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Abstract

In order to understand evolutionary-ecological processes and make decisions con-

cerning wildlife management (i.e., conservation and monitoring, according to Caugh-

ley (1994)), the ability to estimate abundances of wild animal species can prove

imperative (Verdade et al., 2014). However, methods of data collection that in-

volve direct interaction with wild animals can be invasive and pose risks to both

wildlife and humans (Verdade et al., 2013).

In this thesis, we propose methodologies that may be used to estimate animal

abundances using di�erent types of data, with an emphasis on data whose collec-

tion is relatively low-e�ort, cost-e�ective and poses the least risk of danger to the

animal and observer. The ability to use these data to estimate abundance may

allow for the establishment of large-scale wildlife monitoring programs.

First we present a multivariate extension to the N-mixture model proposed by

Royle (2004). This extension allows for the estimation of abundances for multi-

ple species simultaneously, while also estimating the correlation between species

abundances. This model is further extended to allow for data collected over long

time periods through the addition of a �rst-order autoregressive term on the abun-

dance. This model is then extended further to allow for the use of zero-in�ated

data by considering a hurdle-Poisson distribution for the latent abundances.

We then provide an overview of various N-mixture models, aimed at introducing

practitioners unfamiliar with statistics to this methodology. We demonstrate a

Bayesian implementation of some of these models to estimate foraging bee abun-

dance, with R code provided to allow model implementation by any interested

practitioners.
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Abstract

Finally we examine a scenario in which data is not composed of observations of

individuals, but rather observations of animal vestiges (i.e., traces that an animal

leaves behind as it moves through the environment). Here we present a novel

modelling framework, the triple Poisson model, that allows for the estimation of

animal abundance using vestige data, even when only very scarce data is available.
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CHAPTER 1
Introduction

In this chapter, we discuss the motivations behind the work presented in this thesis and

provide an overview of the material contained within the following chapters.

1.1 Motivation
Monitoring animal populations is of vital importance for multiple sectors, and

is necessary to carry out any plans that involve wildlife conservation, control of

wildlife population sizes, or the optimisation of yield for species of economic im-

portance. It has, as a result, been a primary focus for wildlife ecologists for over

20 years (Caughley, 1994).

Abundance in animal communities is of great interest in ecology, particularly in

the areas of conservation and wildlife management (Witmer, 2005; Nichols and

MacKenzie, 2004). The question of estimating abundance is an important one due

in part to the rapid decline in species abundance and diversity occurring globally

(Novacek and Cleland, 2001). The ability to estimate abundance facilitates the

establishment of large-scale animal monitoring programmes, which impacts not

only those working in statistics and ecology, but also conservationists, policy mak-

ers, and wider society, as the early warning provided by monitoring programmes

will allow for early intervention in species decline. The scenario where animal

1



1.1. Motivation

populations experience unnoticed decline due to a lack of monitoring programmes

is one that would a�ect society and the environment on a global scale. In addi-

tion to conservation, the establishment of wildlife monitoring programmes is of

economic importance as these programmes allow for the optimisation of yield of

species that are deemed to possess economic value. These can include wild animal

populations that provide human populations with products such as meat, cloth-

ing, and medicines. Wildlife monitoring programmes are also important due to

the ability they provide us with to determine when population sizes of pest species

are rapidly increasing, with implications for resulting economic and environmental

damage (Witmer, 2007). The ability to estimate animal abundance is central to

the development of these long-term wildlife monitoring programmes.

Throughout the remainder of this thesis we make a distinction between direct and

indirect data. Direct data refers to data which has been collected or obtained

through direct interactions with animal individuals, (e.g., data that is obtained

using methods that involve capturing an animal), and indirect data refers to data

which is obtained while avoiding direct interactions with an individual (i.e., counts

of observed individuals).

Wildlife abundance has typically been estimated using direct methods of observa-

tion, which involve close interactions between human and animal, and often involve

the capturing of the animal in order to tag or study it. The implementation of

these methods can prove to be expensive, time-consuming, and can pose risks of

distress or danger to both the animal and observer.

In this thesis we place an emphasis on the use of indirect data to estimate animal

abundance, due to certain advantages this type of data possesses over direct data.

Data collected indirectly is an attractive option for estimating abundance due

to the fact that it does not involve any direct interactions between human and

animal, which results in it being relatively a�ordable to collect when compared

with direct methods. There is also a reduced risk of harm to both animals and

humans inherent in the collection of these types of data (Verdade et al., 2013).

However, this type of data is often imperfect (i.e. the recorded information is

usually imperfect in the sense that it does not represent the total abundance). In

2



1.2. Thesis Outline

order to utilise these types of data to estimate animal population sizes, we must

use modelling frameworks that take into account the characteristics of this data.

Due to these characteristics, traditional modelling techniques, such as generalised

linear models (McCullagh and Nelder, 1989), cannot be applied directly to the

data, as they do not allow for the estimation of detection probabilities and so do

not accommodate aspects such as imperfect detection.

This thesis presents modelling frameworks that can be used to estimate animal

population sizes using di�erent forms of indirect data, namely data composed of

counts of animal sightings, and data composed of counts of animal vestiges (e.g.

scats, footprints, fur, feathers, among others). In each case this data is collected

by carrying out surveys along transect lengths, during which surveyors record

every individual animal or vestige observed. Vestige data in particular is currently

under-utilised in estimating abundance due to a lack of research into statistical

methodologies with the ability to utilise it.

The objective of the research presented in this thesis is twofold. The �rst objective

is the development of novel modelling frameworks that are �t for use by those work-

ing in the wildlife monitoring space, including statisticians, population�ecologists

and conservation�ecologists. The second objective is to introduce ecologists � and

entomologists in particular in Chapter 4 � who may be unfamiliar with statistics,

to these types of modelling methodologies. We aim to provide practitioners with

the information needed to carry out their own data analysis. We do this by imple-

menting these models in a Bayesian framework, o�ering comparisons of di�erent

methodologies and demonstrating their use using real�world data. It is the overar-

ching aim of this thesis that through the completion of these objectives we might

contribute to facilitating the establishment of more large-scale animal monitoring

programmes.

1.2 Thesis Outline
The remainder of this thesis is organised as follows. In Chapter 2 we provide an

introduction to the case studies examined as part of this thesis. We discuss the

characteristics of these datasets, as well as any limitations or di�culties encoun-

3



1.2. Thesis Outline

tered when working with them. We also discuss the source of each dataset, and

provide details for interested practitioners who may wish to fully reproduce the

analysis in this thesis using these datasets.

The subsequent chapters are presented in the format of journal articles and were

modi�ed where possible to avoid repetition while retaining the consistency and

clarity of the thesis.

In Chapter 3 we propose a modelling framework constructed as an extension to

the N-mixture model by Royle (2004) that allows the user to estimate abundances

for multiple species simultaneously though the inclusion of a species-level random

e�ect. The use of this random e�ect further provides us with the ability to estimate

inter-species correlations, which may allow us to begin to make inferences as to

the relationships that these species have with one another. We then propose a

further extension to this model that allow us to examine zero-in�ated data through

the use of a hurdle-Poisson distribution on the abundance. Using an extensive

simulation study, we show that this modelling framework provides consistently

accurate estimates of abundance in a range of scenarios. We also explore the

performance of this modelling framework using a real-world dataset collected as

part of the North American Breeding Bird Survey, examining all of the models

described above and choosing the model that provides the best �t using BIC

values.

In Chapter 4 we provide information on the development of the original N-mixture

model for closed populations by Royle (2004). We examine the assumptions made

for this framework, along with some limitations associated with it, and issues that

can arise when using the N-mixture model, such as those described by Dennis et al.

(2015). In Section 4.3, we provide an overview of many important extensions that

have been made for this model since its development in 2004. This includes N-

mixture models that have been extended to allow for the examination of multiple

species simultaneously, models that do not require the population to be closed, and

can thus support the occurrence of births, deaths and migration in a population,

and models that contain a number of zero counts greater than that expected by

the Poisson distributed abundance, which is a common occurrence when working

4



1.2. Thesis Outline

with count data composed of animal sightings. We assess the advantages and lim-

itations associated with each of these model extensions. In Section 4.4 we provide

an implementation of the original N-mixture model by Royle (2004) and the mul-

tispecies N-mixture model developed in Chapter 3 to estimate the abundance of

foraging bee populations.

In Chapter 5 we propose a novel modelling framework which we refer to as a triple

Poisson model. The aim of this model is to allow the use of vestige data to estimate

abundance. This is achieved by assuming that the number of vestiges observed,

the number of groups of animals in the area and the species abundance may each

be estimated using a Poisson distribution. We use simulation studies to show that

the predictive performance of the proposed model can rival that of the distance

sampling model (Thomas et al., 2006), particularly in scenarios when data is very

scarce. We analyse several case studies described in Chapter 2 including data

collected on collared peccary which consists of only two counts, data collected on

red foxes by Cavallini (1994) and data collected on sika deer by Marques et al.

(2001).

All proposed methods in this thesis were implemented using theR(R Core Team,

2022) software and are accessible on the author's Github1 via three public repos-

itories. The repositoriesMNM, insect_populations_ch11 , and triple_poisson

are related to Chapters 3, 4, and 5, respectively. Within these repositories we have

made availableR scripts required to produce all analyses and plots presented in

this thesis. Additionally, all datasets are publicly available, and their source is

provided in Chapter 2.

Finally, in Chapter 6, we present conclusions and �nal remarks, while indicating

topics for future research.

1https://github.com/niamhmimnagh
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CHAPTER 2
Case Studies

In this chapter, we discuss the various case studies utilised as part of this thesis, provide

details as to their notable features, and detail where these datasets may be located, for

practitioners interested in reproducing the work detailed within this thesis.

In this thesis we examine data that can be used to estimate animal abundance.

The data we examine is collected from several species in diverse locations and

under various circumstances. In this Chapter we will present the case studies to

be examined in subsequent chapters, examine some of their characteristics and

present any obstacles or di�culties that we encountered while using them.

2.1 North American Breeding Bird Survey
In Chapter 3 we consider data collected as part of the North American Breeding

Bird Survey (Pardieck et al., 2020). This data is available at a public repository2.

The North American Breeding Bird Survey is a large scale monitoring programme

focused on collecting data on breeding birds in the United States and Canada.

It has been conducted annually since1966, and now provides data on more than

400bird species at approximately3; 700routes (Figure 2.1). Each of these routes
2https://www.sciencebase.gov/catalog/item/625f151ed34e85fa62b7f926
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is approximately 24:5 miles long and is composed of50 stops, approximately0:5

miles apart. At each stop, every bird seen or heard within a0:25-mile radius is

recorded.

Figure 2.1: The location within the United States and Canada of all North Amer-
ican Breeding Bird Survey sites, with the 94 sites in Alaska that were selected for
analysis highlighted in red.

Due to the size of this dataset, we needed to select only certain data for use with

our modelling framework. We decided to examine data collected in Alaska in the

10�year period 2010� 2019. The result was a dataset that contained94routes, each

with 50 sampling locations, for a total of4; 700observations per bird species. From

here the next step was to select bird species to examine. The bald eagle (Haliaeetus

leucocephalus) was chosen for examination due to the large bald eagle populations

present in Alaska (between8; 000 and 30; 000 birds which accounts for roughly

half of the global bald eagle population (Hodges, 2011; Hansen, 1987; King et al.,

1972)). Several other species were then selected for examination; these species

included waterbirds such as geese, swans and snipes which were chosen for their
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relationships with bald eagles, as bald eagles are known to prey on waterbirds such

as ducks, geese and grebes when �sh are in short supply (Dunstan and Harper,

1975; Todd et al., 1982; McEwan and Hirth, 1980). Additionally, a selection of

species with inland habitats, such as thrushes and swallows, were examined. In

total, 10species were selected for analysis, of the233total species present in Alaska

within the 10-year period. The resulting dataset contained observations collected

at 94 sites where each site divided into50 sections, for10 species over10 years.

This gave us a total of470; 000observations.

Figure 2.2: The frequency at which counts of observed birds occur at the 94 selected
sites between 2010 and 2019 in the North American Breeding Bird Survey.
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Initial examination of this dataset revealed that93:2% of the observations exam-

ined for Alaska (438; 040of a total of 470; 000observations, Figure 2.2) consisted of

zero counts. These counts are decomposed into species-level counts in Figure 2.3.

This �gure reveals that while zeros dominate the counts for each species examined,

no species experienced only zero counts (i.e., no species examined was extinct, or

so seldom observed that it did not appear in the dataset at all).

Figure 2.3: The frequency at which counts individual species of observed birds oc-
cur at the 94 selected sites between 2010 and 2019 in the North American Breeding
Bird Survey.

Zero counts were then temporarily removed to examine frequencies of larger counts

(Figure 2.4). This revealed that the majority of bird sightings contained less than

four birds, with counts of greater than seven individuals occurring only 170 times,

and accounting for only0:036%of observations.
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Figure 2.4: The frequency at which counts of observed birds occur at the 94 selected
sites between 2010 and 2019 in the North American Breeding Bird Survey, after
zero counts have been removed.

This large number of zero-counts would suggest that a Poisson distribution as-

sumption for the abundance would provide a poor �t, and that an alternative

model that accounts for large proportions of zeros should be considered. Further-

more, this data was collected over a decade, which suggests that a model that

assumes populations are open would provide a better �t than a model that as-

sumes closed populations. A sample of the North American Breeding Bird survey

dataset is provided in Table 2.1.
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Country State Route Year Species Stop 1 Stop 2 ... Stop 50
USA Alaska 23 2003 Bald Eagle 37 1 ... 0
USA Alaska 24 2005 Bald Eagle 23 3 ... 0
USA Alaska 125 2017 Bald Eagle 3 0 ... 2

Table 2.1: A sample of the North American Breeding Bird survey dataset, with
the country, state, route, year and species observed at each stop (stops labelled
1�50).

2.2 BeeWalk Survey
In Chapter 4 we examine the N-mixture model proposed by Royle (2004) and

revisit the model that we present in Chapter 3, and demonstrate their implemen-

tation on a dataset collected as part of the BeeWalk Survey Scheme (Comont et al.,

2021).

The BeeWalk Survey Scheme is a survey established in the UK in2008 by the

Bumblebee Conservation Trust, which involves transects being surveyed by volun-

teers across the UK on a monthly basis. Data up until the end of2019is available

at a public repository3. By the end of the2019data-collection period, observations

of approximately 70 bee species had been recorded as part of this survey scheme

at over 1300 sites in the UK. In Chapter 4 we examine counts of observations

for several species of bees collected at60 sites in 2016and 2019. To ensure that

we are comparing data collected from the same seasonal cycles, we examine data

collected in June of both years. The60 sites examined in Chapter 4 are presented

in Figure 2.5.
3https://figshare.com/authors/Richard_Comont/97396
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Figure 2.5: A selection of sites in the UK at which bee observations were recorded.

Prior to estimating abundance using an N-mixture model, we con�rm that we do

not expect to encounter identi�ability issues that might lead to in�nite estimates

of abundance. We do this using the covariance diagnostic proposed by Dennis

et al. (2015)(detailed in Chapter 4) . Beewalk survey data is also available for the

years2017and 2018, but a negative value for the covariance diagnostic revealed

that we might expect issues with parameter estimates using the data collected for

these two years. For this reason, we decided to examine only data collected in

2016and 2019.

Figure 2.6 displays the total frequency of counts for observed bees across the60

selected sites in the BeeWalk survey in2016 and 2019. From this bar plot it

is obvious that zero counts (survey responses which record that no individuals

of a particular bee species were observed) compose a large portion of this data.

Further examination reveals that54:6% of the entire dataset is composed of these
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zero values, with the majority of the dataset (96:25%) composed of counts of less

than 20 bee individuals.

Figure 2.6: The frequency at which counts of observed bees occur at the 60 selected
sites in 2016 and 2019 in the BeeWalk survey data.

In Figure 2.7 we decompose the BeeWalk Survey counts into species-level counts.

This reveals that while zero counts occur very frequently for all species, no species

is composed entirely of zero counts.
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Figure 2.7: The frequency at which counts of individual species of observed bees
occur at the 60 selected sites in 2016 and 2019 in the BeeWalk survey data.

An issue that we must take into consideration when using data composed of bee

sightings is that at any one time, only a small portion (approximately30%) of the

bee colony's population is currently out foraging. For this reason, any estimate for

�abundance� obtained using counts of bees observed is not representative of the

entire population. We instead consider these estimates as estimates of the size of

the population who are currently out foraging, knowing that there are many more

bees in the area than these estimates would suggest. A sample of the BeeWalk

survey data is provided in Table 2.2.
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Site Grid
Reference

Length
(m)

Weather Wind
Speed

Temperature
(� C)

Species

Holyrood
park:

Hunter's
Bog S2

NT273733 558 Sunny Slight
smoke
drift

14 Common
Carder

Bumblebee

Holyrood
park:

Hunter's
Bog S1

NT273733 232 Sunny Slight
smoke
drift

14 Common
Carder

Bumblebee

Holyrood
park:

Hunter's
Bog S3

NT273733 383 Sunny/
Cloudy

Wind felt
on face,
leaves
rustle

12 Common
Carder

Bumblebee

Holyrood
park:

Hunter's
Bog S4

NT273733 283 Sunny/
Cloudy

Smoke
rises

vertically

17 White-
tailed

Bumblebee

Table 2.2: A sample of the BeeWalk survey dataset with the site, the site grid
reference, the length of the transect in metres, the weather, the wind speed, the
temperature in degrees Celsius, and the species observed.

2.3 Collared Peccary Survey
In Chapter 5, several case studies are examined, and are used to demonstrate

various aspects of our proposed modelling framework. This modelling framework

utilises data composed of counts of animal vestiges, where a vestige may be any

trace of an animal in the environment such as fur or tracks. However, for our

purposes, all datasets examined here contain counts of observed animal scats.
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Figure 2.8: Photos of (a) a group of collared peccaries foraging during the day
and (b) an individual collared peccary at night, captured at camera traps as part
of the collard peccary survey. Reproduced with permission from Prof. Luciano
Martins Verdade, Principal Investigator of the BIOTA programme, funded by the
Brazilian government.

The �rst dataset examined is composed of vestige counts collected for collared

peccary (Dicotyles tajacu) in the state of São Paulo in southeast Brazil (Assis,

2012) between July2012and October2012. A camera trap survey was also carried

out at the same sites during this time. While the collared peccary observations

collected from camera traps do not form part of the analysis presented in Chapter

5, the data from camera traps was used to inform prior distributions assigned to

estimate animal group sizes, and so Figure 2.8 contains photos of collared peccaries

captured in August 2012from some of these camera traps.

Figure 2.9 presents the location at which this survey was carried out, in the mu-

nicipality of Angatuba in the southeast of São Paulo.
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