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Abstract
Movement ecologists study the movement and foraging efficiency of animals, which
has important applications in a variety of fields, including animal conservation and
disease management. Urban animals in particular are important to study because
they live in close proximity to humans, where violent encounters could occur, or they
could potentially spread disease. Recently, simulations have been used to study animal movement by modeling animals as random walkers on landscapes with tunable
parameters. This study produced a model of urban predator movement by improving
upon past animal movement models with the addition of memory, and by generating
landscapes to imitate urban settings. The degree of confinement and fragmentation of
the urban landscapes, the number of anthropogenic resources available to the predators, and the population of competing predators was varied. The foraging efficiency
of all walker models decreased with increasing confinement, increased as the number
of anthropogenic resources increased, and decreased with increasing populations of
competing predators. Each of these parameters affected each of walker models in
different ways. The foraging efficiency of the walker models also largely depended on
how energy was being used by the walker, and whether or not the model included
memory. In the future, these models could be used to study population dynamics
and the spread of disease through urban animal populations.
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Chapter 1
Introduction
Population ecology is the study of how the complex interactions between organisms
and their environment affect their distribution and abundance [1]. It is often the
case that the movement of animals are studied by population ecologists. Animals
are required to move for a variety of reasons, some of the most vital being that they
must find food and mates. Anything that influences their movement, thus affecting
their ability to find food and mates, can impact their population in a variety of ways.
Understanding how the environment influences their movement patterns is important
because human development often drastically changes their landscape. For example,
building cities, roads, and other anthropogenic structures not only destroys much of
the natural landscape, but can also disconnect patches of habitat from each other.
Habitat fragmentation is one area of population ecology that is often studied because of the negative effects it has on the foraging efficiency and biodiversity of species.
When a large patch of habitat is broken up into smaller disconnected patches, the
habitat has become fragmented. Habitat destruction and fragmentation are known to
negatively affect population numbers and biodiversity [2]. A decrease in the availability of natural habitat can reduce the amount of available resources, while fragmen1

tation is known to reduce the flow of genes between subpopulations of species that
live in those fragmented habitats. For example, a study done in 2008 by Shepard,
Kuhns, Dreslik, & Phillips on the eastern massasauga, eastern box turtle, and ornate
box turtle, found that all three vertebrate species avoided crossing roads that had
been built on their home landscape [3]. Roads can act as barriers to animal movement that not only decreases the total area that animals are able to explore, but also
reduces the number of interactions between animals on opposite sides of the road. It
is important to study the effects of fragmenting natural landscapes because reduced
gene-flow between separated populations of the same species can lead to poor genetic
diversity, which can lead to extinction.
Studying the effects of fragmentation on species is clearly important for conservationists, and these studies have motivated finding solutions to these problems. The
main problem for habitat fragmentation is that there is a lack of connectivity between habitats, so a popular solution to this issue is to create corridors between
patches which allow animals to cross between them. A great example of this is a
study done by Tewksbury et al. in 2002 [4]. They created four large meadows, where
two of them were connected by a corridor, and looked at the movement of butterflies,
pollination of flowers, and the dispersal of seeds throughout each habitat. They found
that the connected habitats had twice as many seeds, 70% more pollinated flowers,
and that butterflies moved between the habitats 2-4 times as often. Clearly, reducing
the fragmentation of habitats can have positive effects on the success of native species.
Having a better understanding of the different factors that drive fragmentation could
help identify new ways to mitigate these effects.
While the structure of landscapes can affect the foraging success of animals, there
are other environmental factors that have to be considered, such as other native
species that the animals interact with. For example, the success of a predator largely
2

depends on the availability of prey. The populations of prey in turn depend on the
population of predators, since an increase in number of predators mean more prey will
be hunted and vice versa. The matter is complicated even further when populations of
different species of predators and prey are considered, since predators may also hunt
or avoid each other, and different predators may hunt different prey. Competition for
resources with other predators can negatively influence a predators ability to catch
prey. For example, a study by Choh, Sabelix, and Janssen found that the habitat
selection of a predatory mite depended on if both of its preferred prey species were in
the patch, or only one [5]. The existence of both species in a patch actually reduced
the foraging efficiency of the mite, since one of the prey species also hunted the other.
The African wild dog (Lycaon pictus) is another interesting predator in this context,
because it is an endangered species, which is likely a result of competition with the
more densely populated hyenas [6]. It is believed that hyenas are stealing the kills
made by wild-dog packs before they finish eating [7].
Similar predator-predator-prey interactions are known to occur between foxes and
coyotes. These two predators are of particular interest for this study because foxes
are highly opportunistic, urban predators[8]. They began inhabiting urban areas on
Prince Edward Island in the 1980s, and it is believed that competition with coyotes
may be forcing the foxes into cities, because coyotes were introduced to PEI around
the same time. A study done in Ontario by Voigt and Earle in 1983 found that families
of red foxes were rarely found in, and actively avoided, areas inhabited by coyotes
[9]. Another study by Gese, Stotts, and Grothe in 1995 in Yellowstone National Park
found that coyotes mostly tolerated the presence of red foxes, but would often attack
them on sight [10].
Since the populations of predators and prey may depend on each other, it is
interesting to observe the relative fluctuations in their populations. A study done
3

by Hanski, Hansson, and Hentonnen on the Fennoscandian Peninsula found that the
population cycle of rodents in some areas had a maximum of 100 times the population
density of the minimum over a period of 3-5 years [11]. Studying the density of
populations is important for disease management, because dense populations can
promote the spread of disease [12]. Especially when considering urban animals like
foxes and coyotes.
The presence of artificial structures and lack of natural habitat would suggest that
urban landscapes are not ideal for supporting populations of animals. These structures create a high degree of fragmentation, boundaries to movement, and hazards
(e.g. roads and traffic) that pose a risk to survival. These urban features are all
expected to decrease the foraging efficiency and gene-flow of animals; despite this,
there are many animals that have become urbanized by adapting to take advantage
of urban features and be successful in these seemingly challenging environments [13].
A study done on lizards in Puerto Rico even found that the urban lizards were larger
and healthier than their natural forest counterparts [14].
Animals have a variety of ways to adapt to these environments. They may change
their behaviour and foraging strategies, or even morphology. A study by Lapiedra,
Chejanovski, and Kolbe found that the behaviour and foraging strategies of lizards
differed greatly between urban and rural settings[15]. A study by Hutton and McGraw found that urban House Finches even had different facial features than rural
house finches, which is believed to be a result of the species adapting to this new
environment[16].
Many of these predators are also highly intelligent, and able to take advantage of
certain urban landscape feautres. For example, a study done on bobcats and coyotes
by Tigas, Vuren, and Sauvajot in 2002 found that they often traversed the city by
using culverts, which can act as corridors that connect habitats together and allow
4

them to avoid crossing roads [17]. The red fox is another predator that has been
successful in urban environments, which is likely due to the generalist behaviour and
broad diet, which includes scavenged food from human sources. A study in 1993 by
Saunders et al. found that scavenged food accounted for 64% of the volume of the
food that foxes ate in Bristol [18]. Anthropogenic resources could make up for any
natural resources that urban landscapes do not provide.
While the introduction of animals to urban areas appears to benefit the species,
there are still concerns regarding interactions with humans. As the density of animals
increases in urban areas, the likelihood of potentially violent encounters between
urban animals and people, or their pets, increases. In the case of the red fox, there
have been very few reports of attacks on humans, but they are known to hunt small
pets such as rabbits. Foxes are also known to damage property when foraging for food
and building dens [19]. An increasing density of foxes could amplify this problem.
Another problem with dense populations is the spread of disease. As the density
of a population increased, the likelihood of disease transmission from one animal to
another increases. This is especially important in the case of foxes, since they are a
major vector of rabies in continental Europe and North America [12] [20]. Coyotes are
another animal that is becoming urbanized, and a study done in Alberta by Murray
and St. Clair found that the diseased coyotes in their study were 9 times more likely
to enter yards with anthropogenic resources than healthy coyotes [21]. There have
been no reported cases of rabies in foxes on Prince Edward Island, but there is always
the possibility of it being introduced. A study done in Melbourne Australia by Marks
and Bloomfield found that the density of red foxes in the city was high enough to
support a rabies endemic if the virus was ever introduced there [22]. It is important
that we understand the population dynamics of urban animals in order to properly
manage and prevent the spread of diseases throughout cities.
5

1.1

Study Techniques

Historically, much of population ecology has been studied in the field and by constructing theoretical mathematical models. With advancements in technology, and
the processing power of computers, simulation studies are now often used since constructing mathematical models of complicated systems can be difficult. This study
in particular is a simulation study. This section will provide a brief overview of the
methods and results of relevant field studies, theoretical animal movement models,
and finally simulation studies.

1.1.1

Field Studies

It is important to be able to acquire high-quality field data to understand the movement of animals, but this is not always an easy task. Methods like mark-recapture
and basic tracking were traditionally used. However, these tracking methods are not
only tedious, but can bias the movement behaviour and miss important aspects of
movement at different spatial scales. In mark-recapture studies, the results are biased
towards the geographic location of the traps. As well, all of the information between
the release and recapture is lost [23]. Animals are also likely to detect that they are
being tracked, which may influence their behaviour [1]. Fortunately, advancements
in technology have provided movement ecologists with more powerful techniques to
obtain animal movement data. Radio telemetry and the Global Positioning System
(GPS) are two techniques that are now commonly used for tracking animal movement. Both simply involve outfitting a captured animal with a collar that can be
used to track its position. These techniques allow population ecologists to accurately
track the movement of animals over relatively long periods of time [3][24][25].
These studies are what provide theorists and computational ecologists with new
6

ideas for their theoretical models, and data to compare their current models against.
For example, it is well known from field observations that foxes live in dens. Since
they have to return to their dens periodically, they establish home ranges around
their dens, which can be accurately mapped with GPS collars [26] [27]. Coyotes are
also known to show home-range behaviour since they have territories that they defend
[10]. This type of behavioural information is essential when modeling animals, since
it has significant effects on their movement patterns.

1.1.2

Theoretical Models

The theoretical models of animal movement can be classified into two broad categories, Eulerian and Lagrangian [1]. The Eulerian approach is mainly concerned with
the population densities of some populations at some point in space and time. One
of the most basic, and well known, examples of a Eulerian model of predator-prey
dynamics is the Lotka-Volterra model [28]. This model is a system of two differential
equations that predicts the total population of populations of predators and prey.
The two equations are :

dx
= αx − βxy
dt
dy
= γxy − δy,
dt
where x is the population of prey and y is the population of predators. α is the growth
rate of the prey, δ is the death rate of the predators, and β and γ are parameters
describing the rate at which the populations increase or decrease based on interactions
between the two. This is a simplistic view of population dynamics since it does not
consider spatial coordinates, the appetite of the predators, and a variety of other
7

factors.
In contrast to the population-based models of the Eulerian Approach, the Lagrangian approach focuses on the individual [1], which will be referred to from now
on as a walker. While the Lagrangian approach is quite different than Eulerian, it
can be extended to populations as a whole and should produce similar results to the
Eulerian method [29]. The walkers for these studies are constructed to follow movement rules that are based on the behaviour of the animal that they are modeling. It
is important that the behaviour of animals that has been observed in field studies are
considered when developing Lagrangian models.
There are a variety of internal and external factors that influence each move an
animal makes, and they can each change the resulting movement patterns [30]. An
article by Muller and Fagan proposes that movement behaviour is broken into three
categories: non-oriented, oriented, and memory-based mechanisms[29]. Non-oriented
movements depend only on the state of the individual and the immediate environment. Oriented or biased movements are a result of the avoidance or attraction
towards nearby environmental features. Memory-based mechanisms are the movement patterns that result from memory of a location, and the desire of the animal
to either visit or avoid it [29]. Each of these must be considered when developing
Lagrangian movement models in order to create the movement rules for the walker.

1.1.3

Simulation Studies

As the complexity of the system increases, it becomes more difficult to derive mathematical expressions to describe animals, which makes it difficult to make predictions based on the models. While exact solutions to these models may not be possible, simulations provide a way to model systems that are much more complex,

8

both behaviourally and physically. Simulations of Lagrangian models are known as
Individual-Based Movement Models (IBMMs). The usual approach is to simulate
the movement of a walker that uses a particular walker model on a landscape. The
landscapes should be designed to attempt to reflect the real landscape as best as
possible. The walkers should be designed to move based on the decisions that a real
animal would make. In order to model animal movements in simulations, movement
ecologists have borrowed and modified the random walk models used by statistical
physicists and have had great successes in modeling animal movement [31].
Since animals generally move to find food or mates, simulations are often designed
with the intent of measuring how efficient different foraging strategies are at finding
those resources. Efficiency is usually defined as the benefit divided by the cost of
achieving that benefit. For a simulation of an animal looking for food, the efficiency
may be the energy gained from the food, divided by the energy used while finding it.
Optimal foraging theory states that the most efficient foraging strategy will be used
by species through natural selection [32]. This is because animals with more efficient
strategies are more likely to live to reproduce. Efficiency in this context does not
necessarily mean the strategy that will result in the most food, but the strategy that
results in the most offspring that will survive to also reproduce. Food is one of the
most important resources for survival, so looking at the foraging efficiency of different
theoretical foraging strategies could hint at what type of strategy is actually being
used by the animal of interest.
For simulations, it is often the case that multiple foraging strategies are simulated
on a certain type of landscape in order to find which one out-performs the other, and
thus is more efficient. Each walker model uses a different foraging strategy depending
on the behaviour of the animal it is modeling. It is assumed that animals make
discreet moves. Each move is a point where the animal stops and then chooses to
9

turn at a certain angle and move a certain distance. The turning angles and move
distances are randomly chosen from certain statistical distributions, which depend
on the foraging strategy that it being used. Complex foraging strategies will change
their distributions depending on their internal state and their environment.
The Brownian random walker is one of the simplest foraging strategies, and thus
one of the first ones that was used to attempt at model animal movement[31] [1]. The
Brownian walk has one distribution of turning angles and move lengths independent
of its state. This simplistic model has been successful at modeling the motion of
bacteria; but it only works for certain aspects of their movement, and would likely be
a poor model of complex predator movement [33].
The Lévy walker is a movement model that is commonly used in statistical physics,
and despite its simplicity, it has been surprisingly successful at modeling animal
movement[1] [31]. The move lengths of a Lévy walk are based on a power law distribution. This technique randomly samples movement lengths between 0 to infinity,
with shorter moves being much more likely. The resulting movement pattern appears
as though the walker thoroughly searches small areas and then makes large leaps to
other ones. This type of movement behaviour has been observed in spider monkeys
[34], and is known to be very efficient in homogeneous landscapes where resources are
randomly distributed [31]. It is likely that this type of movement is seen in real life as
a result of internal processes, like habitat selection [35]. A Lévy walk might produce
trajectories that looks like real data; but it does not discriminate between habitat
types, potentially searching through resource-poor habitat patches and skipping over
resource-rich ones.
A correlated walker is another random walk model, where the direction of each
move is correlated with the last one [31]. The correlated direction of movement is
useful for modeling animals that move with directional persistence, and is commonly
10

used to model animal movement [36][37]. A study done on cabbage butterflies found
that their movement throughout a day could be modeled as a correlated random
walk [38]. They also note that the distribution of move lengths and turning angles
may change depending on the ecological circumstances. Expanding on this idea, the
Composite Correlated Random Walker (CCRW) was developed. This is a multimodal model, where multiple move length and turning angle distributions are used
depending on the spatio-temporal coordinates of the walker. It might use larger
turning angles and shorter move lengths to thoroughly search a resource-rich area,
and then switch to longer move lengths with smaller turning angles to get out of
resource-poor habitat. It may even bias its movement towards resource-rich habitat
that is within its range of detection, or depending on how long it has been since its
last meal. Several versions of this walker were used by King in his study on how
different degrees of habitat loss and fragmentation affect the foraging efficiency of
various walker models [39]. The composite walker is important for this study because
certain versions of this model result in trajectories that are similar to a Lévy walk,
but the underlying process is based on both stochastic and deterministic properties.
Reynolds found that the movement patterns of mussels, that were originally thought
to be Lévy walks, could actually be described by using a tri-modal CCRW whose
limiting behaviour showed Lévy-like movement distributions [40].
Thus far, only the first two behavioural movement mechanisms proposed by
Mueller have been discussed, the final one being memory [29]. Memory significantly
affects animal movement trajectories, especially over long time-scales. The red foxes
of Prince Edward Island establish home ranges, which is likely because they are denning animals, and so they must return to their dens [41]. A pure random walker will
generally explore the entire landscape, and so it is important to include memory in
the model of animals like foxes that usually remain within their home range. Memory
11

also affects the foraging efficiency of animals, by remembering where a resource-rich
area is and then doing a cost-benefit analysis of moving there can be beneficial. Boyer
and Walsh used this idea for simulations of memory-based movement and found that
walkers using a combination of random sampling of the environment and calculated
returns to previously visited resource patches were the most successful foragers [42].
Kerster and Kello did an experiment on humans, where they played an online foraging
game. When the complete history of locations of resources was known, the foraging
efficiency of the players increased dramatically [43].
It is important to not only consider the internal factors that influence animal movement, but also the external factors. The success of walker models largely depends
on the type of landscapes that they are on, so it is important to generate landscapes
that accurately reflect the environment the subject animals live in. Real-life landscapes are generally heterogeneous and have various degrees of fragmentation. It’s
important that the generated landscapes reflect that properly, since the habitat selection exhibited by predators and prey can result in different movement patterns for
different landscapes. King used fractal landscapes for his study of landscape effects
on animal movement, because they had controllable ratios of habitat and degrees of
fragmentation [39]. While these landscapes can be useful when modeling rural areas,
this study is focused on urban predators, and so landscapes that better reflect urban
settings need to be generated. There have been many experimental studies of urban
animal movement, but there is a lack of urban animal movement simulations.

1.2

Thesis Objective

The main purpose of this thesis is to study the movement patterns of predators within
a complex urban landscape, and learn about how different urban landscape features
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influence their movement. The red fox of Prince Edward Island is one of the predators
of interest, so many of the assumptions for the model will be based on field studies
and anecdotal knowledge of fox behaviour. The model will not be too restricted to
fox behaviour however, as another goal is to develop a more general model of urban
predator movement. Therefore, only major behavioural traits of foxes that could be
extended to other predators will be considered, like habitat selection and home-range
behaviour.
These goals will be accomplished by modeling predators and prey as individual
walkers on urban landscapes. The landscapes will have tunable parameters, such as
the number of fences and available anthropogenic resources. Secondary predators
will also be added to the simulation to study predator-predator-prey dynamics. The
effects of varying the landscape parameters and number of secondary predators will
be studied by looking at how the foraging efficiency and movement patterns of the
primary predators change. Some of the important movement metrics that will be
analyzed are the mean squared displacement, and fractal dimension of the movement
bouts. Finally, the results of the simulation will be compared to real GPS data and
behavioural information from studies done by Lambe in Chalottetown, Prince Edward
Island [27]
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Chapter 2
Theoretical Background and
Models
In the Chapter 1, we discussed the history of animal movement research, and reviewed
much of the literature. This chapter is concerned with explaining the theoretical
models that are used when studying animal movement. When studying any physical
phenomenon, the first approach is usually to construct a simple model of the subject.
From these models, predictions are made, that are then tested via experiment. There
are two main approaches to model animal movement: the first is to derive systems
of differential equations that model populations and fluxes, and the second is to
create models of individual animal movement. In either case, it can be difficult to
derive closed-form analytic solutions, especially on complicated landscapes. However,
simulations allow researchers to simulate individual movement models on arbitrarily
complicated landscapes. In this study, we use individual-based movement models that
have been borrowed from statistical physics, and modified to incorporate important
behavioural traits of animals. The movement models are then simulated on randomly
generated fractal and urban landscapes.
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The following chapter begins with a detailed description of each theoretical animal
movement model used in this study. The movement rules for each model will be
explained, along with how the resulting movement patterns benefit foragers in certain
environments, i.e. different resource distributions, degrees of fragmentation, etc. A
short section on the effects of memory on movement and how it can be implemented
in simulations follows. The final section of this chapter describes the techniques used
to analyze and compare the movement models to each other, and to the field data.

2.1

Random Walk Models

As mentioned in Chapter 1, the two approaches to studying animal movement are
Eulerian and Lagrangian. The Lagrangian approach is to create a model of a single
animal that has a set of rules to determine how it will move. These are generally
referred to as Individual-Based Movement Models (IBMMs), and a single animal
using a given model in a simulation is referred to as a walker.
In a simulation, the program progresses in time steps, where at each step the
walker will choose the next location to move to. This process is generally stochastic;
the walker will randomly choose a distance and angle to move from move-length and
turning-angle distributions. Since the walkers make one move at each time step, the
length of the move is directly proportional to the speed of the move.
The differences between each IBMM are the distributions that each model uses,
and the rules that determine how these distributions may change, based on the time
or surroundings. These rules are based on the behaviour of the animals that are
being modeled, and the addition of rules implies that the walker is more intelligent
in the sense that it is making more complicated decisions. The success of an IBMM
is based on its foraging efficiency, i.e. how efficiently it can gather resources. The
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expected success of the different IBMMs generally depends on the distribution of
resources on the landscape, and whether the landscape is homogeneous, made of
one type of habitat, or heterogeneous, made of multiple habitat types. The following
subsections each describe their own IBMM, and what types of landscapes they should
be most successful on, starting with purely stochastic walkers and continuing on to
more deterministic, or “smarter”, walkers.

2.1.1

Brownian Walk

The simplest IBMM used in this study is the Brownian walk, since it uses two simple
and constant distributions. The move length distribution is a Gaussian distribution
of relatively short move-lengths. The turning angle distribution is between 180◦
clockwise and counter-clockwise, covering all 360◦ , where all angles are equally likely.
Both of these distributions are entirely independent of time, location, and previous
moves. An example of this type of walk is found in Figure 2.1.
The resulting movement pattern from these distributions look like the walker is
thoroughly searching a very small area. This is a result of small move lengths and
a lack of directional persistence, because the turning angle distribution allows the
walker the turn around completely and retrace its steps. This thorough and random
searching can be beneficial if the environment is homogeneous with evenly distributed
resources, especially if the resources regenerate quickly or move. In this situation, the
walker would not have to travel far to find resources, and retracing its steps could
actually be beneficial since resources could regenerate or move there from somewhere
else. A Brownian walker is not expected to perform well in an urban landscape since
the environment is heterogeneous and highly confined.
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2.1.2

Lévy Walk

The Lévy walk is slightly more complicated than the Brownian walk, but is still a
purely random walk. The turning angle distribution is 180◦ clockwise and counterclockwise, exactly like the Brownian walk. The difference for the Lévy walk is that
its move-lengths follow the following power law distribution,

P (l) ∝ l−µ ,

(2.1)

where P (l) is the probability of a move of length l occurring, and µ is a tunable
exponent between 1 and 3. The power-law distribution results in movement bouts
that are dominated by short moves, similar to Brownian motion, but it is highlighted
by infrequent long moves. A small µ increases the frequency of long moves, and the
movement patterns appear less Brownian. A larger µ reduces the frequency of long
moves, and the movement pattern will look more like a Brownian walk. An example
of a Lévy walk compared to a Brownian walk is found in Figure 2.1.
This type of foraging strategy is useful for homogeneous landscapes where the
resources are not uniformly distributed. In this case, the small move lengths allow
the walker to thoroughly search areas where the resources are densely packed, and
the long moves allow it to cover a larger area in search of new densely packed areas.
One issue with this walker is that its moves are purely random, so it could still
make long leaps out of a resource-rich area to a resource-poor one, which would not
benefit a real animal. This type of walk is also not likely, or in most cases even
possible, in an urban landscape. Physical barriers, such as fences and houses, would
not allow animals to make long moves. However, it is possible that urban animal
movement patterns could look like Lévy walks on larger time scales, where not every
individual move is considered.
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Figure 2.1: This is an example of Brownian and Levy motion. The levy walker
covers a much larger area than the Brownian walker because it is able to make
long moves, but it still has Brownian-like motion at several points in its trajectory.

2.1.3

Correlated Walk

The previous two IBMM’s are uncorrelated walkers; that is, each move is independent
of previous moves. One property of uncorrelated walks is that there is no directional
persistence, so it is possible for walkers to retrace their steps to revisit places that
they have just searched. This is generally not a good foraging strategy, because in
most cases there likely will not be resources if the walker just searched that area.
A solution to this problem is to introduce correlation between the turning angle
of subsequent moves, by reducing the turning angle distribution. For example, if
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the range of turning angles is 30◦ clockwise or counterclockwise, and the previous
move was directly north (call north 90◦ ), then the next move will also be mostly
northwards between 60◦ and 120◦ . The next move will then be highly correlated with
last move and slightly correlated with the first, and so on. The correlation between
each move and the first one will decrease at a rate depending on the size of the cone,
a small distribution will have significant correlation for many moves, and vice versa.
A distribution of 0◦ would result in the walker simply moving in a straight line. This
correlation introduces directional persistence to walkers, making it less likely that
they will retrace their steps. The following IBMMs in this section will use different
versions of correlated walker models.

2.1.4

Composite Correlated Random Walk

The Brownian and Lévy walkers were purely random walkers, so their movement
patterns are independent of landscape composition. Real animals are influenced by
their environment as they are able to process information from their surroundings
and make decisions based on the input. For example, if an animal is in a safe and
resource-rich area it would want to rigorously search it for resources. This strategy
would not be beneficial if in a resource-poor area, it would be more efficient for the
animal to move quickly through that area to move on to new resource-rich areas.
Real landscapes are usually heterogeneous, and some resources are associated with
different landscape features. For example, an animal that eats fruit would want to be
in a forest of fruit trees (good habitat), and not in an empty field (bad habitat). The
Composite Correlated Random Walk (CCRW) is used to emulate this behaviour by
using different move-length and turning-angle distributions based on its environment.
The simplest CCRW is a two-state model that changes states based on the qual-
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ity of its surrounding habitat. When it is in resource-rich habitat, it will use wide
turning-angle and small move-length distributions to rigorously search for resources.
When it eventually moves to poorer habitat, it switches to a thin turning-angle distribution and longer move-length distributions, resulting in fast and highly directionally
persistent motion. This will help the walker quickly find a new good habitat patch,
and minimize the time spent in bad habitat.
The CCRW is useful when the landscape is heterogeneous and the resource distribution depends on the type of habitat. In this case, it can identify where there
will be a lot of resources and take advantage of that area, then move on to other
resource rich areas. The resulting motion from this two-state model can look very
similar to Lévy motion, but the important difference is that the Lévy walker cannot discern between different habitat types. It will inevitably end up moving quickly
through good habitat, missing many resources, and move slowly through bad habitat,
which is inefficient. This is why composite walks are advantageous on heterogeneous
landscapes.
There are also more complicated composite walkers that may have more than
two states, or environmental cues other than habitat type that cause them to switch
states. The simplest correlated walker used in this study has three states rather
than two, since the landscapes that are used will have three types of habitat: good,
intermediate, and bad. An example of this type of walk on an urban landscape can
be seen in Figure 2.2.
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Figure 2.2: This is an example of a composite walker on an urban landscape.
The different states of movement can be seen, where it makes short and random
moves in good habitat, longer moves in intermediate habitat, and much longer
and more directed moves in bad habitat.

2.1.5

Area Intensive Walk

An Area Intensive Walk is a type of CCRW that changes states depending not only on
its surroundings, but also on time. The Area Intensive walkers used in this study have
two states that are the same as the two-state walker model described at the beginning of the composite correlated walk section. The state corresponding to searching
through good habitat will be called the search state, and the state corresponding to
moving quickly through bad habitat will be called the travel state. The previous
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CCRWs are based on the idea that it is always good to be in good habitat. However,
in reality resources are limited, and so the quality of a habitat patch will decrease
as the walker gathers resources. The Area Intensive Walkers account for this by
switching to their travel state after a given time. Ideally, the walkers would switch as
the resource density in the patch reduces below the average resource density of the
landscape, which is known as the marginal-Value Theorem [44]. However, that would
require that the walker is omniscient of the distribution of prey, so a predefined giving
up time is used instead. After that time, the density of resources in that patch has
likely been reduced to below the average resource density of the landscape, in which
case it would be more efficient to switch into its travel state to move on to a new
patch. This behaviour is beneficial on heterogeneous landscapes, just like the basic
CCRW, especially if the good habitat patches quickly run out of resources.
For the purpose of this study, two area intensive models are considered. The
first is the Area Intensive Habitat (AIH) model, which behaves exactly as was just
described. The second is the Area Intensive Prey (AIP) model. While the AIH walker
switches to its search state when it finds good habitat, the AIP walker switches when
it finds prey instead. Switching based on the existence of prey may be beneficial in
certain situations; for example, competing predators may have recently cleared out
a habitat patch of prey, in which case the walker would not benefit from stopping
there. If it did find prey, then it would stop to thoroughly search the area. This type
of behaviour was seen in elephant seals in a study done by Le Bras et al., where the
seals would reduce their horizontal movement speed when prey was encountered, in
order to hunt for more prey that would be nearby [45].
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2.2

Memory

The previous movement models incorporated some of the basic behavioural traits that
determine the movement patterns of foraging animals. While it would be impossible
to incorporate every aspect of animal behaviour in a model, and in most cases the
resulting change in movement patterns would be negligible, it is important that we
incorporate behaviours that have significant impacts on the movement patterns of
the subject animals. For example, the movement patterns of denning animals are
influenced by their need to eventually return to their dens. A simple random walker
might eventually travel thousands of kilometers away from where it began, but a
denning animal never travels too far from its den. This results in an established
home range, which means that they stay within a certain area of their den. Homerange behaviour is vital to include when modeling animals with dens, and is therefore
important for this study since the red fox is a denning animal. It is believed that
memory is a vital component for animals to establish a home range; especially in
denning animals, since they must remember where their den is located [46].

2.2.1

Memory Model

There are two main types of spatial memory, egocentric and exocentric. The former
is based on remembering the position of a point of interest relative to the walker’s
location, while the latter is based on constructing a spatial map of the area. In an
egocentric model, the walker remembers the distance and angle to the location of
interest. When it wants to return, it will head in the correct direction until it reaches
its target. In an exocentric model, the walker builds a map of landmarks and the
relative positions between them. For example, it might remember that there is a tree
next to its den that is 20 metres south of a house that is 30 metres south-west of
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its current location. When the walker wants to return, it will follow the landmarks
backwards until it reaches its target.
An egocentric model requires that the animal can travel in a relatively straight line
towards its target; but that is not reasonable for an animal in an urban landscape,
since it has to travel around houses, fences, roads, and other urban barriers. The
exocentric model is much better suited for an urban setting because the landmarks
that it remembers will trace around urban obstacles, so it will naturally go around
them by following the landmarks. In the simulations for this study, the walkers have
a list of landmarks that are set down every few meters as they forage around the
landscape. When it is time to return to the den, it will go to the nearest landmark
and then look for nearby ones that are closer to its den to follow them home.

2.3

Analysis Metrics

In order to compare models to experiment, predictions must be generated based on
the models. For our simulation, this means that certain metrics must be calculated
at the end of simulations, and compared to the same metrics calculated from experimentally gathered movement data. The following subsections are descriptions
of the applications of various metrics that will be used to analyze and compare the
movement data from the simulations and field studies.

2.3.1

Foraging Efficiency

According to Optimal Foraging Theory, a species will use the most successful foraging
technique as a result of natural selection. This is because the most successful foragers
are more likely to survive to mate and pass on their genes, and therefore foraging
strategy, to future generations. It may be useful to compare the relative success
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of the different foraging strategies that are being tested in order to gain a better
understanding of what type of movement models an animal should choose depending
on the environment.
Success can be measured using a cost-benefit analysis, where the measure of the
success is the ratio between the benefit and the cost. It can be difficult to measure
benefit in some species, especially if they live in colonies, since their foraging strategies
may benefit the colony rather than the individual. Reproduction is another factor
that tends to be inefficient for gathering resources, but beneficial for a species. For
this study, it is assumed that the predators have a singular goal of finding resources.
Therefore, the success will be measured as the foraging efficiency, which is the ratio
of energy gained by foraging resources to the energy used to find them. The foraging
efficiency is calculated using the following equation:

Efficiency =

Ei
,
Eo

(2.2)

where Ei is the input energy, or energy gained, and Eo is the output energy, or
energy used by the animal. The resulting value is the energy gained per unit energy
consumed to get it. Animals must have at least a foraging efficiency of 1 in order to
survive, otherwise they would constantly lose energy and perish. In order to maximize
efficiency, they need to maximize the energy gained, and minimize the energy used.
They will gain energy by finding resources, i.e. by catching prey or eating flora. The
energy used is a bit more complex, because there are many different processes that
use different amounts of energy. A study done by Taylor, Heglund, and Maloiy looked
at the energy consumption of 7 carnivores while running, among many other animals.
Each animal lost a passive amount of energy when at rest, and then the rate of energy
used increased linearly with speed[47]. The amount of energy used while an animal
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is at rest is known as the Standard Metabolic Rate (SMR), while the energy used
while moving is the Active Metabolic Rate (AMR). In previous studies, the foraging
efficiency was defined as the prey caught per distance traveled, but clearly animals
use energy even when they remain still, and so the efficiency of foraging strategies
should also depend on the metabolic rates of the animal. A study done by Alcaraz
and Garcı́a-Cabello found that hermit crabs would change their foraging strategies in
response to changing energetic requirements [48]. Using this to measure the output
energy, and assuming that each resource caught has the same energy value, results in
the equation:

Efficiency =

N Er
N Er
=
ttot (P + Kvave )
P ttot + Kdtot

(2.3)

where Er is the energy gained per resource, N is the number of resources gathered,
t is the total length of time that the simulation ran, P is the standard metabolic
rate (energy/unit time), K is the proportion of energy dedicated to movement (energy/(velocity*unit time)), and dtot is the total distance traveled by the animal. tvave
becomes dtot since the definition of vave is vave = dtot /t.
If we redefine energy such that each resource is worth one unit of energy, then we
can remove Er entirely from the equation, resulting in

Efficiency =

N
.
P ttot + Kdtot

(2.4)

In this case, P and K have different meanings than before; they are now the rates
that an animal uses the energy from one resource. Redefining the variables in this
way makes the efficiency easier to interpret and calculate for our simulations; it is
simply the number of resources gathered divided by the number of resources that
were used. While red foxes were not part of the study by Taylor et al., they studied
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dogs and cats, which are both similar to foxes in size, behaviour, and diet.

2.3.2

Mean Squared Displacement

The Mean Squared Displacement (MSD) is the mean of the squared distance between
each point along the trajectory and the starting position. It can be expressed as
N
1 X
M SD =
(~ri − ~r0 )2 ,
N i=1

(2.5)

where N is the total number of moves, ~ri is the position of the walker after the ith
move, and ~r0 is the initial position of the animal.
There are two important applications for the mean squared displacement, the first
being that it can be used as a measure of the amount of the landscape that has been
explored. A walker that only explores a small area, like a Brownian walker, will have
a small mean squared displacement when compared to a walker that covers a much
larger distance, like a Lévy walker.
It is also useful for understanding how the movement pattern of a walker progresses
with time. The mean squared displacement will generally increase with time, and the
rate at which it increases depends on the type of foraging strategy. For example, a
levy walker would see a much faster increase when compared to a Brownian walker,
because it makes longer moves. It can be a useful tool in identifying the type of motion
that real animals generate by taking the mean squared displacement from GPS data
and comparing them to the expected trends in the mean squared displacement for
different IBMM’s.
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2.3.3

Fractal Analysis

Fractal analysis is used to measure of the tortuosity of the path, which is a measure
of how twisted the path is, and can also be used to find scale-dependent transitions
that result from responses to the structure of the environment [49]. The idea behind
fractal geometry is that the length of a trajectory depends on the length of the ruler
that was used to measure it.. With typical shapes, like lines and squares, the number
of rulers required to measure the whole shape scales inversely to the length of the ruler
(λ). Rulers in this context depend on the dimensions of the object; a one dimensional
“ruler” would be a line segment while a two dimensional “ruler” would be a square
with sides of length λ. The number of “rulers” required to measure the whole object
can be expressed as
N = λ−D ,
where N is the number of “rulers” needed, and D is the dimensionality of the object.
On a straight line segment, where D = 1, if the ruler is reduced to 1/4 the initial size,
then 4 times (1/4−1 ) as many rulers are required. A square, where D = 2, would need
16 times (1/4−2 ) as many square ”rulers”, and so on. Fractal paths are less intuitive,
and the number of rulers required to measure them does not scale like it does for
discreet dimensions. A fractal path made of 1-D line segments can have a fractional
dimension between D = 1 and D = 2, which means that the measured length of the
path will increase as the length of the ruler decreases. The fractal dimension of the
path can be found using a log-log plot of the measured length of the path against the
length of the ruler used to measure it, where the measured length L is the number of
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rulers multiplied by the length of them. This results in

L = N λ = λ−(D−1)
and thus,
log(L) = −(D − 1) log(λ)

(2.6)

The slope of this graph is the negative of one less than the fractal dimension of the
path. Equivalently, it can be rearranged to get D as a function of λ:

D =1−

log(L)
.
log(λ)

(2.7)

A perfect fractal (scale-independent) path would have infinite length between any
two points as the ruler length approaches 0. However, the paths in this study are not
perfect fractals, so the path length will instead stabilize to its real value as the ruler
length is reduced, and the slope of the graph will approach 0.
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Chapter 3
Computational Methods
In chapter 2, we discussed various theoretical models that are commonly used by
movement ecologists when studying animal movement. While theories provide useful
descriptions of animal movement, they still have to tested using experiments. Analytic solutions to these models can provide useful information to test against real data.
However, these solutions are often based on simple landscapes, and more complicated
landscapes increases the difficulty of obtaining analytic solutions. Fortunately, simulations can be used to simulate the movement of these models on arbitrarily complicated landscapes, and should provide the same information that analytic solutions
would.
In this study, we developed a simulation that employs a Monte-Carlo-like algorithm to investigate how urban landscapes affect the movement patterns and foraging
efficiency of urban predators. The computational model has two major components:
the landscapes, and the walkers. The following chapter will begin with an explanation
of how the landscapes were generated, and how different landscapes were generated
by systematically varying certain key parameters. The main differences between the
different walker models were described in chapter 2. This chapter will explain how
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the walker models were implemented in the simulation. Finally, the chapter will finish
by explaining how each simulation proceeds, and how the output data was analyzed.

3.1

Landscape Generation

The landscapes for this simulation are represented as matricies of 500 × 500 integers,
where each element represents a square of some habitat type. The arbitrary distance
unit u is used to measure distances during the simulation, where each habitat square
is 1 × 1u2 . The integer value of each element determines what type of habitat it
represents: 2 is an anthropogenic resource space, 1 represents good habitat, 0 is for
intermediate habitat, -1 is for bad habitat, and -2 is an impenetrable barrier. There
were two types of landscapes generated: fractal landscapes, and urban landscapes.
The fractal landscapes are supposed to represent natural habitat that is variably
patchy and fragmented. The urban landscapes represent human-made cities, which
are more organized, but have much less natural habitat and many physical barriers.
The urban landscapes for this study are the only landscapes with resource spaces and
barriers.

3.1.1

Fractal Landscapes

The 2-dimensional fractal landscapes were generated beginning with the midpoint
displacement algorithm. This is a recursive algorithm that begins by taking the four
corners of a square and assigning them random values between 0.0 and 1.0. These
values represent the height of the four corners. The center of the square is then given
the average of the heights of the four corners, and a small random displacement is
either added or subtracted from it. The middle point of each of the sides of the
square are then assigned the average height of the two corners they are connected to
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and the center. The square is then broken up into four squares, and the algorithm is
then repeated for each of these four squares. This process continues with smaller and
smaller squares until the correct resolution of the landscape is obtained. In the end,
a “mountainous” 3-dimensional landscape is produced (see Fig 3.1).
The displacement of the midpoint δ is calculated using the following Gaussian
distribution,
x2

e− 2σ2
,
δ(x) = √
2πσ 2
where σ 2 is the variance of the distribution, which is a measure of the width of the
peak. The variance of the distribution diminishes for each iteration of the algorithm
in order to smooth out the landscape. The nth iteration will have a variance of

σn2 =

σ2
22H(n+1)

where H is the Hurst exponent, which is essentially a measure of how smooth the
landscape will look in the end, and σ 2 is the variance of the first iteration. A larger
Hurst exponent results in smaller displacements, and therefore a smoother landscape.
The Hurst exponent is related to the fractal dimension of the landscape, D, by the
following equation.

D =3−H
In order to convert this 3-D “mountainous” landscape into a 2-D landscape with
various amounts of good, intermediate, and bad habitat, a “water leveling” technique is used. A “water line” slices the landscape in half at a certain height, where
everything below the water line is flooded. Each “flooded” pixel is considered bad
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habitat, and the rest is good habitat. The program counts the total number of good
pixels to find the percentage of the landscape that is good habitat. If it does not
match the desired good habitat percentage, then the height of the “water line” is
systematically varied to find the height that corresponds to the correct good habitat
percentage. Since our landscapes are composed of good, intermediate, and bad habitat, two water lines are implemented instead of one. Everything above the top water
line is considered good habitat, everything below the second one is bad habitat, and
everything in between is intermediate habitat.
The importance of the Hurst exponent becomes more clear after the water leveling
technique is finished. If the 3-dimensional landscape is very smooth with gentle slopes,
which is a result of a large Hurst exponent, the resulting 2D landscape will have a few
very large habitat clusters. If instead the Hurst exponent is small, the 3D landscape
will look jagged, like a number of sharp mountains, and the resulting 2D landscape
will have a large number of small disconnected habitat patches. The Hurst exponent
is therefore a useful parameter for varying the degree of habitat fragmentation on a
landscape. For these simulations, the fractal roughness (k) is used, which is inversely
proportional to H by the equation

k=

C
,
H

(3.1)

where C is a scaling constant that depends on the properties of the landscape.
Figure 3.1 shows an example of landscapes that were generated using the midpoint
displacement algorithm and water leveling technique.
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Figure 3.1: An example of fractal landscapes before and after water leveling. The
left landscape has a fractal roughness of 5, while the right has a fractal roughness
of 25.

3.1.2

Urban Landscapes

The fractal landscapes are made of 500 × 500 squares of habitat, where patches of
habitat can have varying sizes and shapes. Urban landscapes are more organized,
since they are usually broken up into properties where people build buildings, parks,
roads, etc. The urban landscapes in this study are generated by splitting the landscape into 625 20 × 20 tiles. Each of these tiles are assigned to be either a road, a
house, or a park tile. Park tiles are simply 20 × 20 good habitat spaces, houses are
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Figure 3.2: The three types of tiles that are used to build urban landscapes. The
left is a house with fences and an anthropogenic resource in yellow. The middle
is a road, and the right is a park.
mostly intermediate habitat with a house in the center, and roads are bad habitat
with intermediate habitat on the sides of them. There are four different types of
house tiles: the first one is normal, the second will include an anthropogenic resource
somewhere in the yard, the third will surround the yard with a fence, and the fourth
has a resource and a fence. An example of each type of urban tile is seen in figure 3.2
The algorithm to generate urban landscapes begins by “building” the roads, where
a road is defined as a series of road tiles. A road tile is placed randomly on the map,
and the algorithm places roads going up, down, left, and right. For each road, after
placing 2 tiles in the same direction, there is a chance that one or more new roads
will begin in a different direction. If the roads end up in a configuration that would
not occur in a real city, like two roads directly beside each other, then they will
be removed. Roads continue to be added until the desired amount of bad habitat
is achieved. If the roads do not achieve the correct amount of bad habitat when
they finish, then it will start over. Bad habitat is exclusive to roads on our urban
landscapes, and roads usually account for less than one third of the total landscape.
This restricts possible possible amount of bad habitat on an urban landscape to a
small range. The ideal maximum bad habitat to total habitat ratio is about 0.07.
0.08–0.09 is still achievable, but usually takes quite a few attempts.
Once the roads are placed, house tiles are placed in the empty spaces on the sides
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of road tiles. The remaining empty spaces are assigned to be park tiles. In order to
assure that each park will be connected to a road, and therefore accessible, one house
is removed beside each park. Afterwards, houses are randomly replaced with parks
until the proper good habitat amount is achieved. The final step is to add fences
and resources to the houses. Houses are randomly selected to be fenced and resource
houses until there is the proper ratio of houses with fences and resources.

3.2

Walker Models

The walker models mentioned in Chapter 2 were used to model the predators, prey,
and secondary, or competitive, predators. A random location is selected as the starting point for each walker at the beginning of the simulation. They will then begin
to traverse the landscape according to the foraging strategy that they use. The main
interactions between the different walkers are that both predators will eat prey, and
primary predators will avoid secondary predators by not moving within 20u of them.
The move length and turning angle distributions for each model can be found in Table
3.1 at the end of this section.

3.2.1

Generic Movement Rules

While each walker model has a different set of movement rules, there are a few common
rules for all the walkers. They each move based on a Monte-Carlo-like algorithm. A
random move is selected, and must satisfy several criteria. If the move does not satisfy
all of the criteria, the walker will not make that move, and a new move attempt will
be made with a new move length and angle. The first criteria is that there cannot
be any barriers in the way of its move; so if there is a fence or house in the way,
then the move immediately fails. The walker then checks to see if the move would
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result in a change of habitat. A move from resource-rich to a resource-poor habitat
would decrease foraging efficiency in most cases, so habitat selection rules are defined
such that moves from resource-rich to resource-poor habitats are less likely. The
likelihoods of a move from one habitat type to another being accepted are listed in
Figure 3.1. If the habitat change would be beneficial, i.e. from bad to good, then it
will immediately pass the check. If the move is to poorer habitat, then the walker will
generate a random number between 0 and 100 to check against the appropriate move
likelihoods. If the random number is less than the move likelihood, it will pass. The
final criteria is only for primary predators: they cannot move in range of a secondary
predator, since we are modeling a predator that avoids other predators.
In order to avoid a situation where a walker would be trapped, there are a few
exceptions to these rules. First of all, it is possible for a correlated random walker
to get trapped facing a corner with no possible moves because of its small turning
angle distribution. To avoid this situation occurring, and being caught in an infinite
loop, the walker will reorient itself by selecting an angle between 0 to 360, based on
a flat distribution of turning angles, if more than 30 move attempts fail. It is also
possible for a primary predator to become trapped with no possible moves if they are
cornered by secondary predators. If 30 move attempts are denied because they try
to move within 20u of a secondary predator, then the rest of the move attempts will
ignore the secondary predator, allowing the primary predator to move through the
area that is currently blocked by the secondary predator.
It is important to note that any predictions based on the theoretical models would
assume that all moves are accepted. In our simulations, longer moves are generally
less likely to occur, because they are more likely to attempt to move through anthropogenic barriers. Overall, there should be a general decrease in the total length
of movement paths of every walker with an increasing number of fences. The Lévy
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walkers will likely be most affected, since they are able to make the longest moves of
any walker, which will tend to be blocked by houses and fences.

3.2.2

Prey

A correlated random walk model was chosen to describe the movement pattern of the
prey because it is simple, which is good to reduce computation time. In addition, the
correlated walkers naturally spend more time in better habitat, which is important
since the habitat quality should reflect the likelihood of finding prey there. The prey
are randomly placed at a given location on a landscape at the beginning of each
simulation. Since prey spend more time in good habitat, it is expected that the
density of prey in good habitat will be denser than in intermediate habitat, which
will be denser than bad habitat. The spatial distribution of the prey at the beginning
of a simulation is random, so it may not accurately reflect the distribution that they
eventually “equilibrate” to as the simulation progresses. In order to avoid this, the
prey are given time to equilibrate by moving 500000 times before the first predator
is placed. 500000 was chosen as an equilibrium time based on previous tests, where
we looked at the density of prey in good habitat as a function of time. The density
of prey in good habitat would increase over time, eventually stabilizing after about
250000-300000 moves.
It is important to make sure that the prey will regenerate, so that the efficiency
of predators does not naturally decrease over time. When a prey is caught, it is
regenerated at a random location that is more than 200u away from the primary
predator. In this way, prey will regenerate, but not close enough to the primary
predator such that the local population of prey immediately increases. It is important
that local populations of prey reduce to the point that the predator should move on
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to a new habitat patch.

3.2.3

Primary Predators

The five previously described walker models were used to characterize the primary
predators. The area intensive walkers are divided into two types, Area Intensive
Habitat (AIH), and Area Intensive Prey (AIP). The difference between the two is
that the AIH walker will switch to a search mode when it finds good habitat, while
the AIP walker will switch to a search mode when it finds prey. The AIH walker will
also try to leave the current patch it is in, and so it will not switch back to search mode
if it leaves the current patch and returns right away. At the beginning of each move,
they search for prey that is within their perceptual range, which is a parameter that
is defined at the beginning of the simulation. The next step is to move by randomly
selecting a move length and turning angle based on the distributions that are defined
for that foraging strategy, and to check that each move passes the criteria mentioned
in section 3.2.1.
After all of the checks have passed, the walker will check to see if there is either
better habitat or prey on the way to its target. If there is a food item or better
habitat, the predator will truncate its move and stop there. This is similar to a
situation in real life where a predator had chosen to walk towards some location, but
noticed food, or a spot where there would likely be food. The predator would benefit
if it stopped to eat the food or search the area rather than continue moving. The
predator will begin its next move once the first move is finished, unless it has already
moved the desired number of times.
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3.2.4

Secondary Predators

The secondary predators follow the exact same rules as the primary predators, except
that they do not avoid the primary predators. Because of this, they are able to force
the primary predators out of their current location. They also consume prey and
take advantage of anthropogenic resources, which creates competition for resources
between the two predators.

3.2.5

Memory

Foraging is a complex process that involves interaction between animals and their
environment. For some animals, it also depends on their ability to remember locations
and return to them. It is believed that memory is one main mechanism that leads to
home range behaviour for some animals. Gautestad & Mysterud developed their own
memory models for walkers that resulted in home range behaviour; however, their
walkers simply randomly returned to a previous location they visited, which lacked
a real behavioural motivation [50]. The behavioural motivation behind our model
is that denning animals must remember where their dens are in order to return to
them. We have developed a simple memory model that allows walkers to return to
their dens, and results in the establishment of home ranges. These models are used
in some of our simulations to study the effects of home ranges on animal movement
and foraging efficiency.
The memory component in these models is considered to be exocentric (see Section
2.2), meaning that the walker builds a spatial map of the area, and then is able to
return to its den based on its knowledge of the environment. This is accomplished
in the simulation by separating the movement of a walker into two modes: a search
mode where the walker moves normally and is building a map of the area, and a
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return mode where the walker returns to its den.
The spatial map is built by the walker by placing landmarks around the map. The
walker begins the simulation by placing down its den and a landmark at the same
location, at time t=0. At the beginning of each subsequent move, it will search to
see if there is a landmark within a given distance, the distance being the minimum
distance between two landmarks. If there is no nearby landmark, then the walker will
place down a new one and continue. Each landmark has an x and y coordinate along
with a time coordinate, where the time is how long it has been since the walker left its
den. Eventually, a large number of landmarks will be placed around the landscape,
building a “map” of locations that the walker can return to.
After a certain defined time, the walker will switch from its search mode to return
mode. In return mode, each move is determined rather than random. It begins
by looking for the landmarks within its landmark perception range, which is slightly
larger than the minimum landmark distance so that there is always a landmark within
range. The walker will then make a move to the landmark in its perceptual range
that is temporally closest to its den. The time coordinate is used instead of the actual
distance from the den since it is possible that the walker could take a path that at one
point makes a “V” shape with landmarks, where the bottom of the V points towards
the den. In this case, if the walker moves to the landmark on the bottom tip of the
V, it would become stuck if the only nearby landmarks were the ones at the top of
the V. Using the time coordinates instead assures that there is always a landmark
with a lower time value nearby, until the den is reached.
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Table 3.1: A table of the move lengths and turning angles chosen for each walker
model. The move lengths are all in arbitrary units, where 1 u is the length of the
sides of each habitat space. The composite has three states: the first is in good
habitat, the second is in intermediate, and the third is in bad. The two states
for the AIH and AIP walkers are their search and travel states respectively. The
move length distributions are all Gaussian, and cut off at the bounds specified,
except for the Lévy.

3.3

Walker Model

Move Lengths

Turning Angles

Brownian

0u-1u

0◦ − 360◦

Lévy

P (l) ∝ l−µ

0◦ − 360◦

Composite

0u-1u / 1u-3u / 3u-5u

0◦ − 90◦ /60◦ /30◦

Area Intensive Habitat

0u-1u / 3u-5u

0◦ − 90◦ /30◦

Area Intensive Prey

0u-1u / 3u-5u

0◦ − 90◦ /30◦

Simulation Details

Each simulation begins by generating the landscape that the walkers will be run on.
The prey are then randomly placed on the landscape and allowed to equilibrate. The
secondary predators are then randomly placed on the landscape. Finally, a single
primary predator is placed on the landscape. The main part of the simulation then
begins, by moving every walker on the landscapes 100000 times. Afterwards, the
primary predator is removed, the prey are allowed to equilibrate again, and the next
primary predator is run. This process repeats until 250 of each type of primary
predator model is run. The coordinates for each move of the primary predators were
saved in files to be analyzed post-simulation by the SAMAP software package, which
was developed by Dr. Sheldon Opps.
There were three main types of simulations: one where the percentage of houses
with fences was varied, one where the percentage of houses with anthropogenic re42

sources was varied, and one where the number of secondary predators was varied.
Each of these were also run for primary predators with and without memory, for a
total of six different types of simulations. Each set of parameters were run 25 times,
so each data point in the results will be an average over 25 simulations. The simulations were run on the ACENET computation clusters, and a typical simulation would
take around 3 hours to run. The post-simulation movement analysis would then run
for almost two days.
In summary, this study focused on four key issues with predator movement and
foraging strategies on urban landscapes: (i) confinement effects from anthropogenic
barriers, which were studied by systematically changing the percent of houses that
had fences; (ii) the effects of indirect human-predator interactions were studied by
varying the number of anthropogenic resources that were available; (iii) the effects of
competition with secondary predators were studied by systematically increasing the
number of secondary predators; (iv) the effects of memory and home range behaviour,
which were studied by comparing the movement patterns and foraging efficiency of
walkers with and without memory.
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Table 3.2: A list of all of the parameters used for simulations where the percent
of houses with fences was varied. The predator lifetime is the total number of
moves that each primary predator made.
Parameter

Value

Number of predators

250

Predator lifetime

100000

Lévy µ

2.0

Number of prey

500
500u × 500u

landscape size
Good to intermediate habitat move likelihood

30%

Intermediate to bad habitat move likelihood

10%

Good to bad habitat move likelihood

10%

Percentage of houses with fences

0, 20, 40, 60, 80, 100 (%)

Percentage of houses with resources
Number of secondary predators

20%
0
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Table 3.3: A list of all of the parameters used for simulations where the percent
of houses with fences was varied. The predator lifetime is the total number of
moves that each primary predator made.
Parameter

Value

Number of predators

250

Predator lifetime

100000

Lévy µ

2.0

Number of prey

500
500u × 500u

landscape size
Good to intermediate habitat move likelihood

30%

Intermediate to bad habitat move likelihood

10%

Good to bad habitat move likelihood

10%

Percentage of houses with fences

60%

Percentage of houses with resources
Number of secondary predators

0, 20, 40, 60, 80, 100 (%)
0
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Table 3.4: A list of all of the parameters used for simulations where the percent
of houses with fences was varied. The predator lifetime is the total number of
moves that each primary predator made.
Parameter

Value

Number of predators

250

Predator lifetime

100000

Lévy µ

2.0

Number of prey

500
500u × 500u

landscape size
Good to intermediate habitat move likelihood

30%

Intermediate to bad habitat move likelihood

10%

Good to bad habitat move likelihood

10%

Percentage of houses with fences

60%

Percentage of houses with resources

20%

Number of secondary predators

0, 5, 10, 15, 25, 50
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Chapter 4
Results and Discussion
The following chapter presents the simulation results and a discussion on how the
movement patterns and foraging efficiency of each random walker model is affected in
four different contexts. It begins with the results from the simulations that varied the
number of fences on the urban landscape, in order to study the effects of confinement
and fragmentation from urban features. The next section looks at how the availability
of anthropogenic resources affect foraging efficiency. Competition and avoidance effects from secondary predators are then analyzed, followed by a comparison of models
with and without memory.
Each point on the graphs in this chapter are an average over 25 simulations, each
with 250 of each walker type. Also, the figures that graph metrics with distances
use the arbitrary distance unit u, which is the length of the sides of each square of
landscape. Some of the figures also refer to catch rates. The catch rates are the
number of resources that were gathered per 1000 units of distance traveled, or per
1000 units of elapsed simulation time.
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4.1

Fragmentation and Confinement Effects

The first objective was to observe the effects of confinement and fragmentation of
urban landscapes on the foraging efficiency and movement patterns of each walker
model. The percentage of houses with fences was used as a tunable parameter for
the landscapes, since fences restrict movement and block animals from entering or
leaving resource-rich areas like parks. The results are displayed graphically in figures
4.1-4.5. All of the results in this section are for predators that use memory.

Figure 4.1: A plot of the foraging efficiency versus the percentage of houses that
had fences.

First off, it is important to note that the standard Lévy walker was unaffected by
changes in the number of fences for all of the figures in this section. That is exactly
what is expected, since it was designed to ignore all barriers on the landscape. The
standard Lévy walker can be compared to the other Lévy walker to better understand
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how the urban landscape features are affecting the walkers. The Brownian walker does
not provide many interesting results and performs the worst by far in each situation,
which is not surprising since it is a slow and simple walker model.
Figure 4.1 shows how the efficiency of each walker type changes with the percentage of fenced houses. It is important to keep in mind that the foraging efficiency in
this case is calculated based on the energy consumption rates of the dogs from the
study by Taylor et al. that was mentioned in Subsection 2.3.1 (see Eq. 2.4), and so
the efficiency results in this simulation do not apply to all animals [47].
All of the foraging strategies are less efficient than the standard walker for all
values of houses with fences, which is not surprising since the standard Lévy walker is
able to move through artificial barriers, and even without fences there are still plenty
of houses in the way. The standard Lévy walker also does not use memory. Overall,
the standard Lévy walker is expected to travel further, and should not get caught
in spaces where it will use up all the resources like other walker models would. The
efficiencies of the rest of the walkers decrease as the number of fences increase.
The efficiencies of all the other walkers decrease at roughly the same rate, except
for the Lévy walker. Interestingly, the Lévy walker has roughly the same efficiency
as the area intensive habitat walker when there are few fences. As the percentage
of fenced houses increases to 40%, the Lévy walker’s efficiency decreases to that of a
composite walker. It continues to decrease at a faster rate than the composite walker,
and almost reaches the efficiency of the area intensive prey walker. This is likely a
result of the truncation of the move length distribution of the Lévy walker, where the
long-tail portion of the distribution becomes inaccessible with increasing number of
fences.
Referring to Figure 4.2a , it is clear that as the number of fences increases, the
catch rate per unit distance decreases for all walker types. The same trend is seen
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in the Figure4.2b, which displays the catches per unit time. The decrease in catch
rates is likely a result of the walkers being increasingly unable to easily access good
habitat, as the number of barriers increase. As they spend more time foraging in one
patch, they may eliminate all or most of the prey in that area.
Another interesting observation from Figure 4.2 is that the Lévy walker performs
the worst, next to the Brownian walker, when it comes to catches per unit distance,
but is the most efficient, next to the standard Lévy walker, when it comes to catches
per unit time. The lower catches per unit distance is likely because the Lévy walker
does not prefer to be in good habitat, and so many of its moves are wasted by moving
into poor habitat. However, it makes up for that by being the fastest walker. Even
though its long-tailed distribution is truncated by the existence of barriers, its mean
move length is still greater than that of the other models, so its speed will be greater.
The quick speed of the Lévy walker allows it to catch prey at a faster rate than the
others, even when much of its time is wasted in poor habitat. This information is
important because animals use energy at different rates. An animal that uses a lot of
baseline energy, as in while not moving, would benefit from using a foraging strategy
that gathers a lot of resources per unit time. An animal that instead uses a lot of
energy to move would want to catch as many prey as possible per unit distance, so it
would not have to travel as far to get more energy. This first type of animal, high base
energy use, would likely want to use a Lévy type strategy, since it is more efficient
when it comes to catches per unit time than the other walkers. The second type
of animal, low baseline but high movement cost, would likely prefer the AIH walker
since it has the best distance catch rate.
Figure 4.3 shows how the number of anthropogenic resources that were gathered by
each walker model changes with the number of fences. The Lévy walkers were the most
competent anthropogenic resource finders. As mentioned in Chapter 2, a Lévy walker
50

is expected to achieve peak performance on homogeneous landscapes with randomly
distributed resources. The urban landscapes in this simulation were not homogeneous;
however, the anthropogenic resources are randomly placed in intermediate habitat,
which accounts for nearly 60% of the landscape. The structure of the urban landscape
is mostly intermediate habitat with small clusters of good and bad habitat within it.
So, with respect to anthropogenic resources, the landscape is effectively homogeneous.
Therefore, the Lévy walker should perform well at finding anthropogenic resources.
The other walkers also prefer good habitat over intermediate habitat, so they would
be less likely to explore the intermediate habitat where the anthropogenic resources
are located, while the Lévy walkers have no preference.
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(a)

(b)

Figure 4.2: These are plots of the catch rates versus the percentage of houses
with fences for each walker model. The top graph is for the distance catch rate,
and the bottom graph is for the time catch rate.
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Figure 4.3: A plot of the number of anthropogenic resources found versus the
percentage of houses with fences. 20% of the houses had resources.
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(a)

(b)

Figure 4.4: A plot of the mean squared displacement at the end of each simulation
versus the percentage of houses with fences. The bottom graph excludes the Lévy
walkers, since their mean squared displacements were much greater than the other
walkers.
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Figure 4.4 shows that the mean squared displacements of each walker type, except
for the standard Lévy walker, decreases as the amount of fences increases. This is
not surprising, since the fences restrict the walkers from moving too far in a single
direction. The fences force the walkers to make turns to avoid them, and so they
are not able to travel as far. This means that they are unable to explore as much of
the landscape as they would without fences, which is also likely the reason why the
number of anthropogenic resources that they found decreased.
Finally, Figure 4.5 shows that the total path length of each model decreases as
the number of fences increases, except for the area intensive habitat walker. It is
expected that the total path length should decrease, because longer moves are more
likely to be blocked, since moves are not allowed to go through barriers. However, the
path length of the area intensive habitat walker increases instead. This is most likely
a result of the diminishing connectivity because of the fences, which makes it more
difficult for walkers to move between patches of good habitat. The AIH walker differs
from the others because it will give up thoroughly searching an area after a given
time. When it switches into travel mode, its move length distribution increases. It
will not go back into foraging mode until it finds a new habitat, which will take longer
if there are more barriers in the way, so it will use its longer move length distribution
for a longer period of time, resulting in a longer total path length. The CCRW’s also
have different states, but they exclusively use their shortest move length distribution
in good habitat. Meanwhile, the AIP and AIH walkers will switch into their travel
state in good habitat after a given time has passed. Also, the AIP walker will likely
find prey more quickly than the AIH walker would find a new habitat patch, so it
would not stay in its travel state for as long as the AIH.
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(a)

(b)

Figure 4.5: A plot of the total path length versus the percentage of houses with
fences. The bottom graph excludes the Lévy walkers since their total path lengths
were much greater than the other walkers.
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4.2

Availability of Anthropogenic Resources

The second objective of this study was to examine how the availability of anthropogenic resources affects the foraging efficiency of each walker model. The percentage
of houses with available anthropogenic resources was used as a variable parameter in
this context. Each of these simulations used landscapes where 60% of the houses
had fences. They also exclusively use walkers that use memory, and therefore have a
characteristic home range. No secondary predators were used in these simulations.

Figure 4.6: A plot of the efficiency versus percentage of houses with resources.

57

Table 4.1: This is a table of the slopes of the efficiency of each walker model in
Figure 4.6. The slope is how much the efficiency of the model increases with a
one percent increase in the number of houses with anthropogenic resources.
Walker Model

Rate of Change

AIH

0.038

AIP

0.025

Brownian

0.002

CCRW

0.038

Lévy

0.024

Standard Lévy

0.051

One main difference in this section is that the standard Lévy walker will be affected
by the changes, since it does take advantage of anthropogenic resources. It still ignores
boundaries, and so it is useful for analyzing how urban barriers affect the Lévy walker’s
ability to find anthropogenic resources. Once again, the Brownian walker is much less
efficient than the others, and has no significant changes.
Figure 4.6 shows the efficiency of each walker type versus the percentage of houses
with resources. The efficiency of each walker increases as the number of anthropogenic
resources increase, which is not too surprising since there are more resources available
. The Lévy walker has the smallest slope of all but the Brownian walkers. Because
of this, even though it is more efficient than the CCRW when there are no resources,
the efficiency of the CCRW surpasses the Lévy walker when more than 20% of houses
have resources. This is peculiar, since the Lévy walker found the most anthropogenic
resources in the first section. The Lévy walker is very efficient at finding resources
per unit time, because the long-tailed distribution leads to longer moves compared to
the other models, which results in an overall faster walker. However, the Lévy walker
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is the least efficient at finding resources unit distance. In Figure 4.7, the composite
walker has a higher catch rate per unit distance than the Lévy walker at low resource
percentages, and the composite walker’s catches per unit distance increases more
rapidly than it does for the Lévy walker. This should result in a more efficient walker
based on the efficiency calculation used in this study.
Figure 4.7 has two graphs: catches per unit distance, and catches per unit time,
versus the percentage of houses with resources. The standard Lévy walker is much
more efficient in both cases than any other walker model. The general trend between
all of the walker models is that the catch rate increases with the number of anthropogenic resources, which should not be surprising since the total number of available
resources is increasing.

59

(a)

(b)

Figure 4.7: These are plots of the catch rates for distance and time versus the
percentage of houses with resources.
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Figure 4.8: A plot of the anthropogenic resources gathered versus the percentage
of houses with resources.

Table 4.2: This is a table of the slopes of the number of resources found of each
walker model in Figure 4.8. The slope is how much the efficiency of the model
increases with a one percent increase in the number of houses with anthropogenic
resources.
Walker Model

Rate of change

AIH

0.40

AIP

0.21

Brownian

0.02

CCRW

0.36

Lévy

0.70

Standard Lévy

2.03
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Figure 4.9: The mean squared displacement versus the percentage of houses with
resources.

Finally, Figure 4.8 is a graph of the average number of anthropogenic resources
that were caught by each model versus the percentage of houses with anthropogenic
resources, and Figure 4.9 is a graph of the mean squared displacement of each walker.
Unsurprisingly, the number of anthropogenic resources found begins at zero when
there are no houses with resources. The slopes of the graphs are interesting however,
since the number of anthropogenic resources found seems to be linearly proportional
to the percentage of houses with resources. Table 4.2 lists the slopes of each of the
walker models. The number of resources available to the walker depends not only
on the percentage of houses with resources, but also on the amount of landscape
that the walker explores, and thus the number of houses that it visits. The mean
squared displacement can be used as a measure of the amount of landscape that the
walkers are exploring. A walker that covers a larger area naturally has access to more
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anthropogenic resources, as reflected by a higher MSD. Of course, the likelihood of a
walker finding those resources will also depend on the strategy used; for example, a
walker that uses memory to return to previously found resources would likely be more
efficient at finding resources than another walker without memory, but with the same
MSD. However, none of the walkers in this simulation were designed to remember the
location of resources, so it should be safe to assume that the steepness of the slopes
from Figure 4.8 are related to the MSD in some way.

4.3

Competition and Avoidance Effects

The third objective of this study was to investigate how competition with other
predators affects the foraging efficiency and movement patterns of predators. Figures
4.10-4.14 show the results from the simulations where the number of secondary predators was systematically varied. The most interesting results were from the simulations
where the primary predators did not use memory, so the following figures are all from
simulations without memory. The simulations that incorporated the memory model
will be mentioned in the next section of the results.
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Figure 4.10: A plot of the efficiency versus the number of secondary predators for
each walker type.

Figure 4.10 shows that the general trend for all of the walkers is that the efficiency
decreases as the number of secondary predators increases, which is expected since they
are competing with the primary predators for food. Also, the primary predators are
not generally allowed to move within 20u of the secondary predators. There could be
prey in that range, so the secondary predators not only compete for prey, but will act
as moving barriers that block the primary predator from prey that would normally
be available.
The decrease in efficiency appears to be drastic at first, but the effect is less
drastic as the number of secondary predators increases. This is likely because primary
predators will ignore the secondary predator if more than 30 moves fail by trying to
move within 20u of the secondary predator. With more secondary predators around,
it is more likely that the primary predator will get cornered by secondary predators.
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In which case, its moves are more likely to fail as a result of trying to move within
range of a secondary predator, and therefore the primary predator will be more likely
to ignore secondary predators. So, the efficiency will still decrease as more predators
are added, but the effect becomes less drastic. This phenomenon is simply a result
of the simulation’s movement rules, and may not accurately reflect what would occur
in reality. In many cases the secondary predator may hunt the primary predator, in
which case the primary predator would likely be caught when cornered by secondary
predators. Our simulations did not incorporate secondary predators hunting primary
predators; however, this may be explored in the future when studying population
dynamics.
Finally, there are two more important features of Figure 4.10 concerning the Lévy
walkers. First of all, the standard Lévy walker is only affected by competition with
secondary predators; it does not attempt to avoid them. This is likely the reason why
the standard Lévy walker is barely affected by an increase in the population of secondary predators, but the efficiency still diminishes since the secondary predators may
catch prey immediately before the standard Lévy walker arrives there. Secondly, the
other Lévy walker model is not as affected by the increasing population of secondary
predators as the other walker models are, excluding the Brownian walker. In fact, it
is less efficient than the CCRW and AIH at low numbers of secondary predators, but
surpasses both of them at large numbers of secondary predators. This may be because
the Lévy walker is faster and ignores habitat type. The secondary predators use a
CCRW, so they prefer foraging in good habitat. All of the primary predator models
also prefer good habitat, except for the Lévy and Brownian walkers. The quality of a
habitat should reflect the density of prey, but the existence of secondary predators in
good habitat patches will reduce the density of prey in that patch. The caught prey
may then regenerate in poorer habitat, which would increase the density of prey in
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that habitat. Therefore, the prey density likely becomes more homogeneous with an
increasing number of secondary predators, which is where the Lévy walker is most
efficient. This would not entirely offset the decrease in efficiency due to competition,
but is likely why the efficiency of the Lévy walker does not decrease as much as the
other walkers.
Figure 4.11 shows that both catch rates decrease for all models with increasing
numbers of secondary predators, since they are competing with the secondary predators for prey. The catches per unit time of all the walkers decrease at similar rates,
except for the Lévy and Brownian walkers. The standard Lévy walker is barely affected by competition, which was explained above. In contrast, the Lévy walker has
a relatively small decrease in the catches per unit distance, and a relatively larger
decrease in catches per unit time. This is another likely reason that the efficiency of
the Lévy walker is less affected by the changing number of predators, since the catches
per unit distance carry more weight in the efficiency calculation in this simulation.
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(a)

(b)

Figure 4.11: Plots of the catches per unit time and catches per unit distance
versus the number of secondary predators for each walker type.
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Figure 4.12: A plot of the mean squared displacement versus the number of
secondary predators for each walker type.

The Brownian walker was not affected by the changing parameters very much in
the previous sections; however, it behaves differently than the other walkers when
changing the number of secondary predators. In Figure 4.12, the mean squared displacement of all the walkers appear to decrease very slightly, except for the Brownian
walker. Instead, its mean squared displacement increases by over 50%. This is likely
due to secondary predators wandering near the Brownian walker and forcing it to
move. The Brownian walker usually covers a very small area during a typical simulation, but a secondary predator may approach it from one side and force it out of
its territory. In Figure 4.13, the change in total path length of the Brownian walker
is negligible. A significantly larger mean squared displacement, but unchanging total
path length, means that the walker is covering a much larger area than it normally
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would, but is likely still using the same move length distribution.

Figure 4.13: A plot of the total path length versus the number of predators. Only
the AIH, AIP, Brownian, and composite walkers are shown.

In Section 4.2, it was stated that covering a larger area should result in more
anthropogenic resources being found. Figure 4.14 supports that argument, since
the number of anthropogenic resources found seems to be correlated with the mean
squared displacements (Figure 4.12) of each walker type. In the case of the Brownian walker, the number of anthropogenic resources found nearly doubles with its
increasing MSD.
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Figure 4.14: A plot of the number of anthropogenic resources found against the
number of secondary predators.

4.4

Home Range Behaviour Effects

The final objective of this study was to explore how home-ranges, resulting from our
memory model, affects the foraging efficiency and movement patterns of each movement model. The following figures are plots of the various metrics from simulations
both with and without memory. The top graphs for each figure are the data for
walkers with memory, and the bottom graphs are without memory.
The first interesting feature to note from Figure 4.15 is that all of the walker
models, other than the Brownian walker, are more efficient than the standard Lévy
walker when memory is not included until the percentage of houses with fences is
very high, but are less efficient when there is memory. One of the main advantages
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that the standard Lévy walker had over the others in the memory simulations was
that it did not use memory, so it was able to travel much further, and thus remove
itself from areas that were resource-poor because it was foraging there. Meanwhile,
the other walkers would return to their dens several hundred times during a single
simulation, so they would remain mostly within their home-range. Because of this,
the areas closest to the walkers’ dens would likely be over-hunted, and almost barren
of prey. Without memory, the walkers are free to explore the landscape in its entirety,
and so they will often move from areas with low prey densities to areas with higher
prey densities, ultimately increasing their foraging efficiency.
The second interesting feature is that the Lévy walker significantly out-performs
the standard Lévy walker for all but 100% fenced houses, even though the only
difference between the two is that the standard Lévy walker ignores barriers. However,
since it ignores barriers, it as able to move inside of a barrier space. There is no
possibility of prey existing on barriers, so any moves on to barriers would not be
efficient. The other Lévy walker cannot move onto barriers, so there is always a
possibility of prey being where it moves.
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(a)

(b)

Figure 4.15: A plot of the efficiency versus percentage of houses with fences.
The top graph is the efficiency for walkers with memory, while the bottom is for
walkers without memory.
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(a)

(b)

Figure 4.16: A plot of the resources gathered per unit distance versus the percentage of houses with fences. The top graph corresponds to walkers with memory,
while the bottom is without memory.
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(a)

(b)

Figure 4.17: A plot of the resources gathered per unit time versus the percentage
of houses with fences. The top graph corresponds to walkers with memory, while
the bottom is without memory.
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Figures 4.16 and 4.17 help clarify why the non-Lévy walker models are more efficient than the standard Lévy walker when memory is not used. While both Lévy
walkers perform exceptionally well compared to the others for catches per unit time,
they perform quit poorly for catches per unit distance. As mentioned above in Section 4.1, the catches per unit distance have more of an affect on the efficiency than
catches per unit time. The non-Lévy walkers are more efficient because they find
more resources per unit distance than the Lévy walkers.
One final important note on these figures is that both catch rates are lower for
all walkers when using memory, meaning that memory, in this context, is clearly
inefficient. Optimal Foraging Theory predicts that animals should use the most
efficient foraging strategies, but many animals use dens. It is important to remember
that optimal foraging theory defines efficiency as the benefit over cost. The benefit for
animals is whatever makes an animal more likely to live to reproduce, produce many
offspring, or some combination of those two. They also require that their offspring
survive to reproduce. While food is required by any species to survive and reproduce,
there are other important factors like finding mates or feeding their young, which are
not necessarily energy efficient, but are efficient in an evolutionary sense. So, while
returning to dens may not be the strategy that results in catching the most prey, it
is likely the best strategy for denning animals to pass on their genes. Our study only
defines efficiency by how efficiently the walkers can find food, since it is difficult to
assign a value for the benefit of mating or returning to dens. In addition, our memory
model did not include the memory of anthropogenic resource locations, which is an
important feature that would better reflect actual animal movement
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(a)

(b)

Figure 4.18: Plots of the anthropogenic resources gathered vs the percentage of
houses with anthropogenic resources. The top graph corresponds to simulations
run with memory, and the bottom is without memory.
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Table 4.3: This is a table of the rates of change of the number of resources found
of each walker model in Figure 4.18b. The slope is how much the efficiency of
the model increases with a one percent increase in the number of houses with
anthropogenic resources.
Walker Model

Rate of change

AIH

0.97

AIP

0.62

Brownian

0.06

CCRW

0.86

Lévy

1.28

Standard Lévy

2.02

In section 4.2, it was discussed that the amount of anthropogenic resources gathered likely depended on the mean squared displacement of the walker. By examining
Figures 4.18 and 4.19, it appears as though this is still the case. The standard Lévy
walker does not change with memory; however, all of the other walkers have significantly steeper slopes without memory, along with larger mean squared displacements.
Table 4.3 lists the slopes of each walker model in Figure 4.18b, which is for walkers
that did not use memory. The slopes of all of them, except for the Lévy models, more
than doubled with the removal of memory. The general trend once again appears to
be that the models that result in larger MSDs also have the steepest slopes for the
plots of the number of resources gathered.
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(a)

(b)

Figure 4.19: Plots of the mean squared displacement vs the percentage of houses
with resources. The top graph corresponds to simulations run with memory, and
the bottom is without memory.
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(a)

(b)

Figure 4.20: A plot of the efficiency versus the number of secondary predators.
The top graph corresponds to simulations run with memory, and the bottom is
without memory.
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In Figure 4.20, it appears as though the relative efficiencies, between the memory and non-memory simulations, of each walker type is the same, except for the
standard Lévy walker. In both cases, the Lévy walker still performs worse than the
AIH and Composite at low competition, but surpasses them both as competition
increases. However, the efficiency of the Lévy walker surpasses the efficiency of the
AIH walker at only 10 secondary predators when memory was used, which is much
earlier than when memory was not used. In fact, the memory Lévy walker appears
to be nearly unaffected by increasing the amount of competition, and the efficiency
actually increased between 25 and 50 walkers. This is likely because of the increasing homogeneity in resource distribution that was discussed in Section 4.3, and that
Lévy walkers perform best in homogeneous landscapes. Since the memory walkers
are only slightly affected by increasing the amount of competition, the increase in
efficiency as a result of the more homogeneous distribution of resources for the Lévy
walker may make up for the reduction in efficiency due to competition. However, it is
important to remember that the increase of prey in lower-quality habitat is a result
of the regeneration rules for prey, where they randomly regenerate outside of 200u of
the primary predator. This may not accurately reflect the inflow of prey from outside
of the landscape in reality.
All of the other walkers also seem to perform much better when they do not use
memory. However, the memory walkers are barely affected by increasing the number
of secondary predators. In contrast, each walker model without memory nearly halves
their efficiency when going from 0 to 50 competitive predators.
The same trend occurs in Figures 4.21 and 4.22, for the catch rates. In fact, the
general trend in all of the figures in this section is that the walkers that use memory
generally are not as affected by changes in the environment as ones that do not use
memory. This may be because walker models with memory have well-defined home
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ranges, which are generally much smaller than the size of the landscape. Thus, any
changes that occur outside of their home ranges would not have an effect on them. If
a fence or resource is placed in an area that the walker would never access, then it will
not make a difference. This resilience to changing environments may be beneficial
to animals in the real world if they depend on maintaining their current foraging
efficiency.
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(a)

(b)

Figure 4.21: A plot of the distance catch rates versus the number of secondary
predators, with and without memory.
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(a)

(b)

Figure 4.22: A plot of the time catch rates versus number of secondary predators,
with and without memory.
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Chapter 5
Conclusion
This study produced a generic model for studying the complex interactions between
predators, prey, and an urban environment. The primary objective was to construct
generic predator models to investigate how various urban landscape features affect
the foraging efficiency and movement patterns of different foraging strategies. The
predator models were based on random walk models that are commonly used to
model animal movement, and memory was added in order to explore how the establishment of home ranges affects the foraging efficiency of denning animals. A
landscape-generating program was also developed to create realistic urban landscapes
with tunable parameters. The number of fences contained in the landscape was systematically varied to study the effects of confinement and fragmentation of urban
landscapes, the number of anthropogenic resources was varied in order to study how
efficiently the different walker models found anthropogenic resources, and the number
of competing predators was varied to explore how competition and avoidance effects
affect the foraging efficiency of predators.
The simulations showed that increasing the confinement of urban landscapes, and
thus reducing the connectivity of habitat patches, reduces the foraging efficiency of
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all the walker models. The AIH, AIP, and CCRW walkers all had similar reductions
in foraging efficiency, while the Lévy walker was the most negatively influenced by
increasing the confinement of urban landscapes. Similar trends were seen for the
number of anthropogenic resources found, the mean squared displacements, and total
path lengths for all the models, where the Lévy walker, once again, had the largest
decrease. While it was expected that the foraging efficiency of each model would
decrease as the number of barriers to movement increased, it was interesting that
the Lévy walkers were affected the most, going from one of the most to one of the
least efficient walkers. This is especially interesting because Lévy walkers have been
so successful at modeling animal movement in the wild. It may be that Lévy walks
are more useful in open areas, but as the number of physical barriers increase, a
walker model such as the AIH or CCRW may be chosen instead. Animals have
been known to change their foraging behaviour, and even physiology, depending on
their environment, so this project could be used in the future, using the appropriate
parameters for the animals being studied, to provide insight on when, where, and
why these transitions in foraging behaviour may occur.
Increasing the number of anthropogenic resources increased the foraging efficiency
of all walkers. While the Lévy walkers were the most successful at finding anthropogenic resources, their efficiencies increased the least because of their excessive energy use. There also appeared to be a positive correlation between the Mean Squared
Displacement and the number of resources that were caught by each walker model.
This portion of the project could be used in the future, in conjunction with field
studies, to explore the necessity of anthropogenic resources towards the survival of
urban predators. For example, it is suspected that they may not be necessary at all,
in which case urban predators would be able to thrive without such close interactions
with humans, potentially reducing the likelihood of property damage and spread of
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disease.
Increasing the number of competing predators reduced the foraging efficiency of
each walker model. The Lévy walker was the least susceptible to increases in the number of secondary predators, as it went from the third best to best foraging strategy,
excluding the standard Lévy walker, as the number of secondary predators increased
from 0 to 50. The mean squared displacement of each model was only slightly influenced by the avoidance of secondary predators, except for the Brownian walker,
which had its MSD increase by over 50%. The current model in these simulations
for predator-predator interactions and prey regeneration are simplistic, which may
have resulted in movement behaviours and efficiencies at high numbers of secondary
predators that would not be expected in reality. These models should be improved,
and in the future may be used to study predator-predator-prey population dynamics.
Some of the most interesting results came from the analysis of the efficiency and
catch rates of each model. While the Lévy walker was the most efficient at gathering
resources per unit distance, it was the least efficient, other than the Brownian walker,
at gathering resources per unit time. The Lévy walker is commonly used to model
animal movement, but it may not be the most efficient foraging strategy depending
on the rate that energy is used by the subject animal. Also, the efficiencies of the
memory walkers, with established home ranges, were drastically lower than those
without memory, which seems to disagree with Optimal Foraging Theory. When
developing future models, it will be important to consider the Standard and Active
Metabolic Rates, rather than simply the resources gathered per unit distance, in order
to properly calculate the foraging efficiency of walker models.
Unfortunately, due to time and resource constraints, it was not possible to analyze
the GPS data that was gathered in field studies to compare to the simulation results.
There also was not enough time to complete a fractal analysis of the movement
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paths, and run simulations for landscapes that were combinations of urban and fractal
landscapes. However, there are currently plans to complete those analyses in the
future, along with plans to extend this model to study population dynamics and
model the spread of diseases throughout populations.
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