and this data used in conjunction with the Breve implementation of the PCA framework to 

create a computer model of D. rerio aggregate behaviour, which is then compared with the 

behaviour of the actual D. rerio aggregate. As part of this project, the behavioural predictions of 

a conventional AR model are directly compared with the behavioural predictions from a model 

created using the proposed PCA framework. 

With the predictive utility of the PCA framework established, the second project uses the 

PCA framework to examine the role that perception plays in determining properties of aggre

gate behaviour. The third project considers the interaction between perceptual, cognitive and 

movement properties, with an emphasis on the interaction between perceptual and cognitive 

properties, and how these individual properties combine to generate group-level aggregate 

properties. 

Thus, the contributions the thesis will make to animal aggregate research are: a new 

modelling framework that will allow researchers to model the behaviour of specific animal 

aggregates (discussed in Chapter 3), an experimentally supported model of how individual D. 

rerio properties and behaviours lead to D. rerio aggregate behaviour (discussed in Chapter 

4), a method for creating physically realistic, perception mediated interactions between three 

dimensional, embodied agents (discussed in Chapter 4), a preliminary explanation of the role 

of animal perception in the behaviour of animal aggregates (discussed in Chapter 5), and a 

theoretical model of the ways in which perceptual abilities interact with cognitive and movement 

abilities to generate aggregate properties (discussed in Chapter 6). 

1.3 Thesis overview 

The chapter directly following this introduction, Chapter 2, will provide a more thorough 

overview of existing animal aggregate research and discuss the current AR framework in more 

detail. The chapter will begin with a review of research findings on the biological underpinnings 
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of aggregate behaviour, including a discussion of experimental techniques that have been devel

oped to study aggregate-level behaviour. Chapter 2 will also discuss aggregate modelling, both 

mathematical and computer, with a focus on computer modelling techniques and species-specific 

aggregate models. Chapter 3 will begin with a discussion and critique of the AR framework, 

focusing on the issues with the AR framework in relation to creating animal aggregate models. 

Chapter 3 will then provide a detailed description of the PCA framework and discuss why it can 

overcome the limitations of the existing AR framework. 

Moving from theory building to application of theory, Chapters 4, 5 and 6 will present the 

results of the three research projects— the D. rerio aggregate model (Chapter 4), the perceptual 

field effects model (Chapter 5) and the perception-cognition-action interaction model (Chap

ter 6). Chapter 4 will also include a description of the implementation of the PCA framework 

in the Breve simulation environment, and Chapter 5 will also include an investigation of the 

information requirements for aggregate cohesion. Chapter 6 will discuss animal aggregation in 

the context of complex systems. The thesis will conclude, in Chapter 7, with a general discussion 

of the results of the thesis, considering how the results of this thesis will affect current aggregate 

research, and providing an overview of future research to be undertaken based on the results of 

the thesis projects. 



Chapter 2 

Animal aggregate research: An overview with an 

emphasis on aggregate modelling 

This chapter begins by providing a general definition of animal aggregation and discusses 

properties of animal aggregates that are typically of interest to researchers. The chapter goes on 

to discuss research relating to the role of perception in aggregation and experimental methods 

for studying aggregate behaviour. The chapter then turns to a discussion of aggregate modelling, 

and the origin of the AR framework. Having summarised the AR framework, current aggregate 

models (both mathematical and computer based) are considered and the findings of these 

models reviewed. 

2.1 Definition and properties of animal aggregates 

Animal aggregate researchers frequently rely on our familiarity with common animal aggregates 

(e.g., bird flocks, cow herds) to provide an understanding of the phenomenon of animal ag

gregation, rather than providing an explicit definition. However, some attempts to define the 

term 'animal aggregate' have been made. For example, speaking about aggregates in general, 

Toner and Tu (1998, p. 4828) define an aggregate as "the collective, coherent motion of large 

numbers of self-propelled organisms." Speaking specifically about fish, Hemmings (1966, p. 

449) described a fish school as "a group of individuals in dynamic equilibrium, with the sensory 
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input of each fish providing a feedback of information affecting the maintenance and behaviour 

of the school." 

Since researchers generally assume that animal density is a key component of animal aggre

gates (see for example, Gerlotto and Paramo, 2003; Mogilner, Edelstein-Keshet, Bent L. and 

Spiros, 2003), a concrete, more spatially based definition of an animal aggregate could be given 

as: at a time r, a volume of space where the average density of the animals is high, surrounded 

by a volume of space where the average density of the animals is low, or zero (see Figure 1). 

This definition, similar to one provided by Camazine et al. (2001) is practical, due to its reliance 

on observable properties, but it does not acknowledge the importance of interactions and in

formation exchange between individuals in determining the constituency and behaviour of the 

aggregate. An information-based definition of aggregation, motivated by the PCA framework, 

will be provided in Chapter 5. 

low density 

high density 

Figure 1: Using a simple density measure to define the concept of an animal aggregate. 

In discussing aggregation, researchers may focus either on the behaviour and properties 

of individuals within the aggregate or on the behaviour and properties of the aggregate as 

a whole. This will be discussed in greater detail in Section 2.2.2 but a brief overview will 

be presented now in order to introduce concepts relevant to individual and group properties. 

In terms of individual behaviours (see Figure 2), researchers may observe and measure the 
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orientation of the animal in relation to other animals within the aggregate and in relation to 

other items within their environment. Caraco and Bayham (1982), for example, considered 

the orientation of house sparrows, (Passer domesticus), feeding within house sparrow flocks 

relative to other sparrows and environmental disturbances. Researchers may also consider 

inter-individual spacing (the spacing of animals with respect to each other) and the movement 

patterns of particular individuals within the aggregate (using measures like individual velocity 

and individual turning angle). Miller and Stephen (1966), for example, determined that sandhill 

cranes (Grus canadensis) maintain a typical space of 5.8 ft between individuals when aggregating. 

With respect to individual movement patterns, Ikawa and Okabe (1997) observed that while 

aggregating mosquitoes (Culex pipiens pallens Coquillet) remain grouped in a particular volume 

of space, individuals move through this space in an uncoordinated manner. 

(23,42) 

"i^fflfo ^r 

30 degrees 

5km/h 

13 degrees 

A 

<f 
23 cm 

v^ 

K 

\ 
aggregate ^ 

vector 

a b c 

Figure 2: a) Measuring properties of an individual in an aggregate (orientation, velocity, position), b) 
Relational properties between individuals in an aggregate (angle and distance), c) Individual properties 
in the context of die aggregate as a whole (individual velocities relative to aggregate velocity). 

With respect to the properties of the aggregate as a whole (see Figure 3), researchers may 

observe and analyse movement patterns of the entire aggregate, either by using measures 

like group velocity and group turning angle or by making more qualitative observations about 

movement patterns. For example, Graham, Pages and Hamner (2001) observed that jellyfish 



Figure 3: a) An aggregate with a toroidal aggregate shape, b) An aggregate changing from high to low 
density over time. 
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aggregates (various species) regularly move up towards the surface during the day and down 

away from the surface at night. Researchers may also investigate the typical shapes formed by 

the aggregate. Soria, Bahri and Gerlotto (2003), for instance, investigated the effect that the 

approach of a survey vessel had on the school shapes of pelagic fish. They may also consider the 

average density or volume of the aggregate, using bounding boxes or by measuring the average 

distance of individuals in a group from the centre of the group. Carbone, Thompson, Zadorina 

and Rowcliffe (2003), for example, investigated the changing density and spatial patterns of 

feeding barnacle geese (Branta leucopsis) flocks over time. Lastly, researchers may consider the 

overall alignment of individuals in the aggregate with other individuals in the aggregate, using 

measures like group polarisation to indicate how aligned the group is, and group confusion to 

indicate how unaligned the group is. Aggregate measures used in this thesis are discussed in 

Chapter 4, Section 4.4.1. 

2.2 Species-specific aggregate behaviour 

2.2.1 The individual underpinnings of aggregate behaviour 

The importance of attraction and repulsion Parr (1927) is typically cited as the first re

searcher to present a general theoretical description of aggregate behaviour. Observing chub 

mackerel (Scombrus colias) in the New York Aquarium, he concluded that for a fish, or other 

aggregating animal, to maintain its membership in an aggregate, this animal must successfully 

position itself over time so that it is neither too close nor too far away from the other animals in 

the aggregate. To maintain this balance over time, individuals within the aggregate must move 

towards other animals in the aggregate when they become too far away, and move away from 

other animals in the aggregate when they become too close (see Figure 4). 

Parr referred to the behaviour of moving towards other animals as being attracted to them, 

and further noted that this attraction must be balanced by 'antagonistic stimulations' once a fish 

had reaches a certain proximity to its neighbours. He hypothesised that these two individual 

behaviours, repulsion from and attraction to the animals near them in die group, were sufficient 

to explain how animals moved together in groups. 



11 

repulsion —4 

— attraction 

yf^ 

Figure 4: Organisms are both attracted to and repelled by other organisms. This combination of attractive 
and repulsive stimuli leads to aggregate behaviour. 

The role of sensory abilities In addition to developing this attraction-repulsion characterisa

tion of aggregate movement, Parr showed, in a very general way, that animals rely on particular 

sensory abilities to receive and process attractive and repulsive stimuli and thereby maintain 

their positions within aggregates. He demonstrated this aspect of aggregation by temporarily 

blinding a number of chub mackerel {Scombrus colias) using lampblack, and then returning 

these fish to the aquarium containing their original school. He observed that, while blinded, 

these fish remained isolated in the aquarium. Upon regaining their vision, however, they re

turned to their school and exhibited typical schooling behaviour once again. Parr concluded 

from this experiment that animals process information from particular senses when forming 

aggregates. He further noted that different species may rely on different sensory abilities to 

achieve aggregation. 

The importance of specific types of sensation to aggregation has been further supported by 

more recent experiments that show that fish and other marine animals rely most specifically 

on visual perception and lateral lines for schooling. Partridge and Pitcher (1980), for example 
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showed that saithe (Pollachius virens) with intact lateral lines but without vision could maintain 

their position in a school, as long as the school did not suddenly dissolve and reform as the 

result of a startle reaction. Fish with intact vision and no lateral lines could also school, but 

their position in relation to other fish in the school was affected by the loss of their lateral line 

perceptions. 

The possible role of other perceptions in fish schooling has also been investigated. Hemmings 

(1966), for example, investigated the attraction of the roach fish (Rutilus rutilus) to visual cues 

vs. odour cues and found that, while roach were attracted both to the odour of other healthy 

roach in the water and to the physical (visual only) presence of other roach, they were more 

strongly attracted to the visual cues. Hemmings also showed that roaches were repelled by the 

odour of injured roaches. 

Perceptual requirements for the reception of species-specific appropriate attraction and 

repulsion stimuli have also been investigated. Buskey (2000), for example, investigated the 

visual acuity of the mysid (Mysidiwn columbiae), a small aggregating crustacean, by having the 

mysids follow line patterns on a rotating drum, which they did without training. Buskey found 

that the majority of the mysids swam in the direction of the drum when stripes were 4mm or 

larger in width, but that this number dropped as the width dropped until, at under 1mm the 

percentage following the drum dropped to less than 60% of the school, suggesting that at this 

point the visual acuity, or resolution of the mysids was insufficient to allow for aggregating 

behaviour. Buskey concluded that this level of visual acuity was consistent with the survival 

requirements of the mysids, who had to follow other members of their aggregate at distances 

within the range of their visual acuity as measured by the experiment and also use their vision 

to locate tree roots of a certain minimum size for concealment from predators. The inclusion of 

perceptual acuity in aggregate models will be considered further in Chapter 3. 

In some respects it seems almost trivial to acknowledge that animals use their sensory 

and perceptual abilities to successfully aggregate since, aside from scientifically unsupported 

theories involving mental telepathy (Selous, 1931) there are no other apparent aggregation 

mechanisms available to animals. This may explain the relative dearth of research into the 

precise role of sensation and perception mechanisms in aggregation. Researchers simply assume 
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that aggregating animals are using one or more of their senses to aggregate, and move on to 

other questions about aggregation. 

However, what is remarkable, in this context, is the fact that such a wide variety of ani

mals, with a correspondingly wide variety of sensory and perceptual mechanisms, successfully 

aggregate. For example, although the sensory and perceptual mechanisms of Natterer's bats 

(Myotis nattereri) and guppies (Poecilia reticulata) differ quite widely, both of these animals 

form aggregates (Rivers, Butlin, and Altringham, 2006; Godin, Alfieri, Hoare and Sadowski, 

2003). One of the challenges that remain for animal aggregate researchers is to determine how 

each of these diverse species use their particular perceptual abilities to form and maintain their 

aggregations, and then to produce models that are specific to these species. 

2.2.2 Aggregate-level findings, with a focus on research methods 

To some extent, it has only been recently that technology has developed to the point that detailed, 

quantifiable observations of the behaviour of animal aggregates can be made, thus opening up 

the possibility for more detailed and experimentally based aggregate research. Higher resolution 

digital imaging, combined with increased computing power makes it possible to track individuals 

within aggregates (Osborn,1997). With respect to aggregate properties as a whole, acoustic 

visualisation, again in combination with high-powered computing, allows for the study of large 

aquatic animal aggregates in their natural ocean habitats (Greene and Wiebe, 1997). These 

data gathering techniques are complemented by data collection techniques and computational 

analysis techniques that allow for large amounts of data to be merged and analysed. (Jaffe, 

1997; Ballerini, Cabibbo, Candelier, Cavagna, Cisbani, Giardina, Lecomte et al., (2008), Ballerini, 

Cabibbo, Candelier, Cavagna, Cisbani, Giardina et al., (2008)). 

As discussed in Section 2.1, aggregate researchers are generally interested in a variety of 

group properties of aggregates (aggregate shape, inter-individual distance, aggregate density 

and aggregate movement) along with individual properties (animal velocity and movement 

decisions) that are believed to contribute to aggregate behaviour. In this section, a review of 

some of the representative species-specific research relating to each of these properties will be 
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presented in the context of the research methodology used to gather data. Research carried out 

specifically in order to provide support for models of a particular aggregating species or group 

of species will be discussed in Section 2.5. 

Observation and capture Simple visual observation is sometimes feasible when studying 

aggregates of smaller aquatic animals, and often entire aggregates can be captured in order to 

learn about the properties of individuals that make up the group. Using this technique, Spieler 

(2003) found that tadpoles of the frog Phyrynomantis microps increased their aggregation size 

when in ponds with relatively clear water, possibly in response to increased predation risk. 

Krause, Godin and Brown (1996) and Krause, Hoare, Croft, Lawrence, Ward, Ruxton, Godin and 

James (2000) observed and collected shoaling banded killifish (Fundulus diaphanus), golden 

shiners (Netomigonus crysoleucas) and white suckers (Catostomus commersoni). They found that 

shoals had a mixed composition with respect to species but that composition was still influenced 

by species and size. When shoals encountered each other there was transfer of individuals 

between shoals, as well as combination of shoals (fission and fusion phenomena). 

Sonar and echosound Researchers have obtained a considerable amount of information on 

the size, shape and aggregate behaviour of fish schools using sonar and echosounder technology. 

Axelsen, Anker-Nilssen, Fossum, Kvamme and N0ttestad (2001) observed herring (Clupea haren-

gus) being attacked by Atlantic puffins (Fratercula arctica) and recorded a wide variety of shape 

changes in response to these attacks, (including bend, hourglass, vacuole and split) along with 

density propagation through the school. Gerlotto, Bertrand, Bez, and Gutierrez (2006) observed 

anchovies (Engraulidae) using multibeam sonar and were able to record the propagation of a 

flash response (where fish rotate so that their silver side is visible) moving through the aggregate, 

which they speculate is a means of rapidly communicating predator attack through a large school. 

Pelagic fish schools (Soria, Bahri and Gerlotto, 2003) and clupeid fish schools (Gerlotto and 

Paramo, 2003) have also been observed using multibeam sonar and echosound, with findings 

that schools tend to be longer than they are wide, but that there is still considerable variation 
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in school shape and behaviour, even between schools of the same species found in different 

locations. 

Photography and film Photography and film have enhanced the ability of aggregate re

searchers to analyse and quantify their observations, particularly when the individuals in the 

aggregate can be easily distinguished and identified, either as a result of fortuitous natural 

circumstances or deliberate lab setup. Miller and Stephen (1966) used aerial photography to 

photograph Sandhill crane {Grus canadensis) flocks that were feeding in fields and found that 

the distance between cranes remained consistent, at 5.79 ± 0.16 ft, regardless of group size. 

Carbone, Thompson, Zadorina and Rowcliffe (2003) used a similar method to monitor flock 

expansion in feeding barnacle geese (Branta leucopsis), finding that flocks expanded over feeding 

time. Caracoa and Bayham (1982) used Super-8 film to analyse the effects of temperature and 

sex of house sparrows (Passer domesticus) on flock size and nearest neighbour distance and 

determined that while sparrow sex did not have a noticeable effect on flock behaviour, lower 

temperatures led to an increase in flock size, and that nearest neighbour distance decreased as 

flock size increased. 

Moving from naturalistic settings to lab studies, Krause and Tegeder (1994) were able to 

combine digitised and computer analysed video with a carefully designed experimental setup to 

determine that sticklebacks {Gasterosteus aculeatus) followed movement rules that minimised 

their approach time to a single conspecific when aggregating. Miller and Gerlai (2007) used 

a similar approach to study zebra danio (D. rerio) shoaling in the laboratory and found that 

baseline shoaling was altered by both the presence of food (increasing inter-individual distance) 

and predator presence (an initial increase in inter-individual distance followed by a more 

cohesive schooling behaviour). 

Stereophotography and videography Stereophotography and videography combined with 

digitisation and computer analysis provide what is potentially the most promising, although 

technologically most challenging, method for studying aggregate behaviour, particularly in 

naturalised settings. Aoki, Inagaki and Le Van Long (1986) used stereophotography combined 
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with photo digitisation and computer analysis to study the three dimensional structure of 

schools of Jack Mackerel (Jrachurus japonicus) and mackerel {Scomber sp.), determining nearest 

neighbour distances (1.43 body lengths (BL), 1.51 BL), individual fish size (20 cm, 14-23 

cm) and school density estimates (6.6 to 19.5/m3 for Jack Mackerel). More recently Viscido, 

Parrish and Griinbaum (2004) used two video digital video cameras in a laboratory setting, 

combined with a calibration grid and video analysis software to determine the position and 

velocity of individual fish within small Devario aequipinnatus schools (see Chapter 4 for an in 

depth discussion of this methodology, which was also used to gather data on D. rerio movement 

for the D. rerio model discussed in Chapter 4). 

The capabilities of stereo techniques for researching aggregates have recently been extended 

even further by Ballerini, Cabibbo, Candelier, Cavagna, Cisbani, Giardina, Lecomte et al., (2008) 

and Ballerini, Cabibbo, Candelier, Cavagna, Cisbani, Giardina et al., (2008), who used stereopho-

tography combined with the trifocal technique (Hartley and Zisserman, 2003) and a variety 

of analysis techniques including statistical physics, image analysis and optimisation theory, to 

obtain data on the three-dimensional positions of individual European starlings (Sturnus vul

garis) moving within flocks over time (for flocks of up to 8000 starlings). Using this technique 

they were able to obtain quantitative measures for a variety of aggregate properties of starlings 

flocks, as well as properties of individual starlings within these flocks. With respect to aggregate 

properties, they found that, for the starling flocks they analysed, flocks had a typical shape (thin 

and long), distinct from size of flock and that flock density was not uniform, but instead was 

most dense on the periphery of the flock. With respect to individual properties, they found that 

individuals moved throughout the flock, rather than maintaining a single position within the 

flock. Using some data extrapolation techniques they have also proposed (2008) that individuals 

within the flock use a number of nearest neighbours to determine their position within the flock, 

rather than considering all of the starlings within a certain area. This finding will be discussed 

further in Chapter 5, in the context of model results from that chapter. 

Limitations: Technological and theoretical Some of the research projects discussed here— 

in particular those by Ballerini, Cabibbo, Candelier, Cavagna, Cisbani, Giardina et al., (2008)— 
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have only recently become technologically feasible. Technological limitations cannot fully 

explain the relative lack of species-specific aggregate models up to this point, however, because 

technology sufficient for recording individual movement has been available for some time. 

Another contribution to this lack is the use of the AR framework, as used to describe and explain 

aggregate behaviour. As will be discussed in Section 2.3.2, one of the strengths of the AR 

framework from a theoretical perspective is its abstraction of the perceptual underpinnings of 

aggregate behaviour. However, this same abstraction means that the AR framework does not 

easily lend itself to the creation of verifiable models of particular aggregating species.This is 

because its physics centred characterisation of attractive and repulsive forces and its relatively 

simplistic representation of animal properties make it difficult to connect it to species-specific 

behaviour. In order for the AR framework to take advantage of technological advancements, 

it needs to return to a consideration of the perceptual and other biological underpinnings of 

aggregate behaviour as investigated by Parr (1927), Partridge and Pitcher (1980), and other 

researchers discussed in Section 2.2. This tension between specificity and abstraction will be 

considered more fully in Chapter 3. 

2.3 Modelling aggregation 

2.3.1 Breder's model: Drawing an analogy with physical forces 

One of the challenges of modelling aggregates is the development of modelling techniques that 

are both computationally tractable and that can take into account the many interactions among 

individuals in an aggregate. Breder (1951, 1954, 1976) was one of the first researchers to 

generate mathematically tractable models of the behaviour of schooling fish by drawing an 

analogy between fish in an aggregate and atoms held in a crystal lattice, and by comparing the 

responses to social stimuli of fish in an aggregate with the attractive and repulsive forces that 

exist between atoms. In Breder's 1954 model, aggregation depended simply on a, the attractive 

force between two individuals, r, the repelling force and d, the distance between the individuals, 

along with two constants, m and n (see Equation 1). These combine to provide c, a measure of 

the cohesiveness of the school as a whole. Breder then used Coulomb's law of magnetism and 
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electrostatics, in conjunction with some simplifying assumptions, to derive Equation 2, where rx 

and r2 are the repulsion of fish 1 (or school 1) and fish 2 (or school 2). 

c = a/dm-r/dn (1) 

c = l - r 1 r 2 / d 2 (2) 

Breder's models began the practice of simplifying the stimulus and response component of 

aggregation by making use of a physical forces analogy. While acknowledging the importance of 

perception in actual aggregate behaviour, by positing the existence of social forces, analogous to 

physical forces, Breder and later modellers (e.g., Okubo 1986; Edelstein-Keshet 2001) were able 

to avoid modelling the stimulus response aspect of aggregation explicitly. This made models 

mathematically tractable and allowed modellers to focus instead on the more general question 

of how attraction and repulsion in individuals could lead to aggregation. This in turn led to 

the widespread incorporation of the concepts of attractive and repulsive social forces as a basic 

component of aggregate models, which in turn resulted in the adoption of the AR framework as 

the de facto framework for modelling aggregation. 

Breder's model also demonstrates the way in which aggregate models generally start by 

considering individual properties but then switch to a focus on group properties. The variables a 

and r reflect individual properties, but it is assumed that all individuals within the group share the 

same value for these properties. This allows a single value to be used for these properties, which, 

again, makes the model mathematically tractable and in turn allows conclusions to be drawn 

about the group property, c. Effectively, a more detailed representation of the heterogeneity and 

behavioural complexity of actual animals is avoided in order to obtain analytical power. Later 

models have also followed this pattern. Adioui, Treuil, and Arino (2003), for example, have 

developed a model that considers, as one of its main variables, a state variable that reflects the 

proportion of individuals in a particular unit of volume that have a certain orientation angle. 

The modellers then create a system of equations that relate to this state variable and explore the 

resulting properties of the mathematical model as they relate to group aggregate properties. 
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2.3.2 A typical aggregate model 

Breder's model is only one example of how the AR framework can be used to model aggregation. 

More generally, in modelling terms, the AR framework posits that each animal within an aggre

gate maintains the cohesion of the aggregate by following particular attraction and repulsion 

rules. Movement through space by an individual at a particular time, t, is determined by: 

1. the attraction and repulsion equations (along with equation parameters) associated with 

individuals in the aggregate. 

2. the inputs to the attraction and repulsion equations at that time, t, which themselves 

depend on the state of the environment at that time— in particular the position and 

velocity of other individuals in the environment. 

3. the outputs of the attraction and repulsion equations, possibly combined with additional 

reaction equations, which determine how the position and velocity of the individual will 

change from time t to time t + 1 (see Figure 5). 

Attraction and repulsion equations may vary in form, as long as they produce both attraction 

and repulsion. For example, Couzin, Krause, James, Ruxton and Franks (2002) define the 

attraction and repulsion behaviour of individuals as follows: 

• If the distance between an individual, i, and other individuals, j , is less than a certain 

distance, r, then adjust the agent's direction of travel, as follows: 

where c, is the position vector of the neighbour at time t, and nr is the number of 

neighbours within the specified distance, r at time t. This points the agent away from its 

neighbours, resulting in it moving away from them in the next time step. 
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Figure 5: Calculating the behaviour of individuals within the aggregate over time. Each agent changes 
its position, p t and velocity, vt based on the position and velocity of nearby agents, and the attraction 
and repulsion equations assigned to it. 

• If this is not the case, then: 

di 
Cj(t)-Ci(t) ^ Vj(t) •, , . r n WO J WOJ v - \ vjVL) (4) 

where Vj is the velocity of the neighbours, n0 are the neighbours within a particular distance o 

from the individual (but not closer than r) and na are the neighbours that are within a particular 

distance, a from the individual (but not closer than o), at time t. This results in the agent 

pointing towards its neighbours and matching its velocity with the velocity of the neighbours. 

These two equations, when used to calculate the positions of each individual in the aggregate 

at each moment in time, result in aggregation behaviour by the group of agents over time. They 

are effectively force equations that describe the influence of the social forces exerted by other 

agents on a particular agent's position and velocity. As such, they act on agents, and determine 

the overall behaviour of the model. 
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This abstraction away from biology towards the adoption of a more simplistic physical forces 

analogy is a major advantage of the AR framework. Because it does not specify any physical 

mechanisms of attraction and repulsion, but instead only assigns abstract, descriptive, attraction 

and repulsion rules that act on individuals within the aggregate, models using the AR framework 

are not tied to any particular aggregating species. Thus, the AR framework functions as a general 

theory, which can capture the essential aspects of aggregation across species. This, in turn, has 

allowed animal aggregate researchers to study the general properties of aggregation without 

the need to refer to the behaviour of particular animal aggregates in the wild. 

In addition to this useful generalisability, the AR framework has two other major advantages, 

from a modelling perspective. The first is that generally only a few parameters are required by 

the framework, so that it is fairly simple to create models. The second is that the modelling 

concepts of attraction and repulsion can be concretely defined with equations, despite the fact 

that they are recognised to be only analogies for the actual mechanisms of aggregate behaviour. 

This means that there is little doubt as to how abstract models of aggregate behaviour are 

implemented, and model results can be clearly analysed, explained and compared. Having said 

this, because of its generalities, the AR framework has some difficulties describing animals in 

specific enough terms to capture relevant differences between animals. It also has difficulties 

connecting with particular natural scenarios (for example, transitions in aggregate behaviour 

when the temperature drops, or when the sun sets). Thus, although the AR framework excels at 

drawing theoretical conclusions about aggregation, it is often difficult to apply or relate these 

conclusions to aggregates in the natural world. This will be discussed further in Chapter 3. 

2.3.3 Recent developments in animal aggregate models 

Starting in the early 1990s, particle physicists looking for a new area in which to apply some 

of their modelling knowledge began to create models of animal aggregates by extending their 

existing particle physics models (see Section 2.4.1 for a detailed discussion of these models). 

At roughly the same time, computer scientists working in the field of distributed artificial in

telligence began to develop modelling techniques, now referred to as multi-agent simulations 
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(MAS), that would allow them to understand how individuals work together to produce group 

behaviours (Bond and Gasser, 1988) (see Section 2.4.2 for a detailed discussion of these mod

els). MAS modelling techniques were quickly adopted by biological researchers (in particular 

ecologists and biologists studying population dynamics), who refer to these types of models as 

individually based, spatially explicit models (IBSEMs) or sometimes simply as individually based 

models (IBMs) (see Wiegand, Revilla, Knauer (2004) for a discussion of the role of IBSEMs in 

biology). 

The IBSEM modelling methodology is particularly promising for animal aggregate re

searchers because it allows researchers to methodically change the behaviours of individuals 

within an aggregate model and observe how these changes affect the movement patterns of 

the aggregate as a whole. This, in turn, affords aggregate researchers greater insight into the 

ways in which the behaviours of individuals within an aggregate generate particular aggregate 

behaviours. In this respect, IBSEMs differ from traditional mathematical models of aggregation, 

which frequently avoid individual-level description and focus instead on describing aggregate 

behaviour using global variables like aggregate density or average aggregate velocity. They then 

analyse the change in these variables over time using differential equations (see, for example, 

Flierl, Griinbaum, Levin and Olson, 1999; Lutscher, 2002). 

Mathematical models take this approach because their focus is on finding general, solvable 

solutions to aggregate equations for all values of variables. Consequently, most of these mathe

matical models of aggregates, whether developed by biologists or physicists, are not intended 

to reflect the behaviour of a particular aggregating species. Instead, their goal is to explore 

aggregation behaviour more generally. Researchers using IBSEMs, however, often do wish 

to claim that their models are predictive or explanatory of either the behaviour of a specific 

species (e.g., locusts {Schistocerca gregarid), Buhl, Sumpter, Couzin, Hale, Despland, Miller, and 

Simpson, 2006) or, more often, a group of species (e.g., schooling fish (Parrish et al., 2002) 

or ungulates (Turner, Wu, Romme and Wallace, 1993)). Thus it is important to consider the 

means by which these IBSEM modellers validate the claim that their model accurately reflects 

the behaviour of the particular aggregating species that they are modelling— an issue which is 

central to this thesis and which will also be taken up in detail in Chapter 3. 
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2.4 Current findings by aggregate models 

As discussed in Section 2.3.3, there are two main types of models that consider questions 

relating to aggregate behaviour— models that are mathematical in nature, which come to 

conclusions by solving or analysing mathematical equations, and IBSEMs, which are written as 

computer programs and have individual agents applying particular rules to determine how the 

aggregate as a whole will behave. Mathematical models of aggregation frequently consider more 

fundamental aggregate questions (e.g., what are the minimum requirements for the existence of 

coordinated movement) while IBSEMs frequently consider how varying the values of a particular 

parameter of interest (e.g., the values of attraction and repulsion) can influence the behaviour 

of an aggregate. IBSEMs are also frequently interested in the contribution the behaviours of 

individuals make and are more likely to make claims about the behaviours of particular animals 

and how they aggregate. Both types of models will be discussed in this section. 

2.4.1 Findings of mathematical models 

Vicsek, Czirok and others (Vicsek, Czirok, Ben-Jacob, Cohen and Shochet, 1995; Czirok, Stanley 

and Vicsek, 1997; Czirok and Vicsek, 2000) motivated a revival in aggregate modelling by 

mathematically describing and exploring the behaviour of what they called interacting self-

propelled particles. These were zero mass particles that moved with a constant velocity and 

set their own alignment based on the alignment of local neighbours where what constitutes a 

local neighbour is determined by some chosen function, S. Czirok and Vicsek (2000) give two 

examples of S, one a circle with radius r, and one a number of nearest neighbours on a lattice. 

A noise function was also introduced in the model, so that particles could not align perfectly, 

and equations developed that connected alignment to particle density. Czirok and Vicsek (2000) 

found that, even in this simple model, aligned moving clumps of self propelled particles formed 

for some values of particle density and noise. 

Toner and Tu (1998), motivated by Vicsek et al. (1995), used a mathematical model to 

consider how aggregates that begin without cohesive movement in a particular direction are 

able to break this symmetry and begin moving in a particular direction. They found that over 



24 

time high and low density fluctuations build up within the aggregate, which in turn lead to a 

spontaneous breaking of symmetry and group movement in a particular direction. Aldana and 

Huepe (2003) also considered an extension of Vicsek's simple particle model, where particles 

could interact via direct random connections instead of only local connections. They referred 

to this variant as a vectorial network model. They found that even when interactions were 

determined randomly (analogous to moving at infinite velocity), there were still transitions 

between ordered and disordered states, simply as a result of there being long-range interactions 

of some kind. 

Building on these more general findings, a variety of mathematical models explored the im

plications of varying attraction and repulsion equations and coefficients for aggregate behaviour. 

Gregoire, Chate and Tu (2003) developed a model that was an extension of Vicsek et al.'s (1995) 

simple particle model by adding attraction and repulsion forces (described as body forces) in 

addition to the original alignment force. They added weights to the alignment, attraction and 

repulsion parts of their equations and found that, depending on the strength of the alignment 

force as compared to the attraction and repulsion force, the aggregate moved through phases 

which they compared to the gas, liquid and solid phases of a physical material. For weak body 

forces, the aggregate did not remain cohesive and was in a gas-like state. For stronger body 

forces, the aggregate behaved in a manner analogous to a liquid or solid. Strength of the align

ment forces then determined whether or not this liquid/solid was stationary or moved through 

space. 

In an extension of an earlier model by Grunbaum (1998), Adioui, Treuil et al. (2003) and 

Adioui, Arino, Smith and Treuil (2003) considered the affect of alignment and diffusion with 

respect to aggregate behaviour. Their models incorporated an approximation of attraction and 

repulsion (what they refer to as an orientation analogue of attraction and repulsion) by assuming 

that fish would turn left or right depending on where the majority of other individuals already in 

the group were pointing, but that this would be offset by a Fickian dispersion mechanism. They 

found that the extent to which the aggregate as a whole aligned depended on the ratio between 

the diffusion force and individual alignment tendencies, such that the ability of the aggregate as 
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a whole to align depended on a certain minimum ratio of alignment and diffusion and that as 

the ratio increased aggregate alignment also increased, and time required to align decreased. 

Lutscher (2003) used a mathematical, one-dimensional AR model to analyse how attraction 

and repulsion could lead to grouping of individuals over time when the model began in a 

homogeneous state. Agent influence was local and a variable was included in the model 

equations to represent a 'radius of perception', which served to limit the influence of group 

density on the individual. Lutscher found that this AR model could produce both stable and 

unstable states, depending on how individuals reacted to a departure from their preferred 

density in the surrounding area, and that areas of high and low density could emerge from 

homogeneous states. 

Modelling attraction and repulsion forces explicitly, and also using a one-dimensional model 

(but mathematically extending their findings into higher dimensions) Mogilner et al. (2003) 

explored how changing values of A and R— the strength of attraction and repulsion force in 

these areas, along with values of a and r— the radius of attraction and repulsion— affected the 

behaviour of an aggregate. In this model, agents could be influenced by all individuals in the 

group, but the farther an individual was from an agent, the less their influence on the agent was. 

Mogilner et al. found that in order for well spaced, globally stable aggregation to occur, it was 

necessary that the force of attraction be weaker than the force of repulsion, and the range of 

attraction had to be greater than the range of repulsion, although this was not also sufficient for 

aggregation in all circumstances. They also found that the distance between individuals within 

a stable group was smaller than that of the preferred distance of an individual with respect to 

other individuals. 

Thus the general finding of these mathematical models was that the behaviour of an 

aggregate— in particular its level of alignment and cohesion— can be significantly altered 

simply by altering the weights and equations associated with individual attraction, repulsion and 

alignment behaviours. Specifically, by altering attraction and repulsion equations, the behaviour 

of the group may range from disordered and stationary, to aligned and moving through space, to 

remaining in an ordered but stationary state. This suggests that, within a particular aggregating 
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group of animals, individuals in the group may control behaviour at the aggregate level by 

varying their individual attraction and repulsion behaviours in a coordinated manner. 

However, as can be seen from the research presented here, the representations of animals in 

these models are highly abstract (often represented as zero dimension points moving along a line, 

in one-dimensional models), and the findings of these models are also abstract. Thus, although 

findings of these models are relevant with respect to what is possible in aggregates at a very 

theoretical level, it is not clear how these findings relate to actual aggregate behaviour, because 

representations of aggregating animals in these models are so simplified that it is very difficult 

to relate them clearly and directly to actual animals. Part of the reason for this simplification 

is that mathematical equations quickly become intractable when significant abstractions are 

not made. Computer-based models, which represent individuals directly, avoid this problem by 

simplifying and increasing the number of equations involved and then transferring the increased 

computational load to the computer. These type of models will be discussed in the next section. 

2.4.2 Findings of individually based, spatial explicit computer models (IBSEMs) 

To some extent, IBSEMs are automatically less abstract than mathematical models because 

they are composed of discrete agent objects that follow assigned rules. As a result of this 

representation of individuals, there is a subtle shift away from viewing agents merely as objects 

upon which social forces act, towards viewing them as actors that react to their environment, 

although the term 'social forces' is still generally used to describe attraction and repulsion. 

As a result, there is a more tangible connection between the agent and the animal and the 

agent rules and the behaviour of the animal. As well, because IBSEMs represent individual 

animals explicitly, IBSEMs can more clearly examine how individual properties contribute to 

group properties, with a focus on exploring the parameter space of the model to establish 

cause and effect relationships between individual and group properties. And finally, again as 

result of representing individuals explicitly, natural variations in animal properties are easily 

accommodated and stochastic behaviours are supported. 
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Generally speaking, in aggregate IBSEMs, all agents follow the same assigned rules, but 

the specific instantiation of these general rules depends on the situation of the agent at time 

r. As well, for each agent, different rules often operate on different areas or volumes of space, 

relative to the position of the agent, with modellers referring to these areas or volumes of space 

as zones, ranges or areas (see for example Couzin et al. 2002, Huth and Wissel, 1992. See 

also Figure 6). Within this general format, IBSEMs maybe two or three dimensional and may 

also be entirely abstract models, like the mathematical models discussed above, or models that 

incorporate experimental data and model specific aggregating species. All of these model types 

will be discussed below. 

area of alignment: 
follow rules 1 and 2 

area of repulsion: 
follow rule 3 

area of attraction: 
follow rules 1 and 4 

Figure 6: Individual rules, operating with particular zones of behaviour. 

Abstract computer models, two-dimensional Two-dimensional models assume that some 

aspects of aggregate behaviour can be accurately modelled on a two-dimensional plane. This 

seems particularly plausible for aggregates like ungulate herds, fish swimming in shallow water 

and insects moving on the surface of the land or water. However, like the mathematical models 
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discussed above, many two-dimensional models are not interested in deriving particular conclu

sions about specific aggregates but instead are interested in deriving more general conclusions 

about aggregate mechanics. An early two-dimensional simulation model created by Aoki (1982), 

for example, explores in a very general manner how unified group movements can occur even 

in the absence of a specific leader and global knowledge of the group by individuals within 

the group. Multiple combinations of model parameter values were run for the model in order 

to explore the parameter space of the model, with the finding that model results were consis

tent across changes in group size but that changing behavioural rules (e.g., removing agents' 

alignment rule) resulted in changed movement patterns for the aggregate as a whole. 

Warburton and Lazarus (1991) used a two-dimensional model of between 2 and 9 agents 

to consider how attractive and repulsive forces of individuals in the model lead to common 

inter-individual distance in the group and group stability. By varying parameters associated 

with attraction and repulsion equations they were able to determine that the shape of these 

equations (i.e., linear, inverse sigmoid, convex, concave) influenced the average inter-individual 

distance in the group and that for 4 of the 8 functions considered, similar to findings by Mogilner 

et al. (2003), actual inter-individual distance was smaller than the preferred distance used 

by individuals. They also considered how the number of nearest neighbours influenced by an 

individual might interact with the social force equations. In this model, group size was small and 

all agents could be influenced by all other agents but did not necessarily use information about 

all agents when determining movement. They found that only a single influential neighbour 

was required for aggregate cohesion under some circumstances— specifically when there was 

no random vector (referred to as a 'searching vector') included in the movement rules— but 

that when the searching vector was included a minimum number of neighbours that was close 

to half the group size was required for group cohesion. 

Huth and Wissel (1992) also considered how aggregation is influenced by the decision rules 

individual agents use to react to the location of other local agents. In particular they considered 

how different turning angle algorithms influence aggregation by analysing the effects when a fish 

agent either determined its turning angle by considering a particular number of its neighbours 

but then responding only to the 'best' one, as defined by its angle from the front of the agent 
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(the D-model) or took all neighbours into account in determining its response (the A-model). 

They found that averaging across all neighbours (the A-model) led to a faster moving, more 

oriented group, although both groups remained cohesive, as measured by the expanse of the 

aggregate. Reducing the maximum turning angle improved the behaviour of the D-models. Huth 

and Wissel also varied the radius of the areas of attraction, repulsion and orientation in order 

to evaluate their effects on model behaviour and found that the larger the orientation range, 

the more aligned but less cohesive the aggregate. It is interesting to note that in the process 

they state that these areas represent 'sense capabilities' and suggest that they differ for different 

species. However, they do not distinguish between the attraction and repulsion forces acting in 

these areas and the perceptions themselves. 

Considering aggregation in a larger environmental context, Zheng, Kashimiori, Hoshino, 

Fujita and Kambara (2005) investigated how the presence of predators might affect the behaviour 

of individual fish in schools, and how this, in turn might affect the behaviour of the entire 

aggregate. They modelled this by varying the behaviour rules fish agents chose to follow when 

they received information about a predator. In some cases the fish agent responded only to the 

predator, while in other cases the fish agent also took into consideration the presence of the 

other fish in the aggregate when deciding how to move. They found that optimum predator 

evasion occurred when fish divided their behaviour between schooling and evasion, and when 

they had some tolerance for the presence of the predator, rather than immediately switching to 

an evasion behaviour. 

Abstract computer models, three-dimensional Three-dimensional models offer researchers 

the chance to incorporate more realistic physical interactions and movement rules into models, 

particularly for animals like birds, fish and flying insects, which can move in three dimensions. 

Parrish et al. (2002) used a three dimensional model to consider how varying attraction and 

repulsion rules, as well as movement algorithms, influenced fish aggregate behaviour. They based 

several of their modelling parameters (e.g., fish speed and acceleration, fish visual blind spots) 

on qualitative data on fish movement and physiology, in particular, data gathered on giant danio 

{Danio aequipinatus) behaviour, making the model more explicitly grounded from an empirical 
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perspective. Similarly to Warburton and Lazarus (1991), they found that varying attraction 

and repulsion equations caused corresponding variability across most aggregate measures, with 

the exception of aggregate alignment. They also found that number of neighbours and scaling 

functions applied to neighbour influence affected size and cohesion of the aggregate, as well as 

polarity and speed of the group. 

Viscido, Parrish and Griinbaum (2005, 2007) used a similar three dimensional model to 

consider how population size and number of nearest neighbours used by individuals to determine 

movement could influence aggregate properties (2005) and how the functional form of a variety 

of forces applied to the individual (social forces including alignment, attraction, repulsion and 

neighbour influence, as well as random forces and frictional forces) affected aggregate behaviour 

(2007). They found that group properties are influenced by overall size of population and number 

of neighbours considered by individuals, and that, in general, all forces, with the exception of 

the random force, significantly influence aggregate behaviour. They also found specific patterns 

of influence for specific force forms. For example, they determined that a strong repulsion force 

was required (similar to the results of Mogilner et al. (2003)) for aggregation to occur and also 

that speed of motion, weighting of neighbours considered, and alignment impulses influenced 

both aggregate structure and the ability of the aggregate to maintain structure over time. The 

influence of individual properties on aggregate cohesion and other aggregate-level properties 

will be further considered in Chapter 6. 

In general, abstract IBSEM models of aggregates have been able to explicitly explore the 

behaviour of the aggregate with respect to how individual behaviours lead to group behaviours, 

with an emphasis on how particular attraction and repulsion rules of individuals determine 

model behaviour across parameter sets. Abstract IBSEM models have also been able to draw 

some more detailed conclusions about the effects of different movement rules on aggregation— 

rules which are relatively straightforward to define and change in IBSEM models. However, they 

are generally unconcerned with relating their findings directly or concretely to actual animal 

aggregates. To achieve this, models must incorporate empirical information pertaining to actual 

animal aggregates, as will be discussed below. 
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Models incorporating observable properties of individuals All of the models discussed 

to this point consider how either unobservable abstractions of individual properties (values of 

attraction and repulsion forces) or difficult to observe individual properties (behavioural reaction 

algorithms for responding to observed individuals) might influence aggregate behaviour. Many 

fewer models discuss results that relate more directly to observable animal properties (e.g., 

body size, movement capabilities or perceptual abilities). However, as computer simulations 

have become more sophisticated, a number of IBSEMs have been produced that attempt to 

determine how some of these observable properties influence aggregation. These models, in 

order to answer questions relating to physical properties of animals, have started to include more 

physically realistic perception and movement rules, as well as more realistic, fully embodied 

agents. 

With respect to agent embodiment, Reynolds (1987) was arguably the first to create fully 

embodied aggregating agents, with multi-component, articulated three dimensional bodies, but 

his simulation was intended for animation rather than research. With respect to research on 

the behaviour of embodied agents in an aggregate, Brogan and Hodgins (1997) created an 

aggregate model consisting of two groups of dynamically simulated, physically realised agents, 

replicating one legged robots and bicycle riders (physically simulating both the bicycle and the 

rider), along with a control group consisting of point mass agents. They used this model to 

explore how movement dynamics influence aggregate behaviour. Agents considered their n 

nearest neighbours when calculating movement (with n varying between 1/3 and all of the 

group) and attempted to move to a position based on the weighted location of these neighbours 

(with movement being influenced by body dynamics). Brogan and Hodgins found that the 

point mass version of the model was most successful at moving tightly together while avoiding 

obstacles, while the one-legged robot group required more spacing between individuals to avoid 

collision, and the bicycles had a difficult time avoiding collisions when turning. 

In terms of being embodied in the sense of responding to environmental conditions in 

a physically realistic manner, Flierl, Griinbaum, Levin and Olson (1999) used a combined 

mathematical and individual based approach to examine how social aggregate forces interact 

with environmental factors to influence aggregate behaviour of aquatic organisms. They began 
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by considering what aggregate affects can arise simply as a result of environmental conditions, 

and then added social forces to the model to consider how these would interact with the 

environmental conditions being modelled. With respect to these later models they found that 

although high amounts of turbulence can impede aggregation, low amounts of turbulence can 

enhance aggregation by providing more opportunities for agents to encounter each other, at 

which point social forces lead to the formation of aggregates. 

Couzin et al. (2002) considered how two observable properties of individuals— turning 

rate and speed of individuals— influence aggregate behaviour, along with the influence of the 

spatial range over which agents receive information and population size. Their model included 

heterogeneity across these variables to reflect heterogeneity in actual populations. They found 

that aggregate properties were influenced by attraction and repulsion values, neighbour selection 

and movement algorithms. With respect to movement algorithms they varied speed and turning 

rate among individuals within the aggregate and determined that faster individuals remained 

within the aggregate but moved to the front of the aggregate. Individuals with a higher turning 

rate, however, tended to be positioned nearer to the centre of the group. 

Viscido, Miller and Wethey (2002) considered how the manner in which agents decide 

to move, based on the information available to them, influences aggregate behaviour. They 

consider 4 different movement rules— random movement, simple nearest neighbour (similar to 

the decision rule considered by Huth and Wissel (1992)) a Hamiltonian rule (which required 

agents to consider their nearest neighbour) and the nearest neighbour of their nearest neighbour, 

and a collection of rules which they refer to as the Local Crowded Horizon rule. Although most 

of these rules refer to cognitive variables, this last rule could be considered to be a perceptual 

rule. For the Local Crowded Horizon movement rule, the influence of other agents was mediated 

by what they refer to as a 'perception function', so that animals farther away have less influence 

on the behaviour of the animal, because they are smaller and harder to see. They tested 6 

different variants of this perception function to see how it influenced aggregate behaviour. 

In their conclusions they note that changing the perceptual function strongly influenced the 

behaviour of the aggregate, as did the other movement rules, and that all rules produced results 

that differed statistically significantly from each other, based on the aggregate measures used. 
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Also relating to animal perception, Ward, Gobet and Kendall (2001) developed a two-

dimensional evolving aggregate model using artificial neural networks. In this model, agents 

detected other agents in two different regions of space, inspired by a distinction between the 

lateral line and visual perceptions of fish. Weights associated with each of these fields could 

change so that agents could choose which agent information to use in their movement rules 

(where agents included predators and food as well as other aggregating agents). Movement 

rules were simply 'turn left' or 'turn right', with constant speed. Predators and food (along with 

an energy measure) were introduced to the modelling environment to provide selection pressure 

and model weights evolved over time. Ward et al. found that although aggregation was not 

explicitly programmed into agents at the start of the simulation, with each successive generation, 

prey agents moved closer together, with respect to average distance from other prey agents. 

They also showed, through an analysis of weights on the neural nets of individual agents, that 

agents valued staying close (schooling) more than eating, and that the field based on vision was 

used to turn towards food while the field based on the lateral line was used to avoid predators. 

Kunz and Hemelrijk (2003) constructed a two dimensional model that considered the effects 

of body size on aggregate behaviour. Fish were modelled as lines of two sizes (big and small), 

in addition to being modelled as points. Both vision and lateral line perceptions were explicitly 

modelled, and the shape of the area for which the fish received information was influenced 

by its body shape. The visual field for line agents was spherical, but the lateral line field was 

elliptical based on the argument that actual lateral line sensors would result in an elliptical 

information field. As well, attraction and repulsion equations were different for fish of different 

sizes, since larger fish would be expected to have longer lateral line fields. Kunz and Hemelrjik 

found that larger agents had larger inter-individual distances, that aggregate homogeneity was 

reduced when agent bodies were lines rather than points, and that elliptical fields resulted in 

more frequent turning by agents within the aggregate and smaller aggregates over all. 

Hemelrijk and Hildenbrandt (2008) followed this two dimensional model with a three 

dimensional model created specifically in order to take into account criticisms, like those by 

Parrish and Viscido (2005), that some of the movement and perceptual rules used in the earlier 

model (Kunz and Hemelrijk, 2003) were unrealistic, in addition to school size being too small. 
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In this model, agents moved through a three dimensional space at a preferred speed, but could 

change this speed in response to information about neighbouring fish. Agents had a blind zone 

that represented the visual blind spot of actual fish. The range of agent detection was decreased 

as density increased, to take into account the fact that at higher densities some fish are occluded 

by other fish. Agents followed attraction and repulsion rules, with each rule operating only in 

a particular volume of space. Hemelrjik and Hildenbrandt found that model aggregates were 

oblong with a higher density at the front than the back of the school, a group phenomenon that 

occurred in the model as a result of individual fish avoiding collisions while at the same time 

trying to maintain desired distances between themselves and neighbouring fish. 

2.5 Species-specific models of aggregation 

This thesis is chiefly concerned with creating a modelling framework that can be used to create 

species-specific aggregation models. There have been relatively few species-specific models 

of aggregation, arguably due to the limitations of both technology and the AR framework. 

Nonetheless some researchers have made considerable efforts to generate species-specific models 

based at least in part on experimental data about their species of interest. As well, some 

modellers, although referring to their models in a more generic way (for example as fish 

models) have based their models on experimental data gathered about the behaviour of specific 

aggregating species. Lasdy, other models, while general enough to be easily applied to a variety 

of aggregating species, are species-specific in the sense that they have been created in order to 

provide their creators with insight into species-specific behaviours of interest. All three types of 

models will be reviewed in this section. 

It is not uncommon for model creation to be motivated by observations of species-specific 

behaviour, but for the model itself to be a more general model of animal aggregation. A good 

example of this is the model by Hoare, Couzin, Godin and Krause (2004), which is motivated by 

the observed behaviour of banded killifish (Fundulus diaphanus). Although the model itself is a 

generic aggregation model with no species-specific characteristics, Hoare et al. used it to further 

their understanding of the way in which interaction distance influenced the size of banded 
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killifish aggregates under various circumstances. Similarly, a model (Stocker 1999) inspired by 

tuna behaviour, although not informed by experimental measures of tuna behaviour, allowed 

the researcher to gain an increased understanding of the way in which the energetics of school 

formation might influence maximum group size in fish, in order to better estimate tuna fish 

stocks. 

In other cases, researchers wish to model a specific aggregate behaviour of a particular 

species and base at least one of their model parameters on experimental data gathered about 

either the individual behaviour or group behaviour of the species in question. Movement rates 

are relatively easily observed so this experimental data is most frequently incorporated. Dagorn 

and Freon (1999), for example, were motivated by the tendency of tuna (sp. Thunnus) to gather 

under floating objects (generically referred to as 'logs') to create a two-dimensional model of 

tuna aggregation in the presence of logs. Swimming speeds of tuna in the model (3.5 km/h) 

were based on experimental data and size of the model and position and frequency of logs were 

also based on experimental data. Several recent models of fish aggregation, already discussed 

in Section 2.4.2 (Parrish et al. (2002), Viscido et al. (2005, 2007), have also incorporated 

experimental data on fish movement of particular species in their models. Parrish et al. (2002) 

and Viscido et al. (2005, 2007) base the movement parameters (agent speed and agent velocity) 

for their agents on Danio aequipinatus movement gathered using Tracker 3D, a two camera 

tracking system. (This movement tracking system is used in this thesis to gather data on D. rerio 

movement and will be further discussed in Chapter 4). 

In other cases, the relevant experimental data is behavioural rather than movement based, in 

their two-dimensional cockroach larvae model, Jeanson, Rivault, Deneubourg, Blanco, Fournier, 

Jost and Theraulaz (2005) based probabilities of cockroach larvae (Blatella germanica) behaviour 

(stopping, starting moving after a collision, starting moving in the absence of a collision and 

exiting the aggregate) on detailed laboratory observations of cockroach larvae in a large circular 

arena. They found that chance encounters arising out of an initial uniform distribution of 

cockroach larvae led to eventual large scale aggregation as a result of a process of gradual cluster 

amplification. In other cases the behavioural data is more general. Two models of Daphnia 

(Daphnia sp.) behaviour (Mach and Schweitzer 2007; Vollmer, Vegh, Lange and Eckhardt 2006) 
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based the behaviour of agents in their models on the known attraction of daphnia to light 

sources, along with experimental data gathered on movement abilities (self propulsion and 

movement rate) and possible avoidance behaviours of Daphnia. 

These models reveal that it is possible to base model parameters and agent behaviours on 

experimental data, an important step in the creation of models that can be connected to specific 

species, and a generally desirable feature of scientific models. At the same time, it is important to 

note that, although these models are at least to some extent created based on experimental data, 

models are much less frequently validated by experimental data— in particular, by comparing 

aggregate-level model behaviour with experimental data. As well, models are rarely used to 

make predictions of novel behaviour within actual aggregates but instead tend to be used to 

explain existing behaviour. It is also worth noting that although movement and behaviour data 

are incorporated into these models, perceptual data is much less frequently incorporated into 

species-specific models. In those cases where it is considered at all, as in Parrish et al. (2002), 

data frequently relate to more general across-species findings and potential effects of perceptual 

factors specific to the particular species of interest are not explored. 

2.6 Chapter summary 

A wide variety of research is relevant to animal aggregation, due to its complex and difficult 

to observe nature. This chapter has reviewed key findings in several areas. The chapter began 

by considering experimental findings relevant to the role of perceptual abilities in aggregation, 

and continued its experimental review with a discussion of experimental findings on aggregate 

properties, with an emphasis on the research methods that enabled these findings. Mathematical 

and computer based (simulation) models of aggregation were then considered, with attention 

focused on findings related to unobservable individual properties like attraction and repulsion, 

as well as more observable properties, like animal shape and speed. Lastly, aggregate models of 

specific species were reviewed, with attention to how these models were supported or verified 

using experimental results. 
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Although these models have increased researchers' awareness of what is possible with respect 

to aggregation, they have been less successful at answering questions about what is actually 

occurring in real world aggregates. In particular, they do not answers questions about the 

mechanisms that specific species are using to aggregate, or why some aggregate-level phenomena 

are similar in widely differing species, while other aggregate-level phenomena can vary widely, 

even within the same species, from moment to moment. In the next chapter, issues with the 

modelling methodology described here will be discussed, along with the PCA framework, a new 

modelling framework that addresses and resolves many of the difficulties preventing the AR 

framework from being used to make species-specific models. 



Chapter 3 

Issues with the Attraction Repulsion framework and a 

proposed solution— the Perception Cognition Action 

framework 

This chapter begins by considering some shortcomings of the AR framework that become ap

parent when it is used to generate species-specific models of aggregation. To illustrate this, 

a general description of how a model of a particular animal aggregate might be constructed 

using the AR framework is provided, leading to a discussion of both practical and theoretical 

problems associated with using the AR framework to construct aggregation models. The chap

ter then discusses the role of information processing in aggregation and the ways in which 

perception-influenced aspects of information processing are tacitly incorporated into existing 

attraction-repulsion models. 

The second half of the chapter, starting in section 3.3, presents the PCA framework. This 

framework, although compatible with the existing AR framework, is conceptually detailed 

enough to allow researchers to model specific animal aggregates. This part of the chapter will 

begin by discussing the relation between the AR framework and the information processing 

paradigm used in cognitive science. The chapter will then go on to describe the PCA framework, 

which connects the AR framework to the information processing paradigm. The chapter con

cludes by discussing how the PCA framework will allow modellers to avoid problems currently 

facing models generated by the AR framework, as detailed in section 3.1.2. 

38 
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3.1 Methodological issues with the AR framework 

Particularly with the introduction of IBSEMs, modellers more and more frequently wish to 

move away from making very general claims about the theoretical underpinnings of aggregate 

behaviour towards making more specific claims about how aggregation actual works in the 

context of specific biological systems (e.g., Viscido et al. 2005; Hemelrjik and Hildenbrandt, 

2008; Gueron and Levin, 1993). However, the AR framework, although well suited for exploring 

general aggregate theory, is less easily applied in these more biologically specific scenarios. 

3.1.1 Model Construction using the AR framework 

As discussed previously, the AR framework describes individuals in an aggregate as being acted 

on by social forces that cause them to be attracted to and repulsed by the individuals around 

them. Each individual's particular combination of reactions to these forces leads to the behaviour 

of the aggregate as a whole. Supplying the model with different attraction and repulsion rules— 

for example, changing the distances at which individuals begin and cease to be attracted or 

repulsed, or the number of agents it uses to calculate attraction and repulsion— can cause the 

aggregate as a whole to behave differently. 

Although, as can be seen from this description, the AR framework allows for the creation 

of individuals with detailed and specific attraction and repulsion rules, models created in the 

AR framework are not required to, and frequently do not directly attribute to individuals in the 

model properties that are typically used when describing actual organisms- size, shape, colour, 

physical abilities, perceptual abilities, cognitive abilities, movement abilities. Instead, these 

properties are either ignored, incorporated abstractly into the attraction and repulsion equations 

or, in some of the more recent models mentioned in section 3.3, incorporated into the model on 

top of the AR framework in an ad hoc manner. As a result, individuals in the AR framework are 

largely, if not entirely, defined by their position, their velocity and their attraction and repulsion 

equations. This minimalist quality of the AR framework has its advantages when it comes to 

understanding the underpinnings of aggregation. However, it can cause problems when the 

framework must be applied to specific aggregating species. In particular, as has already been 
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stated, the lack of familiar, observable properties makes it difficult to successfully match, a priori, 

a particular theoretical model of aggregation with a particular aggregation in the wild. 

Nonetheless, it is possible to use empirical data to do some matching of models to specific 

aggregates, even in the context of the AR framework. One possible approach for generating an 

IBSEM model of a particular animal aggregate using the AR framework (as suggested by this 

thesis) is as follows: 

1. Observe the animal aggregate as a group. Make group-level observations about the 

aggregate (average size, density, speed). 

2. Observe the behaviour of individual animals within the group. In particular, make obser

vations regarding behaviour of individuals in relation to each other— their spacing with 

respect to other individuals, their orientation with respect to other individuals, and their 

movement patterns over time. 

3. Develop hypotheses regarding appropriate attraction and repulsion rules for individuals 

within the aggregate, based on observations of the group and behaviour of individuals 

within the context of the group. Develop attraction and repulsion equations based on 

these observations. 

4. If possible, observe small groups of animals interacting in order to confirm that the 

developed attraction and repulsion equations adequately describe the position of animals 

within the aggregate over time (e.g. Krause and Tegeder, 1994). 

5. Create a model based on the observed behaviours of individuals within the aggregate. 

6. Compare the group-level properties of the model with the group-level properties of the 

animal aggregate. If the group-level properties of the model do not reflect the group-level 

properties of the actual aggregate, gather more data and adjust the individual properties 

(e.g., relevant neighbours, attraction and repulsion equations, movement algorithms) until 

the group properties of the model match the group properties of the aggregate. 



41 

The final result of this approach is a model with attraction and repulsion rules that have 

been inferred from the available empirical data. In a sense, the general concepts of attraction 

and repulsion have been custom fitted to the aggregate of interest. As such, the resulting model 

is, in some respects, a convincing model, since it displays observable and expected group-level 

behaviours for that particular aggregate, and these group-level behaviours are generated by the 

behaviour of the individuals within the model. Unfortunately, despite these apparently positive 

results, this model will run into difficulty when applied to certain problems of interest to animal 

aggregate researchers, as discussed below. 

3.1.2 Problems with Resulting Aggregate Models 

Despite the fact that a model constructed using the method described above is closely matched 

to the behaviour of the aggregate for the specific scenario being considered, there remains a 

notable disconnect between the properties of the modelled individuals and observable properties 

of actual organisms. Specifically, individuals in the model are still only defined by their position, 

velocity and attraction and repulsion equations. They are not specifically defined by biologically 

distinctive, observable properties— size, shape, colour, age, social position, health, perceptual 

abilities, cognitive abilities, movement abilities— that animal researchers tend to associate with 

particular species. This disconnect is not such a problem if the goal of the modeller is simply 

to create a model that succinctly describes how a collection of homogeneous individuals are 

theoretically able to form and maintain an aggregate. It is a problem, however, when creating 

species-specific models whose goals are to describe and predict the aggregate behaviour of a 

particular aggregating species under more variable circumstances. It is also a problem when 

generating novel predictions in order to validate such a model. 

To more clearly appreciate the problems, consider using a model constructed in the manner 

described above to predict the behaviour of a particular aggregate under changing environmental 

circumstances. For instance, suppose that the level of light in the environment of the aggregate 

were to change over time. In this case, how should the attraction and repulsion equations be 

changed? Should individuals react by becoming more attracted to individuals, or less attracted to 
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them? Or should, instead, both attraction to and repulsion from other animals become a weaker 

influence on the behaviour of the individual? In general, it is unclear how the AR equations 

should be altered as the environment is changed. As a result, it is hard to use these models to 

make predictions about aggregate behaviour under changing environmental circumstances. 

The lack of connection between the AR framework and known animal properties also be

comes a problem when trying to use this methodology to model a heterogeneous aggregation of 

animals. It seems likely that in the case of a heterogeneous aggregation, different animals in the 

aggregation might have different attraction and repulsion behaviours, as a result of variability 

in the underlying mechanisms being used to carry out these behaviours (due, for example, to 

age, size, social position, health, energy level). One way to capture this heterogeneity using 

the described methodology might be to first derive average attraction and repulsion equations 

for individuals within the model and then to vary these attraction and repulsion equations 

for different individuals within the aggregate model. Unfortunately, it is not clear how the 

aggregation equations should be varied with respect to individual differences between actual 

animals within the aggregate. For example, should larger animals be more strongly attracted 

to other animals, or less? How should the attraction and repulsion equations reflect this? And 

what experimental evidence should the modeller use when making these decisions? Again, these 

issues are not as much of a concern when investigating aggregate behaviour in a very abstract 

sense. They become a problem, however, when trying to understand the behaviour of actual 

aggregates (e.g., the behaviour of herds of female caribou (Rangifer tarandus) with their calves 

(see Miller, Jonkel and Tessier, 1977; Fancy, 1983; Harrington and Veitch, 1991)). 

Validation also becomes a challenge for these models. Using the method described above, 

the behavioural rules for individuals are derived by researchers based on observations of the 

behaviour of individuals within the context of the aggregate as a whole. In other words, 

individual properties are derived from group properties. Because of this, the resulting individual 

aggregate rules are effectively guaranteed to produce the aggregate behaviour in question 

(Parrish et al., 2002), because they are simply the result of reverse engineering. This means 

that modellers must be careful about the ways in which they validate their species-specific 

models. They cannot, for example, argue that their models are valid based solely on the fact that 
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individual behaviours successfully combine to produce the desired aggregate behaviour. This is 

simply an expected outcome of the modelling methodology. Instead, they must validate their 

model in some other way, perhaps by using it to make predictions about the aggregate behaviour 

in novel circumstances. Unfortunately, as discussed above, it is difficult to use models constructed 

in this manner to make novel predictions about the behaviour of the specific aggregate of interest 

in new environments or by altering the composition of the aggregate in some way. 

These problems may be overcome by incorporating into the model at least some properties 

of individual behaviour that are derived from observations of individuals alone, and which are 

clearly tied to properties and behaviours of the species of interest. Aggregate behaviours that 

result from these individual behaviours will then also be connected to the species of interest. 

However, this raises the question of which aspects of the AR framework are directly observable. 

The main features of the AR framework— attractive and repulsive social forces— are not directly 

observable, because animals do not literally exert attractive and repulsive forces on each other. 

Other model elements (e.g., agent body shape, agent perception, agent movement) are also 

generally abstracted in order to increase the generalisability of the model. Consequently, tying 

AR models to specific aggregates is difficult at best. 

3.2 Moving Forward: A cognitive science solution 

3.2.1 The problem of verifying models 

As might be anticipated in light of the problems discussed in section 3.1, some animal aggregate 

researchers (e.g., Parrish and Edelstein-Keshet, 1999; Rohani, Lewis, Griinbaum and Ruxton, 

1997) are critical of the idea that IBSEM aggregate models can be informative with respect to 

the behaviour of particular aggregating species or groups of species. Their scepticism is largely 

derived from the fact that a wide variety of behavioural rules can produce IBSEM models that 

exhibit aggregate behaviour. Putting this concern succinctly, Parrish and Edelstein-Keshet (1999, 

p.101), state "[M]any sets of rules can lead to lifelike group behaviour, so that the results, 

though visually appealing, may be uninformativ". In other words, aggregation is a multiply 

realisable phenomenon. As a result, it is difficult to determine when an aggregate model truly 
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reflects the behaviour of a specific aggregating species or when it does not but simply looks like 

it does. It is the hypothesis of this thesis that in order for IBSEMs to be fully accepted as an 

animal aggregate modelling tool, and for aggregate researchers to gain the explanatory power 

offered by IBSEMs, researchers must demonstrate that the models they produce are sufficiently 

constrained such that they are a match to the actual aggregate of interest rather than to animal 

aggregation in a more general sense. 

To achieve this, researchers need to produce experimentally verifiable models of animal 

aggregates. Generally speaking, in order for a model, IBSEM or otherwise, to be validated 

through experimental evidence, the component parts of the model must first be clearly and 

explicitly connected to the phenomenon of interest. This connection constrains the design of the 

model so that the behaviour of the model cannot simply be adjusted in an ad hoc manner until 

it matches the behaviour of the phenomenon. As a result, the behaviour of the model can then 

be compared with experimental evidence in order to validate the model. In the case of IBSEMs, 

which are focused on and driven by individual behaviour, this means that the model must be 

connected in some way to the phenomenon of interest at the level of the individual. If relevant 

properties of individuals in the model are clearly matched with relevant properties unique to the 

animal of interest, then the model will be constrained in such a way that it is provably a model 

of the specific phenomenon of interest. 

Some researchers have already recognised that, to improve the current modelling situation 

with respect to models of specific animal aggregates that are supported by experimental data, 

researchers need a more concrete and behaviourally detailed animal aggregate IBSEM modelling 

framework. Parrish et al. (2002) note, in the context of models of fish schooling, that the current 

inability of modellers to directly compare models and resolve conflicting model results might 

be remedied by the presence of a common fish school modelling framework. This point made 

by Parrish et al. in the context of fish schooling— that a common modelling framework is 

required to move research forward— is also applicable to animal aggregate modelling more 

generally. Ideally, this common framework would find ways to overcome the current difficulties 

that modellers in this area face when trying to connect their models to the behaviour of a 
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particular aggregating species, in addition to allowing them to compare their resulting models 

with other aggregate models. 

One of the requirements for developing a general aggregate modelling framework is that 

the modelling framework in question must be specific enough to produce models that can be 

validated against actual observations of biological phenomena, but general enough to be used 

for many different types of animal aggregates. As well, ideally, any proposed framework would 

build on existing research by being compatible with, but less abstract than, the well-established 

AR framework. Cognitive science provides a possible solution to these challenges. 

A key principle in cognitive science research is the view of living organisms as processors of 

information (Holyoak, 1999). Although there are competing information processing models— 

for example Gibson's ecological psychology approach (1977) vs. the more traditional repre

sentational approach (Neisser, 1999)— it is generally accepted that certain types of energy 

(sound waves, light waves, etc.) cause animals' sensory organs to react. These reactions then 

propagate a chain of further reactions, which can be interpreted as the processing of information: 

perceptual information processing abilities are associated with each sensory organ, cognitive 

mechanisms receive information through these perceptual processes and the behaviour of the 

animal is altered as a result of this cognitive information processing (see Figure 7). The entire 

sequence can be characterised as the reception and use of information by the organism. 

attention 

cognitive 
processing 

cognition 

Figure 7: Information processing: Information, represented by the dotted line, is received through 
the senses, preliminarily processed by perceptions, filtered by attention and then cognitively processed. 
Movement is one result of information processing. 
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The information processing paradigm is a strength of cognitive science, because it allows 

cognitive scientists to bridge multiple disciplines and compare research across multiple species. 

In the case of animal aggregate research, it can also provide a means for the creation of a 

multi-agent, biology based framework of aggregation that is general enough to be applicable to 

many different aggregating species, but concrete enough to allow for the validation of specific 

animal aggregate models. It can do this because the information processing paradigm works 

across species but, at the same time, distinguishes between species by distinguishing between 

the type and amount of information that can be processed by each species. 

3.2.2 The implicit role of information processing in the AR framework 

Even the most abstract implementations of the AR framework do have one connection to the 

cognitive science concepts of information processing, as well as to more concrete, biological 

mechanisms of aggregation. Specifically, aggregate modellers, mathematical and simulation 

based alike, almost always assume that there is some limit to the area or volume of space within 

which an organism is influenced by other members of the aggregate. More specifically, the 

members of an aggregate that influence the behaviour of a particular individual within the 

aggregate are frequently defined as those members of the aggregate that are within a certain 

radius of the individual in question. Attraction and repulsion equations for the individual then 

operate only on this limited subset of aggregate members rather than on the total number of 

individuals present in the environment. 

This restriction of influence in the model is linked, by some modellers in a general way 

while by other modellers very specifically, to the idea that, since real organisms use their 

senses to receive information about the other members of the aggregate, and the perceptual 

abilities associated with these senses to do preliminary processing of this information, it is more 

biologically plausible in models to restrict the amount of information an organism can receive 

than to allow them access to all available information in the environment. Grunbaum and Okubo 

(1994), for example, describe Lagrangian models (i.e., individual based mathematical models) 

as typically incorporating what they refer to as a 'sensing range', which limits the interactions 
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between individuals (see, for example, Mogilner et al. 2003; Tu 2000). Similarly, as discussed, 

Zheng, Kashimori, Hoshino, Fujita and Kambara (2005), in their IBSEM model of the reaction of 

fish schools to attack by a predator, provide agents with what they term a 'visible area', outside 

of which the agent does not receive information about the environment. This is in keeping 

with the idea that actual senses and perceptual abilities are limited and imperfect (for further 

examples of this, see Aoki, 1982; Couzin et al, 2002). 

As was discussed in section 2.4.2, other researchers have made more explicit efforts to 

included sensation and perception in their models, in some cases modelling perception in a 

general sense (as in Viscido et al. (2002)) while in other cases specifically referring to the 

sensory and perceptual abilities of a particular species (as in Ward, Gobet and Kendall (2001)). 

Most explicitly, Hemelrjik and Hildenbrandt (2003, 2008), in their models of fish schooling, 

specifically refer to their agents as having a 'range of perception', and adjust the shape of what 

they refer to as the agents 'behavioural zones' based on data about lateral line ranges of fish 

species. Viscido et al. (2005) also restrict the angle of the volume in which agents react to other 

agents to ±150 degrees, based on the fact that most fish have a rear blind spot. Thus, while in 

some models the role of perceptions and the types of information received by these perceptions 

are mentioned only in passing or are left unacknowledged altogether (e.g., Adioui, Arino et al. 

2003; Toner and Tu, 1998), in other models perception is clearly alluded to as being relevant. 

These latter models are still lacking in various ways, however. Generally speaking, the 

perceptual acuity, the area or volume over which the perceptions operate and the nature of the 

information being received by these perceptions is not based on experimental evidence specific 

to the species being studied (if based on experimental findings at all). As well, even when 

a reference is made to perceptions in the model, researchers fail to make a clear distinction 

between the perceptual, attention and cognitive abilities of the species being modelled. Instead 

information restrictions are generally viewed as being associated with the attraction and re

pulsion equations and are not separated into perceptual, attentional and cognitive processing 

components. 



48 

3.2.3 Updating the AR framework using the information processing paradigm 

By acknowledging that agents do not have perfect knowledge of their surroundings, and restrict

ing access to environmental information using an area or volume in which agents can receive 

information, aggregate modellers are implicitly recognising the key role of perception mediated 

information processing in aggregation. There are a number of theoretical and experimental 

advantages to be had in making this implicit role explicit, and clearly connecting the physical 

space in which model agents are able to receive information to the perceptual abilities and 

aggregating behaviours of the animal being modelled (see Figure 8). First, and most importantly, 

perceptual, cognitive and movement abilities can be determined through the experimental study 

of individual animals, rather than groups of animals, because these are independent properties 

of the individual rather than group dependent properties. Alignment, for example, is a group de

pendent property because it exists only in the context of two or more individuals). This, in turn, 

allows for emergent group properties, rather than assumed group properties, and overcomes 

some of the modelling difficulties discussed in section 3.1.2. 

Secondly, animal behaviourists already have some understanding of how perceptions, cog

nition and movement are affected by the state of the environment and other properties of the 

individual (for example, how vision is affected by light levels (Levenson and Schusterman, 1999) 

or how visual acuity changes as an organism ages (Schneck, Haegerstrom-Portnoy, Lott, Brabyn 

and Gildengorin, 2004)). These effects may then be incorporated into models of aggregation 

and used to make predictions about the behaviour of actual animal aggregates in particular 

environmental conditions. 

Finally, since a perception-focused information processing framework is consistent with the 

AR framework, theoretical work may still be carried out using the AR framework. However, in 

instances where specific animals are involved, an information processing framework that takes 

into account the perceptual, cognitive and movement abilities of the animal being modelled can 

be used and data from animal behaviour research more directly incorporated into aggregate 

models. The connection between aggregate behaviour and observable animal properties will 
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lateral line 

visual field 

species specific aggregate 
model 

Figure 8: Combining the concept of the information area with what is known about animal perception 
results in an experimentally validatable model of individual agents. This in turn allows modellers to 
create species-specific aggregate models . Perceptual field details are discussed in Section 3.3.2.(Anchovy 
drawing in figure from (Pearson Scott Foresman, n.d.) 
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also serve to connect animal aggregate models more directly to experimental research on animal 

aggregation, as well as to the larger field of animal behaviour. 

3.3 The PCA framework 

This section presents the PCA framework. This framework is intended for use by researchers, 

in conjunction with the IBSEM modelling methodology, for the purpose of developing experi

mentally verifiable models of species-specific animal aggregates. The PCA framework will allow 

researchers to do this by drawing a connection between observable and measurable properties 

of actual aggregating animals— including perceptual, cognitive and movement abilities— and 

the properties of agents in the IBSEM models. 

3.3.1 Framework Requirements 

For the PCA framework to be an improvement on the existing AR framework several requirements 

must be met. First, the new framework must retain the good qualities of the AR framework. 

Specifically, it must be abstract enough to apply to many different groups of animals. It should 

also be the case that a relatively small number of parameters are required by the framework, 

so that it can be used to create models in a simple and straightforward manner. Finally, all 

modelling concepts must be clearly and concretely defined so that guesswork is not required 

when it comes to implementing the concepts in a particular model. 

Second, the new framework should allow biologists to use their existing knowledge of the 

perceptual, cognitive and movement properties of organisms in their construction of models. For 

example, if biologists already have information about the perceptual or movement abilities of the 

European swallow (Hirundo rustica), aggregate researchers should be able to easily incorporate 

this knowledge into a model of European swallow aggregation, using the PCA framework. In 

particular, biologists should not have to translate significantly between the concepts they are 

already using to gather this type of information about organisms and the proposed modelling 

concepts. 
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The resulting models must also tell biologists something about the relationship between 

individual behaviours and properties and group behaviours and properties and be empirically 

verifiable as models of the particular organism in question. This means that in addition to being 

well defined in terms of implementation, the parts of the model must be well defined with respect 

to the organism being modelled. Lastly, the properties and behaviours of the organism that 

are related to the parameters and components of the model should be ones that are generally 

believed, by biologists, to contribute to aggregate behaviour. 

3.3.2 Details of the Modelling Framework 

The PCA framework (see Figure 9 and also Chapter 4, Algorithm 1) is a general framework 

for modelling species-specific animal aggregate behaviour. Agents in PCA based models have 

clearly defined perceptual abilities and cognitive algorithms, with a marked distinction between 

the perceptual processing stage of the agent and the cognitive processing stage. Perceptual and 

movement abilities of agents can be set based on available experimental data for the specific 

animal being modelled. Cognitive algorithms and parameters can be based on experimental data 

or constructed with consideration given to plausible cognitive mechanisms of the animal being 

modelled. The PCA concepts developed to characterise all of these properties will be described 

in this section. 

Perceptual field Motivated by the requirements discussed in section 3.3.1, the two PCA con

cepts that relate the perceptual properties of individual animals to aggregate behaviours are the 

perceptual field and perceptual resolution. Consider first the concept of the perceptual field 

(see Figure 10). For the purpose of modelling aggregates, the perceptual field can be defined as 

the space within which a particular perception (e.g., visual perception) of a particular organism 

(e.g., a hawk) can receive processable information about relevant aspects of its environment. 

For example, it is common to say that a hawk can see a rabbit up to a mile away, which, in the 

PCA framework, is analogous to saying that the visual perceptual field of the hawk (with respect 

to rabbits) extends outwards one mile. 
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Figure 9: A schematic of the PGA framework. See also Chapter 4, Algorithm 1. 

This is a simplification of perceptual functioning, since it is more accurate to say that sensory 

organs react to those part of the environment that come directly into contact with them (e.g., 

light waves interact with the surface of the eye). These reactions are then transformed by the 

perceptions into usable information about the environment, as constrained by the level of acuity 

of the sensory organ in question and the processing ability connected to that sensory organ. 

Both sensation and perception are modelled in the PCA framework by having perceptual fields 

provide a constrained amount of information to agents over a certain area in space. Generally 

speaking, there is expected to be at least one perceptual field associated with each sensory ability 

that is considered relevant to the behaviour of interest. The specific number of perceptual fields 

and their shape will depend on the level of detail required by the model. 

Formalising the concept of the perceptual field for a particular model requires defining a 

space over which a particular perceptual ability functions. For example, the visual perceptual 

ability of a particular type of bird might be represented as two perceptual fields, represented 

by two three dimensional cones with length 1000 m and an angle of 180° originating on either 
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\ 
(x,y): [2,4,red,round,fuzzy, edible, object] 

Figure 10: An agent's perceptual field. This field, derived from experimental data, determines the area 
or volume over which an agent can receive information relevant to a particular perception. Each point in 
the perceptual field can be associated with a certain amount of potentially available information. 

side of the bird's head. The precise nature of the representation will depend both upon the level 

of detail desired in the model and the nature of the experimental data available. The bird's 

two visual perceptual fields represent the region of space within which the bird can receive 

useful visual information. Information within this region may still remain undetected or be 

misinterpreted, but information outside this region is not available to the organism at all through 

the particular perception being considered. 

A perceptual field (F) can be denned mathematically as a vector field consisting of the set 

of all points within a particular space (in two or three dimensions, depending on the model), 

where this space is denned and constrained using mathematical equations. For example, a 

perceptual field may be defined using a cone equation, with the set of perceptual field vectors 

(P) constrained to be all points, p, within a cone, where C is the vertex of the perceptual field 

cone, d is a unit length direction vector, r is the radius of the perceptual field cone and 6 is the 

angle of the cone, (see equation 5). 
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P = all points, p, such that d • (p - C) < \p - C\ cos(0) and \p - C\ < r (5) 

The advantage of the perceptual field concept is that it is immediately applicable to organisms 

ranging from slime mould cells (which a researcher might model as having a perceptual field 

the shape of a two dimensional ring around the outside of the cell, within which the cell can 

react to the presence of other cells) to humans (which a researcher would need to model, 

depending on the scope of the model, as having multiple perceptual fields, each with a particular 

shape corresponding to sight, smell, hearing, etc.). Most importantly, the perceptual field for a 

particular organism can be specifically defined for that organism using experimental data, thus 

connecting the model clearly to that organism. 

Perceptual resolution The next parameter, closely associated with the perceptual field, is 

perceptual resolution. The perceptual resolution of a particular perceptual field can be generally 

represented by a perceptual resolution tuple, T. Each item in the tuple represents a detected ob

ject or environment property, described by a name (e.g., <xcoordinate, colour>). Connected 

with each name is a list of possible values for that property (e.g., values for the colour property 

might be white, red or black). The size of the tuple is the same as the number of properties 

for which the perceptual field in question can obtain information. The amount and type of the 

information available to the individual within the context of this field will depend on how the 

particular perception operates and thus on how the perceptual resolution associated with the 

field is defined. 

At a given time, the set of perceptual resolution tuples, R, represent the information actually 

returned to the individual by a particular perceptual field, F (see Figure 11). To be more precise, 

the perceptual resolution tuples of the perceptual field can be described as a transformation, T, 

of the set of perceptual field vectors, P, associated with the perceptual field: 

R=T(P) (6) 

where P is the set of perceptual field vectors and R is the set of resulting resolution tuples. For 

particular models and perceptions, the modeller can establish a specific function, Tmodeiperception 
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that connects P to R in an appropriate manner (i.e., that takes into account the information 

plausably available to the perception, sources of sensory error and level of representation 

appropriate for the particular model). 

Perceptual Field 2: 
T(xl,yl)=<H2o,north> Perceptual Field 1: 

T(x2,y2)=<2,4,red> 

Figure 11: The perceptual resolution of an agent: Each different perceptual field can return different 
types and amounts of information to the agent. Each point in a perceptual field will return different 
values, which depend on the information available in the environment. 

The resulting tuples (perceptual resolution tuples, T) contain the actual information available 

to the animal in question. For example, consider a perception that can determine the chemical 

composition and approximate direction from which a particular chemical was originating. The 

perceptual resolution tuple could be generally described as < chemical,direction > and a 

specific perceptual resolution tuple might be < H20, north >. 

The information contained within the perceptual resolution tuples at a specific instance in 

time depends on the type and amount of information the perception in question can receive, the 

particular part of the environment that is currently covered by the perceptual field associated 

with that perception and any error functions that the modeller wishes to incorporate into the 

field. Thus, the perceptual resolution of the visual perception of a particular type of bird might 

allow the return of information (with some degree of error) about the spatial location and 

colour of certain types of objects that are within its visual perceptual range, which, as in the 

example above, might be two three dimensional cones with length 1000 m and an angle of 180° 

originating on either side of the bird's head. 

Perceptual resolution is particularly important because it is a distinguishing factor among 

different species of organisms and, within species of organisms, different subgroups of organisms 
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(different ages, sexes, etc.). This means that its inclusion in animal aggregate models will allow 

the models themselves to distinguish between species and subgroups. For example, it is possible 

that the echo-location perception of bats and the visual perception of birds might be reasonably 

represented by the same perceptual field shape and size. However, the nature of the information 

obtained within this field— the perceptual resolution of the field— might be quite different, thus 

distinguishing between models of these two species. For example, both birds and bats might 

receive information about object location, but only the bird would receive information about the 

colour of the objects. In this respect, perceptual resolution can also usefully serve to highlight or 

compare similarities and differences between species. 

Cognition: Attention and cognitive processing The perceptual field and perceptual resolu

tion act to constrain which theoretical models can be associated with a particular aggregate 

group. They also provide an experimental connection between the model and the actual ag

gregate of interest. However, they are not the only constraints available to the modeller. In 

addition, cognitive abilities and movement abilities of the animal being modelled may also 

impose constraints on the behaviour of the individuals within the model. 

Formally, cognition in the PGA framework (see Figure 12) may be described as a series of 

equations (or algorithms) that select and perform calculations on the environmental informa

tion obtained through the perceptions. These equations may also involve internal (memory) 

parameters that are either constant or set based on previous calculations. The result of these 

calculations is a movement decision, which is further constrained by the movement abilities of 

the animal in question (discussed in section 3.6.5). 

In the PCA framework the broader component of cognition is broken down into two distinct 

subcomponents— attention and cognitive processing. The concept of attention refers to those 

cognitive algorithms or functions, ACRx, JR2, ••• ,Rn), that select which parts of the information 

received through the perceptual field will be passed to additional cognitive algorithms and 

which will be ignored. The term cognitive processing refers to algorithms or functions, C(A,M) 

that perform calculations using the selected information, in conjunction with available internal 

information, M (e.g., memory, internal states) to determine outputs, I, to the movement part of 
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Figure 12: An overview of the cognitive structure. 

the model (see Equation 7). Information may be unavailable to an agent because it is not within 

that agent's perceptual field. However, information may also be available to the agent from a 

perceptual perspective but then be ignored or become unavailable during attention or cognitive 

processing. 

I = C(A(R1,R2,---,Rn),M) (7) 

Thus, the PCA framework requires modellers to specify which parts of the model pertain to 

perception, which parts of the model pertain to attention (determining which information will 

be used by cognitive processing) and which parts of the model pertain to the actual cognitive 

faculties of the animal being modelled. The modeller must also be specific about the transfer of 

information between these stages, decide at which stage information becomes unavailable, is 

lost or discarded, and show how cognitive processes lead to movement decisions. 

This explicit representation of cognition means that modellers must transition from describ

ing movement behaviours towards and away from other aggregate members as metaphorical 
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forces (a representation which modellers already acknowledge to be a convenient fiction (Hel-

bing and Molnar, 1995)) to portraying them as outcomes of cognitive processes. At the modelling 

level, rather than having agent position in a model automatically adjusted as a result of force 

equations acting on the agent, in PCA models the path of information leading to the generation 

and selection of attraction and and repulsion behaviours is modelled directly. Effectively, the 

agent gains agency, rather than being modelled as a simple object upon which forces act. This in 

turn means that the cognitive load being placed on the animal being modelled and any cognitive 

challenges that must be solved by the animal (e.g., the binding problem (Dennett, 1987), the 

frame problem (Singer, 1996)) also become explicit. As a result, mechanisms that are presented 

must be at least theoretically available to the animal in question (see Chapter 4, Sections 4.1.4 

and 4.3.4 for additional discussion of this). 

Movement Movement is an important component of the PCA framework because it completes 

the loop from perception to cognition to action and back to perception again. Movement choice 

(action, fi) is a function of outputs from cognition (7), with constraints imposed by the physical 

abilities of the animal (T) and the environment (E). As an animal in an aggregate moves, the 

volume encompassed by its perceptual field moves. Movement also results in animals moving 

into the perceptual fields of other animals, even if these other animals are, themselves, stationary. 

Thus, the information available to perception is also a function of movement. This completes 

the cycle from perception to cognition to action and back to perception, with each part of the 

cycle determining the behaviour of the following step (see Equation 8). 

n ( I , T , 5 ) - » P (8) 

Consequently, accurately modelling the movement abilities and restrictions of the species of 

interest is an important component of the PCA framework. 

Although movement is arguably the most easily quantifiable and observable individual prop

erty of the three components of the framework, and can thus provide an important experimental 

basis for the aggregate model, it remains a challenge for IBSEM researchers to incorporate 

realistic movement rules and constraints into their IBSEM models. Partly this is because it is not 
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always feasible to calibrate IBSEMs in such a way that there is a known relationship between 

the way space and time are represented in the model and the way space and time work in the 

real world. Partly this is because realistically modelling movement abilities and restrictions may 

require the use of physically realistic, three-dimensional modelling environments. Nonetheless, 

making a match between animal and agent movement, and then providing restrictions on the 

movement abilities of the modelled individuals based on this match, is worthwhile because it 

greatly increases the connection between the model and the aggregate in question. 

3.4 Problems Solved By the PCA Framework 

As discussed in the first part of Chapter 3, modellers using the AR framework to make species-

specific aggregate models may run into difficulty when undertaking model validation and 

generating novel behaviour predictions. Modellers may also find it challenging to explore the 

ways in which a changing environment and agent heterogeneity influence aggregate behaviour. 

As well, due to a diversity of modelling approaches, researchers may find it difficult to compare 

and contrast their models, and the results of these models, with other aggregate research. 

Adopting the PCA framework will allow researchers to successfully deal with these problems, as 

detailed below. 

Validating the model As discussed in Section 3.1, current aggregate models are difficult to 

validate because methods used to create the model effectively guarantee that the model will 

display the observed aggregate-level behaviour. To validate such a model, the model would need 

to predict novel behaviours, but, as has been discussed, current models have a difficult time 

predicting novel aggregate behaviour, with respect to a specific aggregating species, because it is 

not clear how changing the model relates to changing the environment of the actual aggregate. 

The PCA framework avoids this problem because individuals in the aggregate model are 

more directly and experimentally connected to individuals within the actual aggregate. As 

a result, group-level behaviour of the model is generated by observing individual behaviour, 

rather than observing group-level behaviour. This means that the model can make testable 
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predictions about the group-level behaviour of the aggregate, which, in turn, allows the model 

to be validated against experimental evidence. Thus, the PCA's increased connection to the 

individuals within the aggregate allow species-specific models to be experimentally validated. 

Chapter 4 will demonstrate how the PCA framework can be used to create a validated model of 

D. rerio aggregation. 

Changing the environment A changing environment will affect the nature of the information 

that each perception of the animal in question can receive. Models created using the PCA 

framework can readily incorporate these changes into the model. Specifically a change in the 

environment can be reflected by changes to both the shape of the perceptual field and the 

perceptual resolution of the field, for a particular perception. For example, in dim light the size 

of the visual perceptual field of an aggregating fish might be reduced and colour information 

might no longer be received, thus changing the perceptual resolution. It might also be relevant 

to add some amount of error to the information being received. Most importantly, these changes 

can then be verified experimentally. Meanwhile, other perceptual fields, like the lateral line 

perception in fish (which detects changes in water pressure around the fish), would be unaffected 

in this circumstance, since their functioning is not affected by light levels. By modelling each 

perception separately, the effects of environmental changes can also be modelled. 

Heterogeneous aggregates Variability among aggregating individuals may also be more easily 

captured using the PCA framework. This is because differences between aggregating individuals 

that affect their aggregating behaviour will be reflected in differences either in their percep

tual abilities, their cognitive abilities or their movement abilities. The PCA framework allows 

modellers to change the properties of agents in a manner that reflects these differences rather 

than simply changing the attraction and repulsion behaviours of individuals in an ad hoc, or 

averaging way. 

For example, if a group of aggregating animals contains animals that vary widely in age, 

we might also expect to see differences in perceptual and movement abilities. Using the PCA 

framework, these differences can be modelled directly, at the level of the individual animal, 
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again in a way that can be verified experimentally. The resulting behaviour of the aggregate will 

then clearly be as a result of these experimentally verified individual parameters. 

Comparing and contrasting models As Viscido et al. (2007) have indicated, most aggregate 

model parameters have a relatively strong influence on aggregate behaviour. Consequently, 

if models differ across multiple algorithms and/or use different parameter values to examine 

effects, it is hard to compare these models with respect to changes across values of a single 

parameter, even if that particular parameter (e.g., attraction range) is shared by the models. One 

of the goals of the PCA framework is to improve this situation by providing modellers, first, with 

a way to consistently describe and compare similarities and differences between their models, 

and second, with a way to establish sets of common models that can be used to create results 

that are consistent and comparable with each other and also clearly comparable and relatable to 

biological aggregates. The PCA framework can also be used to characterise existing models by 

reframing and then re-describing these models in terms of perceptual fields, attention algorithms, 

cognitive algorithms (calculations resulting in movement decisions) and movement algorithms. 

A description of the properties of agents (e.g., shape, size, velocity, orientation, position) in the 

model and the dimension (e.g., one-dimensional, two-dimensional, three-dimensional) of the 

model is also useful. This characterisation allows for a more detailed and accurate comparison 

between models because similarities and differences become easier to detect. It also becomes 

easier to see what parameters are being varied for each model and the values being used in 

parameter sets. 

3.5 Chapter summary 

This chapter began by discussing several problems associated with using the AR framework to 

model species-specific animal aggregates. The chapter then presented, as a solution to these 

problems, the PCA framework, which centres around two perceptual concepts (perceptual field 

and perceptual resolution) two cognitive concepts (attention and cognitive processing) and 

realistic animal movement based on the results of cognitive processing. A general explanation 
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of the ways in which these concepts can be used to create models of specific animal aggregates 

has been provided, along with a discussion of how the PCA framework resolves some of the 

modelling issues presented in the first part of Chapter 3. The next chapter, Chapter 4, will provide 

more detailed information on how the PCA framework can be applied in an experimental setting, 

and will provide a demonstration of the PCA framework by presenting the results of an IBSEM 

model of D. rerio aggregation created using the PCA framework. 



Chapter 4 

Testing the Perception Cognition Action framework: A D. 

rerio model 

In order to confirm the utility and viability of the PCA framework, the PCA framework was fully 

implemented in Breve, a three-dimensional, physically realistic modelling environment (Klein 

2002). This PCA implementation (the PCAI) provides aggregate researchers with a concrete 

way to create models using the PCA, and was used in this thesis to create a species-specific D. 

rerio aggregation model. The goal of the D. rerio aggregate model was to generate group-level 

aggregate property predictions about the behaviour of an aggregate of 18 D. rerio by gathering 

data about the behaviour of individuals from this group, incorporating this individual data 

into the computer model and then analysing this model to obtain aggregate-level predictions. 

Successful predictions would provide support for the validity of the PCA framework as an 

aggregate modelling framework, as well as provide a case study for how the PCA framework 

might be used in a specific aggregate context. 

This chapter will begin by describing how the PCA framework was implemented in Breve. 

The chapter will then describe the construction and analysis of the D. rerio model. Having 

generated predictions about the aggregate behaviour of the D. rerio aggregate being studied, in 

the last part of the chapter these model predictions will be compared with the behaviour of the 

actual aggregate, demonstrating that the model successfully predicts a number of aspects of the 

behaviour of the actual aggregate. As well, a comparison with the behaviour and predictions 

of a simple AR aggregate model will be made, demonstrating that, unlike the PCA model, its 
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behaviour poorly predicts the behaviour of the aggregate, even when D. rerio movement and 

behavioural data are incorporated into the model. 

4.1 Implementing the PCA framework in Breve 

The PCA framework focuses on perception, cognition and action. In order to create species-

specific aggregate computer models, each of these aspects of the framework, along with the 

interactions of these components, must be realistically implemented within a simulation environ

ment. Because the PCA framework is a general theoretical framework, which can be functionally 

realised in multiple ways, it can be implemented in any modelling environment with the ap

propriate computational capabilities. The methodology for validating models using the PCA 

framework was initially developed and tested in a two-dimensional Netlogo environment (see 

Schellinck and White (2005) for a discussion of this project). For the purpose of this thesis, 

the PCA framework was implemented in Breve, a three-dimensional simulation environment 

designed for the implementation and visualisation of physically realistic IBSEMs (Klein 2002). 

4.1.1 Physical object implementation 

Each model object in the Breve PCA implementation (the PCAI) is represented by a set (S) of 

geometric, three-dimensional shapes (e.g., spheres, cylinders, cones). More specifically, in this 

embodiment of the PCAI, objects are represented either as sets of spheres or, in the case of 

agents, spheres and cones. Restrictions are not placed on the positions of the spheres and cones 

that make up an object but they are generally expected to be positioned in such a way that their 

surfaces meet each other, to simulate a physically cohesive body (see Figure 13). 

Objects in the PCAI have their own local coordinate system, and component shapes are 

positioned using this local coordinate system. The local coordinate system is then translated into 

the world coordinate system in order to move the PCAI object through the model environment. 

PCAI objects do not need to be symmetrical and can be rotated through any of the three axes, 

with all component parts rotating accordingly. 
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4.1.2 Agents 

The most common PCAI object is the agent, representing a single animal. Agent bodies, like all 

PCAI objects, are composed of multiple spheres, which are sized and positioned relative to the 

agent's local coordinate system. Agents also have perceptual fields, which are represented by 

single cones, with the set of all perceptual field cones associated with the agent denoted by n 

(see Figure 13). Like the spheres, these cones are positioned, sized and oriented relative to the 

agent's local coordinate system. As with any PCAI object, perceptual fields and agent bodies do 

not need to be constructed symmetrically. Agents may rotate in space, and body spheres and 

perceptual field cones rotate accordingly. 

Agent bodies, since they are physically situated, have a position, p , orientation, o, and 

velocity (comprised of speed, s, and direction of movement) represented by a velocity vector, 

v. In addition to these basic properties, the modeller may also assign other properties to the 

agents using model variables. For example, the agent may be assigned colour, sex, age or 

disposition variables. The value of these variables are assigned during construction of the model 

and updated, if desirable, during the run of the model. 

Figure 13: An example of a possible PCAI agent, with a body composed of spheres, two perceptual fields 
represented by cones and its own coordinate system. 
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4.1.3 Agent behaviour during one timestep 

PCAI models begin by setting up the model environment. The model then runs multiple iterations 

of the main model code. Each iteration of this code is called a timestep, and represents the 

passage of one unit of time in the model. Because variable values change during each iteration 

of the main model code, the result of running the code is different each time, and the model 

behaviour changes over time. 

Generally speaking, at the beginning of each iteration, the model code asks each of the agents, 

a, in the model to carry out a pre-defined series of actions, broken down into perception actions, 

cognition actions (attention and cognitive processing) and movement actions. Algorithm 1 

provides a pseudocode outline of the PCAI's agent behaviour over the course of one model 

timestep (the TIMESTEP(0, A) function, where O is the set of all objects {SX,S2, • • • ,SV) and A the 

set of all agents (ax , a2, • • •, an). In Section 4.3.1, an algorithm-level description of the specific 

D. rerio aggregate model functions (Algorithm 2) will also be provided, demonstrating one 

possible instantiation of this pseudocode. 

4.1.4 Information available to agents: Agent perception and memory 

Agents have the ability to store information in memory using established memory variables 

mi, m2,- • • ,mn, (see Figure 15). The values stored in these variables may be established when 

the model is being constructed, or may be calculated during the model run (the LEARN function 

in Algorithm 1). In addition, at each timestep, each agent receives information about other 

objects when the perceptual field cone of the agent intersects (the INTERSECT(P, O) function, 

not shown) any sphere associated with the other object (note that occlusion is not modelled). 

Information about these objects, as mediated by the perceptual resolution of the perceptual field 

in question, is then returned to the agent as a list of tuples, R. In theory, it is possible for all 

available information about the object (all properties of the object) to be passed as a tuple to 

the detecting agent but this is unlikely to accurately reflect the perceptual abilities of the animal 

being modelled. Modellers constructing aggregate models using the PCAI must determine what 

perceptual resolution is appropriate for each perceptual field associated with an agent. 
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TIMESTEP(0, X) 

1 for each agent in A: 
2 do L «— PERCEPTION(O) 

3 L' <— ATTENTION(L) 

4 7 « - COGNITIVE-PROCESSING^') 

5 ACTION(7) 

PERCEPTION(O) 

1 for n *— 1 to | n | > where n is the set of all perceptual fields, P 
2 do Ln <— INTERSECT(P,0) > Ln holds information extracted from objects 
3 return L 

ATTENTION(L) 

1 L' <— MERGE-AND-DISCARD(L) 

2 return l ' 

COGNITIVE-PROCESSING(I') 

1 M <— RETRIEVE-MEMORY 

2 (7, M') <- CALCULATECL', M) 

3 LEARN (M') 

4 return 7 

ACTION(7) 

1 CORRECT(I) 

2 IMPLEMENT(I) 

Algorithm 1: PCAI agent behaviour during one timestep. 
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If a modeller chooses to create perceptual fields that overlap, it is possible for an agent 

to detect the same object through multiple perceptual fields (see Figure 14). How organisms 

combine information about the same object coming through different senses, and how they 

know which information to combine is part of a problem known in cognitive science as the 

binding problem (Hummel and Biederman, 1992; Singer 1996). Since it is likely that different 

animals solve the binding problem differently, a default algorithm for this is not supplied by the 

PCA or PCAI. Instead modellers who create overlapping fields must decide how they will resolve 

this for their particular aggregate model when writing their perceptual and attention algorithms. 

perceptual field 2 

Figure 14: A PCAI agent with overlapping fields. 

4.1.5 Agent cognition 

Cognitive algorithms for agents are established during construction of the model. At each model 

timestep, the agent runs the cognitive algorithms, using as input the information from memory 

and the information returned by the perceptual fields (see Algorithm 1 and Figure 15). As 

described by the PCA framework, there are two cognitive stages— the attention stage and 

the cognitive processing stage. In the first stage, the attention stage, the PCAI agent receives 

a list, L of all tuple lists, (Ri,R2, • • • ,#„) and determines which information to ignore, which 
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information to combine and how this information will be passed through to the second stage 

of cognition (MERGE-AND-DISCARD in Algorithm 1). For example, the attention stage might 

randomly pick up to 4 of the object data structures returned by each perceptual field and pass 

this information on to the cognitive algorithm in a single list. In the second stage, the cognitive 

processing stage, cognitive algorithms perform calculations using available information, which 

includes information from memory and information received through the perceptual fields 

(CALCULATE in Algorithm 1). 

Figure 15: A PCAI agent with memory, attention and cognitive processing algorithms. Information from 
attention (jax,a2,a3 in the figure) and memory (ma,m2,m3 in the figure) get passed to the cognitive 
processing algorithms, which perform calculations using this information. 

4.1.6 Agent movement 

Objects in the PCAI move by updating their orientation and position variables (IMPLEMENT in 

Algorithm 1) and any other agent properties that the modeller wishes to update at each timestep. 

The Breve simulation engine then renders the object graphically on the screen based on these 

new values. Generally speaking, objects also have a velocity associated with them for each 

timestep, which is used to calculate their new position. The PCAI does not impose specific 

movement restrictions on objects, so it is expected that modellers will restrict the movement of 
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their agents and other simulation objects in ways that reflect actual movement restrictions on 

these objects (CORRECT in Algorithm 1). 

4.2 Gathering data on D. rerio behaviour and properties 

As stated above, to demonstrate how the PCA framework can be used to create species-specific 

models, an species and environment specific D. rerio aggregate model was created, using the 

PCAI, in conjunction with data gathered on D. rerio movement and behaviour. This section 

will describe the data gathering and data analysis process. It will begin by presenting data 

gathering techniques for individual and small group D. rerio movement and behaviour. It will 

then describe the analysis techniques used to process the data and, finally, the results obtained 

from the analysis of this data. 

4.2.1 Methodology 

As argued in Chapter 3, in order to be considered a species-specific PCA framework model, the 

D. rerio model needed to incorporate, as much as possible, empirical data regarding perceptual, 

cognitive and movement abilities of D. rerio individuals. To do this, information was gathered 

on movement abilities (speed and turning angle), cognitive-behavioural properties (preferred 

distance from other D. rerio), perceptual properties (eye position, angle of vision, lateral line 

position) and physical characteristics (body size and shape) of individuals from a group of 18 D. 

rerio. The methodology for collecting this data is described below. 

Speed, turning angle and preferred distance D. rerio movement data were gathered from 

individual D. rerios swimming freely in an uncovered 60 x 46 x 90 cm 246 litre glass tank lined 

with white Coroplast on four of the five sides (bringing the actual dimensions to 50 x 45 x 89 

cm) (see Figure 16). Fish movements were recorded using two Sony DCR-HC96 handycams 

positioned on tripods in front of the tank. For individual trials 12 fish were placed one at a time 

into the trial tank and behaviour recorded for 10 minutes. The first 5 minutes of this time was 

considered a settling in period. Movement data were analysed for the last 5 minutes of the trial. 
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D. rerio behavioural data was gathered from small groups of 4 D. rerios using a similar approach 

for the groups of 4 fish (four groups of 4, for a total of 16 fish). At the end of each trial, the 

fish used in the trial were placed in a holding tank to avoid repeat use of the same individual or 

individuals. 

Figure 16: Tracker 3D aquarium set up. 

Analysis of the fish video data was carried out using the Tracker 3D software and pre

processing macros developed by Griinbaum et al. (2005). Raw digital video for each camera 

was imported into a 2 processor, dual core Mac Pro (approximately 100 GB of data was imported 

and processed). The video was converted into QuickTime movies and pre-processed using 

ImageJ, an image processing and analysis program. The Tracker 3D program further processed 

the resulting data, generating position and trail data for each fish in each frame of the video. 

Not all of the video shot during the trials resulted in processable video or usable data. In 

some cases the Tracker 3D program failed to produce any data from a frame and in other 

cases the data produced was clearly inaccurate (e.g., showing multiple fish when only one 

fish was present, disconnected trails across frames, showing fish moving 15 cm in l /30 t h of 

a second when most data showed fish moving at a maximum speed closer to 3 cm in l /30 t , ! 

of a second). However, the large number of video frames available for analysis (9000 frames 



72 

for each individual fish, with 108 000 frames in total across the 12 individuals chosen for 

observation) allowed for a random sampling approach to the data analysis. Specifically, the total 

number of frames for each fish was divided into 15 groups of 600 frames (with the number of 

groups chosen based on computer memory requirements). These groups were then analysed in a 

random order, with 50 physically possible coordinate data points for the fish being considered the 

minimum number to consider a group usable. Data for individuals (and groups of 4, see below) 

were manually reviewed to ensure accurate path construction and data collection. Ultimately, 

sufficient quantities (50 or more points) of usable individual movement data were successfully 

gathered for 7 of the 12 observed individuals from the individual movement trials (39% of the 

total population of 18 D. rerio being modelled). 

A similar approach was taken for analysis of the groups of four D. rerio. In this case, only 

data that provided information about the position of each of the four fish in a particular frame 

was considered valid (i.e., frames that provided position data for only 3 or fewer of the 4 D. 

rerio in a group of 4 were not considered). Again, the total data captured for a particular group 

of four fish (9000 frames) was divided into 15 smaller groups of 600 frames, with groups being 

analysed in a random order. A frame group was considered an adequate data source if there 

were at least 20 frames in the group providing data on each of the four fish (20 frames were 

sufficient to provide 480 data points on inter-fish distance). Data were successfully gathered for 

all four of the groups observed (89% of the total population being modelled). 

For the individual trials, the raw positional data was further analysed in order to obtain 

speed measures of each fish for each l /30 t h of a second interval (position data in two adjacent 

frames provided one speed measurement). Then the average speed for each individual, as well 

as average speed across all fish, and the maximum and minimum speeds within and across fish 

were calculated. 

Position data was also used to calculate turning angle for fish (position data in three adjacent 

frames provided one turning angle measure). Then average, maximum and minimum angle 

between vectors were calculated in order to determine the ability of the D. rerio to change 

direction over time. Again, average, maximum and minimum values were calculated within and 

across fish. 
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Distance between fish at each point in time (average, maximum and minimum) was calcu

lated for the fish in groups of four. With respect to inter-fish distance, for each fish, the distance 

from that fish to the fish closest to it, the distance from that fish to the fish farthest from it and 

the average distance of that fish to the other three fish was calculated and reported. 

Perception Vision and lateral line senses are generally recognised as the two senses most 

active in fish aggregation (Partridge and Pitcher, 1980) so empirical data was gathered on 

both of these senses. Following the methodology of Protasov (1970), the angle of the visual 

field of the D. rerio was established based on the physical structure and position of the eye. 

This was determined using measurements of anatomical data from the VCCRI Fishnet database 

(Bryson-Richardson et al., 2007) (see Figure 17). The position of the eye relative to the rest of 

the body was determined by measurements of 2 D. rerio specimens taken from the same tank 

as the school of 18 being studied (but not from the group of 18). Lateral line perceptual field 

positions were based on knowledge of lateral lines in D. rerio larvae (Whitfield et al., 1996; 

Van Trump and McHenry, 2008), combined with information that as D. rerio age, their lateral 

line neurons increase in number, with even spacing and along the same line (Moorman 2001). 

Position on adult D. rerio was estimated using two D. rerio specimens. 

Acuity of the visual and lateral line perceptual fields was not directly determined. Assuming 

fish were not able to perceive objects outside of the experimental tank with any significant acuity, 

the maximum possible perceptual field extent for any perceptions would necessarily be limited 

to 89 cm, the largest dimension of the experimental tank. 

Size and shape Length, width and shape of the D. rerio in the school being studied were based 

on measurements of two specimens taken from the same tank as the school of 18 being studied. 

Measurements were taken for height, width and length (standard length and total length). 

4.2.2 Results 

Speed and turning angle The results of the movement data analysis for individuals are 

presented in Tables 1 and 2. Table 1 shows speed data for the seven individual fish and Table 2 
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shows turning angle data for these same fish. Generally speaking, for both average speed and 

average turning angle, deviation compared both across all fish and compared between fish was 

low. Maximum and minimum values showed greater between-fish differences. 

Fish 

1 

2 

3 

4 

5 

6 

7 

ind 

all 

s 

0.48 ± 0.07 

0.38 ±0.05 

0.31 ±0.05 

0.42 ± 0.06 

0.49 ± 0.07 

0.53 ±0.17 

0.37 ± 0.08 

0.43 ± 0.005 

0.42 ± 0.08 

0.06 

0.01 

0.03 

0.05 

0.06 

0.01 

0.03 

0.036 ±0.021 

0.01 

^max 

1.3 

1.52 

1.17 

1.92 

2.09 

2.73 

2.47 

1.89 ±0.59 

2.73 

n 

58 

350 

137 

320 

211 

259 

270 

229 

160! 

Table 1: Speed data for D. rerio, within fish and across all fish: For each fish, the average speed (s), 
minimum speed (smin) and maximum speed (smax) were calculated (in cm/SO^ of a second), using 
available number of data points for each fish (n). Then, the average of the individuals values (ind) and 
values for data pooled across all fish (all) were calculated. 

Fish 

1 

2 

3 

4 

5 

6 

7 

ind 

all 

e 
1.10±0.92 

1.19±0.65 

1.33±0.88 

1.17±0.69 

0.99±0.52 

1.14±0.63 

1.11±0.70 

1.15±0.01 

1.15±0.68 

(@min) 

0.1 

0 

0 

0 

0 

0 

0 

0.009±0.038 

0 

a 
umax 

3.04 

3.07 

3.07 

3.12 

2.96 

3.11 

3.07 

3.06±0.05 

3.12 

n 

57 

340 

133 

294 

200 

239 

263 

218 

152i 

Table 2: Turning angle data for D. rerio, within fish and across all fish: For each fish the mean turning 
angle (9), the minimum turning angle (9min), the maximum turning angle (0max) were calculated in 
radians, using the available number of data points for each fish (n). Then, the average of the individuals 
values (ind) and values for data pooled across all fish (aU)were calculated. 

Preferred distance There was high variability in the average values for closest fish, farthest 

fish and average fish distance (see Table 3). Average distance maintained across fish was 
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10.54 cm, although the variability was high. The mean closest fish distance (6.07 cm) was 

relatively close to this overall mean distance value, and again, variability was quite high across 

fish. 

Group 

1 

2 

3 

4 

group 

all 

minall 

maxall 

close 

9.39±5.05 

4.80±3.27 

4.76±3.28 

4.72±2.26 

5.92±2.32 

6.07±4.34 

0.88 

23.13 

far 

29.09±6.47 

10.16±3.39 

9.43±4.58 

10.99±3.91 

14.92±9.47 

15.20±10.02 

5.08 

42.13 

dlst 

19.68±4.18 

6.97±2.95 

6.86±3.16 

7.64±2.41 

10.30±6.27 

10.54±6.66 

3.66 

29.52 

Table 3: A summary of the individual distance data for fish moving in groups of four: Average distance 
from a fish to its nearest neighbour in the group over time (close), mean distance from a fish to its 
farthest neighbour in the group over time (far), the across group mean of the mean distance of a fish to 
its neighbours in the group over time (dist). Then the mean of group values (group) and the results for 
values pooled across fish (all), as well as the minimum across all fish (minaU) and the maximum across 
all fish (maxan). 

Body size and shape Body size measurements for two D. rerio specimens are presented in 

Table 4. 

Specimen Width Length (T,S) Height Eye Position Lateral Line Position 

1 

2 

mean 

3.5 

5.4 

4.5 

31.2, 24.9 

33.4, 27.1 

32.3,26,0 

5.3 

6 

5.6 

1.8,1.6 

2.2,1.9 

2.0,1.8 

3.3,1.5 

3.7,2.3 

3.5,1.9 

Table 4: Measurements of D. rerio size: Width (mm) at the widest part of the fish, length(mm) both total 
(T) and standard (S), height (mm) at the highest part of the fish, eye position from the nose in and the 
bottom up, and estimated lateral line position (mm) from the top and bottom at the highest point of the 
fish. 

Perception Based on measurements taken from Fishnet database resonance imaging pho

tographs in the Zebrafish Database (Bryson-Richardson et al. 2007), the angle of the visual 

field was 13 degrees off of the normal, and 180 degrees wide (see Figure 17). Eye position was 
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Figure 17: A coronal scan of a 17mm D. redo, used to measure D. rerio eye position and angle 
(Bryson-Richardson et al, 2007). 

measured on two D. rerio. The mean eye position was 0.20 cm from the tip of the nose and 0.18 

cm up from the bottom of the head (ratio 1:1.84). 

Data on lateral line positions in D. rerio larvae (Whitfield et al, 1996; Van Trump and 

McHenry 2007 ) indicate that D. rerio lateral line fields run along both sides of the fish from 

the head behind the eye to the base of the tail, slightly above the midline of the fish. A visual 

inspection of two adult D. rerio specimens placed these lines an average estimated 1.9mm from 

the top of the fish and 3.5mm from the bottom of the fish (ratio 1:1.84) (see Figure 18). 

Figure 18: Estimated D. rerio lateral line position (white dots superimposed on photograph, with white 
lines indicating body position, not including shadow), based on lateral line position in larvae (as reported 
by Whitfield et al, 1996 and Van Trump and McHenry, 2008). 
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4.3 Creating an IBSEM model of D. rerio aggregation 

Turning to the model, this section will discuss the construction of the PCA D. rerio model 

agents, with a focus on how the collected data were incorporated into the model. The D. rerio 

aggregate model was created using the PCAI, as described in Section 4.1. Available data about 

the physical shape and movement abilities of the D. rerio, types, visual and lateral line ranges 

and information processing abilities of the perception of the D. rerio were incorporated into 

the model. Specific details of this incorporation, as well as agent implementation and agent 

behavioural algorithms, are discussed below. 

4.3.1 Agent behaviour during one timestep 

Agent behaviour in a single timestep of the D. rerio model is described in Algorithms 1 and 2. 

Algorithm 2 describes functions specific to the D. rerio model behaviour. These functions are 

called by functions within the timestep function in Algorithm 1 and represent one possible 

instantiation of the more general behaviour in a single timestep described in Algorithm 1. These 

functions are further explained in Sections 4.3.3, 4.3.4 and 4.3.5. 

4.3.2 Physical shape of agents 

Agents were composed of five spheres— 4 main body spheres, two with diameter 0.50 cm, 

two with diameter 0.75 cm and one very small sphere placed above the head sphere to visibly 

indicate agent orientation (see Figure 19). The total length of the agent was 2.50 cm, consistent 

with the observed length of D. rerio (mean standard length measured being 2.60 cm). The use 

of spheres meant that the maximum width of the agent was 0.75 cm, somewhat wider than the 

mean width measured (0.45 cm). The height of the agent was also 0.75 cm, slightly larger than 

the height of the two specimens measured (0.56 cm). 

4.3.3 Perceptual fields and resolution 

Both visual and lateral line fields of the D. rerio were represented in the Breve environment as 

cones extending outward from the body of the agent (see Figure 20). The visual fields of the 
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MERGE-AND-DISCARD(L) 

1 
2 

L' <— MERGE-LISTS(L) 

return L' 

CALCULATE(I/, M) 

1 
2 
3 
4 
5 
6 
7 
8 
9 

10 
11 

12 

13 
14 

if ( IS-EMPTY(I / ) ) 

then 
v c ^ (0,0,0) 
va^ (0,0,0) 
v s ^ (0,0,0) 

else 
vc <— TOWARDS-CENTER(L') 

va <— TOWARDS-DIRECTION(L /) 

Vs <— AVOIDANCE-VECTOR(Z/) 

> See also Equations 9, 10 and 11 
vr <— RANDOM-VECTOR((-1, — 1 , —1), (1 ,1 ,1) ) 

<£ <~ wcvc + wvva + wsvs + wr% 
v„ <— GET-CURRENT-VELOCITY + <fi 

return vn 

CORRECT(V„) 

1 
2 
3 
4 
5 

if C | v„ | >smax) 
then 

Vn^iyn/\vn\)smax 

RESTRICTED-POINT(vn) 

ADJUST-LEAN 

Algorithm 2: D. rerio agent behaviour during one timestep. 
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l=2.5cm 
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Figure 19: Agent shape, compared withD. rerio shape. The agent is composed of two 0.75 diameter (0) 
spheres, two 0.5 cm diameter spheres and one small sphere that indicates orientation (drawing not to 
scale). 

agents were represented by two half spheres (cones with a 180 degree angle at the vertex), one 

on each side of the agent. Based on the data gathered on D. rerio vision (see Section 4.2.2), the 

angle of the field was set to be 13 degrees off of the normal, and 180 degrees wide, in local 

(agent-centered) coordinates, the vertices of the cones were located at (0,0,0.25) and (0,0,-0.25) 

respectively (the cones extended outwards on either side of the 'head sphere' of the agent). In 

the absence of specific data concerning D. rerio visual acuity, the length of the visual fields of 

model agents was set to 40 cm. Since it was assumed that the visual field of the actual fish 

would not extend usefully through the glass of the tank, and since the tank was 50 x 45 x 89 

cm, this was considered to be a conservative approximation of the visual field extent for the 

fish being modelled. Lateral line fields were set at three points on both sides of the zebra fish 

agent, from tail to head, for a total of 6 fields (see Figure 20). The vertex of each field was 

placed at the centre of its respective body sphere. It was hypothesised that lateral lines, because 

they respond to water flow (Van Trump and McHenry, 2008), operate most effectively from an 

information processing perspective at relatively short distances. Therefore the lateral line fields 

were set to extend 5 cm outwards from the body of the agent. 
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In the absence of data on the perceptual resolution of D. rerio vision and the lateral line, 

some assumptions were made about the data that these perceptions could supply to the agents. 

It was assumed that D. rerio vision was accurate enough to return information about the position 

and velocity (speed and direction of movement) of other fish in the tank. A similar assumption 

was made for the lateral line fields. In the case of the lateral line fields, this was considered 

plausible when taken in conjunction with the relatively short range of the lateral line fields. It is 

possible that lateral line fields can also detect data at greater ranges (e.g., presence of another 

object, if not its precise location, or velocity) but this was not modelled in this case. Thus, when 

either a visual or lateral line cone of an agent intersected any of the spheres representing the 

body of another agent (as determined in the INTERSECT function), a perceptual resolution tuple, 

T = < p , v> was returned. This tuple provided the observing agent with a position coordinate 

(p) and movement vector (v) for the intersected agent, resulting in a set, RFt, of tuples for each 

field, F, at that time, t. The set of all RFt is denoted by L. 

4.3 A Cognitive algorithms for determining movement 

There is no experimental data currently available on the specific cognitive processes D. rerio use 

in order to aggregate. However, as noted by Parr (1927) the necessary conditions for aggregation 

would seem to be an attraction to other agents, in order for the aggregate to have cohesion, 

and repulsion from other agents, so that the aggregate does not collapse into a single point. 

Consequently, for this model, a Breve version of Reynold's attraction and repulsion algorithm 

(Klein 2002; Reynolds 1987) was adapted to incorporate the reception of information from 

multiple perceptions. The attention and cognitive algorithms are described below. 

Attention D. rerio agents can receive information about another agent through both their 

visual and lateral line fields (see Figure 20). Different types of information (e.g., position, 

velocity) about the same agent are stored in a single tuple, because it is assumed that the D. 

rerio has successfully solved this aspect of the binding problem. Since it is not currently known 

how, or even if, D. rerio has solved the binding problem with respect to different senses returning 

information about the same object, it was decided that at the attentional stage, all received 
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Figure 20: Visual and lateral line fields of the agent (field size not to scale). 
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information, L, would be merged into a single list, V, with the result that duplicate information 

(tuples) could be in the list if the same object was perceived by multiple fields. The practical 

effect of leaving multiple copies of information about the same agent in the list of agent data in 

the input to the cognitive algorithm was to increase the influence of agents that are detected by 

multiple perceptions, because their information is effectively weighted more heavily. This effect 

is gained with no additional processing and could be advantageous to the aggregating animal, 

since animals detected by multiple perceptions may in fact be more relevant to the aggregating 

animal. 

Cognition As in Reynolds' model, agents use the information about position and velocity of 

other agents to calculate preferred movement vectors: vc (the centring vector), va(the velocity 

alignment vector) and vs (the spacing vector) based on attraction to the centre of the perceived 

agents, alignment with the velocity of the group, and an avoidance of those agents close to the 

perceiving agent. Specifically, for agent at at time t, where there are n perceived agents, 

2(p,(t)-PiM) 
vt = ^ m 

n 
and 

The result is a centring vector, vc, that points towards the centre of the group of perceived 

agents, and an alignment vector, va, that points towards the average direction of movement 

of the group of perceived agents. It is generally assumed in aggregate modelling that agents 

are aligned with (i.e., point towards) their direction of movement, and this is the case in this 

model as well. In Algorithm 2 these equations are represented by the TOWARDS-CENTRE(L') and 

TOWARDS-DIRECTION(L/) functions. 
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To determine the spacing vector, a subgroup of the agents, 5, is constructed that consists of 

all agents who are within (closer or equal to) a preferred spacing, spacepref, from the agent. 

Then, for all m of these agents, 

m 

vs = - — (11) 
m 

In Algorithm 2 this equation is represented by the AVOIDANCE-VECTOR^') function. 

These movement vectors are combined, along with a random vector influence, vr, that 

represents natural variability in movement, to give a final acceleration vector, 4> with the 

contribution of each vector being influenced by a weight value associated with each vector (the 

centring weight (wc), velocity weight (wv), spacing weight(ws) and random weight (wr)) as 

follows: 

4> =wcvc+wvva + wsvs + wrvr (12) 

One cognitive parameter of the model which could be set based on experimental data was 

the distance at which the agent would consider itself to be too close to another agent, spacepref. 

In this case, data were available on the minimum space D. rerio allowed between themselves 

and other D. rerio in their group (a mean across frames of 6.07 cm) and the mean space between 

themselves and other D. rerio in the group (a mean across frames of 10.54 cm). Either would 

be a possible value for spacepref, so model results were analysed for both values of the spacing 

parameter. 

The other cognitive model parameters associated with cognition are the vector weights, (vvc, 

wv, ws), that determine how much of a contribution the centring, velocity and spacing vectors 

have on behaviour. Given that there is no experimental evidence regarding the cognitive process 

of aggregation, it is difficult to say, even assuming that D. rerio are using a cognitive algorithm 

comparable to Reynolds, how much weight they are giving to these vectors. Consequently, two 

different values for each of these parameters were selected (see Table 5 for values) and the 

results analysed for each of the resulting parameter combinations (see Table 6). 
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4.3.5 Movement 

The maximum speed recorded for an individual D. rerio (2.73 cm/30th of a second) was used 

to set the maximum speed of agents in the model. The maximum turning angle of agents in the 

model (3.0 cm/30th of a second) was set based on the maximum turning angle recorded for an 

individual. As well, agents were prevented from swimming upside down or on their sides, as 

textitD. rerio only swim upside or on their sides when they suffer a loss of attitude control due 

to illness or injury. 

Movement restrictions were placed on the fish at the end of the cognitive stage, once a 

preferred vector had been calculated by the cognitive algorithm (see the CORRECT function 

in Algorithm 2). The assumption was made that the fish would calculate the most desirable 

movement vector and attempt to move based on this vector. However, the end movement would 

be reduced by the constraints discussed above. If the size of the desired movement vector 

exceeded the maximum speed of the fish (smax), the length of movement vector was reduced 

to the maximum speed. If the turn required by the desired movement vector was greater than 

the maximum turning angle (t0max), the vector was recalculated in order to restrict the fish 

from turning at an angle greater than t6max (RESTRICTED-POINT in Algorithm 2, not shown). 

Restrictions against swimming upside down or on the side were also implemented, such that if 

the angle would have resulted in an excessive tilt (either side to side or front to back), the angle 

was reset to be no more than 90 degrees in these directions (ADJUST-LEAN in Algorithm 2, not 

shown). 

Parameter Value (s) 

Maximum speed (smax) 2.73 (from speed data) 

Maximum turning angle (t9max) 3.10 (from angle data) 

Preferred space (spacepref) 6.07 (average minimum distance), 10.54 (average distance) 

Centring weight (wc) 1, 3 
Velocity weight (wv) 1, 3 

Spacing weight (ws) 1, 3 

Table 5: Parameters used to investigate model behaviour. When multiple values for the same parameter 
were considered, all values are listed. All combinations of all parameter values considered result in 16 
parameter combinations in total (see Table 6). 
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Parameter Combination Shorthand Notation 

Omax> t^max, spacepref, wc, wvws) (.spacepref (rounded), wc, wvws) 

(2.73, 3.1, 6.07,1,1,1) 

(2.73, 3.1, 6.07,1,3,1) 

(2.73, 3.1, 6.07, 1,1,3) 

(2.73, 3.1, 6.07, 1,3,3) 

(2.73, 3.1, 6.07, 3,1,1) 

(2.73, 3.1, 6.07, 3,1,3) 

(2.73, 3.1, 6.07, 3,3,1) 

(2.73, 3.1, 6.07, 3,3,3) 

(2.73, 3.1, 10.54, 1,1,1) 

(2.73, 3.1, 10.54, 1,3,1) 

(2.73, 3.1, 10.54, 1,1,3) 

(2.73, 3.1, 10.54, 1,3,3) 

(2.73, 3.1, 10.54, 3,1,1) 

(2.73, 3.1, 10.54, 3,1,3) 

(2.73, 3.1, 10.54, 3,3,1) 

(2.73, 3.1,10.54, 3,3,3) 

(6,1,1,1) 

(6,1,3,1) 

(6,1,1,3) 

(6,1,3,3) 

(6,3,1,1) 

(6,3,1,3) 

(6,3,3,1) 

(6,3,3,3) 

(10,1,1,1) 

(10,1,3,1) 

(10,1,1,3) 

(10,1,3,3) 

(10,1,1,1) 

(10,1,1,1) 

(10,1,1,1) 

(10,1,1,1) 

Table 6: A list of the 16 parameter combinations, in the following order (maximum speed (smax), 
maximum turning angle (t6max), preferred space(spacepre/), centring weight (wc), velocity weight (wv), 
spacing weight(ws). A shorthand label for each combination is included for easy reference in the rest of 
the chapter. 
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4.4 Model analysis, results and predictions 

The simulation was run with 18 agents for each of the 16 parameter combinations of parameter 

values. Each parameter combination was run 35 times, for 500 timesteps each, with agents 

initially positioned at (0,0,0). Agents were not restricted with respect to where they could move 

through space (i.e., there was infinite space available in the model). Measures of aggregate 

behaviour— aggregate speed, aggregate turning angle and aggregate simple volume (described 

in Table 7)— were quantitatively analysed across multiple parameter combinations. The data 

were also analysed for qualitative aggregate phenomena that might be observable in the actual 

D. rerio aggregate. 

4.4.1 Analysis 

Aggregate measures used for the models in this thesis (models in Chapters 4, 5 and 6), are listed 

in Table 7. As noted in the table, some of these are common aggregate measures used by other 

modellers. Others were developed specifically for the D. rerio model and the other models in 

Chapters 5 and 6. 

For this model, stragglers were defined as agents not within 20 units of any other agent and 

groups were sets of all agents that were within 20 units of at least one other agent already in the 

group. A cluster was defined as either a group or an individual (i.e., a model that at timestep 

t had one group and one individual would have two clusters). Like the practical definition of 

aggregation discussed in Chapter 2, these measures are based on visibly measurable properties 

of the aggregate, although, as will be discussed in Chapter 5, a less ad hoc definition might be 

based on the information possessed by each agent. For this model, 20 units was considered to 

be a relatively conservative estimate of aggregation, and a compromise between agents having 

perceptual fields extending 40 units in some directions, lateral line fields extending only 5 units, 

and the agents having some blind spots. 

For each run of each parameter combination (see Figure 21), the maximum, minimum and 

mean values of the aggregate measure across the last 450 (out of 500) timesteps of the model 

were calculated, for each aggregate measure. These maximum and minimum values were then 
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Measure name Description 

simple volume (vsim ) 

expanse (exp) 

polarisation (p) 

Number of groups (ngroups) 

Number of stragglers (ns t rag) 

Number of clusters (.ndust) 

aggregate distance/aggregate 
speed (sagg) 

aggregate turning angle (r0agg) 

Volume of bounding box calculated using maximum and mini
mum x, y and z values across all individuals. This provides an 
approximation of aggregate volume. It will generally over es
timate volume. Can be used to calculate aggregate density by 
dividing by the number of individuals in the aggregate (used 
by Hemelrijk and Hildenbrandt, 2007). 

A measure of aggregate size, which is the root-mean-square 
distance from individuals to the center of the aggregate. This 
provides a less approximate measure of the size of the aggre
gate, but is difficult to directly relate to the density or volume 
of the aggregate (used by Parrish et al., 2002; Huth and Wisel, 
1992). 

Sum of angles between individual velocity and mean velocity, 
divided by number of individuals. A larger value indicates 
less alignment within the aggregate (used by Huth and Wissel 
1992; Parrish et al. 2002). 

A group is a collection of individuals within a certain distance 
from each other, as determined by the researcher (used by 
Parrish etal., 2002). 

Stragglers are individuals who are not within a certain distance 
of any other individual (used by Parrish et al., 2002). 

Number of groups plus number of stragglers (used by current 
analysis). 

How far the centre of the group moves each time step (used 
by Warburton and Lazarus, 1991; Viscido et al., 2007). 

The angle of movement of the centre of the group each 
timestep (used by current analysis) 

Table 7: Description of aggregate measures 
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averaged across all 35 runs of the model having a particular parameter combination in order 

to obtain a single average maximum value, a single average minimum value and a single mean 

value representative of the value of the aggregate measure for that parameter combination. 

parameter 
combination 1 

run; 
1 ! 

it,2t.r 
500t 

500 
timesteps 

run 
35 

500 
timesteps 

parameter 
combination 2 

parameter 
combination 16 

measures for 
each timestep 
(eg. aggregate 

volume) 

timestep 
measurel 

timestep 
measure 500 measures for a 

run (e.g. 
maximum 
aggregate 
volume) 

run 
measurel 

run 
measure 35 

measures for a 
parameter 

combination (e.g. 
average maximum 
aggregate volume) 

p.c. measurel 

p.c. measure 16 

Figure 21 : An explanation of how aggregate measures are generated. Measures are generated at multiple 
levels— the timestep, the run and the parameter combination. Generally speaking, timestep measures are 
used to calculate run measures and run measures are used to calculate parameter combination measures. 

4.4.2 Results and predictions 

Group size remained 1 for all model runs, with all parameter combinations. Specific aggregate 

results for group volume, polarisation, group speed and group angle will be discussed below, 

with a focus on similarities of results across parameter combinations, and a summary across 

combinations. See Appendix A for the results from all parameter combinations and Table 8 for a 

summary of physically plausible results (as discussed under Group Volume, below). Results were 
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used to make predictions about the aggregate behaviour of the group of 18 D. rerio and group 

speed, group angle and group volume were directly compared with data from the behaviour of 

the aggregate of 18 D. rerio. 

measure rangemax rangeavr rangemin 

vsimp 52.41-1536.43 27.90-1049.62 7.54-712.02 

p 0.39-1.50 0.19-0.87 0.11-0.457 

sagg 2.27-2.68 1.29-2.42 0.20-1.76 

t6agg 0.72-2.63 0.11-0.61 0.01-0.05 

Table 8: A summary of the model values across parameter combinations for aggregate measures of 
interest (see Table 7 for an explanation of group measures and Appendix A for full data). The range of 
average maximum values across all 16 parameter combinations ( rangemax), the range of mean values 
across parameter combinations (rangeavr), and the range of average minimum values rangemin give 
a sense of the behaviour of the model across the 16 parameter combinations being considered. Note 
that the minimum value for some parameter combinations is higher than the maximum value for other 
combinations. 

Group volume Assuming the minimum size for an adult D. rerio is approximately 2.50 

cm x 0.50 cm x 1.00 cm, the minimum volume possible in an actual D. rerio aggregate is 

approximately 1.25cm3/D. rerio, or 22.50cm3/18 D. rerio. In parameter combinations where 

the spacing urge was less than or equal to the centering urge, and where velocity matching urge 

was low, the maximum average volume of the group remained below the minimum possible 

volume, indicating that the model was not behaving in a physically plausible manner. However, 

this was only the case for 4 of the 16 parameter sets. For the remaining 12 sets the maximum 

average group volume was sufficiently high to be physically possible. These 12 sets were used 

when predicting aggregate behaviour of the actual D. rerio aggregate. 

The variability of simple volume across parameter combinations made it difficult to predict 

maximum and minimum group size. However, for all parameter combinations maximum and 

minimum group size varied over time, with the minimum size being anywhere between 4.57— 

46.89% smaller than the maximum size. A review of individual runs of the model showed that 

the simple volume of the group also tended to oscillate over time, with the group expanding or 

contracting from one moment to the next, rather than steadily increasing or decreasing in value 

(see Figure 22a). For some parameter combinations there was also a broad trend in density over 
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time, with density values increasing or decreasing over time when oscillations were averaged 

out, but this was not the case with all parameter combinations. Based on this, it would be 

predicted that the density of the actual D. rerio aggregate would fluctuate over time, increasing 

and decreasing, but the size of the fluctuations would generally be small. 

Group speed Across parameter combinations, the agent group moved at maximum speeds 

(2.27-2.68 cm/30 th second) that were just below the maximum speed of individuals in the 

group (2.73 cm/30th of a second). Minimum speeds across parameter combinations were more 

variable (0.20-1.76 cm/30th of a second) but 75% of the time the difference between maximum 

and minimum speed was above 1.50 cm/30 t , ! second. Average speeds of the aggregate across 

parameter combinations were 1.29-2.42 cm/30th of a second. Graphs of group movement speed 

for individual runs of the model (see Figure 22) show that group speed did not slowly accelerate 

over time, but rather that the group typically increased and then decreased its speed repeatedly 

throughout the simulation. 

Thus it would be predicted, based on this, that the actual D. rerio aggregate would travel 

at a maximum speed that was 87% of the maximum speed of the individuals in the group and 

the aggregate would also have a mean speed close to the maximum speed of individuals in the 

group. It would further be predicted that there would be a change in this speed over time, with 

the group slowing down, then speeding up, then slowing down again, and repeating this over 

the course of the observation period (see Figure 22b). 

Group angle With respect to the angle of the group movement over time, the minimum angle 

across parameter combinations was low (0.0051-0.050 rad), indicating that the group continued 

in one direction over some timesteps in all parameter combinations. Maximum angle across 

groups was fairly variable (0.72-2.63 rad, where the maximum possible value was 3.14 rad). 

Graphs of the group angle for individual runs of the model show that the group tended to change 

direction frequently but that the size of the change was generally small, with the occasional 

large change in direction indicated by a spike in the angle graph (see Figure 22c). 
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Figure 22: Aggregate volume, speed and angle during a single run of the PGA. D. rerio model for 
parameter combination (10,1,3,3). 
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Based on this it would be predicted that while at times the actual D. rerio aggregate might 

briefly move in a straight line, it would also frequently change direction. However, the majority 

of direction changes would not be expected to be large, with abrupt changes of direction possible, 

but rarely occurring. 

Polarisation Polarisation could not be compared with actual D. rerio aggregate behaviour, 

because Tracker 3D analysis does not provide orientation data for fish. However polarisation 

results and predictions will be presented here in the interest of possible future work. Polarisa

tion was variable across parameter combinations. Maximum polarisation values ranged, across 

parameter combinations, between 0.39 and 1.50, with a variety of intermediate values (maxi

mum possible value is 3.14, indicating the highest possible lack of alignment in the aggregate). 

Minimum polarisation values ranged between 0.11-0.46, also with a variety of intermediate 

values. Even the highest value, 1.49, was quite a bit below the maximum possible value for this 

measure (3.14), indicating that the group was never highly disordered, and the lowest value, 

0.11 indicated strong alignment. 

Based on this it would be predicted that while alignment in the actual D. rerio aggregate 

would change over time, the group would always retain a relatively high degree of alignment, 

and be highly polarised at times. A review of individual runs of the model further support this 

prediction. Values tend to oscillate but remain low over the course of the run, with the exception 

of a few spikes of high values (indicating low group alignment) over the course of the run. This 

further predicts that the aggregate would, for the most part be polarised, with infrequent bursts 

of unpolarised behaviour. 

4.5 Comparison of PCA model predictions with actual aggregate 

behaviour and behaviour of simple AR model 

This part of the chapter will provide a comparison of the predictions made by the PCA model 

with actual behaviour of the aggregate of 18 D. rerio. The method used to analyse the behaviour 

of the group of 18 D. rerios will be described in Section 4.5.1. After comparing the model 
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predictions to actual D. rerio behaviour, predictions made by a classic AR model (composed of 

zero mass point agents, each with a simple information field) will also be compared with the 

behaviour of the actual aggregation. 

4.5.1 Collection and analysis of aggregate data 

Group aggregate behaviour data for the D. rerio aggregate of 18 fish was collected just after 

collection of the individual and small group D. rerio behavioural data, using the same group of 

D. rerio. However, data from the group of 18 was not analysed in advance of model creation 

and analysis. This was done in order to clearly avoid any possibility of modifying the behaviour 

of the model, a priori, to match the group-level behaviour of the D. rerio aggregate. Rather, the 

model was used to generate predictions about the behaviour of the aggregate, the behaviour 

of the D. rerio aggregate was then analysed and, finally, the model predictions were compared 

with the behaviour of the actual aggregate. 

Methodology 

To collect aggregate behaviour, all 18 fish were placed in the experimental tank and videotaped 

for 20 minutes, resulting in 36000 frames of data. As with the individual data, data from the 

first 5 minutes of this trial was discarded prior to analysis. Since these data were intended to 

validate model predictions of group properties, three measurable group properties were chosen 

for comparison: group speed, which is the change in group position over time; group movement 

angle, which is the angle between successive group velocity vectors; and simple group volume 

(volume measured using a bounding box). 

Both group speed and and group angle measurement required, first, a calculation of group 

position, which in turn required determination of the position of individual fish for a given video 

frame. It was recognised that, due to limitations associated with the processing software and 

lab setup, it would be difficult to get accurate position and tracking data for all 18 fish across 

multiple frames. However, it was generally possible to get position data for some of the 18 fish 

in each frame. This position data could then be used to provide an estimate of the group position 
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of the aggregate in that frame, which in turn could be used to calculate aggregate speed and 

aggregate angle of movement. 

Visual inspection of the video showed that fish in the tank did not remain stationary, and 

that the centre of the group shifted over time. Thus, both measures where the speed of the 

aggregate was physically improbable (faster than the highest speed measured for an individual), 

and measures where the speed of the aggregate was close to zero were suspect. Similarly, 

volume measures where the volume was lower than 22.50 cm3, the approximate minimum 

calculated volume for 18 D. rerio, were also suspect. Two approaches were taken to deal with 

this erroneous data. The first was to take an overall mean across all values calculated for two 

or more fish, under the assumption that high and low errors occurred with similar regularity 

and would balance each other out, thus resulting in a reasonable estimate of the actual mean. 

The second strategy was to eliminate all values above or below certain threshold values. For 

calculating group speed, values greater than 3.00 cm/30th of a second (with reference to the 

maximum measured speed of an individual, 2.73 cm/30th of a second) were eliminated. For 

calculating angles, angles were only calculated if the speed vectors associated with the angle 

were less than 3.00 cm/30th of a second. For group volume, values below 22.50 cm3 were 

eliminated. 

Results 

A summary of the results of the data analysis are presented in Table 9. These results are discussed 

below. 

measure all data points cleaned data 

vsimp {cm3) 2774.77±4516.45(n=4058) 2984.02±4617.35(n=4392) 

sa^(cm/30 t hsec.) 2.60±4.06(n=4365) 0.66±0.76 (n=3122) 

tOagg (r) 1.53 ±1.07 (n=4337) 1.25±0.96(n=2096) 

Table 9: Group measures of the behaviour of 18 D. rerio: In the cleaned data, speeds above 3.00 cm/30"1 

of a second were removed, angles calculated using speeds above this were removed and densities < 
22.50 or > 202475.00 cm3 were removed (but no measurement was above the maximum possible density 
value). 
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4.5.2 Comparison of aggregate behaviour with model predictions 

Speed The mean speed of the aggregate as predicted by the model was 1.29-2.42 cm/30 t , ! of 

a second. If values above 3.00/30 t ,! of a second were eliminated then the mean speed of the 

actual D. rerio aggregate was recorded as 0.66±0.76/30 t '! of a second and if all values were 

included the mean speed of the actual D. rerio aggregate was recorded as 2.60±4.06cm/30 th 

(the difference between these values was caused by the large number of values, 1243, that were 

above 3.00, with a mean value of 7.45). Thus, the actual mean speed of the aggregate is below 

the range predicted by the model when using cleaned data, and above the range predicted by 

the model when using all data(a significant difference, p < 0.05, for both cleaned data and all 

data points compared with values at each end of the model range). From a qualitative point of 

view, group speed behaviour corresponded to the behaviour predicted by the model, with the 

speed oscillating over time (see Figure 23b). 

Group angle Qualitatively, the model predicted that the turning angle of the group would be 

generally low, with occasional jumps in value. Quantitatively, the average change of direction 

predicted by the model was 0.11-0.61 with maximums of 0.72-2.63. Observed average change 

of direction (cleaned data) was 1.25±0.96. Thus the actual value was significantly higher (p < 

0.005) than the predicted mean value, but within the range of the maximum values predicted. 

With respect to the pattern of movement, actual group angle data showed the group frequently 

changing direction over time, with some spikes in turning angle as predicted by the model, (see 

Figure 23c). 

Group volume The mean value predicted for density across parameter combinations was 

1049.62 cm3, and the pattern of the volume change over time predicted by the model, was that 

the simple volume would increase and decrease over time, rather than remaining constant or 

increasing continuously. The mean simple volume actually recorded was 2984.02±4617.35 cm3, 

which was significantly higher (p < 0.005) than the predicted maximum volume. However, 

like the model, the simple volume of the aggregate increased and decreased over time (see 

Figure 23a). 
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Figure 23: Aggregate volume, speed and angle for a D. rerio aggregate of 18 D. rerio. 
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4.5.3 Comparison of aggregate behaviour with behaviour of simple AR model 

The behaviour of the D. rerio aggregate was also compared with the behaviour of a simple 

AR model, to see if the simple AR model could make accurate predictions about the behaviour 

of the actual aggregate when parameters of the AR model were set using the experimentally 

collected values for maximum speed, turning angle and preferred spacing. This was done to 

show that models made using the new PCA modelling framework could provide information 

and predictions that previous models would not have made, and also to show the importance 

of incorporating experimental data into models in order to validate them— something which is 

made more feasible through use of the PCA modelling framework. 

Model setup and methodology 

The simple AR D. rerio model was created by altering the code of the PCAI D. rerio model 

discussed in Section 4.3. Algorithms 1 and 2 still describe the model. However, in the simple 

attraction and repulsion model, agent embodiment was removed so that agents were represented 

as zero volume points, rather than the 5 sphere agent body in the PCAI model. Agents had a 

spherical perceptual area of 40 units, rather than the 8 cone-shaped perceptual fields of the PCAI 

model, so agents detected all other agents with a 40 unit radius. Each parameter combination 

was run 35 times, for 501 timesteps each, with agents initially positioned at (0,0,0). Model 

movement and preferred distance parameters were set using the experimentally gathered data, 

and the same cognitive algorithms were used. The same parameter combinations were run and 

analysed in the same way. 

Results 

A visual inspection of the model behaviour showed evidence of aggregate behaviour for some 

parameter combinations, with agents moving together in a cohesive group through space. How

ever, for all but four of the parameter combinations, the simple AR model had densities that 

were far below the minimum possible D. rerio densities (>0.033 cm3/D. rerio, where the 

minimum density for actual aggregates is approximately 1.25 cm3/D. rerio). The remaining four 
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models remained essentially stationary in space, as indicated by low group speed (an average 

maximum value across parameter combinations of 0.11 cm/30c/l second) across timesteps. A 

visual inspection of these models showed agents spread out from each other and spinning around 

their own axes, rather than moving as a group. 

With respect to polarisation and angle of movement, parameter combinations that resulted 

in group movement (albeit with physically impossible density) showed polarisation and angle 

movement values that were somewhat similar to the group of 18 and PCA model in terms of 

range of values. Average group angles were between 0.13 and 1.44 rad, as compared with the 

observed mean change of direction (cleaned data) of 1.25±0.96 rad. With respect to minimum 

values, parameter combinations generally oscillated between 0.005 and 0.99 rad, with most of 

the parameters settings (12 of the 16) having a low minimum value. 

With respect to polarisation, values could not be compared with the actual aggregate. Max

imum values ranged between 0.29-1.59 rad and minimum values ranged, similarly, between 

0.12-1.04 rad. Average values were between 0.22-1.37 rad. For some parameter combinations 

the model predicted almost total alignment at all times, while for other parameter combinations 

the model predicted quite low alignment in general. This variability would make it difficult to 

predict actual aggregate behaviour. As well, the AR model exhibited evidence of attraction to 

particular model states, with different parameter combinations producing the same qualitative 

and quantitative model behaviours. 

Aggregate volume, speed and turning angle graphs for a single run (see Figure 24) demon

strate that the qualitative behaviour of the model for these aggregate measures was noticeably 

distinct from the qualitative behaviour of the actual aggregate, particularly with respect to 

group volume (see Figure 23). In the graphed AR run, group volume steadily increased and 

then plateaued, rather than oscillating between values, with occasional spikes in volume (the 

behaviour seen in the graph of the actual aggregate volume). Group speed and group angle for 

the AR model exhibited some degree of oscillation. However this was also in the context of a 

larger trend, with group speed decreasing and then plateauing and group angle increasing and 

plateauing, accompanied by an increase in size of oscillations. This was in contrast to the actual 

group behaviour, which showed consistently oscillating behaviour throughout the trial period. 
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Figure 24: Aggregate volume, speed and angle during a single run of the simple D. rerio model for 
parameter combination (10,1,3,3). 
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Previously, modellers that have based the behaviour of their modelled individuals on experi

mental data have rarely tried to validate their models' behaviour by comparing the aggregate 

behaviour of the model with the behaviour of an actual aggregate. However, as has been shown 

by the results presented in this chapter, it is possible to do so. Qualitatively, the PCAID. rerio 

model predicted that simple volume, aggregate speed and aggregate angle values would oscillate 

over time. This behaviour was also seen in the actual aggregate for all of these measures. 

With respect to quantitative predictions, values predicted by the model were generally 

significantly different from values seen in the actual aggregate. However, the large sample size 

(and resulting statistical power) meant that even relatively small differences could be significant, 

and the magnitude of the difference between the model's predictions and the actual values were 

not always that large. For example, the value of the aggregate volume predicted by the model 

was smaller than the value seen in the actual model by an amount roughly comparable to the 

size of two decks of cards. In all cases the value predicted by the model was within the same 

order of magnitude as the measured behaviour of the aggregate. 

In contrast to this, the simple AR model failed to generate realistic qualitative and quan

titative predictions. Although its group angle values were closer to those seen in the actual 

aggregate, this only occurred for parameter combinations where the density of the aggregate 

was impossibly high. When considered across all parameter combinations, the simple AR D. 

rerio model was an extremely poor predictor of the observed aggregate behaviour, despite hav

ing its parameters set using the same data. Specifically, when set using experimentally based 

parameters, and eliminating parameter combinations that were not physically possible, the 

simple AR model entirely failed to make realistic qualitative predictions about the behaviour 

of the D. rerio aggregate with respect to aggregate volume and speed. Consequently, although 

the AR model may be able to produce results that are of interest when parameters are set 

using non experimental values, it was entirely unsuccessful at creating a predictive model of a 

species-specific aggregate. 
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One of the challenges of using the PCAI model to make predictions was the fact that values for 

all model parameters were not known. This was particularly the case for cognitive parameters. 

As a result, model behaviour had to be explored for multiple values of these parameters in 

order to determine common model behaviours. As well, model behaviour was sensitive to these 

changes in parameters, and, as indicated in Table 8, these had a noticeable effect on the range 

of values seen in the model. This increased the difficulty of using the model to make predictions. 

Nonetheless, it was still possible to make predictions by finding commonalities among model 

behaviours under different parameter settings. This was arguably a more cautious approach than 

simply picking one model parameter setting and using it as the appropriate model parameter 

setting. 

The results of the AR model support the idea that incorporating realistic representations 

of perceptions in aggregate models is important in order to obtain realistic model behaviour. 

If these perceptions are not included, then even experimentally set parameters may not result 

in realistic aggregate behaviour. However, since both multiple perceptual fields and embodied 

agents were introduced at the same time it is possible that the failure of the simple model 

was due to the point mass or the simple field, or both. Having said this, it is arguable that 

to accurately model perceptual abilities, agents also need to be embodied accurately, because 

perceptions interact directly with objects, resulting in an interaction between these two aspects 

of the model. 

With respect to how these results reflect on existing models, it can be argued that the simple 

AR model was more simplistic than existing AR models, like those produced by Hemelrijk and 

Hildenbrandt (2007) and Viscido et al. (2007), because it lacked specific zones in which its 

rules were applied, and it did not incorporate blind spots into its perceptual field. It also made 

no effort to embody agents realistically. However, its results are relevant in that they show 

that even if a model produces qualitative behaviour that is convincing for some parameter 

settings, its quantitative results may not be realistic when compared with the behaviour of an 

actual aggregate of interest, even if parameters are set using realistic values. These results 

also suggest that using generic or non-species-specific models to generate predictions about 
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species-specific aggregate behaviour may lead to incorrect predictions, even if, again, available 

model parameters are set using species-specific data. 

This chapter has been, in part, a response to Parrish and Edelstein-Keshet's (1999) concern 

(see Chapter 3) that even if a model exhibits aggregate behaviour, this does not in and of itself 

imply that the model is a model of a particular aggregate of interest. The reason for this is 

that multiple mechanisms can generate aggregate behaviour and there is no guarantee that the 

mechanisms in the model are the same ones that are being used by the aggregate in question. 

As stated in Chapter 3, the way to overcome this problem is twofold. First, the modeller 

must match the parts of the model as much as possible to the parts of the system actually being 

modelled, determining which parts of the system are relevant to the phenomenon of interest, 

and which parts are extraneous. Then, second, the model must be validated, to show that it 

has included and accurately modelled the parts of the system that are required for the system 

as a whole to behave in the manner relevant to the system being studied. In Chapter 3 it was 

argued that the relevant parts of an aggregate include the perceptual, cognitive and movement 

abilities of the aggregating animals. To constrain a model such that it is a convincing model of a 

particular species, these components of the model must be clearly matched with the behaviour 

of the aggregating individuals in question. Once this has occurred, the model may be validated 

by comparing it with the behaviour of the actual aggregate of interest. 

In this chapter, these modelling requirements were carried out explicitly, with perceptual, 

cognitive and movement properties of individuals in the D. rerio model constructed based 

on empirical data gathered from individuals. Although it was still possible to represent these 

aspects of individuals inadequately or incorrectly in the model, the model was explicit about 

the extent to which these aspects of the model did or did not match the properties of actual 

D. rerio, allowing the issue of model accuracy to be addressed directly. For example, because 

parts of the cognitive algorithms were not based on experimental evidence, it was possible that 

the agents in the model were not aggregating in the same manner that actual D. rerio were. 

However, by making the representation and assumptions concerning cognition explicit, this 

became amenable to explicit validation. 
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This chapter presented the PCAI, a three-dimensional implementation of the PCA framework 

in the Breve simulation environment. The PCAI was then used to create a species-specific D. 

rerio model. The major findings of this chapter were that it was possible to create a species-

specific aggregate model that made successful qualitative and, to some degree, quantitative 

predictions about the behaviour of an actual D. rerio aggregate. By contrast, the simple AR 

D. rerio aggregate model was invalidated as a species-specific model. This supported the 

contention that embodied agents with accurately modelled perceptions, cognition and action 

are required if models are to successfully depict and explain aggregate behaviours. The next 

chapter, Chapter 5, will investigate the influence that the shape of the perceptual field has on 

the behaviour of the aggregate, considering in the process the information requirements for 

cohesive aggregation. Chapter 5 will also examine the ways in which the shape of the perceptual 

field helps to determine the behaviour of the aggregate and why certain perceptual field shapes 

are more conducive to aggregate cohesion. 



Chapter 5 

Perceptual underpinnings of aggregate behaviour 

Chapter 4 demonstrated that species-specific, predictive models with physically embodied agents 

and parameters based on experimental data can be made using the PCA framework. Chapter 5 

will extend the findings of Chapter 4 by using the PCA framework to explore, more generally, the 

information requirements for cohesive aggregate behaviour and the ways in which these informa

tion requirements are mediated by the perceptual abilities of aggregating animals. Specifically, 

Chapter 5 will report the results of model scenarios that show that it is the type of information 

available, rather than the quantity of information available, that determines whether aggregate 

cohesion is possible. It will further be shown that the type of information available to individuals 

is, in turn, mediated by the range of their perceptions, as represented in the model by the shape 

of the agent's perceptual field. 

To support these findings, first, an information-specific definition of aggregation will be 

presented. Then results relating to the minimum amount and type of information required 

for aggregation will be presented. Finally, the majority of Chapter 5 will focus on presenting 

model scenarios that demonstrate how the shape of the perceptual field influences the type 

of information available to the agent, and how this, in turn influences the cohesion of the 

aggregate. 

104 
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5.1 An information based definition of aggregation 

Chapter 3 argued that aggregate behaviour can be more successfully understood by using an 

information processing perspective when modelling individual behaviour. In this context, the 

aggregate as a whole may also be defined with respect to the information possessed by each 

agent in the aggregate and that agent's ability to respond to this information. The broadest 

possible definition would be to define an aggregate as a group of two or more animals, each of 

which, at a given point in time, t, has spatial information about at least one other animal of the 

same species, which, itself, also has information about at least one other animal of the same 

species and each of which are capable of adjusting their spatial properties using this information. 

This may be more precisely defined, in graph theory terms, if agents are considered to be 

vertices in a directed graph, in which edges represent an agent having spatial information about 

another agent. In this case, as long as this aggregate information graph is connected (i.e., every 

pair of vertices is connected by a path) over time, then the group of agents so connected may 

be considered to be an aggregate, in a broad sense (see Figure 25). In this broadest definition, 

coordinated movement may not be present at time t but animals are still denned as an aggregate 

based on possibility of coordinated movement at time t. 

With respect to connections over time, and the ability of agents to leave or join the aggregate, 

the general definition above may be made more precise by saying that, so long as no vertex, v, 

of the graph remains disconnected over a specified period of time, 5tv, then that vertex (and by 

extension the agent) can be considered to remain within the aggregate. Theoretically, the value 

of 5tv can be further defined as the length of time after which v can never again be, or simply 

is never again, connected to any other vertices. In this latter case, 5tv would be an a posteriori 

value. In the former case, it may be possible to determine the value theoretically.For particular 

aggregates there may also be a typical period of time, 5tk, after which it is improbable that a 

vertex that is disconnected to the aggregate will be reconnected to the aggregate. 

Other definitions of aggregation- ones based on aggregate density, for example- may be 

viewed as secondary definitions that try to operationalise this information processing definition 

using measurable properties like distance between animals or number of animals in a particular 
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Figure 25: Animal aggregation, as represented by an aggregate information graph showing which 
animal has information about which other animals. Lines represent information, with the start of the 
arrow indicating the animal that has the information and the direction of the arrow indicating which 
animal the first has information about. 
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area or volume of space. These operationalisations of the information processing definition 

are necessary from an experimental point of view because it is not possible to observe the 

information one animal has about another. However, these operationalisations are only valid if 

it is assumed that there is a relationship between, for example, the distance between one animal 

and another and the ability of the first animal to obtain information about the other animal. This 

assumption seems reasonable if the concept of the perceptual field is added as a mediating factor. 

It is also worth noting that in some cases (e.g. whales communicating with ultrasound (Frazer 

and Mercado III, 2000), humans communicating with cell phones), some forms of aggregate 

behaviour may be possible over large areas, and at very low densities of the animal in question. 

Thus, efforts to operationalise the definition of an aggregate using measures like density and 

volume of aggregate need to be species and environment specific. An operationalised definition 

of aggregation is used to measure aggregate cohesion in the information and perceptual field 

investigations discussed below. The results are discussed both within this context and in terms 

of the primary aggregate information graph definition of aggregation. 

Continuing to discuss aggregation with respect to information processing, and in terms of 

graphs, it may be asked: How much information is required, or, in graph terms, how connected 

does the aggregate information graph need to be, to generate physically measurable aggregate 

behaviour (i.e., measurable using an operationalised definition of an aggregate)? It may also be 

asked— is it the number of connections or the type of connections which are most important 

in determining the existence of aggregate behaviour? In the rest of this chapter the results of 

models created to answer these questions will be discussed, particularly with respect to how 

perceptual abilities mediate the ability of aggregates to acquire sufficient information to form 

aggregates. 

5.2 Four scenarios exploring the minimum information required 

for aggregation 

To explore how information limitations might affect the behaviour of an aggregate, four scenarios, 

all varying the amount and type of information available to agents, were compared. In the first 
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two scenarios, every agent in the simulation always had access to at least some information 

about other agents, but the amount and type of information was varied. In scenarios three and 

four, the first two scenarios were repeated, with the exception that some agents did not receive 

any information about other agents at each timestep. Lastly, a control scenario was also run 

where agents had access to and used all information about other agents at each timestep. 

5.2.1 Model setup and methodology 

Agent information The models for the minimum information scenarios were based on the 

D. rerio model constructed in Chapter 4 (see Algorithms 1 and 2). At this stage, agent percep

tion was not modelled, in order to allow for a direct investigation of theoretical information 

constraints (see Section 5.3 for a discussion of models that extend these findings to models 

with perceptual fields). Instead, to eliminate variables in the preliminary investigation, environ

mental information was provided directly to the attention function, with attention algorithms 

as described in Algorithm 3. Thirty agents were used for each scenario. In the first scenario— 

the random agents scenario— agents randomly picked a specified number, N, of other agents 

(referred to as their neighbours) at each time step, and used information about these agents 

as input to their cognitive algorithms. In the second scenario- the nearest neighbour scenario-

agents still picked a specified number of the agents, but in this case they picked only the JV 

agents nearest to them (referred to as their N nearest neighbours) and used information about 

these agents as input to their cognitive algorithms (see Algorithm 3 for algorithm details). The 

third scenario was the same as the first scenario and the fourth the same as the second, but with 

a specified number of randomly chosen agents at each turn (the perception deprived agents, $) 

receiving no information for that turn. 

For both the first and second scenarios, the number of neighbours picked varied from 1 to 

16 (1, 4, 8, 12 and 16 neighbours, where 16 is just over half of the aggregate). There was also a 

control run where agents used information about all other agents in the group. In the final two 

scenarios (where some agents in each timestep received no information about the aggregate) 
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TIMESTEP(0,A,<J>,]V) 

1 for each agent in A 
2 do L' <— ATTENTION(O) 

3 I *— COGNITIVE-PROCESSING(L/) 

4 ACTION(J) 

5 for each agent in $ > perception deprived agents 
6 do V «- () 
7 7 <— COGNITIVE-PROCESSING(L/) 

8 ACTION(J) 

ATTENTION(O) 

1 L' <— MERGE-LISTS(O) 

2 L ' <— PICK-NEIGHBOURS(N, l ' ) 

3 > the appropriate PICK-NEIGHBOURS procedure (below) is called for each scenario 
4 return 1/ 

PICK-NEIGHBOURS-RANDOM(JV, L') 

1 return RANDOM(N, L') 

PICK-NEIGHBOURS-NEAREST(JV, V) 

1 return NEAREST(JV, I/) 

Algorithm 3: Agent behaviour during one timestep of the minimum information models. Cognitive 
processing and action algorithms are the same as in the Chapter 4 D. rerio model, Algorithm 2. 

models were run where 1, 4, 8, 12 and 15 (half of the group) randomly selected agents at each 

time step received no information. 

Parameter combinations Within the context of these four main scenarios a number of addi

tional parameter combinations were used to explore behaviour across the parameter space of the 

scenarios. Specifically, two values for maximum speed, maximum turning angle and preferred 

space were chosen and two different starting configurations were chosen, one where all agents 

started with a random position within one unit radius of the origin, and one where all agents 

started with a random position within a 40 unit radius of the origin (see Table 10). This resulted 

in a total of of 80 parameter combinations for each of the first two scenarios. 
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Model runs and aggregate measures Model runs of 100 timesteps each were run for each 

parameter combination, with 10 model runs per parameter combination. At each timestep, 

information about the number of stragglers, groups and clusters was gathered, where, as in 

Chapter 4, stragglers were defined as agents not within 20 units of any other agent, groups were 

sets of agents that were within 20 units of at least one other agent already in the group, and 

a cluster was either a group or a straggler. Each of these measures provides a different type of 

information about the aggregate: number of stragglers provides information about how many 

individuals are effectively 'lost', number of groups provides information about whether or not 

the main aggregate has split into (possibly stable) smaller aggregates, and clusters provides an 

overall measure of group cohesiveness, from the perspective that either stragglers or subgroups 

that have separated from the main group represent a reduction of cohesion. Maximum number 

of clusters, groups and stragglers for each run were calculated and averaged across runs and 

these collected results were further compared and analysed across parameter combinations to 

determine how parameter settings influenced these aggregate measures. Differences between 

values were confirmed using either paired t-tests (for comparisons of two values) or one-way 

repeated measures ANOVAs followed by a Tukey HSD test for multiple comparisons. Correlation 

was determined using Pearson's correlation coefficient. 

Parameters Values 

smax 0.5 u/t, 2.0 u/t 

tOmax 0.78 rad, 3.10 rad 

spacepref 2 u, 10 u 

wc 1 

wv 1 

ws 3 

starting position radius (rsp) 1 u, 40 u 

number of neighbours perceived (nbsperceived~) 1, 4, 8, 12, 16 

number of perception deprived (,pd) agents 1, 4, 8, 12, 15 

Table 10: Parameter values for the four information scenarios: Number of perception deprived (pd) 
agents are the number of agents in a timestep that do not receive any information in Scenarios 3 and 4 
(u= units of distance, t = timestep). 
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5.2.2 Results 

Results when all agents perceived As might be expected, in the control scenario, when agents 

used all information about the aggregate to determine movement, the aggregate remained as a 

single group for almost all runs of all parameter sets. Only 1 straggler occurred across all 160 

model runs of 100 timesteps each. 

For the random neighbour scenario, the aggregate remained fully cohesive (the aggregate 

remained as a single cluster across all 10 runs of the parameter combination) for 58 out of 80 

parameter combinations. For each of the remaining 22 parameter combinations, the aggregate 

remained as a single cluster for at least 8/10 runs. Combining parameter combinations in which 

the same number of neighbours determined movement, the number of neighbours was not 

significantly correlated with number of parameter combinations where number of clusters was 

greater than 1, or with total number of clusters within each group (see Table 11, n = 5, r = 

0.10, t(3) = 0.02 p > 0.1, r=-0.08, t(3) = -0.14, p > 0.1). 

random neighbour nearest neighbour 

nbsperceived clusters^ clusterstot clusters^ clusterstot 

1 

4 

8 

12 

16 

4 

6 

3 

3 

6 

16.7 

16.8 

16.4 

16.5 

16.8 

13 

11 

13 

11 

13 

70.6 

36.2 

34.7 

32.4 

31.5 

Table 11: Clusters relative to number of neighbours perceived by agents: For parameter combinations 
with the indicated number of neighbours perceived (nbsperceived), this table shows the total number of 
parameter combinations where the number of clusters was greater than one (clusters^), and the total 
number of clusters across parameter combinations where agents had information about a number of 
other agents up to the indicated number of neighbours (clusterstot). Data is shown for both the random 
neighbour and nearest neighbour scenario. 

In the nearest neighbour scenarios, the aggregate consistently broke up into smaller groups 

for all numbers of neighbours considered (in 61 out of 80 parameter combinations the aggregate 

lost cohesion during at least one run). There was no significant correlation between the number 

of neighbours perceived by agents and the number of parameter combinations where clusters 

were greater than 1 (n = 5,r = -0.03 t(3)= 0.05 p > 0.1) (see Table 11). The total number of 
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groups across parameter settings for a particular number of neighbours was negatively, but not 

significantly, correlated with the number of neighbours perceived by agents (n = 5, r = -0.74, 

t(3)=-1.9, p > 0.1) . When one nearest neighbour was considered, the mean number of clusters 

was 4.41. When 16 nearest neighbours were considered, the mean number of clusters was 1.97. 

Here, the largest change in value was between perceiving 1 and 4 agents. Perceiving between 4 

and 16 agents resulted in a similar number of clusters. 

Results when some agents were perception deprived Table 12 allows for a comparison of 

two variants of the random neighbour scenario. A comparison of model behaviour when each 

agent selected 8 agents to determine movement and all but one agent had perception each 

timestep with the same scenario but with 15 randomly chosen agents with no perception for 

each timestep, showed negligible differences for both the random neighbour algorithm and 

the nearest neighbour algorithm for number of groups (see Table 12). However, number of 

stragglers, and consequently overall cohesion, as represented by number of clusters, did differ 

significantly (although not largely) between the single pd agent case and the 15 pd agent case 

in both the nearest neighbour and the random neighbour scenarios. 

5.2.3 Discussion 

The four scenarios discussed in this section— the random neighbour scenario, the nearest neigh

bour scenario and these scenarios repeated but with some agents perception deprived— were 

compared in order to gain an understanding of the minimum information requirements for 

aggregate cohesion. The results from these scenarios show that an aggregate can maintain cohe

sion if as few as half of the agents in die group at each moment in time have information about a 

single other agent. However, this is largely true only if that single agent is randomly chosen from 

the set of all agents in the simulation. If agents base their movement on information about their 

nearest neighbours rather than on neighbours randomly chosen, the resulting aggregates are 

much less reliably cohesive. The relevance of these results to existing research will be discussed 

below. 
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scenario groups stragglers clusters 

nearest neighbour 

1 pd agent 

15 pd agents 

significant difference 

random neighbour 

1 pd agent 

15 pd agents 

significant difference 

45.65 

45.4 

no 

(t(15)=0.86 

p=0.40) 

16 

16.1 

no 

(r(15) = 1.00 

p = 0.33) 

1.1 

2.8 

yes 

(t(15)= =-3.17 

p = 0.006) 

0.6 

2.4 

yes 

(K15) = = 2.42 

p = 0.029) 

45.9 

47.25 

yes 

(t(15) = -2.30 

p = 0.036) 

16.6 

18.5 

yes 

(r(15)=2.60 

p=0.02) 

Table 12: A comparison of behaviour between model runs where all but one agent perceived eight 
neighbours at each timestep and model runs where only half of the group perceived eight agents and half 
of the group perceived no agents at each timestep (n = 16, paired t-test). 

In aggregate information graph terms, these results show that it is possible for an aggregate 

of n individuals to maintain cohesion over time if vertices that are disconnected from the 

aggregate information graph at each timestep are chosen randomly. The number of agents that 

do not perceive other agents at a single timestep (pd) has a relatively small (albeit statistically 

significant) influence on this, such that even when pd = n/2 there is only a minimal effect on 

cohesion, as a result of a small increase in number of stragglers. It is speculated that so long 

as an agent can maintain a sufficiently accurate representation of the aggregate over time to 

successfully re-establish a connection to the aggregate information graph after a passage of time, 

that agent does not need to have information about the aggregate at every moment in time 

in order to remain with the aggregate. If, however, connections are established in such a way 

that nodes in the graph are only connected to nearest neighbours, the results show that the 

aggregate will tend to lose cohesion, even if the size of the information graph is n, and vertices 

have degrees as high as n/2. It is speculated that this is because the nearest neighbour algorithm 

tends to result in the formation of disjoint subgraphs (to be investigated in future work). 
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The results of this section call into question the generality of the conclusions drawn by 

models using the nearest neighbour algorithm. Parrish et al. (2002), using a nearest neighbour 

algorithm in their model of fish schooling, conclude that when schooling fish attend to more 

neighbours, this leads to larger aggregates, because this increases the number of neighbours 

shared among individuals in the aggregate and the aggregate is able to maintain higher levels 

of cohesion. However, as has been shown here, this result is specific to the nearest neighbour 

algorithm, and is not necessarily the case more generally. Instead, it may be possible for animals 

to aggregate in large groups even when considering only small amounts of information, and 

attending to more and more information may not improve group cohesiveness. 

Viscido et al. (2005) also consider the influence of numbers of neighbours on aggregate 

behaviour using the nearest neighbour algorithm. They find that group cohesion is reliably 

maintained only once the number of neighbours considered is approximately half of the size of 

the entire group. However, again, this is specifically the case for the nearest neighbour algorithm 

and does not hold true for the random neighbour algorithm. Rather, in the case of the random 

neighbour algorithm, the cohesion of the group can be maintained by animals using a single 

piece of information about the aggregate, assuming that this piece of information is chosen in 

such a way that it maximises information about the behaviour of the group as a whole. 

Ballerini, Cabibbo, Candelier, Cavagna, Cisbani, Giardina, Lecomte et al., (2008) suggest 

that, based on the movement patterns of European starlings {Sturnus vulgaris), they are using 

what the refer to as 'topological' rather than 'metric' distance when determining their force 

of attraction to other starlings. In other words, a starling would be equally attracted to two 

starlingss that were different distances apart, as long as they were the two closest starlings. 

This is effectively the nearest neighbour algorithm, and Ballerini, Cabibbo, Candelier, Cavagna, 

Cisbani, Giardina, Lecomte et al., (2008) argue that their data supports the idea that starlings 

use some form of this algorithm to allow them to aggregate in large groups. However, results 

from the models discussed here suggest that the nearest neighbour algorithm generally leads to 

low aggregate cohesion, even in large groups. This contrasting result suggests that there may be 

alternate interpretations of the starling data. 
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The scenarios explored in this section were not meant to be realistic scenarios, but were 

constructed in order to explore the minimum information requirements for aggregate cohesion. 

Consequently it might be argued that animals cannot realistically obtain a random sample of 

information about the agents in their environment, and that the nearest neighbour algorithm 

is a more plausible representation of actual animal behaviour. Ultimately, however, the type 

of information that animals can obtain from their environment is mediated by their perceptual 

fields, and so the realism of these algorithms can only be determined by considering the operation 

of these perceptual fields. The ways in which the shape of the perceptual field interacts with the 

information to which an animal chooses to attend will be explored in the next section. 

5.3 Five scenarios exploring the influence of perception on aggre

gation 

In the previous section it was demonstrated that aggregate cohesiveness depends not only on how 

much information agents have, but also on whether or not this sample of information provides a 

sufficiently accurate characterisation of relevant properties of the aggregate as a whole. Since the 

information received by animals depends on the functioning of their perceptions( represented 

in the PCA model by perceptual fields) it is expected that the shape of the perceptual field in 

the models and, by extension, perceptual abilities in real aggregates will, in turn, mediate the 

information that is available to animals. This section will consider the ways in which the shapes 

of perceptual fields determine both the number and location of the perceptible neighbours for 

each agent in a group and how this, in turn, affects aggregate cohesiveness. 

Prior to running the five scenarios, it was hypothesised that the shape of the perceptual 

fields of the agent would determine which and how many perceivable neighbours the agent 

would have at each time step. If a particular perceptual field shape reduces or increases the 

number of neighbours, or if that perception influences the type of neighbours (e.g., nearest 

neighbours, distant neighbours) that the agent tends to have at each time step, this will also 

affect the behaviour of the agent and, in turn, the behaviour of the aggregate. 
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5.3.1 Model setup and methodology 

Five different perceptual field scenarios were considered. Models in each scenario were the 

same as models used in Chapter 4 (see Algorithms 1 and 2), but with changes to the perceptual 

fields and attention algorithms, as described below. 

Perceptual field scenarios For each of the five scenarios, all agents in the scenario were 

assigned perceptual fields of a specified shape, as follows (see also Figure 26): 

• sphere scenario: a full sphere with a radius of 40 units 

• angle scenario: two half spheres with radii of 40 units, angled 13 degrees off the normal, 

in front of the agent (the same as the D. rerio visual perceptual fields in Chapter 4) 

• front scenario: a single half sphere with a radius of 40 units straight in front of agent 

• wide scenario: two cones, each with a height of 40 units and an angle of 90 degrees 

extending out from the sides of the agent 

• narrow scenario: two cones, each with a height of 80 units and an angle of 45 degrees 

extending out from the sides of the agent 

The sphere and angle fields had the same volume, and the front, wide and narrow fields all 

had volumes half that of the sphere and angle fields. Note that these are the only perceptual 

fields of the agents— the lateral line fields of agents in Chapter 4 have been removed. 

Attention algorithms For each perceptual field scenario, 3 attention algorithms (algorithms 

used to choose which agents would be processed by the cognitive processing algorithms) were 

considered: the all neighbours attention algorithm, which attended to all of the neighbours per

ceived by the agent, the 4 random neighbours attention algorithm, which picked four neighbours 

at random from all of the agents perceived by the agent and the 4 nearest neighbours attention 

algorithm, which picked the four nearest neighbours perceived by the agent (not necessarily the 

actual 4 nearest neighbours of the agent). Based on results from the experiments in Section 5.2, 

4 was considered to be a intermediate value with respect to its influence on aggregate behaviour. 
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narrow 

front wide 

sphere angle 

Figure 26: Shape of the 5 perceptual fields (not to scale). 
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TIMESTEP(0, X) 

1 
2 
3 

4 
5 

for each agent in A 
do L <— PERCEPTION(O) 

L'*— ATTENTION(L) 

/ <— COGNITIVE-PROCESSING 

ACTION(Z) 

ATTENTION(L) 

1 
2 
3 
4 

L'«— MERGE-LISTS(L) 

> the appropriate PICK-NEIGHBOURS 

L' <— PICK-NEIGHBOURS(4, V) 

return L' 

PICK-NEIGHBOURS-RANDOM(JV, I / ) 

1 return RANDOM(JV, L') 

PICK-NEIGHBOURS-NEAREST(JV, L') 

1 return NEAREST(N, L') 

PICK-NEIGHBOURS-ALL(JV, L1) 

1 return L' 

ao 

procedure (below) is called for each scenario 

Algorithm 4: Agent behaviour during one timestep for the perceptual field models. Model algorithms 
are the same as those described in Chapter 4, Algorithms 1 and 2, with the exception of the attention 
algorithm, as described here. 

Additional combinations of movement parameter settings (maximum speed and maximum 

turning angle) and one cognitive setting (preferred space) were also chosen, in order to more 

fully explore the parameter space of the scenario models (see Table 13 for more details on these 

additional parameter settings). Cognitive weights were fixed at wc = 1, wv = 1 and ws = 3, 

which, based on results from Chapter 4, were considered to be values that would not overshadow 

the influence of other parameters (the influence of cognitive weights on aggregate behaviour 

will be investigated in Chapter 6). All possible combinations of the parameter values resulted in 

240 parameter combinations. 

Model runs As in Section 5.2,10 model runs of 100 timesteps each were run for each param

eter combination in order to determine if perceptual field shape affected the behaviour of the 
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model parameter values -

perceptual field shape (sphere, angle, front, wide, narrow) 

attention algorithm (nearest neighbours, all neighbours, random neighbours) 

number of neighbours attended to 4 

smax 0.5 u/t, 2.0 u/t 

t0max 0.78 rads, 3.10 rads 

spacepref 2 u, 10 u 

wc 1 

wv 1 

ws 3 

starting position radius (rsp) 1 u, 40 u 

Table 13: Model parameters for the perceptual field scenarios and the values used for these parameters 
(u= units of distance, t = timestep). 

aggregate in a consistent manner across parameter settings. As for the previous models, for each 

model run, at each time step, number of stragglers (individuals not within 20 units of another) 

number of groups (where a group is a set of agents that are within 20 units of another agent in 

the set) and number of clusters (number of groups and number of stragglers) were calculated. 

Analysis The main aggregate measure considered when analysing the results of the model runs 

was number of clusters. As stated in Section 5.2, this aggregate measure provides an indication 

of overall aggregate cohesiveness (with low cluster numbers indicating high cohesiveness), 

and so was considered to be the most basic and essential aggregate measure. If the average 

maximum value for the number of clusters for a particular parameter setting was less than 2, 

this indicated that in at least one of the 10 model runs for a particular setting, the aggregate 

was still a cohesive group after 100 time steps (with a value of 1 indicating that all 10 runs 

were cohesive). Values of 2 or greater indicated that for no model runs of that setting did the 

aggregate remain together as a cohesive single group during the 100 timesteps of the model run. 

As well, for each timestep and agent, the model recorded the number of other agents perceived 

and whether or not any of these were actual nearest neighbours. 

Neighbour data was analysed for each scenario by first adding up all of the neighbours 

perceived in a given time step across agents, then adding up all of the neighbours perceived that 
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were actually nearest neighbours, and finally counting how many agents perceived no neighbours 

in a given timestep. Then, maximum aggregate measure and neighbour data values for each 

run were calculated and averaged across runs and these collected results further analysed 

across parameter settings to determine how the number and type of neighbours influenced the 

aggregate behaviour of the model. Model results were analysed to determine if there were 

consistent patterns for each aggregate measure across parameter combinations, with particular 

emphasis on correlations between parameter values and aggregate measures. Correlation was 

calculated using Pearson's correlation coefficient, r. Differences between values were confirmed 

using a paired t-test (for comparisons of two values across parameter combinations). 

5.3.2 Model results 

Field volume and cohesion As noted in Section 5.3.1, sphere and angle fields have the same 

volume, and wide, side and angle fields all have volumes half this size. There was a strong 

but only weakly significant correlation (n = 5, r = 0.86, r(3) = 2.92,0.05 < p < 0.10) between 

volume of field and total number of parameter combinations with full cohesion across parameter 

settings with that perceptual field (cohesiontot), with full cohesion defined as the aggregate 

remaining cohesive for all 100 timesteps of all ten runs. Volume of perceptual field was also a 

poor predictor of aggregate cohesiveness in terms of total number of clusters across all parameter 

combinations, clusterstot, with the correlation between aggregate cohesiveness and number of 

clusters weak and not significant (n = 5, r = —0.47t(3) = -0.92p > 0.1). With respect to this 

measure, the wide field, despite being the same volume as the narrow and front fields, and half 

of the volume of the front and sphere fields, had the smallest number of total number of clusters 

across all parameter sets (see Table 14). 

A one way ANOVA blocked across parameter combinations showed a significant difference 

across the five scenarios, with respect to number of clusters (5 blocks, 48 values per block, 

F(4) = 5.973, p < 0.001). A follow up Tukey test showed that the mean number of clusters 

for the wide, sphere and angle scenarios were not significantly different from each other, but 

that the mean number of clusters for the front scenario was significantly different from the 
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Perceptual 

angle 

front 

narrow 

sphere 

wide 

field clusterstot 

69.3 

107.4 

154 

72 

54.1 

cohesiontot 

29 

13 

15 

29 

23 

nonepe, 

0 

172.4 

558.4 

0 

62 

•ceived '•^'•perceived 

848.39 

590.30 

215.25 

867.28 

479.25 

vPf 

201061 

100530 

100530 

201061 

100530 

Table 14: Cohesion of aggregates with different perceptual field shapes: total of average maximum 
cluster values across all parameter combinations (clusterstot), total number of parameter combinations 
with full cohesion across all 10 runs (cohesiontot), mean number of agents that perceived no neighbours 
(nonepercdved, mean value of the total perceived neighbours for each parameter combination totperceived 

and perceptual field volume in cm3 (vpj). 

four other scenarios, as was the mean number of clusters for the narrow scenario (0.05 level of 

significance). 

Perceived agents and cohesion To gain a better understanding of why perceptual field volume 

alone does not predict cohesion, perceived agent data was also considered. The noneperceiveci 

data showed that, for the sphere and angle fields, all agents always perceived at least one other 

agent in the aggregate in every timestep, whereas for the narrow and front fields, there were 

no parameter settings where all agents perceived at least one other agent across all timesteps. 

For the wide perceptual field there were only 3 out of 48 parameter combinations where all 

agents always perceived at least one other agent across all timesteps. Agents in the narrow and 

front scenarios perceived relatively small numbers of agents when compared to agents in the 

other perceptual field shape scenarios and had more agents who perceived no other agent in 

the aggregate (see Table 14) . 

Volume of perceptual field was strongly but not significantly correlated with the total number 

of agents perceived, totperceived (r = 0.80t(3) = 2.31, p > 0.1), and neidier volume nor numbers 

of agents perceived were strongly correlated with number of clusters (across all parameter 

combinations, n = 240, r = -0 .41 , t(238) = -6.93,p < 0.01 for correlation between number of 

agents perceived and number of clusters and r = -0.22t(238) = -3.48, p < 0.01 for correlation 

between volume of perceptual field and number of clusters). This is because, as was stated 

above, in die sphere and angle cases there were never times when only a small number of agents 
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were perceived— frequently all possible agents that could be perceived were being perceived. 

Nonetheless, aggregate cohesion still failed for some parameter combinations of the sphere and 

angle fields— most notably, in 12 (angle) and 11 (sphere) of the 16 parameter combinations 

where the nearest neighbour attention algorithm was being used. 

5.3.3 Discussion 

Importance of field shape Generally speaking, the behaviour of the model across parameter 

settings was predictable based not on the volume of the perceptual field but rather on the 

nature of information available to each agent, which in turn was predictable based on the 

shape of their perceptual fields. When agent fields were shaped such that they provided a 

sufficient approximation of a random sample of a 360-degree view of the entire aggregate 

(sphere, angle and wide field), agents could approximate the random sampling of all individuals 

in the aggregate and successfully aggregate, even with small amounts of information, just as 

agents in Section 5.2 could aggregate successfully with only one piece of information, randomly 

sampled from the aggregate. In contrast, when agent fields were poor approximations of a 

360-degree, full aggregate field, agents were unable to approximate the random sampling of 

individuals in the aggregate and over time the aggregate did not remain cohesive, even with 

relatively large amounts of information. Aggregates also lost cohesion when using the nearest 

neighbour algorithm, again, even if large amounts of information were available to agents. 

Narrow and front field cohesion failure With respect to why particular shapes of field failed 

to allow a sufficient random sample, agents in the narrow and front scenarios either perceived 

relatively small numbers of agents when compared to agents in the other perceptual field shape 

scenarios (in the case of the narrow side field), or had more agents who perceived no other 

agent in the aggregate (in the case of the front field). Both of these results can be related to 

edge effects. 

In the case of the narrow side field, it can be speculated that large parts of the field pass 

entirely out of the aggregate, thus explaining the very low numbers of agents being perceived by 

the agents in models with this perceptual field (see Figure 27). The small amount of information 
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available means that agents cannot attain cohesion using the nearest neighbour algorithm, 

which requires large amounts of information to generate aggregate cohesion. As well, it can be 

speculated that, again because of the field shape, the information obtained by individuals fails 

to approximate a random sample of the agents. This in turn means that agents are unable to 

attain cohesion using the random neighbour algorithm. 

^ A A A 

A A A A 
A A A A 

A A A A 

A 

Figure 27: Narrow perceptual fields (shaded grey) can easily pass out of the densest part of the aggregate, 
even if they have a relatively large area or volume. 

Unlike agents in the wide scenario, in the front field case, agents in the front of the aggregate 

cannot perceive those agents that are behind and to the left, and behind and to the right. These 

differences are reflected in the fact that, overall, more agents are perceived in the front field case, 

compared with the wide side case (see Figure 28), but there are also more agents that cannot 

perceive any other agent (see Figure 29). Again, although in theory one piece of information 

per agent can be sufficient for agents to aggregate, perceiving only a few agents at a time and 

also having relatively large numbers of agents not perceiving any other agents over an extended 

period of time will result in a loss of aggregate cohesion because agents cannot maintain a 

sufficiently accurate picture of the aggregate over time. 

Sphere and angle field cohesion failure Since the sphere and angle perceptions also showed 

low cohesion in some cases (specifically when using the nearest neighbour attention algorithm) 

but also frequently had information about all of the agents in the aggregate, low information or 

poorly positioned perceptions alone cannot be used to predict cohesion. To understand what 

influences cohesion in these other cases, the attention algorithm must be considered. As was 

shown in Section 5.3.2, if the right agent is chosen from the group at each time step, an agent 

only needs information about a single other member of the aggregate in order for the aggregate 
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Figure 28: Two agents perceiving the same aggregate will receive different information, even if the 
volume or area covered by their perceptual fields (shaded grey) is the same. In this case, the agent on 
die left, with the wide fields, perceives fewer agents than the agent on the right, with the front field, but 
has a more accurate picture of the aggregate. 

A 

A A A a 

A 
" A A 
A A A 

Figure 29: The agent on the left, with the wide fields (shaded grey) perceives some agents, while the 
agent on the right completely fails to perceive agents. 
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to be successful in cohesion. Despite there being only one agent involved, the group does not 

disintegrate. In the case of the nearest neighbour attention algorithm, however, the group breaks 

up into smaller and smaller groups. 

This disintegration into subgroups is understandable if the nearest neighbour algorithm is 

seen as functionally equivalent to limiting the perceptual field of the agent to a sphere with a 

radius of the farthest nearest neighbour, and then perceiving all agents within that perceptual 

field. In such a situation, the effective perceptual field is too small to obtain an accurate picture 

of overall group behaviour and the aggregate loses cohesion. In the case of the sphere and 

angle cases, all of the actual nearest neighbours of the agents were successfully perceived, 

which resulted in these aggregates falling into the nearest neighbour situation discussed in 

Section 5.3.2, and the aggregate losing cohesion. In the case of the wide field scenario, however, 

the perception of the agents was imperfect. As a result, agents frequently picked as 'nearest 

neighbours', agents that were not their actual nearest neighbours (see Figure 30). As a result, 

these cases had a resemblance to the random scenario discussed in Section 5.2, and consequently 

had better cohesion. 

actual nearest 
neighbour 

perceived nearest 
neighbour 

perceptual 
field 

Figure 30: Perceived nearest neighbours and actual nearest neighbours. 
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Existing models have typically used either a sphere field or variants on the angle field (Viscido 

et al., 2005, 2007; Hemelrijk and Hildenbrandt, 2008). These field shapes are frequently used 

in conjunction with attention algorithms that either use all agents perceived to determine 

movement (Couzin et al. 2002) or use some variant of the nearest neighbour algorithm (Huth 

and Wissel, 1992) to pick agents for movement determination. Based on the results in this 

section, variants on the angle field shape can be expect to contribute to high cohesion in the 

aggregate so long as the nearest neighbour algorithm is not also being used. However results 

in this section support the importance of basing the shape of the perceptual field on the actual 

perceptual abilities of the animal being considered, because, as was shown by the interaction of 

the wide field with the nearest neighbour algorithm, aggregate behaviour is influenced by both 

perceptual field shapes and the attentional algorithms animals use to process the information 

received by their perceptions. 

5.4 Chapter summary 

In Chapter 5 the role of perception in aggregation was examined by considering how the shape 

of the perceptual field influenced aggregate cohesiveness. Preliminary theoretical work was 

done in order to determine what amount of information was required in order for aggregation 

to occur, and how the amount of information available to individuals in an aggregate influenced 

the overall behaviour of the aggregate. The results of this investigation determined that there 

was an interaction with the attention algorithm and the amount of information required. For one 

of the attention algorithms considered, the random neighbour algorithm, individuals required a 

single piece of randomly collected information in order for the maintenance of aggregation. The 

other attention algorithm, the nearest neighbour algorithm, did not promote stable aggregation, 

even when up to half of the aggregate was detected by each individual. 

In the second part of the chapter an investigation of the role of perceptual field shape in 

aggregate cohesion was carried out, with attention given to the results of the first investigation. It 

was determined that the perceptual field shape, more significantly than the volume, determined 

the type of information received by agents, which, in turn, determined aggregate cohesiveness. 
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Thus, fields which provided information that reflected a more accurate approximation of the 

actual aggregate structure were more successful at maintaining cohesion. An interaction between 

the perceptual algorithm and the attention algorithm was also observed, with one particular 

shape, the wide field shape, operating successfully using both attention algorithms, while 

other field shapes, including ones with greater volume, were less successful using the nearest 

neighbour algorithm, relative to the random neighbour algorithm. In Chapter 6, the role of 

cognition in aggregate behaviour will be explored further, with an emphasis on how cognitive 

parameters influence polarity and density of the aggregate. 



Chapter 6 

The influence of individual cognition and movement on 

aggregate movement, alignment and volume 

The PCA framework emphasises the importance of explicitly modelling each of the perception, 

cognition and action properties of aggregating animals, with a focus on incorporating exper

imental data into the model for each of these three components. Chapter 6 will underscore 

the importance of including and realistically modelling all three components by investigating 

how cognitive and movement parameters interact with perception to produce variability in 

aggregate behaviour. Specifically, after considering the question of cognitive requirements for 

aggregation, the chapter will compare two perceptual scenarios- one a prey analogue and one a 

predator analogue- with a focus on quantifying how cognitive parameters (spacepref and wc, 

wv or ws) and movement parameters (smax and t6max) influence particular aggregate properties 

like aggregate volume, aggregate speed, aggregate movement angle and aggregate alignment in 

each of the two scenarios. In the process it will be shown that an aggregate is a complex system, 

in that individual behaviours, represented by model parameters, have non-additive effects on 

aggregate behaviour. 

6.1 Types of cognition required for aggregation 

The PCA framework takes the abstract concepts of attraction and repulsion and converts them 

from external forces (back) into cognitive algorithms. Although, as noted in Chapter 4, it is 
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currently difficult to determine what cognition is taking place in aggregating animals, previous 

aggregate models have made some contributions to understanding the necessary and sufficient 

cognitive (and movement) abilities for aggregation. Vicsek et al.'s simple particle model (1995) 

demonstrated that in a closed space, with individuals moving at a fixed speed, the ability to 

observe the alignment of conspecifics and align one's own body with these conspecifics could be 

sufficient to generate coordinated movement behaviour. Parr's (1927) argument that attraction 

and repulsion responses are also necessary for aggregate behaviour was supported by Gregoire 

et al. (2003), who argued that in an unenclosed space, simple alignment will not suffice for 

maintenance of the aggregate, and that abilities to respond to stimuli by repositioning (such 

that surrounding animals are neither too close nor too far away) are also necessary. Gregoire 

et al. (2003) also suggest that the ability of individuals to match velocity (speed and direction 

of conspecifics) is necessary if the aggregate as a whole is to move through space, rather than 

remaining in place. 

These results support the idea that aggregating species must possess perceptual abilities that 

allow them to detect the spatial positions and alignments of conspecifics, and cognitive and 

movement abilities that allow them to react to this information by adjusting their movements in 

such a way that they position themselves in specific ways relative to these conspecifics. In order 

for the aggregate to move through space the results discussed above also suggest that agents 

must be able to detect in some way the velocities of conspecifics and then match their velocities 

with those of conspecifics. Taken together, these results suggest that some form of all of these 

cognitive abilities— attraction, repulsion and velocity matching (speed and alignment)— need 

to be included in species-specific models. 

The relative strength of each of these cognitive factors is less clear, however, as is the way in 

which these factors interact. Consequently, within the context of basic perceptual and cognitive 

requirements, there remains the question of how an animal combines attraction, alignment and 

repulsion responses when determining movement, how these responses interact with movement 

abilities and how this, in turn, influences aggregate behaviour. A more detailed understanding 

of these influences and interactions will allow for more specific predictions about aggregate 

behaviour for particular aggregates in specific circumstances. 
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Following from this, there are a number of hypotheses about cognitive and movement 

parameters that can be tested by an aggregate model. The first of these hypotheses is concerned 

with whether or not any of the aggregating behaviours— attraction, repulsion and alignment— 

are necessary or sufficient for generating aggregate behaviour and under what circumstances 

they do generate aggregate behaviour. Other hypotheses concern the ways in which these 

three behaviours influence aggregate properties other than cohesion, and also whether or not 

movement abilities interact with these cognitive factors to influence aggregate properties. 

6.2 The aggregate as a complex system: Predicting interactions be

tween cognition, movement and perception 

It is understood that many biological systems are complex systems, although what precisely 

constitutes a complex system can be difficult to define. Bossomaier and Green (2000, p. 2) note 

that, "[ajlthough it might be intuitively apparent that a system is complex, defining complexity 

has proved difficult to pin down with numerous definitions on record." However, they go on 

to state that "[A] major source of complexity is the interaction of many autonomous, adaptive 

agents", something which is frequently the case in natural systems and IBSEM models of these 

systems. Generally speaking, in a complex system the emergent properties of the system as a 

whole are not predictable in a straightforward manner from the values of individual or isolated 

parameters of the system. This is because the parameters in a complex system interact, and the 

behaviour of the system as a whole is a result of these interactions, rather than being the result 

of an additive effect of each of the parameters by themselves. For the purpose of this thesis, it 

will be assumed that the presence and number of non-additive effects and high-level interactions 

among parameters are indicative of the level of complexity of a system and if observed in a 

system provide evidence that that system is a complex system. 

With respect to the behaviour of such a system, an extreme prediction would be that ev

ery individual (or component-level) property, represented in the model by parameters, would 

influence every system-level measure, and also that these properties would fully interact in 

their influence of each system-level measure, such that knowledge of the specific value of all 
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individual parameters would be required to predict any aspect of the behaviour of the system. If 

an aggregate (and by extension, aggregate model) was found to be this complex, predicting the 

behaviour of the aggregate based on values of model parameters would be difficult in advance 

of running the model, and even then, once analysing the model, only predictable if all values of 

parameters were known for a particular case. Viscido et al. (2007) found interactions between 

all social forces in their fish aggregate model, supporting this possibility. 

In contrast to this extreme prediction, however, what might be referred to as naive 

predictions— simple predictions that hypothesise straightforward connections between a prop

erty at the individual-level and similar properties at the aggregate-level— still have value. This 

is because proving or disproving them provides information about the behaviour of the system. 

They also have value because they provide an opportunity to demonstrate that some interactions 

may, in fact, be easily predictable, and mainly dependent on one model parameter, even if others 

are more complex. One useful task, from a modelling perspective, is to investigate these naive 

predictions and determine which properties interact and which do not. This will be considered 

with respect to aggregate behaviour in the remainder of the chapter. 

Taking a naive point of view, it might be predicted that in an aggregate there will be a 

straightforward match between individual and group properties, so that, for example, individual 

properties that affect speed will affect group speed measures (i.e., as individuals change their 

speed, the speed of the aggregate also changes), individual properties involving spacing will 

affect group spacing and volume measures and individual properties that involve angles will 

affect group angle measures. It might also be naively predicted that there will be a simple 

relationship between the value of parameters and the value of those group measures that they 

are dependent on, such that the extreme values of the group measures (either low or high) 

will be matched with the extreme values (either low or high) of the parameter (i.e., as the 

speed of individuals within the aggregate increases, the speed of the aggregate as a whole will 

increase). These naive predictions are presented in Table 15, which shows, for each aggregate-

level measure (dependent variable, along the top of the table), the predicted influence from 

each of the 6 individual-level measures (independent variables, down the side of the table). 
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0 = no relationship '+' = directly related '-' = inversely related 

Table 15: Predicted relationship between individual properties (independent variables) and aggregate 
properties (dependent variables). See Table 5 and Table 7 for a description of parameters and group 
measures). 

The remainder of this chapter will test these naive predictions by exploring how varying 

cognitive and movement parameters (corresponding, by analogy with actual aggregating animals, 

to possible biological differences) influences the behaviour of the aggregate model and, by 

extension, the behaviour of different animal aggregates. Multivariate analysis will be used to 

gain insight into the more complex interactions of these model parameters and determine which 

parameters do and do not interact to produce aggregate behaviours commonly observed in 

actual aggregates. 

6.3 Modelling the interaction between cognition, movement and 

perception 

This section will consider, for two separate scenarios— the prey perceptual scenario and the 

predator perceptual scenario— how cognitive behaviours, represented by the attraction, repul

sion and alignment responses of agents and the preferred spacing of agents, interact with agent 

movement abilities, represented by smax and t8max, to produce group aggregate properties. The 

prey scenario is presented as a theoretical analogy to vision in prey animals like schooling fish, 

flocking birds and herding ungulates. The predator scenario is presented as a theoretical analogy 

to bifocal vision in predator animals like birds of prey, canines and dolphins. It is expected that 

spacepref 

tvmax 
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the prey perceptual scenario will result in more reliable and predictable aggregate behaviour, 

because this scenario is more representative of the typical prey aggregates found in nature. 

6.3.1 Setup and methodology 

Model structure The architecture of the model used as the basis for these two scenarios has 

been discussed in Chapter 4 (Algorithms 1 and 2 and Chapter 5 (Algorithm 4. However, like the 

scenarios in Chapter 5, agents in the Chapter 6 scenarios do not have side (lateral line) fields. 

Two of the perceptual field scenarios from Chapter 5 were chosen for the perceptual scenarios 

in Chapter 6: the side angle field, where agents have almost 360 degree vision (with a blind 

spot in the back and a small blind spot at the nose) and the front field, where agents have only 

front vision (see Figure 26). The angle field scenario is presented as the theoretical analogy to 

prey vision and the front field scenario is presented as a theoretical analogy to predator vision. 

To allow for a direct comparison of the influence of the perceptual field shape on aggregate 

behaviour, attentional, cognitive processing and movement algorithms were the same for the 

two scenarios. In both scenarios, agents use the random neighbour attention algorithm from 

Chapter 5, with up to 4 random neighbours chosen from the agents detected by the perceptual 

fields (N = 4 in Algorithm 4). 

Model parameters Unlike in previous models from Chapters 4 and 5, multiple values of both 

cognitive and movement parameters, along with the two perceptual field shapes, were used in 

order to investigate the interaction between perception, cognition and movement parameters. 

The values used for each parameter are listed in Table 16. All combinations were used, with the 

exception of combinations where wc, wv and ws all equalled 0, which would have resulted in 

no external influence on agent behaviour. As in Chapter 5, each of the resulting 208 parameter 

combinations were run 10 times, with 30 agents, for 100 timesteps. 

Analysis Results were analysed by considering 8 aggregate-level measures: 2 aggregate volume 

measures (simple volume and expanse), an aggregate alignment measurement (polarisation), 

3 aggregate cohesiveness measures (ngroups, nstrag and nciust), a measure of the distance the 
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parameter values 

F (prey, predator) 

spacepref (2, 10) units 

wc (0, 1, 3) 

wv (0, 1, 3) 

ws (0, 1, 3) 

sma;c (2, 10) units/timestep 

tOmax (0.78, 3.00) radians 

Table 16: List of parameter sets used: For each perceptual field (F), different values for each parameter 
were used to explore the parameter space of the model, resulting in 208 parameter combinations. 

aggregate moved in a timestep (aggregate speed) and a measure of the movement angle of the 

aggregate (aggregate turning angle). These aggregate measures are described in Chapter 4, 

Section 4.4.1. 

These measures were calculated for each time step of each run, and then the maximum 

value of each of the aggregate measures for the run was used as a representative measure for 

the entire run. To obtain an overview of the model behaviour, the maximum values for all 

runs with a particular parameter combination were then averaged to provide a single value 

summarizing all runs with a particular parameter combination (see Figure 21 in Chapter 4, for 

an explanation of this process). This resulted in 208 values for each measure, one for each 

parameter combination. 

A comparison of aggregate behaviour between the two scenarios was carried out by calcu

lating blocked ANOVAs with the maximum averaged parameter combination values. Then, for 

each scenario, a multivariate analysis of the six model parameters (referred to as factors in the 

context of the multi-way ANOVA and linear regression analysis) was done for each aggregate 

measure to determine which, if any, factors were not relevant for each aggregate measure and 

which, if any, factors did not interact with other factors. To further determine the contribution 

of each factor to each aggregate measure, a linear regression model was also calculated for each 

aggregate measure. For multi-way ANOVAs and linear regression, maximum values for all runs 

of all parameter combinations were used, resulting in 2080 values for each measure for these 

calculations. 
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In order to determine which aggregate measures were correlated with each other, correlation 

coefficients were also calculated for the aggregate measures, using the maximum averaged val

ues. This correlation was carried out because cognitive underpinnings of aggregating individuals, 

as represented by cognitive weights in this chapter, are not directly observable, but aggregate 

measures are. Furthermore, if aggregate measures are correlated with each other, the type of 

aggregates that are actually seen in nature can expect to be constrained based on this correlation. 

As well, since some explanation of the connection between aggregate behaviours and underlying 

cognitive measures will have been provided by the regression analysis, the reason behind a 

particular grouping of aggregate behaviours can be more fully explained by reference to the 

underlying cognitive and movement factors. 

Lastly, to gain a better understanding of the necessary and sufficient cognitive behaviours 

for aggregation, results were considered where each of wc, wv and ws were equal to 0 (with 

the exception of the case where all were equal to 0), effectively eliminating the influence of 

this behaviour from the resulting movement of the agent. For this analysis, number of runs 

where clusters were 1 or greater than 1 were counted to determine if there were any runs, in 

the absence of a particular behaviour, that remained fully cohesive at timestep t = 100. 

6.3.2 Model results 

Overall comparison of prey and predator behaviour Blocked ANOVA calculations showed 

that the predator and prey scenarios differed on all aggregate measures except mean speed of 

aggregate. Averaged maximums and minimums for each of the eight aggregate measures are 

reported in Table 17 . This table shows that all aggregate measures had relatively large ranges 

across runs, with minimums and maximums of polarisation, mean speed, groups, stragglers 

and clusters corresponding closely with lowest possible minimum values and largest possible 

maximum values for these aggregate measures. Thus, although, as stated above, predator 

and prey models were significantly different when parameter combinations were blocked, the 

highest and lowest values of the aggregate measures across all parameter combinations were 

comparable, as shown in Table 17. 
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measure 

v • 
vsimp 
exp 

P 

ngroups 

"•strag 

nclust 

sagg 

t6agg 

Prey (range) 

1.13 * 1 0 3 - -1.92 *107 

3.02-58.78 

0.65-1.60 

1-8.1 

0-30 

1-30 

0.20-9.99 

0.21-2.95 

Predator (range) 

1.26 * 1 0 3 - -

3.13-163.54 

0.619-1.59 

1-7.8 

0-30 

1-30 

0.19-9.99 

0.11-2.81 

-6.17 *107 

diffapc 

yes, F=67.97, p < 0.001 

yes, F=107.10, p 0.001 

yes, F = 28.88, p < 0.001 

yes, F= 42.29, p < .001 

yes, F = 10.981, p = 0.001 

yes, F = 19.89, p < 0.001 

no, F = 3.24, p = 0.073 

yes, F = 10.20, p = 0.002 

Table 17: An overview of prey and predator behaviour: Ranges (min-max) across parameter combinations 
and whether or not the behaviour of the models differ when compared across all parameter combinations 
using a blocked ANOVA (di//apc), df = 1 in all cases. Note that although the ranges may be similar, 
differences between scenarios are still significant because of the distribution of parameter combination 
values within these two extremes. See Table 7 for a definition of each aggregate measure. 

Necessary and sufficient cognitive weights Six special cases (each with 3 subcases) where 

one or more of wc, wv or ws equalled 0 were considered to determine if centring behaviours 

(strength determined by wc), vector alignment behaviours (strength determined by wv) and 

spacing behaviours (strength determined by ws) were either necessary or sufficient for group 

cohesion (as measured by nclust). For both the predator and prey scenario, when any one of 

wc, wv or ws was 0 there was still at least one run where nciust remained 1 at t = 100. (see 

Table 18). When both wv and ws or both wc and ws were 0 (disabling the behaviours associated 

with those weights), nc;u5t was also still 1 in some runs. When both wc and wv were 0, no 

runs maintained cohesion (nc;ust > 1, regardless of the values of other model parameters). For 

the predator scenario, the number of times that nciust equalled one was smaller, reflecting the 

reduced cohesiveness of the predator aggregate, as discussed in Chapter 5 (see Table 18). 

Multi-way (factorial) ANOVAs A multi-way ANOVA of the six factors for each of the 8 aggre

gate measures was carried out for the prey and predator scenarios (a 2 x 3 x 3 x 3 x 2 x 2 way 

ANOVA, total sample size JV = 2160). Analysis for the predator scenario (see Table 19, column 

2) showed that, for every aggregate measure considered, each of the six factors (spacepref, wc, 

wv> w s . smax> t9max) interacted significantly with at least two other of the six factors to influence 
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weights number of cohesive runs 

(out of a total of 80 possible runs) 

(wc wv ws) prey predator 

001 

003 

100 

300 

010 

030 

0 

0 

37 

45 

62 

8 

0 

0 

6 

31 

27 

0 

011 58 27 

013 47 24 

033 10 0 

031 7 0 

101 36 2 

103 39 1 

301 43 17 

303 39 3 

110 73 77 

130 67 32 

310 75 35 

330 78 62 

Table 18: Aggregate Cohesion in the absence of centring, vector alignment and/or spacing. The number 
of cohesive runs is the number of runs where there was still a single cluster at t = 100. 
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behaviour. Except in the case of vsimp and t9agg, there were 5-way interactions between factors 

for all aggregate measures. 

Results for the prey scenario were similar, except that tOmax did not interact with any other 

factor in vsimp, sagg and 6agg. There was also no main effect of t9max in these cases. In other 

words, t9max did not influence vsimp, 6agg and sagg and ws did not influence nstrag. For the prey 

scenario there were 5-way interactions for every measure except 0agg. 

Linear regression For both the prey and predator scenario, a linear regression analysis of all 

six factors for each of the eight aggregate measures (n = 2080) resulted in relatively high error 

levels (R2 < 0.5), with two exceptions— group speed and group angle. However, all linear 

models were significant (p < 0.001), indicating that they provided a better than chance estimate 

of the aggregate measure in question, despite these error levels. 

Standardised coefficients for these models (see Appendix B for coefficients) provided in

formation on the direction and importance of the relationship for each factor and aggregate 

measure. For the prey scenario, vvc, wv, ws and smax were consistently large contributors for all 

of the aggregate measures, as indicated by the lack of 0's in these rows in Table 20. The factor 

spacepref was a significant contributor for all aggregate measures but ngroups and group angle. 

The factor t6max was only a significant predictor of ngroups, as indicated by 0's across almost 

the entire row corresponding to tdmax in Table 20. See also Appendix B for the relative size of 

contribution by each of the individual measures. 

For the predator scenario, as with the prey scenario (see Table 21), wc, wv and smax were 

consistently large contributors for all of the aggregate measures, although, in contrast to the 

prey model, an increase in wc led to an increase in aggregate volume. ws was a significant 

contributor for all but the aggregate volume measures, simple volume, and expanse. spacepref 

was a significant but relatively small (see Appendix B) contributor for polarisation, nstrag and 

nciust- t6max was a significant (but relatively small) component of the model for all but the 

nstrag- Again, see Appendix B for the relative size of contribution by each of the individual 

measures. 
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measure prey predator 

rsimp spacepref x wc x wv x ws x smax Wr X Wv X IV, X S„ 

exp 

n 

n strag 

Lclust 

to, agg 

spacepref xwvxwsx smax 

wcxwv xwsx smax x t9max spacepref xwcxwv xwsx t9max 

spacepref xwcxwv xwsx smax spacepref x wc x wv x ws x smax 

spacepref xwcxwvx smax x t6max 

wcxwvxwsx smax x t9max 

spacepref x wc x wv x ws 

wcxwv x smax 

spacepref x wc x wv x ws x t6max 

spacepref xwcxwsx smax x t9max 

groups 

spacepref xwvx t9max 

spacepref xwcxwvxwsx smax 
*max *-Umax 

x t6„ 

spacepref xwcxwv xwsx smax 

wcxwvx smax x t9max 

spacepref x wv x 
^max •* tt/max 

spacepref xwcxwvx t9max 

spacepref xwcxwvxwsx smax 

Wv X S X tft 
max ^ L wmax 

wcxwv x t9max 

spacepref xwcxwvxws x smax 

spacepref xwsx t9max 

wc x wv x smax x t9max 

spacepref xwvx smax x t9max 

spacepref xwcxwv x t9max 

spacepref x wc x wv x ws x s„ 

spacepref xwcxwv xwsx smax 

spacepref x ws x s„ x tft 
^max ^ L wmax 

spacepref xwcxwvxwsx smax wvxwsx smax x t9max 

Wc X Ws X Smax X t9max 

spacepref xwcxwvx smax x t9max 

spacepref xwcxws x t9max 

wcxwvxwsx smax 

spacepref xwvxwsx smax 

spacepref xwcxwvxws 

spacepref xwcxwsx smax 

wv X Smax X tomax 

wcxwv x t6max 

spacepref x wc x wv x ws 

spacepref xwc xws x sma. 

Table 19: Factors that interact for each measure. This table reports significant interactions (p < = 0.05) 
that involve the highest number of unique interacting factors. Significant interactions that are subsets of 
these interactions are not shown. Interacting model parameters are joined by the x symbol. 
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SPaCepref 

wc 

wv 

™s 

•>max 

Lumax 

V • vsimp 

+ 
-

-

+ 
+ 
0 

exp 

+ 
-

-

+ 
+ 
0 

P 

+ 
+ 
-

+ 
-

0 

ngroups 

0 

-

-

+ 
+ 
+ 

nstrag 

+ 
-

-

+ 
+ 
0 

nclust 

+ 
-

-

+ 
+ 
0 

Sagg 

+ 
+ 
+ 
-

+ 
0 

tVagg 

0 

+ 
+ 
+ 
-

0 

Table 20: Prey: Relationship between individual properties and aggregate properties. A '0' represents no 
relationship, a '+' represents directly related and a'- ' represents inversely related. See also Appendix B 
for the linear model coefficients. 

spacepref 

wc 

wv 

ws 

^max 

*®max 

*simp 

0 

+ 
-

0 

+ 
+ 

exp 

0 

+ 
-

0 

+ 
_ 

P 

+ 
+ 
-

+ 
-

+ 

"groups 

0 

-

-

+ 
+ 
+ 

^strag 

+ 
-

-

+ 
+ 
+ 

nclust 

+ 
-

-

+ 
+ 
+ 

sagg 

0 

+ 
+ 
-

+ 
0 

t6agg 

0 

+ 
+ 
+ 
-

+ 

Table 21: Predator: Relationship between individual properties and aggregate properties. A '0' represents 
no relationship, a '+ ' represents directly related and a '- ' represents inversely related. See also Appendix B 
for the linear model coefficients. 
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A comparison of the predictions in Table 15 with the results in Table 20 (see Table 22) 

shows that, for the prey scenario, 23 of the naive predictions were correct, out of a possible 48. 

Although the naive predictions frequently failed to predict the influence of particular parameters 

that did, in fact, influence the behaviour of a particular aggregate measure (the naive predictions 

failed to predict important factors 22 times), the naive model was more successful in correctly 

predicting that a factor would influence a measure, incorrectly predicting influence only 2 times, 

and only once incorrectly predicting the direction of the influence. For the predator scenario, 

14 of the naive predictions were correct. Naive predictions failed to predict the influence of 

particular parameters 26 times, and predicted the influence of a factor that had no influence 5 

times, with an incorrect direction predicted 3 times. 

correct incorrect (actual/predicted) 

+/0 0/+ + / - - /+ -/0 0/-

prey 23/48 14 2 0 1 8 0 

predator 14/48 17 5 2 1 9 0 

Table 22: Actual and predicted relationship between individual properties and aggregate properties, for 
the prey and predator scenarios. Numbers in the first column (correct) indicate number of times the 
actual relationship matched the predicted relationship. Subsequent problems indicate the number of 
times a relationship was actually seen when a different relationship was predicted. The table header 
indicates which was the actual relationship and which was the predicted relationship (actual/predicted). 
A '0' represents no relationship, a '+' represents directly related and a'-' represents inversely related. 

A comparison of Tables 20 and 21 (see Table 23) shows that there are some differences 

in linear models for these two scenarios. In 11 out of 48 cases, an individual property had an 

influence on an aggregate property in one scenario and not the other. However, there were only 

two cases where the influence of an individual property was reversed between the two scenarios-

the influence of wc on simple volume and on expanse (the aggregate size measurements). 

Correlation of aggregate measures With respect to correlation, for the prey scenario sev

eral aggregate measures were correlated with each other (correlation coefficient r > 0.5, see 

Table 24). As expected, related measures (simple volume and expanse, n$trag, numbers of 

groups and ndust) were correlated with each other. Expanse was also correlated with aggregate 



142 

same different (prey/predator) 

+/0 0/+ + / - - /+ -/0 0/-

35/48 5 5 0 2 0 1 

Table 23: Comparison of prey and predator linear regression models, with respect to the relationship 
between individual properties and aggregate properties. Numbers in the first column (same) indicate 
the number of times the prey and predator relationships were the same. Subsequent column numbers 
indicate the number of times a type of relationship was seen in the prey scenario and a different type of 
relationship was seen in the predator scenario. The table header indicates which was the prey relationship 
and which was the predator relationship (prey/predator). A '0' represents no relationship, a'+' represents 
directly related and a '-' represents inversely related. 

vsimp 

exp 

P 

ngroups 

"strag 

nclust 

Sagg 

tdagg 

"simp 

1.00 

0.81 

0.11 

0.30 

0.47 

0.45 

-0.10 

-0.08 

exp 

0.81 

1.00 

0.20 

0.68 

0.81 

0.80 

-0.18 

-0.11 

P 

0.11 

0.20 

1.00 

0.21 

0.24 

0.24 

-0.44 

0.55 

"•groups 

0.30 

0.68 

0.21 

1.00 

0.83 

0.88 

-0.17 

-0.15 

nstrag 

0.47 

0.81 

0.24 

0.83 

1.00 

0.99 

-0.26 

-0.13 

nclust 

0.45 

0.80 

0.24 

0.88 

0.99 

1.00 

-0.25 

-0.13 

sagg 

-0.10 

-0.18 

-0.44 

-0.17 

-0.26 

-0.25 

1.00 

-0.64 

tvagg 

-0.08 

-0.11 

0.55 

-0.15 

-0.13 

-0.13 

-0.64 

1.00 

Table 24: Correlation between aggregate measures— prey scenario. Correlation is significant at the 0.01 
level (2-tailed), n - 2080 

cohesion measures (ngroups, nstrag and ndust). Group angle was correlated with polarisation 

and group speed. 

Aggregate measures that were correlated with each other had similar linear models (see 

Table 20 and Appendix B), so that, in most cases, when one aggregate measure was influenced by 

a particular combination of parameters, the other value was also influenced by these parameters. 

This did not mean that the aggregate measure was necessarily affected in the same way by the 

parameter. In some cases (e.g., group angle and group speed) factors caused an increase in one 

aggregate measure and a decrease in the other, resulting in a negative correlation between these 

measures. 

For the predator scenario, with respect to correlation (correlation coefficient r > 0.5, see 

Table 25), in addition to the expected correlations (simple volume and expanse, nstrag, numbers 
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of groups and nciust), ngroups was correlated with both group size measures (simple volume and 

expanse). nstrag and nciust was not correlated with either group size measure. Again, group 

angle was correlated with polarity and group size. Group angle was also negatively correlated 

with polarity. 

vsimp 

exp 

P 

ngroups 

nstrag 

nclust 

Sagg 

teagg 

V$imp 

1.00 

0.71 

0.14 

0.52 

0.19 

0.27 

-0.01 

-0.26 

exp 

0.71 

1.00 

0.19 

0.55 

0.16 

0.26 

0.00 

-0.36 

P 

0.14 

0.19 

1.00 

0.29 

0.35 

0.36 

-0.73 

0.58 

''•groups 

0.52 

0.55 

0.29 

1.00 

0.70 

0.80 

-0.14 

-0.20 

"•strag 

0.19 

0.16 

0.35 

0.70 

1.00 

0.99 

-0.31 

0.00 

nclust 

0.27 

0.26 

0.36 

0.80 

0.99 

1.00 

-0.29 

-0.03 

S " g g 

-0.01 

0.00 

-0.73 

-0.14 

-0.31 

-0.29 

1.00 

-0.55 

tQagg 

-0.26 

-0.36 

0.58 

-0.20 

0.00 

-0.03 

-0.55 

1.00 

Table 25: Correlation between aggregate measures- predator scenario. Correlation is significant at the 
0.01 level (2-tailed), n = 2080 

6.3.3 Discussion 

Complexity of aggregate behaviour As predicted and supported by the multi-way ANOVA 

results, all aggregate parameters were dependent on multiple, interacting parameters. The 

relationship between the values of parameters and the values of an aggregate measure were 

not additive, because of interactions between model parameters. This supports the view of an 

aggregate as a complex system. Although only 2 scenarios were modelled, it is clear from this 

that, when modelling actual aggregates, as many model parameters as possible must be set 

based on experimentally determined values. This further supports the argument that particular 

aggregate scenarios must be modelled explicitly, rather than relying on general aggregate model 

results. This is particularly the case when detailed or specific predictions are needed (the multi-

way ANOVA results will be discussed in more detail under Comparison of prey and predator 

behaviour, below). 

The linear regression models of both scenarios confirmed the importance of wc and wv, 

providing further proof that centring and velocity matching are crucial for aggregate behaviour 



144 

and also indicating that these behaviours influence multiple properties observed at an aggregate-

level. Both scenarios showed that smax and, in most cases, ws also influence observed aggregate-

level properties. The influence of centring and wv on aggregate properties also suggests that 

animals may be able to vary their aggregate behaviour simply through coordinated variance 

of their cognitive weight values. The influence of smax on aggregate behaviours not obviously 

related to aggregate speed, (e.g., aggregate volume and aggregate polarity) suggests that if 

aggregating animals either choose to change their smax in a given situation (due to conservation 

of energy considerations or a reaction to the appearance of a predator, for example), or are 

compelled to do so by environmental influences (e.g., a strong current, or tail wind), aggregate-

level behaviours may change in unanticipated ways. For example, individuals slowing down will 

not only mean that the aggregate as a whole slows down but also that the group becomes less 

aligned and smaller. 

Comparison of prey and predator behaviour As predicted, models in the two visual field 

scenarios— the predator perceptual field and the prey perceptual field— behaved differently 

under the same parameter combinations. Across parameter combination maximums and min-

imums were comparable, which highlights the fact that, for these scenarios, some aggregate 

behaviours may be similar under some circumstances (i.e., for both aggregates, there may be 

times when their movement speed is very high and times when their movement angle is very 

low). However, the same combinations of aggregate behaviours do not have the same underlying 

causes, as represented by different individual properties. From an observational perspective, 

this means that a particular aggregate behaviour will not necessarily be seen in conjunction with 

the same other aggregate measures from one scenario to the next (e.g., one aggregate may have 

a high movement angle combined with a high aggregate volume whereas the other aggregate 

may more typically combine a high movement angle with a low aggregate volume). 

This general conclusion was supported by the linear regression analysis of the two scenarios, 

which showed that in some cases the same factors had opposite effects on aggregate behaviour 

in the two scenarios. Specifically, with respect to the influence of the wc on the aggregate 

volume, an increasing wc decreased aggregate volume for the prey scenario (as was predicted) 
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but increased it for the predator scenarios. The linear regression also revealed that although 

tOmax of individuals played a minimal a role in the behaviour of the prey aggregate, it played a 

large role in the behaviour of the predator aggregate. These differences explain why, as predicted 

in Section 6.3, the naive predictions for the predator scenario were less accurate. 

The multi-way ANOVA results highlighted the complexity of the two models. As can be seen 

from Table 19, for all aggregate measures there were numerous permutations of interacting 

factors. For example, in the case of smax in the predator scenario, there were 4 unique factor 

interactions (interactions involving different combinations of factors), of varying sizes (3, 4 

and 5). Thus, values for smax could be predicted if the factors spacepref, wc, wv, smax and 

t6max were known, but values could also be predicted if spacepref, wc, ws and t6max were 

known. As can be seen from Table 19, there were fewer unique interactions for the prey scenario 

(22 compared to 25, across all aggregate measures), but these interactions tended to involve 

more factors (there were only one case with a smaller than 4-way interactions for aggregate 

measures, compared with 6 for the predator scenario). From this it might be argued that the 

prey scenario was a more complex scenario, in the sense that, for most aggregate measures, 

there were only high-level interactions between factors. However, the fact that there fewer 

interaction combinations exists argue that this system is also more stable than the predator 

scenario, because in the predator scenario more factors, over all, influence the behaviour of the 

aggregate. The argument that the prey scenario is more stable is also supported by the results 

of Table 18, which shows that the prey scenario is more cohesive. 

Despite these differences, similarities across the two scenarios allow for some more general 

conclusions to be drawn about aggregates. For both scenarios, although there was variation 

in the size of the influence, all aggregate measures were strongly influenced by three model 

parameters: two cognitive parameters (centring and vector alignment) and one movement 

parameter (the smax of the agents). This finding extends the research of Viscido et al. (2007), 

who found that all social forces except levels of randomness affected aggregate behaviour. Viscido 

et al. did not provide information on the extent and precise nature of these influences, but based 

on these model results, centring behaviours and vector alignment behaviours would be most 

influential, in combination with smax. Other cognitive parameters- spacepref- and some physical 
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parameters-tOmax- had some effect on aggregate behaviour, but this effect was relatively low for 

most parameters. 

Based on the correlations between aggregate behaviours model results, prey aggregates are 

expected to be either small and cohesive, or large and non-cohesive (with more groups and 

stragglers and, by extension, clusters). They are expected to be either aligned and moving in a 

straight line, or unaligned with more frequent turns. The speed of the aggregate is independent 

of these aggregate properties. In the case of the predator scenario, small aggregates will also 

have fewer groups, but not necessarily fewer stragglers (and by extension, clusters). Aligned 

groups are expected to move quickly, with fewer turns. Unaligned predator aggregates are 

expected to move slowly. 

Necessary and sufficient cognitive abilities for aggregate cohesion The results of this anal

ysis showed that when any one of wc, wv or ws was 0 there was at least one run where ncimt 

remained 1 at t = 100. This indicated that none of these behaviours by themselves are strictly 

necessary for group cohesion, over the period of time considered, for the parameter combina

tions considered (see Table 18). Similarly, if both alignment and distance behaviours, or both 

centring and distance behaviours were lacking (corresponding weights equal 0), nciust was still 

1 in some runs, indicating that wv alone being greater than 0 or wc alone being greater than 

0 was sufficient, in some cases, to maintain group cohesion up to t — 100. However, when 

both wv and wc were 0, then nc;ust was always above 1, regardless of the values of other model 

parameters. 

Based on these results, at least one of the centring or alignment behaviours is necessary 

in order for aggregation to occur, but it is possible for either alignment alone or centring 

alone to be sufficient for cohesive aggregation, contrary to the prediction by Gr^goire et al. 

(2003). Considering the results of the linear regression, this is because multiple parameters may 

contribute in the same way to the same aggregate-level property. For example, (see Table 20) 

in the prey scenario both a high wc and a small preferred spacing value contribute to a small 

aggregate volume. Thus if the effect of the missing behaviour can be effectively duplicated as 

a result of the values of one or more of the other agent parameters (e.g., in the absence of the 
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centring behaviour, wv is high, preferred spacing is small, ws is low and smax is low) the nciust 

will still remain low. 

6.4 Chapter summary 

This chapter reviewed findings relating to how the aggregate model behaviour changed when 

varying cognitive and movement parameters. Two broad scenarios were considered in this 

context: one a prey aggregate analogue and one a predator aggregate analogue. Overall 

findings showed that the prey and predator scenarios were significantly different from each 

other. Although maximum and minimum aggregate values were similar for the two scenarios, 

the scenarios did not behave similarly when compared across parameter combinations. Further 

analysis of the behaviour of the prey analogue as compared to the predator analogue revealed 

that the prey analogue behaved in a more consistent aggregating behaviour, with respect to 

expected influences of parameters and overall cohesiveness of die aggregate. Despite the 

differences seen across these two scenarios however, the strength of the centring behaviour, 

the vector alignment behaviour and the smax of individuals influenced all aggregate measures 

considered, underscoring the importance of these individual behaviours to aggregation. As well, 

the complexity of the results support the argument that an aggregate is a complex system, with 

aggregate-level behaviours connected to individual properties in ways that are difficult to predict 

in advance of exploring the behaviour using techniques like IBSEM models. 



Chapter 7 

Conclusions and future work 

7.1 Species-specific modelling with the PCA framework: A sum

mary of thesis contributions 

At the core of many aggregate models are the concepts of attractive and repulsive forces, 

which are analogies for physical processes taking place inside aggregating animals. As was 

discussed in Chapters 2 and 3, a major argument of this thesis is that this presents problems for 

aggregate researchers who are trying to make species-specific models, because the concepts of 

simple attractive and repulsive forces cannot easily be matched with the biological properties of 

individual animals. This, in turn, does not allow for verification of models using experimental 

data, particularly with respect to predictions concerning novel environmental circumstances. 

Thus, although theoretical aggregate models created with the AR framework may increase the 

level of understanding of basic aggregation concepts and requirements for aggregation, these 

models will have difficulty explaining how individuals from particular species interact to form 

aggregates, or why these aggregates have group-level properties that differ from the aggregates 

of other species. In order to create species-specific models, researchers need to incorporate 

properties that clearly differentiate animals with respect to how they are aggregating. 

In Chapter 3 it was argued that these properties are perceptual properties (focusing on 

perceptions used to aggregate), cognitive properties (focusing on algorithms used to adjust 

position and movement relative to other individuals) and movement abilities (which constrain 
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the ability of the animal to carry out its aggregating algorithms). To create concrete models that 

incorporate these properties, researchers can use the PCA framework, which was presented in 

Chapter 3. This framework incorporates some aspects of the attraction and repulsion framework 

but extends the abilities of this framework by reframing it into terms that are biologically based 

(e.g., attraction and repulsion forces are reframed as cognitive algorithms) and by increasing 

the detail of the representation (e.g., generic information fields are replaced by experimentally 

derived perceptual fields). The PCA framework makes this transition by making reference to the 

information processing paradigm of cognitive science. 

As was stated in Chapter 3, in order for IBSEMs to be fully accepted as an animal aggregate 

modelling tool, researchers must create models that are sufficiently constrained to match the 

aggregate of interest rather than to animal aggregation in a more general sense. Using the PCA 

framework, researchers can now create species-specific IBSEM models that are informed by 

experimental data, by basing the properties of the individual agents on real properties, using the 

model to make predictions, and validating the model by comparing the behaviour of the model 

with the behaviour of the actual aggregate in question. Models created with this framework 

can be clearly compared with each other, so differences and similarities in aggregate can be 

highlighted with respect to perception, cognition and action. 

To support these claims, Chapter 4 demonstrated that it was possible to take the general PCA 

framework, and use it to construct a species-specific aggregate model. Specifically, Chapter 4 

demonstrated how three-dimensional position data and physical structure data could be col

lected, and used to create the species-specific and situation-specific Danio rerio model. Chapter 4 

further showed that even though the model used only information about individuals to generate 

aggregate behaviour, it was able to predict aggregate properties. With respect to the behaviour 

of the Danio rerio aggregate, it was predicted that the aggregate volume, aggregate speed and 

aggregate movement of the 18 Danio rerio, in an aquarium environment, would oscillate over 

time, gradually increasing and then decreasing. This model behaviour was also seen in the actual 

aggregate, providing support for the validity of the model. In contrast to this, a simple AR model 

failed to make accurate predictions of aggregate behaviour, both qualitatively and quantitatively. 

More broadly speaking, Chapter 4 demonstrated the feasibility of creating aggregate models 
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that are based on species-specific experimental data and incorporate multiple species-specific 

characteristics at the level of the individual, resulting in models with the ability to predict the 

qualitative and quantitative behaviour of species-specific aggregates. 

Chapters 5 and 6 returned to more theoretical models, with the intent of exploring the 

significance and interaction of the components of the PCA framework. Chapter 5 investigated the 

information requirements of individuals in aggregates and how these information requirements 

were mediated by the shape of the perceptual field. The theoretical model presented at the 

beginning of the chapter established that relatively low amounts of information were required to 

aggregate, if this information was randomly sampled. A commonly used aggregation algorithm, 

the nearest neighbour algorithm, was shown to be less stable than this random algorithm, 

requiring substantially more information to generate even marginally stable aggregates. It was 

also determined that an aggregate can maintain cohesion even half of its individuals are missing 

information about the aggregate from moment to moment. 

The remainder of Chapter 5 used these more general findings, in conjunction with models 

that varied the perceptual field shapes of agents, to explain why some perceptual field shapes 

allowed for aggregate cohesion while other perceptual field shapes did not promote aggregate 

cohesion. This work challenges the view that the shape of the perceptual field does not signifi

cantly influence aggregate behaviour. It showed that aggregates with agents that have different 

perceptual field shapes do not behave similarly, and that it is the shape, not the volume of 

the field that determines the stability of the aggregate. Equally importantly, however, every 

perceptual field shape had some model settings that allowed aggregation. This showed that 

perceptual field shape interac ts with other parameters and that an understanding of aggregate 

behaviour requires a specific consideration of the perceptual abilities of the aggregating species 

in question. 

Chapter 6 completed the theoretical part of the thesis by examining the interaction between 

perceptual, cognitive and movement properties, and determining how these properties of indi

viduals interact to influence aggregate-level properties. In general, every aggregate property 

that was measured was strongly influenced by the cognitive algorithms determining proxim

ity and alignment, in conjunction with the maximum speed of individuals. In addition, the 
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characterisation of aggregates as complex systems was strongly supported by the results of the 

multi-way analysis, which showed that there are numerous multi-way interactions between 

the properties of individuals that determine aggregate behaviours; predicting the particular 

aggregate-level behaviours of the model required knowledge of the specific values associated 

with each of these parameters in most cases. This finding further supports the general argument 

of the thesis that the properties of individuals in aggregate models must be set empirically and 

that generic aggregate models cannot easily be used to make predictions of species-specific 

aggregate behaviour. 

7.2 Limitations of current work and future research 

This thesis aims to motivate research into species-specific aggregation behaviours using the 

PCA framework. As such there are a variety of possibilities for future research arising out of 

Chapters 4, 5 and 6. Each of these chapters will be considered in turn with respect to limitations 

of the current work and future research possibilities. 

7.2.1 Chapter 4 

The Danio rerio model presented in Chapter 4 was intended to serve as a case study, demonstrat

ing that it was possible to use the PCA framework to create a species-specific model. The model 

itself aimed to replicate the behaviour of a very specific aggregate— that of the 18 Danio rerio 

observed swimming in the constrained environment of a laboratory aquarium. As a result, this 

model was not intended to be a general model of Danio rerio aggregation. However, it would 

be possible to extend this model to create a more general model using several strategies. The 

first would be to collect additional data to confirm that the results gathered in this model are 

generalisable to the larger Danio rerio population. The second would be to study Danio rerio 

movement in a more naturalised setting (e.g., larger, rounded tank with dark non-reflective 

walls) and either confirm the generalisability of the Danio rerio data gathered in the aquarium 

context, or reset the model parameters based on this new, more naturalised data. 
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The case study also demonstrated the challenges associated with setting model parameters 

using experimental data. In particular, it is currently difficult to gather data on the cognitive 

parameters and algorithms actually used by aggregating species. As was shown in Chapter 4, 

there are strategies available for creating models in the absence of this data, but more detailed 

and accurate data in this area could increase the accuracy and predictive power of the model. 

Given the status of the Danio rerio as a research animal, and the extensive research being under

taken to understand every aspect of its development, information on the cognitive mechanisms 

for the Danio rerio may eventually become available and could be incorporated. The explicit 

representation of cognition in the PCA framework, which forces researchers to confront cognitive 

questions like how aggregating animals resolve the binding problem and the frame problem 

may serve to direct this research. 

The values for the perceptual abilities of animals are more easily determined experimentally, 

but there is still potential for developing research methods in this area. In this model, perceptual 

abilities were largely estimated based on prior research and physical evidence, and perceptual 

resolution was also estimated. However, there is the possibility of developing a research method

ology to experimentally determine the perceptual range and resolution of aggregating animals. 

This methodology could then be applied to different species and used, in conjunction with 

aggregate models to increase an understanding of the role of perception in aggregation. 

From a broader perspective, the intent of this chapter was to demonstrate that species-specific 

models that take into account individual properties will allow for the creation of predictive, 

species-specific models. It is hoped, therefore, that future research will involve creating new 

species-specific models. These models will be able to explore the behaviour of these aggregating 

species in varying environmental circumstances and predict behaviour in novel ones. 

7.2.2 Chapter 5 

Chapter 5 first presented a theoretical exploration of the information requirements for aggre

gation. Although it was determined that an individual's observation of one random conspecific 

can lead to aggregation, further research could be done in order to determine the relevance of 
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the random component of the sample, and how this contributes to aggregation (in particular in 

contrast to the nearest neighbour algorithm). Determining the key difference between these two 

algorithms is particularly relevant because of the popularity of the nearest neighbour algorithm, 

and a general assumption by researchers that animals use the nearest neighbour algorithm to 

aggregate. 

In addition, there are more general questions about necessary and sufficient quantity and 

quality of information, and the extent to which that information influences the behaviour of 

the model. Preliminary models that consider how weighting information received, relative to 

information about an individual's current movement, suggest that weighting by an individual 

can significantly influence aggregate properties, and might be used as a simple mechanism to 

alter aggregate properties over time. However, further investigation is required to understand 

how aggregate behaviour is influenced by the choice of the individual to attend more to its own 

movement vs. the movement of others. 

The second part of Chapter 5 explored five simple perceptual field scenarios. Because the 

goal of the chapter was to compare perceptual fields which were similar, fields were chosen that 

may or may not have been representative of the perceptual fields of actual aggregating animals. 

Having established that perceptual field shape is relevant to aggregate behaviour, a next step 

in this research would be to create models with empirically derived perceptual field shapes, 

comparing the behaviours of these models. Agents in these models might also have perceptual 

fields representing multiple perceptions. Moving in a different direction, it would also be possible 

to investigate the influence of perceptual resolution on aggregate behaviour by increasing and 

decreasing the error equation associated with the perceptual field and determining how this 

influences aggregate measures. Additionally, it would be interesting to consider how perceptual 

fields influence the interaction of aggregates in the context of a more complex environment— for 

example, when they must avoid other objects in the environment (e.g., obstacles and predators) 

and when they are attracted to the presence of other objects (e.g., food) in addition to being 

repulsed by and attracted to each other. 
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7.2.3 Chapter 6 

Chapter 6 showcased the aggregate as a complex system. Although Chapter 6 demonstrated 

some possibilities for analysis of aggregate behaviour (multi-way ANOVA, linear regression), 

the results suggested that there is significant potential for additional analysis in this area. In 

particular, a more fine grained choice of parameter values, and the selection of more than two 

parameter values per parameter may lead to a more accurate linear regression model. As well, 

since the linear regression had fairly high error terms, it may be possible to investigate other 

forms of non-linear equation modelling in order to better predict the behaviour of the aggregate 

system. With respect to moving towards biologically relevant conclusions, the PCA framework 

makes it possible to connect these more general results to specific aggregates by matching 

the values of parameters relating to the perceptual fields, cognitive algorithms and movement 

algorithms of the agent widi experimentally derived values. As well, two simple analogies (prey 

and predator) were considered. By increasing the range of values considered and by matching 

values to larger categories of aggregating species, it may be possible to reach some generalisable, 

but biologically plausible conclusions about different categories of aggregation seen in nature. 

7.3 Moving towards an understanding of species-specific aggrega

tion 

Aggregation is not an automatic or uniform phenomenon. Species aggregate in species-specific 

ways, driven by species-specific mechanisms. To capture this diversity of behaviour and begin to 

move away from simply understanding the basis of aggregation, aggregates need to be modelled 

in ways that pay attention to the unique characteristics and aggregating mechanisms of the 

individuals within the aggregate. The mechanisms of aggregation involve the perceptions of 

the animal, the cognition of the animal and the movement of the animal. Each of these aspects 

of the animal are connected in a perception, cognition, action cycle that is characterised by a 

flow of information from the environment, captured by the perceptions of the animal, processed 
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by the cognition of the animal and used to determine the next movements of the animal, all in 

order to keep the animal moving with its conspecifics in an aggregating manner. 

The prevalence and diversity of aggregation, coupled with its scale and complexity make for 

a rich and stimulating area of investigation. This thesis is intended to move researchers in the 

direction of investigating, in detail, the behaviour of specific aggregating species. Ultimately, the 

goal of this research direction might be several-fold: to understand how differing individual, 

biologically plausible, characteristics can lead to different types of aggregation, to study and 

characterise the different types of aggregation observed in nature, to catalogue, compare and 

contrast the behaviours of different types of aggregates and to study the specific mechanisms 

(perceptual, cognitive and movement) that aggregating individuals use, both within and across 

species. IBSEMS, coupled with the PCA framework— an information processing, perception 

focused framework that takes into account the perceptions, cognition and actions of individuals 

within the aggregate— are an effective new tool for exploration in this avenue of research. 
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Appendix A 

Maximum, Minimum and Mean Values for all 16 

Parameter Combinations of The Danio rerio Model 

This appendix presents model values for the PCAI and simple AR Danio rerio models. For each 

model, the maximum average, average and minimum average values of 5 aggregate measures, 

v$imp, exp, p, sagg and tOagg (30 runs of 450 and 451 timesteps respectively, for the PCAI and 

simple AR model) are presented for each of the 16 parameter values considered (see Table 6 in 

Chapter 4 for the parameter values associated with each name). Values for number of clusters, 

number of groups and numbers of stragglers are not shown in these tables, because these values 

were always 1,1 and 0 for all runs of all parameter combinations for both of these models. This 

was not necessarily the case, as can be seen by results presented in Chapter 5. However, the 

parameter values chosen for these 16 runs for these two models did always result in a single 

cluster of agents at all times. 
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name 

10111 

10113 

10133 

10311 

10313 

10331 

10333 

6111 

6113 

6131 

6133 

6311 

6313 

6331 

6333 

10131 

V • ysimp 

8.11 ±3.00 

7.12 x lO 2 ±5.11 x l O 1 

6.89 xlO 2 ±5.72 x l O 1 

8.92 x IO"2 ± 8.29 x IO"3 

8.22 ±3.37 

2.77 x lO" 1 ±2.77 x lO" 2 

7.38 x lO 1 ±3.82 x l O 1 

7.54 ± 2.85 

1.61 x lO 2 ±1.24 x lO 1 

3 . 1 7 x 1 0 ' ± 1 . 2 9 x 1 0 ' 

1.59 xlO 2 ±1.39 x lO 1 

8.92 x 10"2±8.29x 10"3 

7.87 ±3.37 

2.77 x IO"1 ± 2.77 x IO"2 

2.68 x lO 1 ±1.15 x lO 1 

9.30 x lO^S.SOx 101 

exp 

5.76 x l O _ 1 ± 5.43 x 

2.90 ± 2.58 x IO"2 

2.90 ± 2.42 x lO" 2 

1.82 x 10" '±3 .46x 

5.76 x 10 _ 1 ± 5.64 x 

2.13 x 10 _ 1 ±3 .52x 

1 .20±3.72xl0" 1 

5.62 x l O _ 1 ± 6.01 x 

1.73 ± 2.82 x lO" 2 

9.21 x lO" 1 ±2.16 x 

1.73 ± 2.46 x IO"2 

1.82 x 10 _ 1 ±3 .46x 

5.63 x 10 _ 1 ± 6.57 x 

2.13 x 10 _ 1 ± 3.52 x 

8.74 x l O _ 1 ± 1.99 x 

1.24 ± 4.14 x lO" 1 

io~2 

IO"3 

IO"2 

IO"3 

IO"2 

IO"1 

IO"3 

IO"2 

IO"3 

IO"1 

P 

1.18x10" 

2.04 x 10 

4.05 x 10" 

1.71 x 10 

1.15x10" 

4.84 x 10" 

4.03 x 10" 

1.14x10' 

2.27 x 10 

4.34 x 10" 

4.11 x 10" 

1.71 x 10" 

1.16 x 10" 

4.84 x 10" 

4.00 x 10" 

4.57 x 10 

Table 26: Minimum 

1 ± 7.47 

' ± 1 . 1 5 
x ± 2 . 5 1 

' ± 4 . 0 6 
1 ± 8.64 
1 ± 2.61 
1 ± 7.32 

' ± 8 . 3 8 
1 ± 1.46 

' ± 8 . 3 1 

' ± 3 . 4 1 

' ± 4 . 0 6 

' ± 8 . 9 1 

' ± 2 . 6 1 

' ± 6.88 

' ± 9 . 8 7 

x lO" 3 

x IO"2 

x lO" 2 

x lO" 3 

x lO" 3 

x lO" 2 

x lO" 2 

x lO" 3 

x lO" 2 

x l O - 2 

x lO" 2 

x IO"3 

x lO" 3 

x lO" 2 

x lO" 2 

x lO" 2 

6.78 x 10"' 

1.76 ±1.66 

2.77 x IO"1 

2.66 ±4.01 

6.81 x 10"' 

2.15 ±1.56 

2.69 x IO -1 

9.75 x IO"1 

1.59 ±1.58 

2.02 x IO - 1 

2.58 x 10"' 

2.66 ±4.01 

1.26 ±4.05 

2.15 ±1.56 

2.34 x IO"1 

2.76 x IO"1 

±3.38 x lO" 1 

xlO" 1 

± 1.09 x IO"1 

x IO"3 

±3.69 x 10"' 

x lO" 2 

± 4 . 0 4 x IO"1 

±4.29 x lO" 1 

x IO"1 

± 7.80 x IO -2 

±8.83 x IO -2 

x IO"3 

x l O - 1 

xlO" 2 

± 9.09 x IO"2 

±4.06 x l O - 1 

••"ogg 

5.06 x 10" 

7.52 x 10" 

2.49 x 10" 

1.79 x 10' 

5.89 x 10" 

9.26 x 10" 

5.02 x 10" 

5.32 x 10" 

7.92 x 10" 

2.26 x 10" 

2.81 x 10" 

1.79x10" 

6.86 x 10" 

9.26 x 10" 

2.67 x 10" 

4.69 x 10" 

3 ± 2.23 
3 ± 4.62 
2 ± 1.33 
3 ±1.01 
3 ± 2.84 
3 ±5.19 
2 ± 1.59 
3 ± 3.09 
3 ± 4.83 
2 ± 1 . 1 1 
2 ±1.51 
3 ±1.01 
3 ± 2.72 
3 ±5.19 
2 ± 1.68 
2 ± 1.60 

xlO""3 

x lO" 3 

x lO" 2 

x lO" 3 

x lO" 3 

x lO" 3 

x lO" 1 

x IO -3 

x lO" 3 

x lO" 2 

x lO" 2 

x l O - 3 

x lO" 3 

x lO" 3 

x IO"2 

x lO" 1 

for Danio rerio model 
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name 

10111 

10113 

10133 

10311 

10313 

10331 

10333 

6111 

6113 

6131 

6133 

6311 

6313 

6331 

6333 

10131 

V • vsimp 

1.78 x l 0 2 ± 3.86 x lO 1 

1.54 x l 0 3 ± 1.17 x l O 2 

1.47 x l 0 3 ± 1.34 x lO 2 

2.70 x lO" 1 ±1.77 x lO" 2 

1.58 x lO 2 ±2.93 x lO 1 

9.41 x lO" 1 ±7.63 x lO" 2 

3.32 x lO 2 ±7.36 x lO 1 

5 . 6 0 x 1 0 ^ 7 . 7 1 

4.65 x l 0 2 ± 6.08 x lO 1 

1.27 x lO 2 ±1.20 x lO 1 

4.37 x lO 2 ±3.43 x lO 1 

2.70 x lO" 1 ±1.77 x l O - 2 

5 . 2 4 x 1 0 ^ 8 . 7 4 

9.41 x 10"1 ± 7.63 x 10"2 

1.08 x lO 2 ±8.77 

4.41 x lO 2 ±9.07 x lO 1 

exp 

1.61 ±5.38 x lO" 2 

3.31 ±4.11 x lO" 2 

3.27 ±3.21 x 10"2 

1.99 x 10"1 ± 1.40 

1.55 ± 6.32 x lO" 2 

2 . 7 9 x 1 0 - ^ 4 . 8 5 

1.88 ±2.27 x l O - 1 

1.05 ±3.76 x lO" 2 

2.20 ± 6.26 x 10"2 

1.36 ±3.17 x lO" 2 

2.13 ±2.94 x l O - 2 

1.99 x l O - 1 ±1.40 

1.02±3.99xl0~ 2 

2 . 7 9 x 1 0 - ^ 4 . 8 5 

1.28 ±2.25 x lO" 2 

2.08 ±2.35 x lO" 1 

Table 28: 

P Sagg 

6.81 x l O _ 1 ± 2.95 x lO" 1 2.65 ± 2 

6.85 x 10"1 ± 5.28 x 10"2 2.65 ± 1 

1.45 ± 6.03 x 10"2 2.43 ± 4 

2.18 x 10"1 ± 6.62 x 10"3 2.69 ± 1 

7.01 x l O - 1 ±3.25 x l O - 1 2.67 ± 9 

6 . 6 0 x l 0 _ 1 ± 8.41 x lO" 3 2.38 ± 2 . 

1.44 ±2.08 x lO" 1 2.37 ± 1 

5.13 x lO" 1 ±2.76 x lO" 1 2.66 ± 1 

7.74 x 10"1 ± 7.15 x 10"2 2.63 ± 1 

1.50 ±5.70 x lO" 2 2.32 ± 1 

1.47 ±6.26 x lO" 2 2.40 ± 4 

2.18 x l 0 _ 1 ± 6.62 x lO" 3 2.69 ± 1 

3.94 x lO" 1 ±1.60 x lO" 1 2.68 ± 7 

6.60 x lO" 1 ±8.41 x lO" 3 2.38 ± 2 

1.45 ±6.40 x lO" 2 2.40 ± 1 

1.45 ± 2.02 x lO" 1 2.27 ± 1 

.73 x 10"2 

.36 x 10"2 

.55 x 10"2 

.82 x 10"3 

.95 x 10"3 

.35 x 10"2 

.27 x 10"1 

.95 x 10"2 

.47 x 10"2 

.42 x 10"1 

.62 x 10"2 

.82 x 10~3 

.47 x 10"3 

.35 x 10~2 

.15 x 10"1 

.81 x 10"1 

t 0 a g g 

8.75 x l O " 1 ±4.53 x lO" 1 

9.34 x 10"1 ± 4.02 x 10"1 

2.46 ± 2.65 x 10"1 

1.73 x l O " 1 ±8.42 x lO" 2 

9.20 x lO" 1 ±4.28 x lO" 1 

6 . 8 5 x l 0 - 1 ± 1.51 x l O " 1 

2 . 4 7 ± 3 . 3 1 x l 0 " 1 

7.18 x 1 0 - 1 ± 4.35 x l O " 1 

1.01 ±3.77 x lO" 1 

2.53 ± 3.21 x 10"1 

2.63 ± 2.31 x 10"1 

1.73 x l O " 1 ±8.42 x lO" 2 

7.94 x 10"1 ± 3.96 x 10"1 

6.85 x 10"1 ± 1.51 x 10"1 

2.51 ±3.29 xlO" 1 

2.43 ± 2.75 x 10"1 

values for Danio rerio model 
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name 

10111 

10113 

10133 

10311 

10313 

10331 

10333 

6111 

6113 

6131 

6133 

6311 

6313 

6331 

6333 

10131 

Vsimp 

3.08 x l 0 " 2 ± 1.29 x lO" 2 

8.82 x l 0 2 ± 7.37 x lO 1 

9.04 x l 0 2 ± 1.34 x l O 2 

3.16 x l 0 " 4 ± 3.30 x lO" 5 

3.20 x 10"2 ± 9.46 x 10"3 

5.32 x l O - 4 ±4.73 x l O - 5 

1.09 x 10~3 ± 1.03 x 10~3 

3.08 x l 0 " 2 ± 1.29 x lO" 2 

1.75 xlO 2 ±1.80 x lO 1 

1.09 x lO" 3 ±1.03 x l O - 3 

1.80 xlO 2 ±2.66 x 101 

3.11 x l O - 4 ±3.24 x l O - 5 

3.20 x lO" 2 ±9.46 x l O - 3 

5.32 x 10" 4±4.73x 10"5 

1.09 x l O - 3 ±1.03 x l O - 3 

1.09 x ! 0 " 3 ± 1.03 x lO" 3 

exp 

8.86 x lO" 2 ±9.40 x 10"3 

2 . 9 4 ± 4 . 7 2 x l 0 " 2 

2 .93±4 .41x l0~ 2 

1.81 x l 0 " 2 ± 4.76 x lO" 4 

8.86 x l 0 " 2 ± 8.63 x lO" 3 

2.30 x l 0 " 2 ± 6.88 x lO" 4 

2.91 x l 0 " 2 ± 6.86 x lO" 3 

8.86 x l 0 " 2 ± 9.40 x lO" 3 

1.72 ± 2.44 x lO" 2 

2.91 x l 0 " 2 ± 6.86 x lO" 3 

1.70 ± 2.23 x 10"2 

1.82 x l O - 2 ±4.42 x l O - 4 

8.86 x l 0 " 2 ± 8.63 x lO" 3 

2.30 x 10" 2 ±6.88x 10"4 

2.91 x lO" 2 ±6.86 x lO" 3 

2.91 x l 0 " 2 ± 6.86 x lO" 3 

P 

7.21 x l O " 1 ±3.06 x lO" 1 

1.59 ±3.27 x lO" 2 

1.59 ±2.66 x lO" 2 

1.52±4.53xl0" 2 

7 . 6 7 x 1 0 " ^ 3.14 x lO" 1 

1.57 ± 1.72 x lO" 2 

2.87 x lO" 1 ±3.16 x lO" 3 

7.21 x lO" 1 ±3.06 xlO" 1 

1.59 ±3.57 x lO" 2 

2 . 8 7 x l 0 - 1 ± 3.16 x lO" 3 

1.59 ± 3.50 x lO" 2 

1.51 ± 2.62 x lO" 2 

7.67 x lO" 1 ±3.14 x lO" 1 

1.57 ±1.72 x lO" 2 

2.87 x lO" 1 ±3.16 x lO" 3 

2.87 x lO" 1 ±3.16 x lO" 3 

SagS 

1.39 x 10" 

6.48 x 10" 

1.19x10" 

1.01 x 10" 

1.39 x 10" 

6.36 x 10" 

1.44x10" 

1.39 x 10" 

6.56 x 10" 

1.44 x 10" 

1.17x10" 

1.01 x 10" 

1.39 x 10" 

6.36 x 10" 

1.44 x 10" 

1.44x10" 

- x ±2.06 x lO" 3 

2 ±5.49 x lO" 3 

^ ± 5 . 7 6 x lO" 3 

1 ± 3 . 8 2 x l 0 " 3 

_ 1±1.65 x lO" 3 

2 ±5.59 x lO" 3 

^ ± 1 . 0 8 x lO" 4 

1 ± 2 . 0 6 x l 0 " 3 

2 ±4.59 x lO" 3 

1 ± 1.08 x 10"4 

^ ± 6 . 5 5 x lO" 3 

1 ± 2 . 5 9 x l 0 " 3 

_ 1±1.65 x lO" 3 

2 ±5.59 x lO" 3 

_ 1 ± 1.08 x l O - 4 

1 ± 1.08 x 10~4 

tBagg 

8.96 x lO" 1 ±4.95 x lO" 1 

2.50 ±3.36 x lO" 1 

2.97 ±8.90 x lO" 2 

2.28 ± 3.57 x 10"1 

1.02 ±5.97 x lO" 1 

3.05 ±4.19 x lO" 2 

1.41 ±2.88 x lO" 1 

8.96 x lO" 1 ±4.95 x lO" 1 

2.43 ±4.01 x lO" 1 

1.41 ±2.88 x lO" 1 

3.00 ±6.68 x lO" 2 

2.36 ± 4.03 x lO" 1 

1.02 ± 5.97 x 10"1 

3.05 ±4.19 x lO" 2 

1.41 ±2.88 x lO" 1 

1.41 ±2.88 x lO" 1 

Table 31: Maximum values for simple Attraction Repulsion model 
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Appendix B 

Linear Models For Prey and Predator Scenarios 

The tables in this appendix contain the standardised coefficients for the linear models calculated 

for each of the aggregate level measures. For each aggregate measure (each column), the 

standardised coefficient for each of the individual measures is provided, showing whether or not 

each of these measures contributes significantly and, if so, how much each measure contributes 

relative to other measures. 

spacepref 

wc 

wv 

ws 

$max 

tf) 
LUmax 

Vsimp 

0.13 

-0.129 

-0.153 

0.141 

0.116 

ns 

exp 

0.154 

-0.275 

-0.3 

0.167 

0.142 

ns 

P 

0.025 

0.301 

-0.347 

0.091 

-0.39 

ns 

ngroups 

ns 

-0.352 

-0.357 

0.095 

0.201 

0.015 

W-strag 

0.076 

-0.37 

-0.364 

0.13 

0.102 

ns 

nclust 

0.057 

-0.381 

-0.37 

0.129 

0.12 

ns 

Sagg 

0.014 

0.244 

0.2 

-0.036 

0.815 

ns 

tVagg 

ns 

0.103 

0.228 

0.129 

-0.682 

ns 

Table 32: Prey: Linear model of relationship between individual properties and aggregate properties 
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spacepref 

™C 

wv 

™S 

^max 

*- ®max 

vsimp 

ns 

0.174 

-0.316 

ns 

0.335 

0.043 

exp 

ns 

0.257 

-0.42 

ns 

0.45 

-0.015 

P 

0.061 

0.145 

-0.322 

0.151 

-0.483 

0.016 

Hgroups 

ns 

-0.186 

-0.4 

0.103 

0.288 

0.026 

H-strag 

0.09 

-0.415 

-0.267 

0.152 

0.069 

0.05 

nclust 

0.066 

-0.393 

-0.304 

0.15 

0.12 

0.055 

sagg 

ns 

0.099 

0.369 

-0.031 

0.747 

ns 

tVagg 

ns 

0.028 

0.339 

0.121 

-0.665 

0.017 

Table 33: Predator: Linear model of relationship between individual properties and aggregate properties 


