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Abstract

Animal movement data offer key insights into behavioural responses to ecological
interactions and environmental change. However, recent advances in telemetry have
outpaced the development of statistical methodology, leaving large datasets challeng-
ing to analyse due largely to computational limitations. Movement ecologists commonly
analyse animal trajectories using discrete-time hidden Markov models (HMMs), which
become restrictive when observations are irregular or behaviour changes rapidly relative
to the sampling frequency of the data. Continuous-time formulations avoid these lim-
itations but are typically computationally demanding, with existing approaches often
relying on high-dimensional Bayesian MCMC inference, limiting their practical acces-
sibility.

In this thesis, we develop a series of efficient modelling frameworks to facilitate the
uptake of continuous-time methodology. We introduce the fast integrated continuous-
time HMM (FInCH), which limits the number of behavioural changes between succes-
sive observations and integrates over their timing using a combination of analytical and
numerical methods. This yields a close approximation of exact methods while enabling
efficient computation in both Bayesian and frequentist settings. We further improve
efficiency with the fast, refined integrated continuous-time HMM (FRInCH), which
assumes at most one behavioural change in each half interval between observations,
reducing computational cost and removing the need for tuning parameters. We then
present the velocity-based continuous-time HMM (VB-CTHMM), which accounts for
both the speed and directional persistence of an animal’s movement while retaining the
capacity for inference via direct likelihood maximisation in a multistate framework. Fi-
nally, we propose the density-level superset filtration (DSF) approach, a non-parametric
method for order selection that avoids repeated model fitting by identifying behavioural
states as stable clusters.

We demonstrate the proposed methods on simulated and real datasets, including
case studies on kinkajou (Potos flavus), red fox (Vulpes vulpes), fisher (Pekania pen-

nanti), reindeer (Rangifer tarandus), and domestic goat (Capra aegagrus hircus) data.



If you can talk with crowds and keep your virtue,
Or walk with kings—mnor lose the common touch,
If neither foes nor loving friends can hurt you,

If all men count with you, but none too much;

If you can fill the unforgiving minute
With sixty seconds’ worth of distance run,
Yours is the Farth and everything that’s in it,

And—uwhich is more—you’ll be a Man, my son!

— Rudyard Kipling, If—
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Chapter 1
Introduction

By analysing how animals move through their environments, we gain insight into the
ecological processes that structure their lives: how they respond to conspecifics, com-
petitors, predators, and shifting environmental conditions. Movement data offers a
powerful lens on these interactions, informing both basic ecological understanding and
assessments of environmental change. However, movement trajectories are often dif-
ficult to interpret because they arise from an animal’s unobserved behavioural state,
biophysical limitations, and memory. Encounters with landscape features, the weather,
and other animals continually influence an animal’s trajectory (Cagnacci et al., 2010).
As a result, movement emerges from a complex sequence of decisions that exhibit sub-

stantial stochasticity alongside strong spatial and temporal dependence.

Recent advances in telemetry have greatly improved data collection—both in terms
of spatial precision and sampling frequency—and increasingly sophisticated statisti-
cal tools have been developed to analyse diverse forms of movement data (Patter-
son et al., 2017). In particular, the growing accessibility of high frequency datasets
has shifted movement ecology towards the short term, with a substantial number of
datasets now available that reveal fine-scale movement over weeks or even days (e.g.
Munden et al., 2021; Kays and Hirsch, 2015). This motivates the detailed study of
short-term behavioural dynamics. The focus of much of this work is on identifying
statistically detectable signatures in the movement process that correspond to a small
number of discrete behavioural modes throughout an animal’s trajectory (Fleming et al.,
2014). Of particular interest to ecologists are the number of underlying behaviours ex-
pressed in the data, the timing and frequency of transitions between them, and the
way in which movement patterns differ across behavioural states. Nevertheless, large
datasets—especially those with irregular temporal resolution—remain challenging to

analyse due to logistical constraints, computational demands, and a lack of accessible
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Chapter 1. Introduction

model formulation or software.

With recent technological advances enabling the collection of increasingly large
datasets, limited computational resources enforce ongoing trade-offs between ecolog-
ical realism and computationally tractable inference. Highly detailed models capture
individual movement process with considerable realism (e.g. Blackwell et al., 2015), yet
often lack the tools necessary for inference via direct likelihood maximisation, which
results in them being very slow to fit and often perceived as prohibitively complex.
In contrast, foundational work such as that of Morales et al. (2004) allows for highly
efficient inference via direct likelihood maximisation by making a series of simplifying
approximations, such as limiting changes in behaviour to observation times. However,
by coupling an animal’s behavioural process with the sampling regime of the data, this
approach may be problematic when faced with sparse data, irregular or missing obser-
vations, or may be inconsistent when analyses occur at different temporal resolutions
(Parton and Blackwell, 2017). Nonetheless, approximate methodology remains far more
common in practice—due largely to their efficiency and ease of implementation. Popu-
lar R software for animal movement modelling such as moveHMM (Michelot et al., 2016)
and momentuHMM (McClintock and Michelot, 2018) both implement this approximate
approach.

This thesis focuses on the case in which an animal’s movement process—observed
at a series of discrete locations over time—is described by some continuous-valued
distribution. The methods developed herein are suitable for cases in which changes
between the animal’s finite, discrete set of behavioural states occur at a slower rate
than the rate at which the observation of the animal is recorded. We assume that
these behaviours, which directly affect the animal’s movement process, are hidden at
observation times; this general framework describes a class of ‘state space model’ (e.g.
Patterson et al., 2008, 2017). In this work, we assume that the measurement error
associated with the animal’s location at each observation time is negligible, although
we do detail potential extensions to account for its incorporation (and discuss error in
Section 8.4.1). Such models are the focus of much existing software (Michelot et al.,
2016; Calabrese et al., 2016; McClintock and Michelot, 2018) and are thus widely used
by ecologists. Other general frameworks exist, such as those that assume that an
animal traverses a discrete plane (e.g. Hanks et al., 2015; Johnson et al., 2021) or
those that allow for continuous-valued behavioural processes (e.g. Torney et al., 2021),
although these lie beyond the scope of this thesis. Furthermore, we make the assumption
throughout that the number of discrete behavioural states is generally low, as is often

the case (Pohle et al., 2017), although—again—this is not always an assumption made
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1.1. Animal Movement Data

when making inference on individual animal movement using state space models (e.g.
Langrock et al., 2014; Rautiainen et al., 2022).

The primary motivation of this thesis is to improve the efficiency of methods for fit-
ting classes of state space model that both allow for more ecologically realistic inference
than the aforementioned approximate approaches and are applicable to a wider range
of data. We focus on telemetric (e.g. GPS) data throughout this thesis, with a general
overview of animal movement data given in Section 1.1. In Section 1.2, we detail the
aims of this thesis in more depth and we outline the structure of this work in Section
1.3. In Section 1.4 we give details on the implementation of methodology developed

herein.

1.1 Animal Movement Data

As previously mentioned, the focus of this thesis is the use of statistical methodology
for the study of the movement of an individual animal. Throughout this thesis, we
focus primarily on data collected on a two-dimensional plane, as is the case for the vast
majority of animal movement datasets (Meyer et al., 2025). Furthermore, we focus
on datasets that are telemetrically collected, such as those collected via GPS or Argos
satellites, based on the tagging and tracking of an individual animal, with observations
detailing its location collected at a series of discrete time points. In Section 1.1.1 we give
an overview of the history of animal tracking and the development of different methods
for data collection, such as acoustic data (for which the methodology developed in
this thesis may also be suitable), before discussing animal movement in the modern
day (and data collected in higher dimensions) in Section 1.1.2. We give motivation
for providing statistical methods that allow for inference on temporally irregular data,
or data consisting of many missing observations, from a conservationist perspective in

Section 1.1.3.

1.1.1 On the history of animal tracking

Tracking the movement of animals has always been of interest to humans, given that
for 99% of our evolutionary history we have lived by hunting and gathering non-
domesticated plants and animals (Kuhn and Stiner, 2001). However, it is only in
relatively recent human history that we have considered marking and tracking species
for the purpose of scientific advancement and/or in the interests of conservation. It was

ornithology that yielded some of the earliest works in this regard—in particular, John
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Chapter 1. Introduction

James Audubon, a pioneer of ornithology, has been credited with the first known bird
banding experiment in 1803, observing that birds return to the same nesting site every
year (Audubon and Vogt, 1937). However, it has been argued that this particular early
work is of questionable authenticity (Halley, 2018).

It is verifiable that the ringing of starlings for the purpose of scientific study was
started, at the very latest, by Hans Christian Cornelius Mortensen in 1899 (Preuss,
2001). In subsequent years, the first ‘official’ bird ringing scheme was established in
Germany in 1903, which was followed by Hungary in 1908 and Great Britain a year later
(Spencer, 1985). The work of Blanchard and Finster (1933) later introduced a method
for identifying individual snakes based on the way in which their scales were clipped
using sharp dissecting or microsurgical scissors. Indeed, up until the Second World War,
there were very few methods for the automatic collection and transmission of animal
movement data, with standard approaches for animal tracking being ostensibly limited
to ‘mark and recapture’ data. It was not until the middle of the 20th century that
technological advancements as a consequence of both world wars ultimately facilitated
the use of both radar screens (Russell and Gauthreaux Jr., 1998) and acoustic sonar
(Johnson, 1960) in animal tracking, with birds causing ‘phantom signals’ to appear on
radar screens throughout World War II (Harper, 1958). Seagulls in particular were
blamed for causing interference during the Battle of Britain, and in 1945 a scheme
sponsored by the British Army Educational Corps ran an exercise using radar to deduce

the speed of migrating birds around the Suez Canal (Goodwin, 1947).

Indeed, the technological advancements resulting from the conclusion of World War
IT served very much as a watershed moment regarding wildlife tracking technology.
Acoustic telemetry equipment was first developed for studying fish in 1956 (Trefethen,
1956), and in the 1960s automatic tracking based on the use of radio tags saw its first
usage (Cochran et al., 1965). Although having its origins in the Sputnik era (Guler,
1997), it was not until the 1980s that satellite-driven GPS technology belonging to the
US government was made widely available for civilian use (McLaughlin, 1997). The first
application of GPS in an animal tracking context came a number of years later, with
prototype GPS collars tested on wild caribou (Rangifer tarandus) in 1993 (Rodgers,
2001) and its first actual research application being in habitat selection studies with
Canadian moose (Alces alces) a few years later (Rodgers et al., 1997; Thirgood et al.,
2007). Since this early work, a plethora of satellite-driven animal movement data has
been collected and stored in repositories such as MoveBank (movebank.org), which at
the time of writing contains telemetric data from almost 9500 studies, and as of several

years ago had contributed to over 700 published papers (Kays et al., 2022).
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Beyond satellite-driven methodology for data recording, accelerometer and velocity
tags have been developed that do not rely on GPS, such as DTags for inferring the
movement of marine mammals underwater (e.g. Mikkelsen et al., 2019) or geolocator
tags for birds (e.g. McKinnon and Love, 2018). Although the focus of this thesis is
on telemetric data, we are confident that the methodology developed in this work
is amenable to data collected via any source that contains accurate information on
an animal’s location at a discrete set of time points. This is a feature of modern-day
acoustic technology, which is often used to study marine mammals and bats (e.g. Matley
et al., 2024). We discuss a potential application of novel methodology to radar data in
Section 8.2.1.

1.1.2 Animal movement in the modern day

Relatively recent technological advances extend beyond positional data to include high-
resolution accelerometry (e.g. Rautiainen et al., 2022) and physiological measurements
(e.g. Hooten et al., 2018), which offer a more direct window into an animal’s behavioural
and biomechanical dynamics. Alternatively, movement data may still be collected by
traditional means, such as manual relocation in capture-recapture studies (see Section
1.1.1). In such applications, individuals are captured, marked—such as with a visible
tag—and released, with the animals’ future locations recorded only upon recapture.
This approach, still common for organisms unsuitable for electronic tags (such as in-
sects; e.g. Ovaskainen, 2004), typically yields sparse and irregularly sampled datasets.
Throughout this thesis, however, we restrict attention to data consisting of locations
recorded at discrete time points, while noting once again that the underlying method-
ology introduced is, in principle, adaptable to these broader data types.

Electronic tracking devices such as those described in Section 1.1.1 have been used
for several decades to monitor the movement of free-ranging animals by recording their
locations at discrete time points (Cagnacci et al., 2010; Kays et al., 2015). Most contem-
porary telemetry systems, whether collar-mounted, implanted, or externally attached,
rely on satellite-based positioning technologies such as GPS or the Argos system. How-
ever, particularly in the case of Argos, the precision of location estimates may vary
widely, and the temporal spacing of fixes is often irregular (Patterson et al., 2010). A
standard measure of positional uncertainty associated with satellite geometry is the
horizontal dilution of precision (HDOP), which quantifies how the spatial configura-
tion of satellites relative to the tracked individual influences location accuracy. When
satellites cluster in a single region of the sky, positional error tends to increase Specht

(2022). Such error is largely unavoidable in practice and often necessitates the removal
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or down-weighting of high-error locations during preprocessing.

The vast majority of animal movement datasets consist of two-dimensional latitude-
longitude coordinates recorded in a geodetic coordinate system (Meyer et al., 2025). Al-
though globally meaningful, these coordinates describe positions on the curved surface
of the earth and are therefore cumbersome for direct use in many statistical procedures.
It is common practice to apply a map projection to transform geodetic coordinates into
a projected coordinate system such as Universal Transverse Mercator (UTM) coordi-
nates, which represent horizontal position in metres east and north of a local reference
origin (White and Garrott, 2013). This projection facilitates straightforward computa-
tion of movement metrics such as step length, turning angle, and speed (Meyer et al.,
2025). In this thesis, we rely primarily on the Euclidean distance between succes-
sive UTM-projected positions as the fundamental observable informing the statistical
methods developed herein. Nonetheless, certain applications, such as the visualisation
of simulated trajectories on geographical maps, require converting UTM coordinates

back to latitude and longitude; this operation is illustrated in Section 2.2.3.

Although most telemetry datasets are recorded in terms of latitude and longitude
only, animal movement itself is typically three-dimensional. Many species fly, dive, or
routinely climb, and thus exhibit substantial vertical displacement in addition to hor-
izontal movement. Incorporating this third dimension may yield substantially richer
insight into ecologically important behaviours such as foraging, predator avoidance,
and migratory strategies. Modern tracking technology increasingly accommodates this
by incorporating auxiliary sensors, including pressure and depth loggers and baromet-
ric altimeters, accounting for the flight altitude of birds (e.g. Clark et al., 2020) or
diving depth in marine organisms (e.g. Leos-Barajas et al., 2017). Although the anal-
yses presented in this thesis focus on two-dimensional movement, we expect that the
methodological framework herein may be generalised to three dimensions with relatively
minor methodological adjustment, though perhaps at non-trivial additional computa-
tional cost. The generalisation of the methodology developed in this thesis to higher

dimensions is discussed further in Section 4.6.

From inference on automatically collected movement data, we may infer the sort
of habitats preferred by an animal, its movement process, and how its underlying be-
haviour affects both. In this thesis, we focus primarily on the latter case, modelling the
movement of animals as being dependent on some hidden behavioural process, inferred
from their location collected at discrete time points. As detailed towards the beginning
of this section, modern telemetry systems provide unprecedented opportunities for the

study of animal movement but often introduce substantial analytical challenges arising
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from both measurement error and temporal irregularity or missing observations. These
challenges underscore the need for novel statistical methodology that is both robust
and accessible for ecologists, while being capable of accommodating the complexities
of contemporary movement data, thereby enabling deeper inference. In Section 1.1.3,
we further detail the importance of developing methodology for inference on data with
missing or temporally irregular observations, from a financial, scientific, and animal

welfare point of view.

1.1.3 The price of wasting tagging data

Although telemetric animal tracking has undergone a series of technological advance-
ments, both regarding the type and accuracy of data collected and tag miniaturisation
(Ross et al., 2024; Fontes et al., 2022), it still involves an inherently invasive proce-
dure, requiring a stressful process of live capture, handling, and tagging (Arrondo and
Pérez-Garcia, 2025). There are, even at present day, real risks of causing harm to an
animal, perhaps affecting its overall survival probability (Clewley et al., 2021; Portugal
and White, 2021; Dennis and Shah, 2021). It is therefore essential that the process
of tagging an animal is not trivialised, and that each fitted tag contributes valuable
data to a study; deploying tags that are never used causes not only financial loss but
potential unnecessary welfare cost for the animal. If data is collected with scientific or
conservationist aims, but is later unused, this is also a waste from both a conservationist

and scientific advancement perspective.

The recent work of Arrondo and Pérez-Garcia (2025) detects a declining trend in
data tagging projects that result in scientific publications. Of course, much of this
may be remedied by making data available to the wider scientific community using,
for example, the aforementioned MoveBank system. Further to this, however, it is
important that ecologists have access to statistical frameworks that are more flexible
and accessible than existing approaches, such that sparse or irregular data resulting
from technical malfunctions or excessive error may still be used. This forms part of t