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Summary

Movement is a crucial part in the life of animals. It determines their locations and
their potential interactions. The interest in studying movement has increased in
recent years. This increase is associated technological and methodological devel-
opments.

In this thesis, methods to study movement are investigated and used to pre-
dict the location and evolution of migratory routes. Many other methods to study
movement data rely on temporal independence of the observations. The temporal
correlation however contains useful information and therefore should not be ig-
nored or removed. In this thesis, I incorporate temporal information in the ana-
lysis of movement data.

An accurate description of space use is essential to investigate movement. The
Brownian Bridge movement model is a formal description of animal space use. It
integrates the estimated position of the animal between observed locations over
time, assuming continuous random movement. I extended the model to account
for changes in the amount of movement to describe heterogeneous trajectories
(Chapter 3). Using this technique it is possible to describe trajectories containing
various behaviours and life history stages. For example, tracks that contain both
migration and breeding behaviours, or trajectories with active and non-active peri-
ods. The Bivariate Gaussian Bridges further generalize the Brownian Bridges, but
separatemovement variance in two components on in the direction to the next loc-
ation and one perpendicular to this direction. I can show that the decomposition
of the movement variance describe correlated random walks better and produce
an equal or better fit for trajectories of various species (Chapter 4). These models
provide amore accurate description of space use. This in turnwill make it possible
to investigate a multitude of questions with higher accuracy and precision.

Based on thiswork, I quantify the space use ofmigrating raptors. Froman accur-
ate description of the individual space use an environmental model for migration
can be calculated per species. Themodel is used to predict species-wide space use
during migration between winter and summer ranges. This creates a global map
of migration diversity and intensity across species based on observed migrations
(Chapter 5).

Migration routes are not only shaped by static environmental conditions. To
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explore how migratory routes could be shaped by dynamic environmental con-
ditions I use two decades of wind data to calculate the quickest migration route
for a continuously flying bird. These routes are specific to one starting time, be-
cause wind conditions change continuously,and require knowledge of future wind
conditions to be encountered. This makes it virtually impossible for individual an-
imals to predict these routes at the time of departure. However, provided spatial
and temporal persistence evolutionary processes could theoretically select at pop-
ulation level for adaptive adjustment of migratory paths. I investigated whether
some of these routes could be followed every year on the basis of selection for the
shortest travel time. There is nearly always an alternative route that is quicker than
the shortest route over the years. This shows, that besides optimizing the timing
of migration, optimization of the route is also important, that can be done by fol-
lowing a static route despite changing wind conditions (Chapter 6).

With thesis I contribute to the study of animal movement by developing and
applying various analytical techniques for movement research. The emphasis of
these methods is especially on including time in the analysis. The methods de-
veloped here, together with other methods are used to investigate bird migration.
These studies show how movement can be investigated on a global scale.
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Zusammenfassung

Bewegung ist ein existentielles Element im Leben der meisten Tiere, denn auf die-
seWeise können sie ihrer Position sowie auch das Potenzial für Interaktionen aktiv
beeinflussen. Das Forschungsinteresse daran ist in den vergangenen Jahren bestän-
dig gewachsen, und treibt somit technologische undmethodische Entwicklungen
voran.

In dieser Dissertationsschrift werden Methoden zur Erforschung von Tierbe-
wegungen untersucht, und zur Vorhersage von Lage und Evolution von Wander-
routen herangezogen. Viele solcher Methoden sind darauf angewiesen, dass die
verfügbaren Beobachtungen zeitlich voneinander unabhängig sind. Allerdings ent-
hält die zeitlicheKorrelationsstruktur selbst Informationenund sollte daherweder
ignoriert, noch beseitigt werden. In dieserDissertation lasse ich die zeitliche Infor-
mation von Bewegungsdaten in deren Analyse mit einfließen.

Die Untersuchung von Tierbewegungen beginnt mit einer präzisen Beschrei-
bung der Nutzung des Raumes. Das auf der Brown’schen Brücke bruhende Be-
wegungsmodell ist eine formale Beschreibung der Raumnutzung durch Tiere. In
Annahme kontinuierlicher und zufälliger Bewegungen schätzt es die Position ei-
nes Tieres zwischen tatsächlichen Beobachtungen über die Zeit hinweg ab. Durch
eine Erweiterung des Modells, welche veränderliche Bewegungsraten ermöglicht,
lassen sich auch heterogene Bewegungsabläufe, wie auch verschiedene Verhal-
tensweisen und Lebensabschnitte umfassende Trajektorien beschreiben (Kapi-
tel 3). Hierunter fallen beispielsweise solche Abläufe, die Brut- sowie Wanderver-
halten beinhalten, oder aktive sowie nicht aktive Zeitabschnitte. Die bivariaten
Gauss’schen Brücken können die Brown’schen Brücken noch weiter verallgemei-
nern, indem sie Bewegungen in zwei Richtungskomponenten - die Bewegungs-
richtung sowie derenOrthogonale - auftrennen. Es wird für mehrere Tierarten ge-
zeigt, dass diese die korrelierten Zufallsbewegungen besser beschreiben, und eine
gleichwertige oder bessere Anpassungsgüte an die tatsächlichen Bewegungsabläu-
fe erzeugen (Kapitel 4). Diese Modelle liefern eine akkuratere Beschreibung der
Raumnutzung durch Tiere, und ermöglichen es wiederum, eine Vielzahl von Fra-
gestellungen mit höherer Genauigkeit und Präzision zu beleuchten.

Basierend auf diesen Erkenntnissen untersuche ich die Raumnutzung durch
wandernde Greifvögel. Von den Beschreibungen der Raumnutzung ausgehend,
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können für jede Art Umweltmodelle für deren Migration berechnet werden. Die-
se benutze ich wiederum, um für das gesamte Verbreitungsgebiet die Migration
zwischen Sommer- und Wintergebiet vorher zu sagen. Das Resultat ist eine auf
tatsächlichen Beobachtungen beruhende Weltkarte, welche die Diversität und In-
tensität von Wanderrouten über die Artgrenzen hinweg darstellt (Kapitel 5).

Wanderrouten sind nicht allein durch statische Umweltbedingungen determi-
niert. Um zu untersuchen, wie Wanderrouten durch dynamische Umweltbedin-
gungen geformt werden könnten, nutze ichWinddaten aus zwei Dekaden, um die
schnellstenWanderrouten für einen ohneUnterbruch fliegenden Vogel zu berech-
nen. Diese Routen sind spezifisch für den jeweiligen Startzeitpunkt, da sich die
Windbedingungen stetig verändern. Dadurch wird es für individuelle Tiere gera-
dezu unmöglich, diese schnellsten Routen zu finden. Auf der Populationsebene
jedoch kann Evolution bei räumlicher und zeitlicher Persistenz solcher optimaler
Routen selektierend auf die Wanderrouten einwirken. Daher habe ich untersucht,
ob manche dieser Routen, basierend auf einer natürlichen Selektion für die kür-
zeste Reisedauer zwischen zwei Punkten, jedes Jahr benutzt werden können. Es
scheint, als ob es zur kürzesten Route auch immer eine alternative, schnellere Rou-
te gibt. Diese Erkenntnis legt nahe, dass nicht nur die Optimierung für den Zeit-
punkt desZugbeginns, sondern auchdieOptimierungderRoute erheblich ist (Ka-
pitel 6).

Insgesamt trägt dieseDissertation durch die Entwicklung undAnwendung ana-
lytischer Methoden zur Bewegungsanalyse von Tierbewegungen bei. Der Fokus
dieser Methoden liegt dabei vor allem auf der Einbeziehung von Zeitinformatio-
nen in dieAnalyse.Die hier entwickeltenMethoden, gemeinsammit anderen, wer-
den für die Untersuchung von Vogelzug herangezogen. Diese Studien zeigen über-
dies auf, wie Bewegung auf globaler Ebene untersucht werden kann.
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Samenvatting

Datdierenniet opéénplaats blijven is eenessentiëel onderdeel vanhun leven. Inde
afgelopen jaren is er een toenemendebelangstelling inde studie vanverplaatsingen.
Dit gaat gepaard met technologische en methodologische ontwikkelingen.

In dit proefschrift staan demethoden om verplaatsingen te bestuderen centraal.
Deze worden gebruikt om de ligging en de evolutie van trekroutes te voorspellen.
Een belangrijk probleem in de analyse is, dat veel variabelen in de tijd sterk met
elkaar gecorreleerd zijn. Dit werd tot dusverremeestal genegeerd en daarmee ging
ook de informatie die in deze correlaties verborgen zit verloren. In dit proefschrift,
bouw ik de temporele informatie in, in de analyse van verplaatsingen.

Het onderzoeken van trekbewegingen begint met een nauwkeurige beschrij-
ving van het ruimtegebruik. Het Brownian Bridge bewegingsmodel is een formele
beschrijving van het ruimtegebruik van dieren. Het integreert de geschatte positie
tussenwaarnemingenmet betrekking tot tijd, onder de aanname van continue wil-
lekeurige bewegingen.Door in ditmodel veranderingen in de bewegelijkheid op te
nemen, is hetmogelijk omheterogene trajecten te beschrijven (Hoofdstuk 3).Met
deze techniek is hetmogelijk om trajectenmet verschillend gedrag en levensstadia
te beschrijven. Bijvoorbeeld trajecten die zowel migratie als broedgedrag bevatten,
of trajectenmet zowel actieve als inactieve periodes.Dit werkwordt verder gegene-
raliseerd door het inbouwen van Bivariate Gaussian Bridges. Deze zijn gebaseerd
opBrownian Bridgesmaar splitsen de verplaatsingen in twee richtingen:De eerste
is een rechte lijn tussen de opeenvolgende locaties en de tweede staat haaks daar-
op. Ik laat zien dat willekeurige bewegingen met een gecorreleerde richting beter
worden beschreven en dat trajecten van verschillende diersoorten tenminste even
goed worden beschreven als met andere methoden (Hoofdstuk 4). Deze model-
len helpen om het ruimtegebruik nauwkeuriger te beschrijven. Dat maakt het op
zijn beurt mogelijk om veel vragen met een nauwkeuriger te beantwoorden.

Kortom dit proefschrift draagt bij aan de studie van de verplaatsingen van die-
ren door het ontwikkelen en toepassen van verschillende analytische technieken.
Op deze basis beschrijf ik het ruimtegebruik door migrerende roofvogels. Met dit
ruimtegebruik wordt per soort een omgevingsmodel voor migratie berekend. Dit
model wordt gebruikt om het ruimtegebruik tijdens de trek tussen de zomer- en
winterverspreidingsgebieden voor die soort te voorspellen.Het resultaat is eenwe-
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reldwijde kaart van migratie diversiteit en intensiteit voor verschillende soorten
gebaseerd op waargenomen trek (Hoofdstuk 5).

Migratie routes worden niet alleen gevormd door statische omstandigheden.
Om te verkennen hoemigratie routes gevormd kunnenworden onder veranderen-
de omstandigheden zoals wind, heb ik de snelste weg berekend gebaseerd op twee
decennia windgegevens. Deze routes zijn specifiek voor één begintijd omdat de
wind continue verandert. Om de routes te vinden is het nodig om kennis te heb-
ben van toekomstige wind condities. Dat maakt het vrijwel onmogelijk om deze
routes te vinden bij vertrek. Er wordt onderzocht of sommige routes misschien ie-
der jaar gevolgd kunnen worden, gebaseerd op natuurlijke selectie voor de kortste
reistijd. Er zijn vrijwel altijd alternatieve routes die sneller is dan de kortste rou-
te. Dit werk laat zien dat naast optimalisatie voor vertrektijd, optimalisatie van de
route belangrijk is (Hoofdstuk 6).

Met dit proefschrift draag ik bij aan het onderzoek naar dierverplaatsingen door
het ontwikkelen en toepassen van verschillende analytische technieken. De focus
van deze methoden ligt in het expliciet inbouwen van tijd in de analyse. Deze me-
thoden worden samen met andere gebruikt om vogeltrek te onderzoeken. Deze
studie laat zien hoe verplaatsingen op een wereldwijde schaal onderzocht kunnen
worden.
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1
General introduction

Movement is an essential component of ecological and evolutionary processes.
Thespatial arrangementoforganismsdictates their potential for interactionswithin
their environment. Animals can affect their spatial organization continuously by
moving. Our understanding of these movement decisions and the factors that are
“considered” during these “choices” is critically important for furthering our un-
derstanding of ecology and evolution.

An individual’s environment plays an important role in fundamental evolution-
ary process, with important consequences for reproductive success and survival
(Franklin et al., 2000,Morris, 2003, Pettorelli et al., 2005, Ponchon et al., 2013, Pul-
liam, 1988). By moving, animals can actively change their environment, ideally
to maximize their survival and reproductive output (Morales et al., 2010), for ex-
ample by finding efficient foraging patches, safe resting sites, or environments
with low thermo-regulatory costs. The environment consists of many biotic and
a-biotic factors (Nathan et al., 2008), the factors can vary in their importance for
animals. The environment is thus a point in a dynamic multidimensional environ-
mental space. Every geographical point has a representation in the environmental
space, but not every point in the environmental space exists in geographical space
(Aarts et al., 2008, Elith & Leathwick, 2009). Some environmental factors are
more dynamic than others, for example thermal uplift versus elevation. The eleva-
tion of a geographic location will stay the same, whereas thermal uplift varies on a
daily basis depending on weather conditions. The biotic part of the environment
can also consist of many factors both large scale and stable (e.g., biome), as well as
more local, dynamic and less tangible factors such as predation risk.
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In recent years the interest in studying animal movement, the change in spa-
tial position of an organism over time, and space-use as a phenomenon has in-
creased (Nathan, 2008). There has been a disproportionate increase in the num-
ber of research papers published on this topic, compared to other topics in ecology
(Holyoak et al. (2008), Figure 1.1). Several large-scale projects have been started
that promote the study of animal movement, such as the ICARUS Initiative¹ and
databases for animal tracking information such as Movebank², or more specific
ones, like TOPP³, Seabird Tracking⁴ and WRAM⁵.

This increased interest and publication record has been facilitated by recent
technological developments, especially those that have allowed biologists to col-
lect animal movements at high temporal and spatial resolutions. Older methods
of recording movement such as radio telemetry (VHF) and mark-recapture, are
labour intensive and often require a considerable amount of human effort per ob-
servation. This potentially limits sample size and causes relatively high costs per
data point (Thomas et al., 2011), a potential exception to this are local automated
telemetry systems (Kays et al., 2011). However, these devices can be very small
(i.e., ∼ 0.3g)⁶, are relatively cheap, and can therefore be deployed onmany species,
from insects to the largest animals. Alternative systems exit such as the Argos sys-
tem⁷ that requires relatively heavy tags, is expensive, has limits to its observation
frequency and accuracy, but has the potential to operate autonomously on a global
scale. In the last 15 years, GPS technology has becomemore energy-efficient,mini-
aturized, autonomous, and can collect large amounts of high spatial and temporal
resolution data (Tomkiewicz et al., 2010). Even small (∼ 4g) GPS data loggers
can producemoderate to high frequency data for months. Their use has produced
an enormous increase in the amount of movement data. A good example of this
is the Movebank database (Wikelski & Kays, 2010), which has seen an increase in
the number of studies, individuals tracked and data points stored and shared in the
past years (pers. obs.).

¹http://icarusinitiative.org

²http://movebank.org

³http://topp.org

⁴http://seabirdtracking.org/

⁵http://www.slu.se/wram

⁶http://www.holohil.com

⁷http://www.argos-system.org
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CHAPTER 1. GENERAL INTRODUCTION

..

0

.

2

.

4

.

6

.

1990

.

1995

.

2000

.

2005

.

2010

.

Year

.

N
pu
bs

N̄
pu
bs

.

Search Term

.

animal ecology (n=1539)

.

behavioural ecology (n=6672)

.

ecology (n=127133)

.

population genetics (n=31372)

.
sexual selection (n=8783)

.

animal movement (n=1207)

.

animal tracking (n=115)

.

movement ecology (n=149)

.

utili?ation distribution (n=186)

Figure 1.1: The number of publications in English language journals divided
by the average number of publications per year between 1990 and 2013 found
by the literal phrases terms in the Scopus publication database⁸ on the 30th of
October 2013 (the question mark is to match both “z” and “s”). The number
of papers on movement related topics (blue/purple shades) increased more than
the other topics (yellow/red shades), particularly after 2010.

. .. 1.1 Challenges

Despite the strong increase in the availability of animal movement data, deriving
knowledge about animal-environment relationships hasmany challenges. Bymov-
ing, animals not only change their own environment but they can also change the
environment they are moving away from, towards, or into. Examples of this are
predators increasing the perceived predation risk for prey species thereby influen-
cing the prey species space use for example in vervet monkeys (Willems & Hill,
2009). Wolves in the Yellowstone national park influence the movements of elk
that again influence the vegetation (Fortin et al., 2005). Herbivores change the
grazing pressure by their presence and have long-lasting effects by grazing and

⁸http://www.scopus.com
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1.1. CHALLENGES

trampling, for example by soil compaction and nutrient cycling (Olff & Ritchie,
1998, Schrama et al., 2013). These effects do not only occur on small-scale indi-
vidual basis. On larger scales, the seasonal movement of migrants can change the
functioning of whole ecosystems by a massive influx or outflow of animals (Bauer
& Hoye, 2014). Wildebeest migrations across the Serengeti ecosystem promote
nutrient cycling and primary production through seasonally grazing on patches
(Holdo et al., 2009,McNaughton, 1976). The presence of migrating geese in polar
habitats increases fox reproduction (Samelius et al., 2011) andgrasslandproductiv-
ity (Cargill & Jefferies, 1984).

Species often show an association with a set of environmental conditions, this
is often expressed as the habitat suitability or habitat selection (Hirzel & Le Lay,
2008, Johnson, 1980). Which environment animals use and how it influences
movement will likely depend on many factors. For some species, open grasslands
might be an important place to find food, while others might encounter higher
predation risk. The habitat suitability might not only be species specific but also
differ between sexes (van Toor et al., 2011) and life history stages(Ficetola et al.,
2013).

The spatial distribution and variation of environmental factors play an import-
ant role in determining movement paths (McIntyre & Wiens, 1999, Roshier et al.,
2008). The spatial organization of the environment determines to what extent
different parts of the environment can be used in combination to fulfill different
needs and how an optimal path can be found. Suitable habitats are of no use if they
cannot be reached or if they only cover a subset of resources needed, for example
a water hole in themiddle of the desert or a foraging area too far fromwater. Addi-
tionally the sensory capabilities of animals are important. Animals in general can
only obtain accurate information about the environment over a limited distance.
Vision for example requires a line of sight while olfaction can provide information
over several kilometres in combination with favourable wind conditions (Müller-
Schwarze, 1991, Nevitt et al., 2008). This limitation means that animals are not
always capable of making the best decisions by lack of information.

One possible mechanism to overcome this limitation is memory, where anim-
als could reuse previous knowledge about the environment (Fagan et al., 2013).
African elephants are thought to possess an extensive spatial memory enabling
them to find water and food in times of scarcity over long distances (Jansen et al.,
2008). This knowledge could be useful for animals if they plan ahead in order to de-
termine and optimize their trajectory. In orangutans for example, a correlation has
been found between calling direction and travel direction in the subsequent hours
suggesting that they may be planning ahead for a longer time (van Schaik et al.,
2013). However, the determination of such a travel direction most likely stems
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CHAPTER 1. GENERAL INTRODUCTION

from a combination of different needs. Clearly remembering resources is less help-
ful when environmental conditions are less predictable such as snow cover.

The spatial scale that is relevant depends on the size of an animal, potential of
movement, the distance over which the environment is perceived and the type of
resources required. Habitat suitability for Elephants is shown to depend on en-
vironmental variables on a larger scale (de Knegt et al., 2011). While for a single
rodent the distribution of tussocksmight be critical, ungulatesmight bemore con-
cerned with the distribution of meadows.

The interaction of all the effects discussed before, changes in the environment,
changing requirements and the perception of the environment, making the study
of animal movement challenging. Movement data itself is already complex by con-
sisting of at least two dimensions in space and one in time, not accounting for alti-
tudeordepth, a relevant third spatial dimension formany animals. This, in combin-
ation with the biases in individuals selected for studies, and biases and correlation
stemming from the observation process itself complicate the study of movement
and habitat selection further (Aarts et al., 2008).

. .. 1.2 Dissertation outline

In this thesis I will introduce new methods for dealing with movement data and
demonstratehowanimalmovement canbe studied accounting asmuchaspossible
for the challenges mentioned before. I include the temporal dimension, both by
looking at variation in movement over time and by investigating how places are
connected through time.

First I introduce a data model to standardize and organize movement data with
all its attributes in chapter 2. Thismodel is designed to accommodate various kinds
of movement data produced by the different tracking methods.

Following this, I investigate the calculation of space use. Most methods for cal-
culating space use assume constantmovement parameters over time. In chapter 3 I
introduce the dynamic Brownian Bridge movement model, which is an extension
of the Brownian Bridge movement model (Horne et al., 2007). The introduced
model accounts for changes in behaviour by estimating the amount of observed
movement, the Brownianmotion variance, over time. In chapter 4, BivariateGaus-
sian Bridges generalize the Brownian Bridge movement model by incorporating
the tendency of animals to continue moving in the same direction. In order to
make this work accessible to other researchers and the public, many of the meth-
ods have been made available in R (R Development Core Team, 2012) through
the move package (Kranstauber & Smolla, 2013).

Using these methodological developments, I conduct two studies that investig-
ate themigratory routes of birds. In chapter 5 I investigate route choice from an en-
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1.2. DISSERTATIONOUTLINE

vironmental perspective. For various raptor species I derived environmental cor-
relates of migration. Using these correlations, I then predict movement between
summer and winter grounds. I do this combining algorithms to make the analysis
repeatable and expandable. Finally, I investigate how wind conditions could in-
fluence the evolution of migratory routes in chapter 6. I focus on the structure of
global wind patterns and how these produce routes that provide quicker alternat-
ives than the great circle route, the shortest route. In the last chapter I summarize
the results andprovide someperspectiveonplausiblewaysof furtherdisentangling
the tracks of free roaming animals in relation to the environment, experiences and
the physiological setup of the animal.

6



2
TheMovebank datamodel for animal

tracking

B. Kranstauber, A. Cameron, R. Weinzerl, T. Fountain, S. Tilak, M. Wikelski & R.
Kays

Environmental Modelling & Software, 26(6), 834–835, 2011

Abstract

Studies of animal movement are rapidly increasing as tracking technologies make
it possible to collect more data of a larger variety of species. Comparisons of an-
imal movement across sites, times, or species are key to asking questions about
animal adaptation, responses to climate and land-use change. Thus, great gains
can be made by sharing and exchanging animal tracking data. Here we present an
animal movement data model that we use within the Movebank web application
to describe tracked animals. Themodel facilitates data comparisons across a broad
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2.1. INTRODUCTION

range of taxa, study designs, and technologies, and is based on the scientific ques-
tions that could be addressed with the data.

Keywords: Animal movement, Data model, GPS, Argos, VHF Telemetry and
Tracking

. .. 2.1 Introduction

Movement is a defining character of most animals, and documenting movement
is key to understanding the ecology of a species, as well for the impact on its en-
vironment. Movement data is generally collected by attaching an electronic tag,
such as a VHF-transmitter, GPS logger or other satellite tag, to an animal. This
type of animal tracking has been conducted for almost 50 years (Burger & Shaffer,
2008, Cochran, 1972, Cochran & Lord, 1963), providing important data onmany
species.

Tracking technology is constantly improving, enabling tracking of lighter anim-
als, over larger areas (Wikelski et al., 2007), for longer periods of time, with more
accurate locations and with a higher temporal resolution (Rutz & Hays, 2009).
If shared, these data could be used not only for the initial study objectives, but
also for broader comparisons across studies, species, geographical range and years
(Nathan et al., 2008). Because of the great potential for additional scientific dis-
coveries through the comparison of these dataMovebank is developed, a database
and web application for their archiving and sharing. Sharing efforts like these re-
quire standardized data models, which have facilitated impressive results of large
collaboration (Birdlife International, 2004, Durner et al., 2009).

Here we present the Movebank data model, which enables the description of
movement data across tracking methods and taxa. It is not meant to be a direct
template for a relational database but more a common standard vocabulary to dis-
cuss and share movement data.

. .. 2.2 Conceptual model

The conceptual model describes the key “concepts” and their “relationships”. For
movement data we have identified the following six concepts (Figure 2.1) each are
defined by a number of separate terms that can be found online (http://www.
movebank.org/standards/model.rdf).

Animal An animal contains specific information about the individual of interest
that was tracked, most important is the taxonomic identification and a
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CHAPTER 2. THEMOVEBANKDATAMODEL FOR ANIMAL TRACKING

..Tag .

Animal

. Sensor.

Tag deployment

. OtherMeasurement.

Observation

Figure 2.1: Relationships between the concepts in our data model

unique identifier. An animal can also include basic descriptive data that
does not change over time like sex, and date of birth.

Tag This represents the specific tag used to track an animal, including the tag
model, type, weight and manufacturer. A tag can be anything, but typic-
ally are conventional radio-transmitters, bird rings, GPS, solar geolocators
or Argos satellite tags.

TagDeployment Tag deployment contains the information about the attach-
ment of a specific tag to a specific animal. It specifies if the animal was ma-
nipulated and how the tag deployment ended, for example by death of the
animal or failure of the tag.

Observations The consecutive locations are stored in observations and contain
the date, time, longitude, latitude and altitude. Also relevant here are indic-
ations of error in position estimation, and data used for position estimation.

OtherMeasurement Besides the common measures described in Observations,
many other measures could be recorded that are either rarely taken or spe-
cific to a study, these are grouped in OtherMeasurements. This could for
example be the forearm length of a bat measured once during a capture, or
heart rate measured every minute by a sensor on the tag.

Sensor Tags vary in capabilities but in general there is a trend towards more com-
plex tags, offering multiple functions, e.g. GPS-Argos tags that provide Ar-
gos as well as GPS locations. In order to capture the origin of each observa-
tion it is linked to a specific sensor on the tag.

. .. 2.3 Conclusion

This data model provides tools to describe movement data in a standardized way,
whilst maintaining sufficient flexibility to describe a variety of data. It is already
being applied in theMovebank project (http://www.movebank.org). Due to
the dynamic nature of the field it is not possible to define one static standard. We
present this model as a basic standard that can be easily adjusted and developed as
new tracking technologies emerge.
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A dynamic Brownian bridgemovement

model to estimate utilization distributions
for heterogeneous animal movement

B. Kranstauber, R. Kays, S. D. LaPoint, M. Wikelski & K. Safi

Journal of Animal Ecology, 81, 738–746, 2012

Abstract

1. The recently developed Brownian bridge movement model (BBMM) has
advantages over traditionalmethods because it quantifies the utilization dis-
tribution of an animal based on its movement path rather than individual
points and accounts for temporal autocorrelation and high data volumes.
However, the BBMM assumes unrealistic homogeneous movement behav-
iour across all data.
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3.1. INTRODUCTION

2. Accuratequantificationof theutilizationdistribution is important for identi-
fying the way animals use the landscape.

3. We improve the BBMM by allowing for changes in behaviour, using like-
lihood statistics to determine change points along the animal’s movement
path.

4. This novel extension, outperforms the current BBMM as indicated by sim-
ulations and examples of a territorial mammal and a migratory bird. The
unique ability of our model to work with tracks that are not sampled regu-
larly is especially important for GPS tags that have frequent failed fixes or
dynamic sampling schedules. Moreover, our model extension provides a
useful one dimensional measure of behavioural change along animal tracks.

5. This newmethod provides a more accurate utilization distribution that bet-
ter describes the space use of realistic, behaviourally heterogeneous tracks.

Keywords: behavioural change, encounter probability, GPS, home range, utiliza-
tion distribution

. .. 3.1 Introduction

Animal movement is increasingly being studied by tracking individuals with elec-
tronic tags that produce a time series of sequential locations (Wikelski et al., 2007).
The typical approach to analyse and visualize the area used by a tracked animal is
to convert its movement into a 2-dimensional spatial representation originally re-
ferred to as a “home range” (Burt, 1943). Modernmethods for home range estim-
ation quantify not only the size of the area, but also how intense animals use dif-
ferent areas within their range, referred to as a utilization distribution (UD) (Wor-
ton, 1989). UDs are commonly estimated with kernel methods using a collection
of spatial points that ignore the temporal structure (Worton, 1989), requiring in-
dividual points to be either sampled from a track at regular intervals or temporally
independent (Fieberg, 2007, Fieberg et al., 2010). However, kernel methods have
not been useful formodernGPSdata sets because the least square cross-validation
method used for the parameter estimation is sensitive to large samples (Hemson
et al., 2005). Thus, there is a need to develop new UD methods that can accom-
modate the more detailed animal tracks provided by modern GPS tracking (Kie
et al., 2010).

The recent introduction of theBrownian bridgemovementmodel (BBMM) im-
proves on the traditional UD statistics by incorporating the temporal structure of

12
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tracking data and explicitly modelling the movement path (Bullard, 1999, Horne
et al., 2007). The BBMM does this by incorporating both the order of location
and the amount of time between them. The model approximates the movement
path between two subsequent locations by applying a conditional random walk.
The BBMM has been rapidly adopted because it provides straightforward results,
is based on clear assumptions, can incorporate location errors and is simple to ap-
ply to a wide range of movements (Lonergan et al., 2009, Ovaskainen & Crone,
2009, Willems & Hill, 2009). Consequently, the BBMM has been recognized for
its broad potential in ecological studies, for example, to calculate encounter rates
of animals (e.g. Farmer et al., 2010) or model disease outbreaks (Takekawa et al.,
2010).

However, the BBMM can be improved as it currently does not take full ad-
vantage of the information contained in animal tracks. In particular, the current
BBMM assumes animal movement patterns within a track to follow one constant
property defining the varianceof theBrownianmotion (σ2m), whichquantifies how
diffusive or irregular the path of an animal is. Using a leave-one-out approach, σ2m
is estimated from the distances between the actual location and the expected loca-
tion of the point left out, under the assumption of a constant movement between
the previous and next location (Horne et al., 2007). The σ2m thus contains both in-
formation on how straight a movement path is, as well as how much a path varies
in speed and the scale of movements. This parameter is estimated from the traject-
ory itself based on an average of all available data (Horne et al., 2007). However,
animal movement is actually composed of a succession of behaviourally distinct
movement patterns (Bailey et al., 2008,Gurarie et al., 2009, Jonsen et al., 2005,Mor-
ales et al., 2004). For example, within a day, animals may move in different ways
when foraging versus travelling between sites, and almost all species break their
day into periods of movement and rest (i.e. nocturnal, diurnal) (Boyce et al., 2010,
Jonsen et al., 2007). On broader scales many species change their movement over
the year or lifetime, for example migratory animals move over a small range when
breeding but thenmake long distancemovements for migration. Thus, estimating
σ2m for an entire trajectory will cause this parameter to be overestimated in some
parts along the trajectory and underestimated in others. Overestimating σ2m leads
to an imprecision in the UD and thus wider UD areas; whereas underestimating
σ2m results in a false precision and too narrow UD areas. The work of Benhamou
(2011) expands on the variation estimation of the Brownian bridgemethod in two
ways, the variance estimation separates advection and diffusion and the variance
is separated for different habitats. Although differing variances are calculated the
variation is restricted to known habitats that are predefined and the varying vari-
ance is not used for UD calculations.

Recently,Gurarie et al. (2009) introduced thebehavioural changepoint analysis
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Table 3.1: Parameters used for calculating dynamic Brownian bridges

Parameter Definition

Z Matrix containing x and y location (in equal area projection)
δ2 Vector of location errors
t Vector of timestamps
Ttotal Total time of tracking period
σ2m Brownian motion variance
w Size of sliding window
b Location of the breakpoint within the sliding window
m Margin size

(BCPA) to statistically determinewhere along an animal’s trajectory changes in the
behavioural state occur based on changes in the underlying movement patterns.
The BCPA uses likelihood comparisons in a moving window to identify change
points and quantifies the variation in the underlying movement parameters along
a trajectory. Here, we propose a method that combines the BBMM with an ap-
proach similar to theBCPA toprovide a dynamic andmore accurate estimate of σ2m
along a path. This newmovement analysis improves the estimation ofUD, particu-
larly for long complex animal journeys. In addition, adjusting σ2m based on changes
in movement patterns will provide insight into changes in behaviour along traject-
ories, very much like the original intention of the BCPA (Gurarie et al., 2009).

. .. 3.2 Methods

A Brownian bridge UD requires, in addition to the geographic position (x and y)
and the timestamps (t) of the locations, the variance of the Brownianmotion (σ2m)
and the telemetry error (δ2). The error δ2 can be derived empirically from field
tests and is a property of the locations. The geographic positions together form the
matrixZwhereZi represent the x and y coordinates of location i; i can range from0
ton. Thevarianceof theBrownianmotion σ2m is a property of the intervals between
locations, hereafter referred to as segments, and is estimated from the trajectory
for a series of locations Z by maximizing the likelihood function (equation 3.1;
Horne et al., 2007) using only odd values for i, where μi(ti) = Zi−1+αi(Zi+1−Zi−1);
σ2i (t) = Tiαi(1− αi)σ2m + (1− αi)2δ2i−1 + αiδ2i+1; αi = (ti − ti−1)/Ti; andTi = ti+1 − ti−1
(parameter definitions Table 3.1).
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L (σ2m ∣ Z) =
n−1
∏
i=1

1
2πσ2i (ti)

exp{
−[Zi − μi(ti)][Zi − μi(ti)]⊺

2σ2i (ti)
} (3.1)

Until now, the model assumed σ2m to be the same along the entire path. We
suggest to use equation 3.1 on subsections of trajectories to quantify a localized
movement pattern of an animal and thus obtain a more refined UD.

In order to estimate the σ2m parameter for a subsection of a trajectory, a sliding
windowwhich calculates the variance iteratively is not satisfactory, as it does not al-
low to follow any sudden changes (i.e., switches in behaviour) in the variance (see
also: Gurarie et al., 2009). In order to allow for sudden as well as gradual changes,
we implemented an adjusted version of the BCPA (Gurarie et al., 2009)(figure
3.1).

Within a slidingwindowwithw locationswe comparemodel fit using either one
or two estimates of σ2m (figure 3.1). The log-likelihood of using just one value of σ2m
for the whole window (using equation 3.1) is compared to the log-likelihood of a
window split in two parts by comparing the Bayesian InformationCriterion (BIC)
values. The log-likelihood for a window described by two parameters changing at
location b, the breakpoint, is calculated using equation 3.2, whereZi,j is a subset of
Z.

log (L (σ2m ∣ Z1,w, b)) =

log(argmaxσ2m,1∈[0,∞]
(L (σ2m,1 ∣ Z1,b)))+

log (argmaxσ2m,2∈[0,∞]
(L (σ2m,2 ∣ Zb,w)))

(3.2)

This equation can be calculated for any subset of the whole set of locations. When
comparing themodels, lower BIC values are preferredwhereby themodelwithout
a breakpoint has one degree of freedom (figure 3.1) and themodel with two estim-
ated parameters has two degrees of freedom.

Since, σ2m is estimated by a leave-one-outmethod, aminimumof three locations
is required by the likelihood calculation to estimate σ2m. Thus, at the start and end
of each window, a margin of sizem with a minimum of three locations is required
inwhich no breakpoints could be estimated. In addition, only odd values for b and
w are allowed because the likelihood estimation of σ2m works on the basis of using
every second location as an independent observation, therefore, only an odd num-
ber of locations produces an valid likelihood. Using equations 3.1 and 3.2, where
b varies between m and w − m, we can search for an optimal description of the
window considering σ2m, and using BIC to identify potential breakpoints. Because
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Figure 3.1: Schematic description of σ2m estimation in one window for dynamic
Brownian bridges in a trajectory without a break point (a), and one with a
change in movement pattern (b). In both cases σ2m is calculated for the entire
window and for all possible sub sections, σ2m,w refers to the σ2m estimate for the
whole window while σ2m,b3,2 refers to the σ2m estimate after the third breakpoint in
the window. In cases where a break point occurs (red dot in (b)) the Bayesian
Information Criterion (BIC) of the model consisting of two σ2m estimates separ-
ating the window at the break point is lowest. In such a case the model with
two parameter estimates (with d.f. = 2) is preferred over a model with only one
parameter estimate (d.f. = 1) according to the BIC value. The appropriate σ2m
estimates are then associated with the track between the margins.
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we prohibit breakpoints from occurring in the margins of the sliding window we
obtain valid estimates for σ2m only in the interval between m and the w − m loc-
ations within the window. We apply the estimation for σ2m to a window that is
moved through the track. The sliding window produces several estimates for each
segment, which we average into one mean value per segment. Because we do not
obtain the same amount of σ2m estimates at the beginning and end of the track we
omit those segments where we do not have the maximal amount of estimates for
σ2m.

Increasing the size of the sliding window (enlarging w) increases reliability in
σ2m estimation at the cost of missing short term changes in the variation parameter.
Increasing themargin size (m), in contrast, enhances the power to identify “weak”
breakpoints at the cost of not detecting breakpoints within themargin. The choice
ofm andw should be biologically informed and is determined by the time interval
that changes in behaviour are expected to occur. However, for regularly sampled
tracks, equationTchange > wTint should be satisfied, whereTchange is the smallest in-
terval between expected behavioural changes andTint the time between locations.
This will ensure that every possible break can be described. Window sizes larger
than Tchange could result in detecting either the onset or offset of a behaviour but
not both. Finally, after obtaining σ2m for the segments we can calculate the UD, ac-
cording to Horne et al. (2007). The difference being that σ2m varies, we therefore
refer to it as dynamic Brownian bridge movement models (dBBMM).

. .. 3.2.1 Validation

Weevaluated the dBBMMfor estimating σ2m in trajectorieswith varying behaviour-
al stages using both simulated and real animal trajectories. All analyses were writ-
ten for and conducted within R 2.11.1 (R Development Core Team, 2010) and
based on the BBMM package (Nielson et al., 2011)(see supplementary mater-
ial for dBBMM code). First, we checked whether the dBBMM better described
the UD by applying the model to a simulated track with two behavioural stages.
Second, we investigated the potential of identifying breakpoints in a track with
known properties, and the influence of window sizes (w) and margins (m).

We created 650 random tracks, using a correlated random walk (Kareiva & Shi-
gesada, 1983), that consisted of two stages in order to assess howwell the dBBMM
candescribe a trackwith a behavioural change compared to theBBMM.Each track
consisted of two “behavioural” stages of 500 locations each. The first stage of each
trajectory had a constant concentration for the wrapped normal distribution of
turning angles (r = 0.58, on a scale from 0 to 1, where the standard deviation (s.d.)
of the distribution is

√
−2 ∗ log r). Also the scaling parameter (step length) was

kept constant using χ distribution multiplied by the scaling parameter (h = 1). In
the second half of the track the scaling parameter was changed to one of 13 differ-
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ent values from a regular sequence ranging from 0.2 to 5. In one parameter com-
bination the scaling parameter was the same as in the first half (1). We simulated
50 replications for every parameter combination. To represent realistic sampling
schemes, we sampled 250 locations from the entire trajectory, using both regular
and random sampling. We added a normally distributed location error (s.d.= 1) to
the sampled locations to represent observation errors. We then estimated the UD
with the method described above (dBBMM) and with a constant σ2m (BBMM),
within a raster grid (maximal dimension= 2500 cells).

We assessed the performance of the dBBMMand the BBMMby comparing the
ability of the two approaches to predict the locations of points, which were not
used for the estimation of themodels in a cross-validation. First, the initial dataset
was divided into two: one to calculate the UDs based on a dBBMM and a BBMM
and the other part was used for the cross-validation. For each location that was not
used for building the models, we calculated a cross-validation index by dividing
the predicted UD probability value of the dBBMM (UDdBBMM) approach by the
probability value of BBMM (UDBBMM) and took the nth root of the product (geo-
metric mean, equation 3.3). Thus, values above one represent higher predicted
UD probability for the observed locations using dBBMM and values below one
higher probabilities using BBMM allowing us to compare the performance of the
two approaches directly. The use of arithmetic mean is unsatisfactory, because its
biased towards changes in the numerator and the ratio of the arithmetic mean is
biased towards locations with higher UD intersection.

n

¿
ÁÁÀ

n

∏
i=1

UDdBBMM,i

UDBBMM,i
(3.3)

To test how well breakpoints are identified with different window sizes and
margins (w andm) we used another set of simulated tracks with two behavioural
changes. The tracks consisted of a correlated random walk with 80 locations with
a scaling of 1, then changed to a scaling of 5 for 30 locations and back again to a
scaling of 1 for 80 locations. The concentration of the correlated randomwalk was
kept constant at 0.6. We evaluated 250 replicates of the track for all possible win-
dow sizes ranging from 7 to 71 and margins from 3 to 31. We used the F-statistic
of an analysis of variance (ANOVA) to test how constant σ2m remained within one
part of the track and differed between the different parts. This could be seen as a
proxy to evaluate how well σ2m identifies changes in behaviour.

. .. 3.2.2 Application to field data

To evaluate the effect of window andmargin size on theUD,we used the trajectory
of a fisher (Martes pennanti) tracked in Albany, New York. We sampled the track
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and based on that calculated Brownian bridges with different window and margin
sizes. The relative performance was calculated using the cross-validation index as
described above. The experimental GPS tag (E-obs Gmbh) was motion sensitive
and recorded aGPS location every 2minutes when the animal was active, every 10
minutes at medium activity and every hour at low activity (4881 locations total).
We sampled every fourth location for calculating the UD and used the others for
the cross-validation. The grid cell size for mapping the UD was 25m.

We used two tracks for comparing the UD estimated by the dBBMM and the
BBMM. A lesser black-backed gull (Larus fuscus) trajectory was obtained using an
Argos GPS tag (Microwave telemetry) that was programmed to take 4 fixes per
day and produced 940 locations over a duration of 243 days. The gull migrated
from Finland to lake Victoria in fall 2009 where it overwintered. A fisher track was
obtained using a GPS logger with remote download (E-obs Gmbh), and was pro-
grammed to take a fix every 15 minutes and produced 919 locations over a period
of 21 days during February 2009 in Albany, New York. The location error for the
GPS logger was determined in a field test as 23.5m. Because no fieldmeasurement
on the location error was available for the gull tag, we assumed the same error,
which is reasonable for GPS quality data (Frair et al., 2010). Although we used
one single location error along the track, there is no technical limitation to using
differing location errors with the dynamic Brownian Bridge movement model as
used by Lewis et al. (2011) in combination with the Brownian Bridge movement
model. For both tracks we used a window size of 33 locations with margins of 11
locations, which translated into a window length of 8 days for the gull and 8 hours
for the fisher. For comparison we assessed the resulting UDs visually and calcu-
lated the volume of intersection. The volume of intersection is the shared volume
of theUDbetween thedBBMMandBBMM(Millspaugh et al., 2000, 2004a,b). To
assess what a varying σ2m could reveal about the behaviour of an individual, we plot-
ted σ2m over time. We also investigatedwhether the environment affected themove-
ment modes by comparing the difference in σ2m between landscape characteristics
for the fisher. Land use data was obtained from the 30 m resolution NLCD 2006
dataset (http://www.mrlc.gov/nlcd_2006.php). We used the average σ2m
from the segment before and after each location where the fisher was observed
and associated the land use at that location. We only used locations during the
night to minimize the influence of resting during the day. Differences in average
σ2m at that location as a product of the environment were tested using a non para-
metric Kruskal-Wallis test. We only used land use categories that occurred at least
10 times to adhere to the assumptions of theKruskal-Wallis test. In total 7 land use
categories met these criteria: developed open space, developed medium intensity,
deciduous forest, evergreen forest, mixed forest, cultivated crops and woody wet-
lands.
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. .. 3.3 Results

. .. 3.3.1 Validation

The dBBMM performed better than, or at least as well as, the traditional BBMM
with a constant σ2m. The performance of a dynamic estimation of σ2m increased as
the characteristics of the path before and after the breakpoint became increasingly
dissimilar. The maximal mean cross-validation index was 1.153 (s.d.= 0.271) with
irregularly sampled tracks and the largest change in the scaling parameter. In 21
out of 26 cases, themean cross-validation indexwas significantly (p < 0.05) higher
than 1 according to a Student t-test, indicating the superior performance of the
dBBMM. The index was significantly below 1 in only one case, with the regular
sampled track and unchanged scaling parameter, but the effect size was very small
(cross-validation index of: 0.9974). This shows that the dBBMM and BBMMper-
form similar on tracks with low variation in movement pattern. It is important
to highlight that the dBBMM produced better estimation of the homerange par-
ticularly in cases where locations were randomly sampled, proving its power for
non-regularly sampled tracks (e.g., missed GPS fix attempts).

Predicting the breakpoints in the simulated track suggested that the method
best separated the two behavioural stages with intermediate window sizes (41–
47) and relatively small margins (7–9) (figure 3.2a). Slightly better separation per-
formance was generally achieved with slightly larger window sizes than predicted
by the suggested optimum (Tchange > wTint; w = 30 in this case). This discrepancy
is probably due to the fact that the locations within the margins were not used for
the calculations of the final σ2m. In addition, slightly larger values stabilized the es-
timates for σ2m. This means that w can be up to 1.5 times larger than suggested and
still clearly identify changes in behaviour.

. .. 3.3.2 Application to field data

The cross-validation index for all combinations of margins and window sizes us-
ing the sampled fisher track is higher than 1, showing that the dBBMMwas always
better in predicting the location of the individual. The sampled fisher track sugges-
ted that relatively small margins (9–13) and small to intermediate window sizes
(19–31) were producing the highest cross-validation index (figure 3.2b). It must
be noted that the highest CV values are generally not obtained using the smallest
possible margins. The cross-validation index was maximally 1.121 indicating that
the dBBMM produced a considerably better fitting UD. It is important to note
that optimal values for w and m are track specific and should not be generalized
across projects and/or species. The main consideration should be the time scale
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Figure 3.2: Plots for evaluating optimal parameter settings for distinguishing
behavioural changes (a) and comparing the performance of the new dBBMM vs
the traditional BBMM (b). (a) Higher values for the F-statistic indicate better
performance of the dBBMMs σ2m to separate a movement track into different
behaviours. These settings vary depending on species and sampling intensity,
and should be evaluated before each use of the dBBMM. (b) The higher cross-
validation index values show the increasing improvement offered by the dBBMM
versus the BBMM with small to intermediate window sizes. This value is always
larger than one, showing that the dBBMM is never a worse model, but offers
less improvement when the window size is so large that it masks the underlying
heterogeneity of the fishers movement.
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of targeted behavioural changes. Therefore, if there are no a–priori expectations,
we suggest exploring different parameter combinations. The cross-validation ap-
proach could give indications as to which combinations of w and m provide the
best fit to the data. However, this approach is computationally costly and requires
temporally well resolved trajectories.

. .. 3.3.3 Utilization distribution

By calculating σ2m for the segments, the dynamicmodel was better able to describe
space use. Wequalitatively comparedhowchanges in σ2m used in dBBMMchanged
the UD compared to a fixed σ2m in the current BBMM by visual inspection of the
UD contours of tracks from both a fisher and a migratory lesser black-backed gull
(figures 3.3 & 3.4). TheUD probabilities around the fisher rest sites becamemore
concentrated using a dynamic σ2m compared to a fixed σ2m (figures 3.3a & 3.3b).
This is not surprising, but shows that using a fixed UD tends to overestimate the
size of these resting areas because it assumes movement when in fact there was
none. This translates in a volume of intersection of 0.86 between the BBMM and
the dBBMM.

The dynamic model by calculating σ2m for the different periods separately was
better able to describe space use. Comparing the resulting UD between a fixed
and a dynamic σ2m estimation for the gull, suggested that the fixed σ2m causes an un-
realistically high confidence level in the long migration segments (figure 3.4, up-
per detailed map). This high confidence level was caused by a σ2m value strongly
influenced by movements during the breeding (i.e., non-migratory) period of the
animal. The dBBMM resulted in more uncertainty in the exact path between the
two distant locations during migration, which is more likely to represent a real-
istic scenario. Further, the UD derived with the dynamic σ2m estimation described
the movement patterns within the wintering area (figure 3.4, lower detailed map)
much better. The volume of intersection between the BBMMand dBBMMUD is
0.55.

. .. 3.3.4 Behaviour

Wealso assessed the utility of σ2m as ametric for identifying potential behaviours of
a moving animal. The σ2m values from the gull showed two very clear spikes, coin-
ciding with migration (figure 3.4). Estimating σ2m of the fisher with the described
method further revealed a very clear circadian activity, where σ2m was high during
the night (animal is active and the path irregular) and low during the day (inactive
animal and/or regular paths)(see figure 3.4c). These results highlight that a flex-
ible σ2m estimation can not only be used for calculating a UD, but can also indicate
changes in the behavioural state of an individual. In addition to the clear influence
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Figure 3.3: The utilization density for a fisher (Martes pennanti) estimated
with the BBMM (a) and the dBBMM (b). Black lines indicate the 50 and 95
percent contours, the grey line is the track of the fisher. The colour of the track
(b) corresponds to the σ2m values from low (blue) to high (red). A portion of
these maps are highlighted to demonstrate the more confined estimation of rest
sites by the dBBMM using a grey scale indicating high UD estimations. (c)
The distribution of σ2m as a function of the time of the day with higher values
indicating more irregular movement.

of the time of the day, the movement pattern of the fisher also varied between
different environments. A Kruskal-Wallis test showed a significant change in σ2m
between different land use types used at night (p < 0.001, d.f. = 6, χ2 = 107.9)
with the animal showing a considerably lower σ2m (more directed, regular and small
scale movements) in mixed (σ2m=325.5) and evergreen forest (σ2m=841.2) versus
the overall mean (σ2m=1582.0).

Figure 3.4 (facing page): The track of a lesser black-backed gull (Larus
fuscus) migrating from Finland to lake Victoria in Africa. The colour of the
path (b) indicates σ2m and corresponds with (a). The variance in the σ2m during
the season (a) has clear spikes around the migration period. Plotting the first
part of the trajectory more closely shows the difference in the high confidence
that the fixed Brownian bridge (upper left inset) puts on a narrow corridor, in
contrast to the dynamic Brownian bridge (upper right inset). At the end of the
track a varying σ2m also better describes the UD at the wintering grounds around
lake Victoria. The black lines indicate the 50 and 95 percent contours of the
utilization distribution, the grey line the track of the gull.
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. .. 3.4 Discussion

Our method for dynamically estimating σ2m for Brownian bridges provides two
major advances. First, it improves on the estimation of the UD of the Brownian
bridge movement models for behaviourally heterogeneous animal tracks by relax-
ing the assumption of a fixed σ2m. Second, the variation of σ2m along a trajectory
provides insight into variation in animal behaviour. Our method makes it pos-
sible to analyse entire tracks that include different behavioural types. Simulations
showed that there is a significant increase in the ability of the UD to predict other
locations as soon as there is some behavioural change or irregular sampling. The
values for the cross validation index showing this are not very high because they
are an average increase per location. Given the high variation in σ2m found in real
tracks, the dBBMM produces improved UDs. Previous studies worked around
the problem of behavioural heterogeneity by subsetting trajectories using expert
knowledge (e.g. nonmigratory or migratory parts of the animal track Farmer et al.,
2010, Sawyer & Kauffman, 2011, Sawyer et al., 2009). In contrast to expert know-
ledge, a method that is demanding and often difficult to replicate between experts,
the dBBMM allows for the efficient, objective, and repeatable analysis of a large
number of complex tracks. The dBBMMwould also work for situations where the
range of behaviour is unknown and therefore can not be identified by experts. The
advantages of automated analyses of behaviourally complex tracks by the dBBMM
are apparent in view of the increasing number of animals being tracked for ecolo-
gical and environmental health studies and the ever improving temporal and spa-
tial resolution of the trajectories due to technical advances.

Despite the potential to account for differences in movement patterns and re-
ducing the necessary preparation and segmentation of long trajectories, our ex-
tension of the Brownian bridge method still requires user interaction. The choice
of margin and window sizes should be based on biologically relevant measures
of behavioural change (see also Gurarie et al., 2009). However, we can provide
guidelines as to how these measures could be determined sensibly. For example,
largerwindows lead tomore stable estimates of σ2m, decreasing the likelihood of de-
tecting weak or spurious changes. Larger margins provide more power to identify
breakpoints. In order to detect diurnal changes in the behaviour of an animal
tracked with one positional fix every half hour, the window size should be near,
but less than 24. It is important to note that regardless of the choice for the sizes
of margins and window size the dBBMM generally outperformed the classical ap-
proach. In our analyses, over a rangeof possiblemarginwindow size combinations,
margins of 9 to 11 locations and window sizes of around 30 seemed to perform
best. Finally, in cases of uncertainty or for exploratory purposes, an alternative
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computer intensive approach such as the one we used above for the fisher track
based on cross-validation can be used (implemented in the dBBMM R code).

. .. 3.4.1 Utilization distribution

Because nearly all animal tracks show some level of behavioural change, the dBB-
MM approach should provide more realistic UDs than traditional estimates of
space use. As illustrated by our analysis of the fisher resting sites, a fixed σ2m value
can lead to unnecessarily large errors in parts of the trajectory where the actual σ2m
value is in fact low. But, as illustrated by our example of the migrating gull, using
a dynamic σ2m also prevented false confidence in the UD in areas where the actual
σ2m should be higher. Larger variation in σ2m due to different behaviours will lead
to a larger difference in theUDderived from the BBMMversus the dBBMM.This
is reflected in the lower volume of intersection for the gull in contrast to the fisher,
which shows that the UDs of the gull are more dissimilar.

Underestimating σ2m results in a problematic bias for conservation planing. For
example, identifying places for road crossing facilities or determining corridors
connecting populations, based on an underestimate of σ2m would lead to the identi-
ficationof too small a stretch than actually necessary for the conservationmeasures
to be effective. The corridor between the northwestern and southeastern part of
the fisher home range (figure 3.3) could be one example. This error can become
even larger if the animal shows more distinct movements such as migrations.

The latest generation of GPS loggers are able to acquire information more ef-
ficiently by making the GPS fix schedule dependent on activity, battery status,
time of the day, or location. These novel technological developments make our
approach a useful improvement. Such novel tags lead to poor predictions of the
UD if the dynamics in determining the position of the animal are not taken into ac-
count. UsingBrownian bridges cannot fully avoid a potential inaccuracy caused by
the changes in fix frequency. Compared to other UD methods, the BBMM is less
sensitive to irregular sampling because it takes the time differences between loc-
ations into account. However, consistent differences in the number of locations
obtained either because of changes in behaviour or indirectly due to temporal or
spatial coincidence between specific behaviour and specific locations still will in-
fluence the UD estimate obtained from traditional BBMM.This is because the σ2m
estimate will be biased toward stretches with many locations, while that is not ne-
cessarily representative for the whole tracking period. Dynamic Brownian bridges
canmitigate this source of inaccuracy, since they allow σ2m to vary along a trajectory
and thus the estimates of UD to be less influenced by the differences in behaviour.
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. .. 3.4.2 Brownian motion variance as a measure of behavioural state

Using σ2m as a measure for behavioural state has the advantage of being one di-
mensional while still detecting changes in both turning angles and speed, and/or
step length. This measure is insensitive to changes in fix frequency in case of pure
Brownianmotion. The one dimensionality of σ2m being an advantage for statistical
purposes, also has clear limitations. Because it is a unidimensional measure, it can
only separate a limited amount of behaviours. Thus, two relatively different tracks,
for example a twisted track and a track highly varying in speed could produce sim-
ilar σ2m values, but these differences would be easily identifiable using other meth-
ods. Changes in the scale ofmovement and frequentlymissedfixeswhen themove-
ment is not Brownian can lead to changes in σ2m. This diversity of non mutually
exclusive potential influences make it necessary to be careful with the interpreta-
tion of changes in σ2m. One example is the migrating gull where one could expect
σ2m to drop due to more regular strait movements during migration. But in fact
the opposite happens, because the scale of the movement increases from local to
continental. In caseswheremore details about the exact nature of the changes is re-
quired state-spacemodels or BCPAmay bemore powerful for identifying specific
differences inmovement (Gurarie et al., 2009, Patterson et al., 2008). Nonetheless,
due to its simplicity we see great potential for σ2m in identifying behavioural states
within animal trajectories.
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4
Bivariate Gaussian Bridges: directional
factorization of diffusion in Brownian

BridgeModels

B. Kranstauber, K. Safi & F. Bartumeus

Movement Ecology, 2, 5, 2014

Abstract

Background In recent years high resolution animal tracking data has become the
standard in movement ecology. The Brownian Bridge Movement Model
(BBMM) is a widely adopted approach to describe animal space use from
such high resolution tracks. One of the underlying assumptions of the
BBMM is isotropic diffusive motion between consecutive locations, i.e. in-
variant with respect to the direction.
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Herewe propose to relax this often unrealistic assumption by separating the
Brownian motion variance into two directional components, one parallel
and one orthogonal to the direction of the motion.

Results Our newmodel, the Bivariate Gaussian Bridge (BGB), tracksmovement
heterogeneity across time. Using theBGBand identifying directed andnon-
directedmovement within a trajectory resulted inmore accurate utilisation
distributions compared to dynamic Brownian bridges, especially for traject-
ories with a non-isotropic diffusion, such as directed movement or Lévy
like movements. We evaluated our model with simulated trajectories and
observed tracks, demonstrating that the improvement of our model scales
with the directional correlation of a correlated random walk.

Conclusion We find that many of the animal trajectories do not adhere to the
assumptions of the BBMM. The proposed model improves accuracy when
describing the space use both in simulated correlated random walks as well
as observed animal tracks. Our novel approach is implemented and avail-
able within the “move” package for R.

Keywords: dynamic Bivariate Gaussian Bridge, dynamic Brownian Bridge Move-
mentModel, utilisation distribution, animal tracking, GPS, home range and space
use modelling

. .. 4.1 Background

The availability of global positioning system (GPS) and affordable satellite tele-
metryhas revolutionised the studyof animalmovement, allowingusers to estimate
the location of individuals at high spatial and temporal resolution. Consequently,
the amount of highly-resolved data has increased by orders of magnitude provid-
ing potential improvements and new challenges for the analysis of animal move-
ment. For many applications, among others habitat and home range analysis, it
is important to convert these trajectories into spatially explicit probability distri-
butions. Previously, methods for estimating animal space use, such as minimum
convex polygons (MCP) or kernel home range estimates, ignored the temporal se-
quence of the locations and instead concernedwith the statistical independence of
successive locations of the tracked animals. Now however, novel approaches can
take profit from richer data sets by incorporating time (i.e. temporal autocorrela-
tion) into the modelling of space use.

Brownian bridge movement models (BBMM) estimate space use intensity by
stochastically modelling the movement of animals between any two consecutive
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locations (Bullard, 1999, Horne et al., 2007). Brownian bridges connect two con-
secutive locations by conditional Brownian random walks that start at a given loc-
ation and end at the following location with a duration equal to the observed time
lag between the two locations. Brownian random walks are one of the simplest
random walk models and assume movement in any direction to be equally likely,
movement steps are drawn from a bivariate Gaussian distribution (Codling et al.,
2008). The interpolation, or bridge, incorporates both an empirically derived tend-
ency to diffuse and an estimation of the error associated to the true locations.
The BBMM has been extended to account for changes in the movement beha-
viour of animals (dynamic Brownian Bridge movement models: dBBMM (Kran-
stauber et al., 2012)) by allowing the diffusion parameter of the Brownian motion
to change according to changes in the behaviour of the animal along its traject-
ory(LaPoint et al., 2013a, Pages et al., 2013).

Brownian bridges have the benefit of being efficiently calculated and can be fit-
ted straightforwardly to existing trajectories. Further, these bridges can convert a
set of locations into a well-defined and spatially-explicit probability density func-
tion that models space use intensity (i.e., a normalized and rasterized spatial prob-
ability distribution). Such a probability surface can easily be associated to the cor-
responding landscape information (e.g. Sawyer et al., 2009, Takekawa et al., 2010).
As in any modelling procedure, however, there are constraining assumptions, i.e.
the movement between locations is assumed to be diffusive (normal diffusion)
and isotropic. In its dynamic version (i.e., the dBBMM), the normal diffusion
assumption is somewhat relaxed, as that the dispersion parameter is allowed to
vary over time (different diffusion coefficients can be estimated), accounting for
rather complexmulti-scale, composite-Brownian type ofmotions (Petrovskii et al.,
2011, Reynolds, 2012). Nevertheless, themovement between any two locations is
equally likely to happen in all directions and is quantified as an isotropic diffusive
process.

Directional bias has been incorporateddifferently inwidely differentmovement
models (e.g., correlated random walks, biased random walks, multi-scale random
walks) (e.g. Bartumeus et al., 2005,Gautestad&Mysterud, 2005). BenhamouBen-
hamou (2011) introduced the idea of directional bias in bridging models. Biased
RandomBridges (Benhamou, 2011) rely on the advection-diffusionmodel, which
shows both a diffusive and an advective component, and can generate long-term
drift. Essentially Benhamou assumes that the role of anisotropy in generating a
“direction in diffusion” is minor and that most of the effect should come from the
advection. It happens that the advection component disappears in bridge calcula-
tions. Because of this, classical Brownian bridge formulations can be used within
Biased Random Bridges, except for diffusion anisotropy. In biased random walks
the emergence of diffusion anisotropy depends on different movement paramet-
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ers that shape the turning angle distributions and can contribute to directional bias
(Codling et al., 2010). Given that in Biased Random Bridges the advection com-
ponent is lost a relevant question remains: does taking diffusion anisotropy into
consideration in bridge models improve space use estimations?

. .. 4.1.1 Bivariate Gaussian Bridges

Here we present a novel approach to modelling animal movement as a general-
isation of the BBMM: the Bivariate Gaussian Bridges (BGB), which allows us to
factorize diffusion (i.e. Brownian variance estimates (σ2m)) in two elementary dir-
ections: the direction toward the next location and the direction orthogonal to it.
In the case of the BBMM(and dBBMM) the probability density around themean
position of the animal between any two locations is assumed to be isotropic. In
BGB, however, we factorize themovement variance in a parallel and an orthogonal
component to the straight line (with constant speed) connecting two consecutive
locations (a segment). This results in two normally distributed probability densit-
ies Prp and Pro.

Finally, all observation techniques have an error associated with estimating the
true position of the animal. We add this location error distribution, which, for
the sake of simplicity is assumed to be a bivariate normal distribution (standard
deviation δ), to the probabilities Prp andPro to account for thismeasurement error.

Like BBMM, BGB has the same benefit of a straightforward fitting of move-
ment to empirical trajectories, and has the potential to more accurately capture
directional correlation. It also allows the computation of an index of directionality
(Id):

Id =
σm,p − σm,o

σm,p + σm,o
.

The index can vary between −1 and 1, where 0 means σm,p and σm,o are equal
in size corresponding to Brownian motion. In case Id → 1 there is no orthogonal
diffusion an thus all movement is along the straight line, whereas Id → −1 indic-
ates there is no parallel diffusion. Various studies have found turning angles to
be informative measure for inferring behavioural state(Bailey & Thompson, 2006,
Fryxell et al., 2008, Gurarie et al., 2009). The correlation in heading has also been
investigated in various contexts such as search efficiency (Bartumeus et al., 2008)
and orientation analysis (Benhamou, 2006) and has beenmeasured by the sinuos-
ity index (Benhamou, 2004). We therefore think that an index capturing heading
fluctuations of the animal between successive locations could be indeed a very in-
formative measure of behaviour, that in combination with other measures could
determine behavioural modes classification. For the variance estimation we used
the dBBMM framework (Kranstauber et al., 2012), accounting for changes in the
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diffusion variance across time. Hence BGB incorporate changes in the movement
characteristics along long journeys and, since Id can change continuously, provide
additional informationonchanges in thedirectionality of themovement. Bivariate
Gaussian Bridge models should not only derive space use quantification more ac-
curately (by estimating movement anisotropies), but should also allow to explore
temporal patterns of Id, that can be used to elucidate changes in movement beha-
viour.

In the following, we formally introduce the BGB framework and assess its im-
provement (compared to the dBBMM) in predicting the locations of simulated
correlated random walks with varying degrees of correlation and step lengths. Fi-
nally, we use a series of empirical trajectories of different animal species to assess
howrealistic the isotropy assumption is by investigationof Id andcomparing the es-
timated space use derived from the BGB (anisotropic) with the one derived from
Brownian (isotropic) bridge movement models.

Variance estimation

Both σm,p and σm,o are initially unknown and need to be estimated from the traject-
ories. Using a leave-one-out and a maximum likelihood approach (Horne et al.,
2007), we estimate the most likely combination of σm,p and σm,o values by maxim-
ising the likelihood for the locations that were left out. For every second location
the orthogonal and parallel distance (Δp and Δo) to the expected location on the
straight line connection between the previous and next location is calculated by
projecting the vector from the expected location to the observed location onto
the vector from the expected location to the next location. This procedure is illus-
trated in figure 4.1. Using these distances the likelihood for σm,p and σm,o can be
calculated and maximized.

Finally, since changes in the behaviour of tracked animals can lead to changes
in magnitude and relative proportion of σm,p and σm,o over time, we allow the vari-
ance estimation in the BGB to dynamically take different values, resulting in dy-
namic Bivariate Gaussian Bridges (dBGB). Using the Bayesian Information Cri-
terion (BIC) in conjunction with estimation of variance within and between sec-
tions of the trajectory we identify significant changes in the composition of σm,p
and σm,o as introduced by Kranstauber et al. (2012) based on the work of Gurarie
et al. Gurarie et al. (2009). This allows the model to track changes in a traject-
ory along both, scale of movement and in the directionality. The algorithm uses a
window of a set number of locations in which the best values for σm,p and σm,o are
searched for. Within this window, both σm,p and σm,o are calculated over the en-
tire length of the window as well as for any combination of subsections before and
after possible break points. A likelihood value is calculated for each description
of the window that contains either no break, a single break in σm,p, a single break
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Figure 4.1: An example of how the parallel and orthogonal deviation (Δp and
Δo) from the expected location of Z2 (μ(t2)) on the straight line connection can
be derived for the segment between the location Z1 and Z3.

in σm,o, or a break in both. These likelihoods are then compared using the BIC.
For each window we choose the optimal descriptor based on the BIC. The win-
dow is then moved 1 step through the trajectory and the likelihood optimization
is repeated. For each segment we thus obtain multiple estimates of σm,p and σm,o
that are averaged using the variances. For the dBGB case, σm,p and σm,o are allowed
to change independently. This allows in total for 4 different change scenarios: no
change, a change in either σm,p or σm,o, or a change in both. Both, the size of the
window and the margin, are parameters of the algorithm that define the granular-
ity of behavioural change detection in the dynamic estimation of σm,p and σm,o in
dBGB, or σm in the dBBMM. Margins are the minimal number of locations used
for variance estimation, and thus define the number of possible changeswithin the
window. Larger windows have more power to identify changes in behaviour but
come at the cost of not being able to describe frequent changes in behaviour. Since
more variables (σm,p and σm,o vs. σm) are involved, it may be sensible to use larger
windows and margins for a more accurate approximation of the true values. It is
important to explore various parameter setting and assess if the results make sense
and describe the expected behavioural changes. One possible way to do this is by
using cross-validations Kranstauber et al. (2012).

Utilisation density calculation

With σm,p and σm,o for every segment known, the probability of utilisation of an
area (e.g., a map grid cell) is defined by the orthogonal (Δo) and parallel distances
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(Δp) from the grid cell center to the expected location on the connecting line of
the segment using a normal distribution. To calculate the integrated probability
density, each segment is split into equally sized integration steps proportional to
the time interval between the two consecutive locations defining the segment. For
each time step the expected location canbe calculated, using this expected location
Δp and Δo to each grid center can be calculated. These functions are implemented
in R (R Development Core Team, 2012) and will be available within the move
package (Kranstauber&Smolla, 2013). Fordetailswe refer to themethods section
at the end of the manuscript.

Figure 4.2 shows densities and contours of bridges using different parameter
combinations. To optimize the calculation time, we restrict the estimation of prob-
ability for every numerical integration step to a bounding boxwith a size of 5 times
the standard deviation around the expected location (μ). This saves computation
time substantially by avoiding the need to estimate probabilities for the entire grid,
including locations so far away that the probabilities are negligibly small. This ac-
curately quantifies more than 99.99 percent of the cumulated utilisation probab-
ilities, allowing, at an equal computational time, higher temporal and spatial res-
olution of the probability density calculation, thereby increasing overall efficiency
with little loss of information (note that this optimization could alsobeusedwithin
the BBMM and the dBBMM).

. .. 4.1.2 Validation

We evaluate the dBGB first on a set of simulated trajectories and then apply it to
GPS tracks of a selection of different species.

Simulated trajectories

To explore the behaviour of σm,p and σm,o, we simulated a variety of random tra-
jectories using a correlated randomwalk function (Kareiva & Shigesada, 1983, im-
plemented by Calenge et al. Calenge et al. (2009)). We varied both the amount
of correlation within the randomwalk from 0.5 to 0.999 as well as the scale of step
lengths from0.1 to 10. Each track consisted of a total of 249 (oddnumber required
for the leave-one-out approach) locations whereby a circular Gaussian error with
a standard deviation of 0.01 was added to each location.

The dBGB variances as well as the dBBMM variances were estimated on these
trajectories. Since the simulated tracks did not contain any behavioural change,
window and margin sizes, which define the granularity of behavioural change
detection in the dynamic estimation of σm,p and σm,o in dBGB as well as σm in
dBBMM, were chosen to be large (margin: 31 and window size: 71). In order to
evaluate theperformanceof the estimationof theutilisationdistribution (UD),we
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Figure 4.2: A variety of Bivariate Gaussian Bridges moving from (0, 0) to (1, 1).
The bridges are calculated using various location errors (δ), σm,p and σm,o. The
contours show the 0.3, 0.5, 0.9 and 0.95 UD contours. Colours indicates the
space use density. The red points correspond to the start and end locations of
the movement.
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compared the predicted probability densities of the dBGB to those of the dBBMM
for these trajectories. To test performance of eachmethodwe did cross validations
by excluding 35 locations, that were regularly spaced in time. The UD was calcu-
lated using each method without the selected locations. We then examined the
performance by extracting the UD values at the omitted locations and calculating
an index of performance. The performance index was calculated as the geometric
mean of the probability densities of dBGB divided by the probability densities of
dBBMM(followingKranstauber et al., 2012)where values greater than 1 indicated
better performance of dBGB.

Observed trajectories

To investigate performance differences of UD estimation with dBGB compared to
dBBMMon real trajectories, 7 individual trajectories of various species (Table 4.1)
were used. The data were organized and standardized using http://www.move
bank.org (Wikelski&Kays, 2010). For the sakeof representation,we focusedon
the first 1000 relocations of every track, for the stork (Ciconia ciconia) we omitted
the first 1700 locations because the animal was initially stationary. First we invest-
igated whether real animal trajectories adhered to the assumptions of Brownian
motion by calculating an index of directionality Id over time.

Thevariances of the trackswere calculated using awindow size of 39 andmargin
of 15. We also simulated 1000 Brownian motion tracks with 39 locations (same
length as thewindowsize), as a confidence interval for the directionality index. We
then evaluated howmany of the segments fell outside the expected 95% interval. If
substantially more than 5% of the Id values fall outside the confidence interval we
interpreted this as an indication that the trajectory as a whole did not correspond
to Brownian motion.

To compare the performance of dBGB against dBBMM also in real animal tra-
jectories, we again calculated the performance index by omitting 50 locations,
which were used for a cross-validation. For this calculation we used the same win-
dow size and margin of 39 and 15.

Finally, we present the track of one individual straw coloured flying fox (Eidolon
helvum) to visually highlight the obtainedUDcontours fromdBGB in comparison
with those obtained from the dBBMM. This African fruit bat roosts in the colony
during the day and moves in a very directed manner to individual fruiting trees to
forage during the night. We excluded segments during daytime where no move-
ment was recorded.
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. .. 4.2 Results

. .. 4.2.1 Simulated trajectories

The correlated random walk simulations showed that with increasing movement
scales (step sizes) both σm,p and σm,o increase (Figure 4.3b,c). In addition, the
orthogonal standard deviation σm,o increased as the correlation of the random
walk decreased. The Brownian motion standard deviation (Figure 4.3a) followed
largely σm,p but was more influenced by a decrease in the correlation of the correl-
ated random walk. The index of directionality Id increased with increasing correl-
ation but was not influenced by the movement scale (Figure 4.3d). Only in the
region of both high correlation and small movement scales, Id became scale de-
pendent. This was due to the effect of the location error, shown in the Supporting
Information by repeating the same analysis on the same tracks with a higher loc-
ation error. The performance index increased when Id increased, at higher values
for Id (0.5 and up) the performance index doubled (or more) (Figure 4.3e). This
means that the estimated UD associated to the locations omitted for the cross val-
idation doubled.

. .. 4.2.2 Observed trajectories

Investigating the variances of different tracks showed that large parts of the tracks
deviated fromwhat would be expected under a Brownianmotion assumption. All
7 empirical trajectories in our study had a median Id larger than 0 and a large pro-
portion (on average 0.66) of the segments fell above the 95% percentile of the dis-
tribution of the simulated Brownian tracks (Table 4.1). If all tracks adhered to the
assumption of Brownian motion, then we would expect that only 2.5% of the loc-
ations would fall above this interval. The index over time revealed that the tracks
showed extended periods of time with a high Id values interspersed by bursts of
low Id values (Figure: 4.4). The cross validation on the trajectories showed that
the dBGB resulted in either a similar or better fit compared to the UD derived
from dBBMM (Table 4.1).

Figure 4.5 shows theUD contours for several night tracks of anAfrican fruit bat,
including a zoomed section. TheUDcontours around the directed flights between
the roost in the lower right corner and the foraging areas at the top of the plot are
narrower. The contours around the foraging trees are very similar with the dBGB
having a bit more well-defined areas.
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. .. 4.3 Discussion

Ourmethod demonstrates the potential accuracy improvementswhen computing
the UD, and highlights the constraints of initial Brownian bridge models (Horne
et al., 2007) that assume isotropic and homogeneous diffusion across time. The
method presented here relaxes both assumptions by: i) locally characterizing dif-
fusion, thus becoming variable in time, and ii) analysing the diffusion properties
across two major and orthogonal axes of motion, thus becoming variable in space.
The directional bias in trajectories can be a product of various processes (e.g. cor-
related random walks, biased random walks, landscape features). Although we
only formally investigate correlated random walks we think that dBGB performs
equally well if the directional bias has a different cause because the variance estim-
ates are adjusted to the observed trajectory.

Biased Random Bridges (Benhamou, 2011) assume an advective and a diffus-
ive component, which can incorporate the effect on the directional bias attribut-
able to diffusion anisotropy. More mechanistic insight can be extracted from a
bridging model by decoupling advection from diffusion, and thus, Biased Ran-
dom Bridges represent a clear conceptual improvement with respect to standard
BBMM(Horne et al., 2007). Nevertheless, BiasedRandomBridges donotmodify
nor improve the estimated UD. Instead, BGB can approximate the idea of advec-
tion/diffusion by considering the diffusive non-isotropic process, and thereby im-
prove the accuracy of space use and utilisation density distributions. We did not
conduct a direct comparison between the dBGB and the Biased Random Bridges
because for the latter no dynamic version is defined. It would be hard to assess
where to attribute the differences to.

Worth noting are the jagged contours that appear when the directionality index
(Id) is high, such as the high probabilities right in front and behind the observed
locations. Within strongly directed movement periods these probabilities overlap
with the previous and next segment. It is likely that these probabilities are visible
in contour lineswhen an animal starts or stops a directedmovement period, where
the transition to a stop causes extension of the contours behind the observed stop
location. These jagged contours can for example beobserved in figure 4.5 in the up-
per right corner where shuttling between the localities occurs. Other bridge mod-
els suffer from similar artefacts but they might be less conspicuous because the
resulting contours are smoother. In any case, it is important to note, that despite
these artefacts, UD estimates are overall more accurate than with former models,
and that the previous models also contain biases even though perhaps less con-
spicuous.

In general, the dBGB predicts the location of the observed trajectories better
and only in some cases performs slightly worse than the dBBMM. Better dBBMM
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performance over dBGB may be due to the fact that the estimation of more vari-
ables (σm,p and σm,o vs. σm) increases the noise. The Id provides a measure of dir-
ectedness independent of the step sizes of the movement. It could also be used as
an indication of where the largest differences between dBBMMand the dBGB are
to be expected: essentially where the largest deviations of Id from 0 are observed.
When the time interval between observations increase, the directional persistence
of the correlated random walk decreases (Benhamou, 2004). We would therefore
expect that Id → 0 if the time interval between observations increase, this would
mean the difference between the dBGB and dBBMM decreases. When the loca-
tion error is of the same order of magnitude as the movement variances, the divi-
sion between movement variance and location error becomes more difficult, res-
ulting in estimates where one of the variances becomes 0. Also the directionality
index (Id) becomes scale-dependent when location errors are high.

Although we do not investigate it here, it is likely that the estimated Id, σm,p and
σm,o contain relevant intra and inter individual variation. For example, migrating
versus sedentary herds of caribou have a far narrower turning angle distribution
(Bergman et al., 2000) which would result in a higher Id. Hence, studying Id, σm,p,
and σm,o spatio-temporal patterns across individuals, ecological contexts, or spe-
cies, could provide more mechanistic insights into animal home range and space
use behaviour.

It is clear that many observed trajectories do not adhere to the assumptions of
isotropic, homogeneous Brownian motion. Our model had the highest perform-
ance gain for correlated random walks with high directional correlation. Further
work defining analytical descriptions of bridge functions for frequently used ran-
dom walk models (e.g., correlated random walks, Lévy walks, or continuous-time
random walks) is needed since the dBGB does not formally describe the probab-
ility density of any of these random walks.

. .. 4.4 Methods

For notational convenience we followed the notation and variable definitions of
Horne et al. Horne et al. (2007).

. .. 4.4.1 Probability density function

Zi denotes the observed locations of the animal, at times ti with a normal dis-
tributed observation error with standard deviation of δi. Ti denotes the time gap
between two observations and is calculated as Ti = ti+1 − ti. The expected center
of the distribution of possible positions of the animal at time t in the time interval
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ti till ti+1 is assumed to be as follows

α(t) = (t − ti)
Ti

μ(t) = Zi + α(t)(Zi+1 − Zi) .

The standard deviations are assumed to be independent in the orthogonal and par-
allel direction and increase between locations

σ2p(t) = α(t)(1 − α(t))Tiσ2m,p, σ2o(t) = α(t)(1 − α(t))Tiσ2m,o .

In a first step, we transform the coordinates into a parallel and an orthogonal dis-
tance using Eq. 4.1 by projecting the vector μ − e on to μ − d. This equation gives
the parallel and orthogonal distances from μ to ewhen heading toward d from μ.

D = μ − d
∥μ − d∥

fpo(e, μ, d) = (
D ⋅ (μ − e)

∥μ − e − (D ⋅ (μ − e))D∥) .
(4.1)

The following equation defines the probability density function of themultivariate
Gaussian distribution, where k is the number of dimensions, μ the center of the
distribution and x a k dimensional vector for which the density is calculated.

fx(x1, . . . , xk) =
1

(2π)k/2 ∣Σ∣
1
2
exp(− 1

2
(x − μ)⊺Σ−1(x − μ)) .

Given we are working in two dimensions k is 2 and x − μ and Σ are defined as
follows

x − μ = fpo(z, μ(t),Zi+1), Σ = ( σ2p(t) ρσp(t)σo(t)
ρσp(t)σo(t) σ2o(t)

)

where z is any location in the space.
Furthermore, if we assume the orthogonal and perpendicular distances to be un-
correlated, then ρ = 0. The probability density function of the bivariate normal
distribution is:

f(z) = 1

2π

RRRRRRRRRRRRRR

⎛
⎜
⎝

σ2p(t) 0
0 σ2o(t)

⎞
⎟
⎠

RRRRRRRRRRRRRR

1
2

exp(− 1
2 [fpo(z, μ(t),Zi+1)⊺ (

σ2p(t) 0
0 σ2o(t)

)
−1

fpo(z, μ(t),Zi+1)]) ,
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and can be simplified to:

f(z) = 1
2πσp(t)σo(t)

exp(− 1
2 [fpo(z, μ(t),Zi+1)⊺ (

1
σ2p(t)

0
0 1

σ2o(t)
) fpo(z, μ(t),Zi+1)]) .

(4.2)

Including location error

In order to include the locations errors we need to redefine our σ functions as,

σ2p(t) = α(t)(1 − α(t))Tiσ2m,p + (1 − α(t))
2 δ2i + α2(t)δ2i+1

σ2o(t) = α(t)(1 − α(t))Tiσ2m,o
´¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¸¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¶

Movement variance

+ (1 − α(t))2 δ2i
´¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¸¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¶
Location error

previous location

+ α2(t)δ2i+1
´¹¹¹¹¹¹¹¹¹¹¸¹¹¹¹¹¹¹¹¹¹¶

Location error
next location

.

. .. 4.4.2 Likelihood

The multivariate log-likelihood is:

ln(L) = −k
2
ln(2π) − 1

2
ln ∣Σ∣ − 1

2
(x − μ)⊺Σ−1(x − μ) .

In order to estimate σm,p and σm,o by omitting every second location we have i in
1, 3, 5, . . . , n − 1. We get the following set of equations:

Ti = ti+1 − ti−1
αi =

ti − ti−1
Ti

μ(ti) = Zi−1 + αi(Zi+1 − Zi−1)
σ2p(ti) = Tiαi(1 − αi)σ2m,p + (1 − αi)

2 δ2i−1 + α2i δ2i+1
σ2o(ti) = Tiαi(1 − αi)σ2m,o + (1 − αi)

2 δ2i−1 + α2i δ2i+1 .

Making the same assumption that there is no correlation between parallel and or-
thogonal variation (ρ = 0) and filling out the log-likelihood equation we get

ln(L) = − ln(2π) − 1
2 ln(∣(σ

2
p(ti) 0
0 σ2o(ti)

)∣)−

1
2 (fpo(Zi, μ(ti),Zi+1)⊺ (

σ2p(ti) 0
0 σ2o(ti)

)
−1

fpo(Zi, μ(ti),Zi+1)) ,
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and simplify this to:

ln(L) = ln ( 1
2πσo(ti)σp(ti))−

1
2 (fpo(Zi, μ(ti),Zi+1)⊺ (

1
σ2p(t)

0
0 1

σ2o(t)
) fpo(Zi, μ(ti),Zi+1)) .
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Appendix

. .. 4.A The performance of the dBGB on correlated random walks
with increased location errors
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Figure 4.A.1: Repetition of the analyses with a higher location error (0.05)
showing the effect on the directionality index.
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Figure 4.A.2: Repetition of the analyses with a higher location error (0.1)
showing the effect on the directionality index.
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Abstract

A quantitative spatial description of bird migration is important to identify where
and how conservation could be prioritized and to anticipate consequences of
global change. Here we derive such a quantitative description for long distance
migrations of birds of prey, on the basis of individually tracked birds and environ-
mental data. We find that thermal uplift and the distance to the coast are the most
important predictors for raptor migration. The analyses are shown to be consist-
ent in cross validations between different datasets of the same species. This global
diversity map can be used to inform conservation efforts andmake predictions on
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the effects of environmental change. Our analysis is defined in a repeatable way
that allows to extend it to more individuals and species.

Keywords: raptor migration routes, dynamic Brownian bridgemovement model,
bird conservation

. .. 5.1 Introduction

Animal migration is among the most conspicuous and fascinating biological phe-
nomena. Billions of individuals of almost all biological taxa undertake journeys
across oceans and continents, some once but many repeatedly so during a single
lifetime. Birds, in particular, have dominated our perception of and the current
knowledge about animal migration. The migratory behaviour of birds has, like
few other natural phenomena, left remarkable traces in the human cultural herit-
age. Iconic species such as the white stork, the swallow or, in particular, the dif-
ferent crane species are esteemed across cultural boundaries and associated with
symbolic values linked with their apparent migratory behaviour. Still, despite the
ubiquity, traditional recognition, and its conspicuousness, it is puzzling how little
quantitative information we have been able to gather at the spatial extent at which
avianmigration occurs (Bowlin et al., 2010, Dokter et al., 2011). Until recently, we
have been even incapable to truly fathom the sheer spatial extent and numbers of
individuals undertaking such journeys, let alone address more complex biological
questions, such as physiological, genetic or navigational requirements or the evolu-
tionary and ecological causes and consequences of bird migration at a global scale.
In the last two decades, the unprecedented achievements in theminiaturisation of
electronic devices in combination with using satellite technology have catalysed
and amplified efforts of recording individual migratory tracks (Bridge et al., 2011).
For large bird species capable of carrying GPS or satellite tracking devices, there-
fore, increasingly high quality and quantity of data on migration is available over
large spatial and temporal scales.

Without understanding the proximate andultimatemechanisms involved in the
various aspects of migration it will be essentially impossible to understand, and
ideally anticipate, population dynamics, speciation processes or the effect of hu-
man alteration on species extinction processes for migrating species. On a global
scale, biological diversity has long been defined as a key metric determining eco-
system value and therefore to represent a valuable natural resource that deserves,
in itself, the joint human attention and protection from further erosion (Myers
et al., 2000). Migration, despite being a crucial stage in the life history ofmany spe-
cies, and having potentially important consequences for fundamental biotic and
abiotic processes and affecting the ecosystem functioning to which the migratory
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species belong, has not yet received the necessary attention (Bauer&Hoye, 2014).
The importance ofmigratory behaviour for ecological processes necessitates a sim-
ilar unanimous dedication to its study and conservation. Notwithstanding the
scarcity and potential biases in studying animal migration, qualitative and semi-
quantitative assessmentsof importantmigratory routes, so calledflyways, have and
still represent important tools, similar to the biodiversity hotspot approach, focus-
ing attention and possibly prioritising protection on the ground. Raptor watch
sites have been used to derive a global picture of migration, at these watch sites
which are located at locations of high migration intensity migrating raptors are
counted (Zalles & Bildstein, 2000). These sites are strongly biased towards spe-
cific habitats and are mostly situated in the northern hemisphere, this leads to dif-
ficulty to assess the spatial extent and varying detectability (Farmer et al., 2010).
Following individuals allows assessing the migration along the whole journey.

Here, we synthesize movement information gathered from 16 different raptor
species globally, representing 363 individuals to identify important global raptor
flyways based on a quantitative model minimising the potential effect of sampling
bias. We combine movement information with remotely sensed environmental
data to model a quantitative map of global raptor migration representing intensity
of utilisation of the landscape by migrating raptors. Along their migratory paths,
birds pass through various environments that connect their wintering and summer
grounds. These paths are very likely to be influenced by the composition of the
environment, presumably playing an important role in the selection of the routes
for example by influencing the cost of flight, or by providing essential resources.
Understanding the ecology of migration and ultimately the environmental com-
position underlying the selection of resources duringmigration is important in or-
der to assess environmental suitability of movement corridors but also for their
conservation and anticipation of the consequences of global change. The aim was
therefore, to predict important hotspots of migration derived from a representat-
ive global sample of movement data bymodellingmovement through a landscape
representing the species’ specific ecologies of migration.

Methodological advances in standardisation and sharing as well as algorithms
for the analysis of highly heterogeneous movement data are pivotal for synthes-
ising collaboratively shared and therefore idiosyncratic data. The movement tra-
jectories analysed here, were collected using argos-dopplershift and/or GPS tech-
nologywith fundamentally different errors in determining the true location. In ad-
dition, depending on the original purpose or the technological limitations at the
time, the devices recorded movement with different temporal resolution, from a
location every 15 minutes to once a day. Here, we use http://www.movebank
.org as a collaborative online platform facilitating data standardisation and shar-
ing to investigate the space use of migratory raptors. The Brownian bridge move-
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ment model (Horne et al., 2007) and its extension (Kranstauber et al., 2012), are
essential for a consistent and comparable analysis.

. .. 5.2 Methods

In this study we estimate migratory flyways based specifically on ecological hab-
itat models of migration. First we identify migration in the trajectories using the
space use intensity and turn angle or speed. Central to the cross-study comparabil-
ity was to translate the migration trajectories into a space use probability surface,
or a so-called utilisation distribution (UD). The UD represents, for a given area,
the usage based on the observed migratory track. The dynamic Brownian Bridge
Movement Model (dBBMM) allows to derive such UDs for heterogeneous data
and was used to model the intensity of space use for each stretch of migration for
each individual separately. In addition to these observed UDs, we estimated the
potentially available space use (null model) using a Brownian bridge connecting
the first with the last location of each migration stretch. This null model repres-
ents the potential utilisation with a comparable deviation from the direct route
between start and end. Using these two distributions, the null model and the ob-
servedUD, we sampled points within these areas with a probability based on their
utilisation distribution and annotated them with environmental variables using
the movebank annotation tool EnvData (http://www.movebank.org). The
difference in the environmental conditions between the observed UD and null
model was used to model migration suitability for each species representing its
ecology of migration. We simulated movement based on the migration suitability
landscape and the winter and summer range this produces amigratory abundance
landscape per species. Using all the migration landscapes for each species we can
calculate the migration diversity.

The data of individually tracked birds (n=738) was uploaded and standardized
using the Movebank database (Kranstauber et al., 2011, Wikelski & Kays, 2010)
and handled using the R package move (Kranstauber & Smolla, 2013). Trajector-
ies had to meet minimal requirements of having more than 70 locations and span-
ning at least a 1000 km in order to be included in the analysis. The 1000 km cut
off value was used since we were interested in migrations on a global scale and 70
locations are needed to ensure an extended tracking period and resolution in the
UD calculations. After these selection procedures 363 tracks of 16 species were
left for an overview of the data (Table 5.1). All analyses were conducted using R
version 3.0.2 (2013-09-25) (R Core Team, 2013).
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Figure 5.1: An illustration of our analysis method starting from a trajectory (a)
we identify migration (b). From this we calculate a used UD (c) and a null model
(d). We sample from the UDs and annotated this data (f) with environmental
data (e). Using random forest models (g) we predict the probability of use and
non use (h). Using this landscape of migration suitability transformed according
to the optimal transformation and range data (i) we predict the migration (j).
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5.2. METHODS

. .. 5.2.1 Migration identification

For 6 datasets periods ofmigration were already identifiedmanually, for others we
used the expectation maximisation behavioural classification (EMbC) to identify
migration. The EMbC algorithm finds the best division into four behavioural
clusters based on twometrics of trajectories, each cluster is described by twoGaus-
siandistributions (Garriga et al., in prep.). As a firstmetric for the algorithmweuse
the logarithm of the UD calculated using the dBBMM of the midpoints between
subsequent locations. The usage of this metric is based on the idea that migra-
tion occurs in places that are not used in the rest of the year and thus have a low
utilisation. The second metric we used was either speed or turning angle, depend-
ing on which one produced the most reliable classification. The choice of metric
was based on a visual assessment of the annotated trajectories. In general for data-
sets with a high observation frequency turning angles seemed to perform better,
while in less frequently sampled trajectories speeds seemed to perform better. The
EMbC thus creates four clusters representing the combinations of high and low
values for the UD intersection and turning angle or speed respectively. To avoid
behavioural states changing back and forward we used the smoothing that is build
into the EMbC, we used a time period of 120 hours with one exception where a
period of 96 hours worked better. The smoothing ensures that the behavioural
states represent long distance migrations of individuals and that the behavioural
states do not change continuously.

The four possible states that the EMbC generated were then reclassified to mi-
gration and non-migration. Low UD intersections and high speeds or low turn-
ing angles were considered migration, except for any stretch shorter than 100 km,
because we were interested in long distance migrations. All periods shorter than
10 days between two migrations were classified as migration, all others were con-
sidered as non-migration. Any section shorter than 3 locations was reclassified ac-
cording to the surrounding class, and any interval between 2 locations longer than
30 days was not considered as a migration. This procedure identified the migra-
tions for all but 4 individuals, which were omitted.

. .. 5.2.2 Utilisation during migration

We used the dynamic Brownian bridge movement model (dBBMM) to quantify
the relative amount of time animals spent in specific areas duringmigration (Kran-
stauber et al., 2012). We calculated the Brownian motion variance for the whole
track and estimated theUD for the segments identified asmigrations. For variance
calculation we used a window size of 31 locations with a margin of 11 locations.

As a null distribution we used a Brownian Bridge from start to end of every mi-
gration. The variance for these bridges was calculated by omitting all intermediate
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locations in every migration, these omitted locations were then used as sample
for the variance estimation using maximum likelihood estimation (Horne et al.,
2007). Using this variance a Brownian Bridge was calculated for each migration,
this bridge has a similar deviation from the straight connection as the observed
trajectory.

These two space use distributions were used as representative samples for “use”
and “null model”. From each distributions we sampled 5000 locations per indi-
vidual according to the probability of utilisation. These locations gave us a repres-
entative sample of the environmental conditions during migration.

. .. 5.2.3 Environmental Annotation

Each sampled location was annotated with a range of different variables using the
Movebank envData annotation tool (Dodge et al., 2013) and the R raster pack-
age (Hijmans, 2014). We used environmental variables related to topography, dis-
tance to coast, uplift and land-use (Table 5.2). Temporally varying parameters
such as uplift and theNormalizedDifference Vegetation Index (NDVI) were sum-
marized in variables that we thought to be indicative for migratory suitability such
as the median uplift. Summarizing the temporally varying variables makes move-
ment modelling independent of environmental conditions in a specific year, this
produces a general migration diversity map.

We annotated the locations with 200 uplift estimates at random dates. Dates
were sampled in months were most migration occurs, March, April, September,
October and November, from 1995 up until 2012. We sampled timestamps
around Noon local time with a random shift of 3 hours because most uplift and
migration occurs during the day, the random shift avoids patterns resulting from
the sampling frequency of the weather. We repeated this procedure for both oro-
graphic uplift (due to deflection on the topography) and thermal uplift (from air
heating up). The annotated values were summarized by calculating the median,
75% and 95% quantile, for both orographic and thermal uplift, these quantiles are
used as environmental variables. In case of the orographic uplift we added a 250
meter randomerror to the location to get a better representation of the topography
around the location.

There is no single measure for ecosystem productivity over land and sea, there-
fore we combined one measure where we annotated locations over land with
NDVI and locations over the ocean with chlorophyll A. We used the high res-
olution monthly datasets to avoid cloud cover. Locations were annotated with
monthly productivity from2003 until 2009 and summarized by themedian, range,
median annual maximum andminimum and the sum of squares of a model of pro-
ductivity permonth. This last measure indicates howmuch of the variation can be
explained by the yearly pattern and thus represents the predictability.
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. .. 5.2.4 Modelling

We classified the null model locations and the used locations on the basis of the
annotated environmental data using random forest models (Breiman, 2001, im-
plemented by Liaw & Wiener (2002)). Random forests, a machine learning al-
gorithm based on decision trees, were the method of choice for their robustness,
lack of distribution assumptions and its flexibility. Themethod identifies the envir-
onmental variables that most accurately distinguish the migration usage by creat-
ing a decision tree. We grew 2000 trees for each model, each time with a subset of
the data, each tree was used to predict migration suitability on a global grid using
the same environmental variables, this produced a probability of migration usage.
The proportion of false positives and false negatives when predicting the locations
not used for building the tree can be used to assess the models and is called the
out-of-bag error. By fitting a model for each species separately we obtained a spe-
cies specific description of the environmental conditions used during migration.
The importance of environmental variables was measured using the increase in
purity when a specific environmental variable was used to separate the data in the
decision tree, this was then averaged over all trees, this measure is called the de-
crease in Gini index. The grid used for predictions had a resolution of 5000m and
consisted of 6942 columns and 2940 rows. We only made predictions within 200
km from the coast to minimize the computational effort (99.7% of our observed
migration location fell within this distance).

The probabilities on this grid were transformed using various transformation
functions (Table 5.3). These transformations were applied because we do not
know how the probabilities of usage translated into resistance to movement as is
needed for the simulation ofmovement. Weused different exponents for the trans-
formation. We also used a threshold, were we extracted the probabilities of the
used sampled locations of the utilisation probability raster. Every probability that
was below the threshold quantile of extractions was set to themaximal movement
resistance that still allowed movement.

To identify the best possible transformation we used cross validation by omit-
ting an individual at a time, followed bymodelling suitability and simulatingmove-
ment from the start to the end of the omitted trajectory. This is used to assess
the best performing transformation for the omitted trajectory, repeating the pro-
cedure up to three times for each species per dataset. We used the start and end
points of the omitted individual to simulate movement. The locations where the
individual was observed were extracted from the raster of simulated movement.
We calculated the median value, stratified per individual to account for unequal
sampling, for each transformation. The transformation with the highest intersec-
tion was used for further analysis. This ensures that we select the transformation
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that produces simulated movement most similar to observed movement for the
omitted individual.

Table 5.3: An overview of the different transformations used

Name Transformation Threshold quantile

Identity f (x) = x
ntree

Identity 0 threshold f (x) = x
ntree

0.00
Identity 0.01 threshold f (x) = x

ntree
0.01

Identity 0.02 threshold f (x) = x
ntree

0.02
Identity 0.03 threshold f (x) = x

ntree
0.03

Identity 0.04 threshold f (x) = x
ntree

0.04
Identity 0.05 threshold f (x) = x

ntree
0.05

Half square 0 threshold f (x) = ( x
ntree
)
1.5

0.00

Half square 0.010 threshold f (x) = ( x
ntree
)
1.5

0.01

Half square 0.020 threshold f (x) = ( x
ntree
)
1.5

0.02

Half square 0.030 threshold f (x) = ( x
ntree
)
1.5

0.03

Half square 0.040 threshold f (x) = ( x
ntree
)
1.5

0.04

Half square 0.050 threshold f (x) = ( x
ntree
)
1.5

0.05

Square 0 threshold f (x) = ( x
ntree
)
2

0.00
Uniform f (x) = 1
Half square f (x) = ( x

ntree
)
1.5

Square f (x) = ( x
ntree
)
2

Natural Logarithm f (x) = ln (x + 1)
Natural half exponent f (x) = e0.5∗

x
ntree − 1

Natural exponent f (x) = e
x

ntree − 1

. .. 5.2.5 Simulating movement

In order to calculate the migration abundance, the expected amount of migrat-
ing raptors, we simulated movement from summer to winter ranges (http://
www.birdlife.org/datazone/info/spcdownload), over the landscape of
movement suitability. The simulation of movement is based on the flow of elec-
trons through an electrical circuit, it calculates randomwalks through a landscape
(implemented in CircuitScape McRae & Shah, 2009). The input is the map of
movement suitability that represents the permeability of the habitat with respect
to movement, or in electrical terms conductance. The resulting current map gives
the amount of estimated migration through each grid cell (McRae et al., 2008).
We selected pairs of locations separated by at least 1000 km and having a max-
imal difference of 45 between the rhumbline, the constant heading connection
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between the two locations, and the North South axis, to represent long distance
North South migrations. Furthermore it had to be possible to reach the locations
over the predicted grid without crossing an area of complete unsuitability, such as
oceans. In total we sampled 200 point pairs for calculating the population wide
migration abundance. We ranCircuitScape pairwise between 4 grid cell regions at
the start and end location and accumulated the current for every grid cell. For each
species we standardized the cumulative current grid by dividing by the sum of the
grid in order to weight each species equally. From these species specific migratory
abundances we calculated migratory diversity maps. We express diversity as the
square root of the Simpson index were pi is the standardizedmigratory abundance
of species i.

D =

¿
ÁÁÀ

n

∑
i=1

p2i (5.1)

In order to asses the reliability of this procedure for describing species wide mi-
gration we repeated the same procedure per dataset for each species to calculated
the global standardizedmigration abundancemaps in order to do cross validations.
For each of thesemapswe calculated the overlap between datasets of the same spe-
cies using the volume of intersection. The volume of intersection measures how
similar the migration abundance landscapes are when created on two independ-
ent datasets.

. .. 5.3 Results and Discussion

Thecross validationswhere individual trackswereomitted showed that a quadratic
transformation where everything below the lowest observed probability is set to
the lowest positive probability resulted in the highestmedian intersectionwith the
migratory abundance.

The average proportion of falsely identified points per environmental model
was 0.278, this includes both false positives and false negatives (out-of-bag error).
It is not to be expected that this approaches zero because we do not have true
absence points. Instead we have a background distribution that includes the ob-
served trajectory and similar environments as where individuals of the same spe-
cies potentially migrate through, but these individuals were not observed. The
single most important variable, measured as the decrease in the impurity (Gini
index) that can be attributed to this variable, is the distance to coast which allows
distinguishing locations over water and land (Figure 5.2). Other important vari-
ables are thermal uplift, productivity and elevation. Especially all thermal uplift
related variables seem to be important in classifying locations with respect to mi-
gration usage. When splitting the species according to a predominantly flapping
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Figure 5.2: The mean decrease in the Gini impurity that can be attributed to
the specific environmental variable, a measure for variable importance in random
forest models.
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or soaring flight mode (Table 5.4) we find that variables related to elevation and
orographic uplift are more important for birds that have a predominantly soaring
flight mode (Table 5.2).

Table 5.4: An overview of the flight mode clasification and the common name
of the species involved in the study.

Common name Predominant flight mode

Aquila chrysaetos Golden Eagle Soaring
Asio flammeus Short-eared Owl Other
Buteo albigula White-throated Hawk Soaring

Buteo jamaicensis Red-tailed Hawk Soaring
Buteo swainsoni Swainson’s Hawk Soaring
Cathartes aura Turkey Vulture Soaring

Circaetus gallicus Short-toed Snake Eagle Soaring
Circus aeruginosus Western Marsh Harrier Flapping

Circus pygargus Montagu’s Harrier Flapping
Falco eleonorae Eleonora’s Falcon Flapping
Falco peregrinus Peregrine Falcon Flapping
Falco subbuteo Eurasian Hobby Flapping

Haliaeetus leucocephalus Bald Eagle Soaring
Neophron percnopterus Egyptian Vulture Soaring

Pandion haliaetus Osprey Flapping
Pernis apivorus European Honey Buzzard Soaring

In total we had 6 species with data from multiple datasets that could be used
for cross validating between studies. There is a high similarity in the migratory
abundance landscape calculated on different datasets, the proportion of overlap
(volume of intersection) is on average 0.6609 (range: 0.386 - 0.8016). Differences
in the landscape are a product of both differences in the environmental model and
differences in the sampling of connections between summer and winter ranges.

Most diversity is observed in restricted flyways along coasts and mountain
ridges with high concentrations at narrow land bridges between continents (Fig-
ure 5.3). Places where short stretches over sea connect major landmasses, e.g.
between Italy andTunisia, showahighdiversity. Our analysis provides insight into
global migration diversity of raptors on the basis of individually tracked birds. In
America migration through Mexico and the Panamanian isthmus stands out, this
is also the location of some of the most productive raptor watch sites including
one in Mexico where over a million raptors are counted per year. In Europe/A-
frica, around the Mediterranean, three important locations stand out, Gibraltar,
Italy-Tunisia and through the middle east, all of these are locations with product-
ive bird counting sites. The Strait of Bab al-Mandeb between Yemen and Djibouti
where over a 100.000 birds are counted annually is also highlighted in our model
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(Zalles & Bildstein, 2000). For the osprey, migrations along the coasts (Atlantic
and Pacific flyway) are clearly identified, while the Mississippi and central flyway
are less distinct (Figure 5.4). There are also large areas where less is known about
migrations, the main example for this is Asia where fewer raptors are tracked. Our
method could be used to provide initial insight in potential routes that are not ob-
served here with relatively little effort.

The techniques used, account for observation intensity and biases . Using a
cross validation between studies and by optimizing the transformation of the suit-
ability landscapewe balance betweenmaking themodel specific to the species and
over predicting based on observing specific populations.

The analysis provided here is produced for a limited set of species for which
data was available (Figure 5.5). It could be naturally extended to more species
and individuals to make the results more accurate. Ideally we would be able to
describe the migration for all raptor species to set appropriate conservation pri-
orities. It is, however, not to be expected that there is a complete coverage of
migration data from all migrating raptor species in the near future. A possible
method to estimate the migration suitability model for those species that have
not been tracked would be to estimate it using the phylogenetic relationship with
species where the migration suitability model is known. The average correlation
between the phylogenetic dissimilarity derived from a 1000 phylogenetic trees
(http://www.birdtree.org; Hackett et al., 2008, Jetz et al., 2012a), and the
Bray-Curtis dissimilarity in variable importance of the random forest model is
0.143 (mantel test, p=0.166, n=16). Similar the correlation between the inverse of
the migration suitability landscape similarity measured as the volume of intersec-
tion and the phylogenetic dissimilarity is 0.126 (mantel test, p=0.233, n=16). We
do not have enough power to work out this phylogenetic effect here, but we be-
lieve it is present. If new tools are developed for estimating phylogenetic informed
habitat suitability and a wider coverage of species is available this could be used to
estimate migration suitability for the other species.

We assumed a uniform distribution of individuals in the winter and summer
ranges with simple restrictions on which ranges are connected (a North South ori-
entation of the migration). Density information from winter and summer popu-
lations could be used to inform the sampling where to simulate movement. This
would provide an even more accurate picture of the migration. Furthermore, in-
formation from ring recoveries could be used to informwhich winter and summer
ranges are connected, this would further improve the obtained picture. In case this

Figure 5.3 (facing page): Maps showing the migratory diversity, yellow indic-
ates a high diversity and abundance of modelled migration. Most migrations are
observed along coasts and ad pinch-points between continents.
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Figure 5.4: The standardized migratory abundance map for all species. The
patterns are species specific, the various species aggregate in different places,
depending on their ranges and the migration suitability.
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information would be included in the model, a direct comparison with raptor ob-
servation sites would also become feasible. Now this comparison is likely not valid
because of the unknown densities.

In order to assess the consequences of changes to environmental variables at
specific locations it is important to be able to link locations on migratory routes
to specific winter and summer grounds. Because the migration density of every
species consists of the sum of single start and end points, we can also investigate
which part of a population could be influenced by changes in specific locations or
environmental factors.

The analyses here are all algorithmically defined, this allows to addressing the
need for an expendable and repeatable analysis in ecology (Reichman et al., 2011).
Therefore, we envision an updating system where the results are updated when
new data is collected and added. This would provide a valuable resource for con-
servation that could help to prioritize conservation efforts with the most current
state of knowledge. Specific components, such as the modelling of suitability or
simulation of movement, of themodel presented here could be improved without
affecting other parts. The modelling of suitability for example, could be improved
if reliable methods for phylogenetic informed habitat suitability modelling are de-
veloped. Such a systemcould function in collaborationwith themovebank project
hosting the data, thus providing a seamless integration.
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6
Gone with the wind

B. Kranstauber, R. Weinzierl & K. Safi

Abstract

Birdsmigrate over large distances between continents at often large energetic costs.
Minimizing the costs ofmigration shouldbeunder strongnatural selection thereby
allowing to allocate more energy and time to maximize reproduction and survival
probability.

Wind conditions directly influence the ground speed and thus the cost of bird
migration. Weather patterns, however, are thought to be complex and it therefore
might not be straightforward tooptimizemigratory routes spatially and temporally
with respect to something as dynamic and fluctuating as wind. It could be possible
that advantageous migratory routes are selected, several studies have shown that
aspects of migration are heritable.

Here, we investigate theoretically how the dynamics of wind conditions based
on 21 years of weather data at a global scale could impair the choice of routes
of migratory birds in respect to minimizing the costs. Our results suggest that,
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along some routes, ground speed can be increased considerably taking into ac-
count wind conditions, and despite their longer spatial distances, travel time re-
duced substantially compared to the shortest distance routes suggesting optimal
migratory routes. We also found evidence that optimal routes in a given year re-
main near optimal in subsequent years. Therefore, theoretically, and despite the
dynamicnature of atmosphericwind conditions, selecting routes could represent a
natural selection process asmodelling survival suggest. Thus, spatially fixed routes,
deviating from the shortest great circle route, but with favourable wind conditions,
can provide a considerable fitness advantage and are likely to be stable enough to
become evolutionary selected for or fixed through learning in socially migrating
species.

. .. 6.1 Introduction

Some of themost striking avianmigrationmovements involve billions of individu-
als undertaking journeys stretching over vast distances. On route from their breed-
ing to their wintering grounds animals not only master the navigational task to ac-
curately travel between such distant places, but also face the sheer physiological
challenge of travelling such great distances. They overcome obstacles such as the
Pacific ocean, mountain ranges as high as the Himalayas and inhospitable deserts.
The bar-tailed godwits (Limosa lapponica baueri), for example, have been found to
travel from Alaska to New Zealand and back in a single year (Gill et al., 2009) re-
quiring large fat reserves (Battley & Piersma, 2005). Likewise among the longest
distances ever reported are the annual travels of the Arctic tern (Sterna paradisaea)
weighingonly 108gramsyet travellingbetween theArctic summering grounds and
the Antarctic wintering areas on an annual basis (Egevang et al., 2010) and there
are many more examples (Alerstam et al., 2003). Minimising the costs of migra-
tion is of pivotal importance as extra energy used during migration could result in
reduced investment in reproduction or increased mortality and thus likely to be
under strong natural selection (Newton, 2006).

Inmany species, migration is thought to happen along distinct corridors, which
are characterized by spatial aggregations of a large proportion of themigrating pop-
ulation, which use specific routes often persistently. The advantage of choosing
such corridors is sometimes obvious. For example in the Gibraltar straight, Is-
rael, or central America, these corridors are likely the consequence of the birds
avoiding crossing largewater bodies, whileminimising the travel distance between
the Northern and Southern destinations. Other pathways are thought to connect
patches of suitable habitat along the journey, so called stop-overs, where small
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birds in particular can find an optimal balance between availability of potential
places to stop and refuel and the shortest possible routes connecting breeding and
wintering areas. In many cases migration corridors do not follow the shortest con-
nection between the start and end of the journeys, the great circle route (Alerstam,
2011). Thus, the energetic expenses caused by such a deviation from the shortest
connection between the birds’ breeding territories and wintering places has to
be compensated by reduced energy expenditure or provide essential resources re-
quired for successful completion of the journey. For birds, wind is a major factor
determining the speed of locomotion and therefore its cost. Head and tail wind
influence ground speed and thus the energetic expenses that an individual incurs,
while sidewinds cause deviations froma targetedmigrationpathwaymakingnavig-
ational correctionmandatory at the cost of ground speed (Safi et al., 2013,Wikelski
et al., 2003). Atmospheric conditions should thus, most likely similar to ocean cur-
rents, should govern the global migratory routes observed (Alerstam, 1979, Aler-
stam et al., 2003, Liechti, 2006).

There is strong evidence for a genetic and thus heritable component in the dir-
ection and also in adjusting timing in the onset of nocturnal restlessness with is
thought to relate to migration (Berthold & Querner, 1981, Helbig, 1991, Liedvo-
gel et al., 2011, Pulido et al., 2001). The choice of direction and propensity of noc-
turnal restlessness seems to be inherited and can be selected for or against in ex-
perimental settings (Berthold et al., 1990). In the wild, one of themost prominent
examples is the cuckoo, which as a brood parasite often is raised by non-migratory
foster parents, yetmigrate in their first autumn fromEurope to Sub-SaharanAfrica
(Willemoes et al., 2014). Likewise in many species, juveniles and adults show dif-
ferent timing in the onset ofmigrationmaking social learningunlikely, at least from
experienced individuals of the same population or even species.

A first question to ask is how much faster an optimal route using the wind can
be in comparison to the shortest connection (null model) between any two loc-
alities. This will indicate how big the potential for optimization would be, we do
not investigate what locations are best connected but are rather interested in the
best route given two locations need to be connected. Based on this question, we
present a model using 21 years of weather data at a 6 hour interval that calculates
the optimal route, taking into account wind, between almost any two locations in
the world. The assumption is that a flapping bird tries to minimize the total time
needed for a given journey (Hedenström, 2008) travelling over a hexagonal grid
(Fig. 6.1). The air speed is assumed constant while tail and cross winds increase
or decrease ground speed and thereby influence travel time. In case of too strong
head winds flight is suspended until conditions improve, but otherwise birds fly
in one long endurance flight (e.g. Gill et al., 2009, Klaassen et al., 2011). Since the
atmospheric conditions vary over time, the optimal route for a given start and end
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Figure 6.1: A visualization of how the optimal route is found. Travel starts
from the grey node, wind is indicated by the arrow from the blue point. The air
speed in each direction is the same (grey circle) while the realized ground speed
(black circle) is influenced by the wind and interpolated to the position. When
a node has been reached (solid circles) travel from there continues to all nodes
that have not yet been reached. The optimal route (thick lines) to many nodes
is not the direct route. As soon as a node has been reached all other travel to
this node is suspended.

point is specific to a starting time. We focus our analysis at routes within the Amer-
icas and Afro-Eurasia-Australian land masses, leaving from locations North of 30○
latitude to locations South of −30○ and the reverse. Furthermore we investigate
if there are specific circumstances, such as direction or season, when fast routes
occur or if there always available between any two locations.

The evolution of migratory behaviour and the establishment of stable pathways
or, at a population level, corridors, between breeding grounds and wintering areas
should represent an optimization of the energetic expenses taking into account
wind conditions. If wind conditions between two locations have a predictable be-
nefits (time or energy) and display an approximately annual cycle (to meet the
biological cycle of reproduction and wintering), natural selection could select for
finding optimal migratory routes regarding atmospheric conditions.

An optimal route for any given pair of start and end location and starting time
can only be found by knowing the global weather conditions. Finding the optimal
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route would need accurate information of future weather conditions in distant
places. It is, therefore, unlikely that birds are able to forecast wind conditions with
enough reliability over the spatial and temporal distances over which they often
migrate. We can therefore consider the task of finding these optimal routes at the
time of departure or on route as impossible for individual birds.

Optimal migration over the same route, providing enough benefits over the
shortest distance connection, could be selected for or learned and culturally in-
herited as a spatially fixed route despite the inability of single individuals to predict
futurewind conditions at the timeof departure. Gardenwarblers have been shown
to have an endogenous change inmigration direction during themigration season
indicating an endogenous migratory route (Gwinner & Wiltschko, 1978). Condi-
tional is, however, that the globalwind conditions, which are inherently thought to
represent chaotic processes, possess enough recurrence for evolutionary processes
to select for stable migratory pathways. To address this aspect we investigate how
much faster individuals could be by following a spatially fixed route that deviates
from the shortest route. We consider all 21 optimal routes between two locations
starting the first of the same month as a sample of possible routes between these
locations. We calculated travel time throughout all 21 years, along all these routes.
This resulted in a series of travelling times using these routes influenced byweather
conditions that could have been encountered during the same season over the 21
different years. Assuming a sigmoidal relation between travel time and survival
we could determine which route would be selected (Hanski et al., 2000). This ap-
proach puts a strong emphasis on route stability, other scenarios could be possible
when first arrival on the breeding grounds for example is of key importance.

. .. 6.2 Methods

Our model calculates the optimal route between any two locations in the world
travelling over a grid consisting of 65612 nodes. We use a grid according to (Sahr
et al., 2003) using the 8 resolution and aperture 3 that consists of hexagons except
for 12 pentagons. This has the advantage that all points are roughly equally spaced
and the nodes are more or less uniformly distributed over the globe. Travel is al-
lowed to the6 surrounding cells and the secondorderneighbours creating12 travel
directions about 30○ apart. The distance to the direct neighbours was on average
95.37 kmwhile the distance to the second order neighbours was 177.9 km on aver-
age. Weather data is provided by the EuropeanCentre forMidrangeWeather Fore-
cast (ECMWF; http://www.ecmwf.int/products/data/archive/desc
riptions/ei/index.html). The ECMWF ERA-interim weather model has a
global resolution of 1.5 degrees which corresponds to 167 km at the equator and
provides weather conditions since 1979 until present (Dee et al., 2011). For the
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interpolation of wind we used surface level winds at 10 meters above ground, cor-
responding with the depth of the first atmospheric layer in the weather models,
the same wind data has been used in other studies on the effect of wind on birds
ground speed (Safi et al., 2013). Theground speed (vg)was calculated as a function
of cross wind (wc) wind support (ws) and air speed (va) as follows:

vg =

⎧⎪⎪⎪⎪⎨⎪⎪⎪⎪⎩

0 if wc > va
0 if wc < va &

√
v2a − w2

c + ws < 0
√
v2a − w2

c − ws if wc < va &
√
v2a − w2

c + ws > 0
.

Once a model node has been reached, travel to the surrounding nodes that have
not been reached is initiated. Byusing this speed function and implementing travel
over a grid we can use the Dijkstra algorithm to efficiently calculate the quickest
route (Dijkstra, 1959) (Fig. 6.1). This algorithm is valid since the quickest way of
reaching the target is alwaysmaximizingprogress and thusgoing forwardwhenever
possible. The model was implemented in Java and analysed using R.

For the sake of computational efficiency, we calculated the model between a
limited set of locations in the northern and southern hemisphere. These locations
are situated on land and are at least 485 km apart. They were selected iteratively
sampling a location of the grid and then checking whether it was far enough apart
from all other locations already selected. We selected 223 locations North of 30○
latitude and 26 locations South of−30○ degrees latitude resulting in 1,715 location
pairs that are maximal 60○ longitude apart in order to maintain a general North
South direction, between these locations we simulated routes.

. .. 6.2.1 Analysis

We calculated the optimal routes starting at midnight on the first of every month
for 21 years from our northern set of locations to locations in the South and the re-
verse. We first investigated whether these routes were substantially more efficient
than flying along the shortest spatial connection, the great circle route. To calcu-
late efficiency we used the ratio of the duration of travel along the optimal route
to the duration of travel along the great circle route taking the wind conditions in
both cases into account.

In order to evaluate each route wewere interested in routes that were consistent
and predictably quick. We assume that individual survival over the different routes
is the driving force for selection of the routes. We assumed travel time (Ttime) to
have a sigmoidal relation withmortality, similar to the relation between connectiv-
ity and survival inmeta-populationmodels (Hanski et al., 2000) and calculated an
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average survival per year for each route using the travel time over 21 years:

Φ = 1 − T2
time

λ + T2
time

.

We set themigrationmortality (λ) to themean travel time across all years squared
for every location pair and starting date separately. This means on an average mi-
gration between these two locations half of the individuals die. The geometric
mean of Φ represents thus the average survival of a route over the period of 21
years as the nth root of product of all survival probabilities (where n the number
of years survival has been measured). Although exact measurements on survival
duringmigration are lacking,migrationhas been shown tobe a selective force both
through direct survival and carry over effects in specific examples (Klaassen et al.,
2014, Newton, 2006, Sillett & Holmes, 2002).

We fit a linearmodel to investigate if there are seasonal or directional patterns of
when to achieve considerable optimizations. We use month, distance, continent,
East West and North South direction with their interactions as predictors.

. .. 6.3 Results

Our selection resulted in 1,715 location combinations and in total 864 360 routes
over all years, months and directions. The optimal routes for each month of the
year are very diverse and completely depend on the atmospheric conditions. The
median ratio of travel time on the optimal route versus travel time on the great
circle route was 0.7004 (95% interval 0.3797–0.9456) indicating that the optimal
routes allowed for substantially faster travelling than the great circle (shortest)
route. The average realised ground speed along the great circle route was 7.35m/s
versus 12.47m/s along the optimal route. The median length increase of the op-
timal route versus the great circle routewas 15.34%. In order to see if therewas any
seasonal or directional pattern when large travel time differences are to be found,
we used a linear model using continent, distance, month, east/west and north/-
south direction and their first order interactions as predictors. This showed that a
relatively small proportion of the variance in the ratio between the duration along
the shortest versus fastest route can be explained (R2 = 0.1509), indicating that
throughout the year and in each direction considerable speed gains are possible by
following the optimal route.

Almost all (0.97) location pairs had at least one route with a higher average sur-
vival than the great circle (e.g. Fig. 6.2) over the 21 years investigated here. The
median ratio between survival rates following the best route versus the great circle
routewas 1.173 indicating an advantage of choosing a spatially fixedover following
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the shortest distance route. Despite the median length increasing on these routes
by 12.45%, the median difference in average travel time was -2.764 days (15.94%
faster). The average ground speed over the route with the maximal survival was
9.914m/s, compared to 7.348m/s over the shortest route.

The routes with maximum survival differ considerable between seasons and
more prominently travel direction (Fig. 6.3, for travel in the opposite direction
of bird migration see supplementary material). The various locations are connec-
ted by several narrow corridors where most routes aggregate. Generally speaking,
routes going fromNorth to South aremore east located than the routes fromSouth
to North.

. .. 6.4 Discussion

Taking wind conditions into account we found almost always a route allowing for
faster migration than the great circle route, often with substantial speed increase.
Even when looking over longer time periods spatially fixed routes provided a con-
siderable advantageover the great circle routes. In autumnwefind thatmost routes
from Europe to Africa have a predominantly eastern direction which corresponds
to the findings of (Erni et al., 2005) who find the eastern route to have a higher
survival in their simulations. Although each individual bird lacks the information
necessary to find the optimal route for a specific year, the spatio-temporal predict-
ability we found suggests that such optimal routes could be found by means of
natural selection or through cultural inheritance.

Several patterns we see in Fig. 6.3 strikingly match to observed migrations. For
example the routes from theNorth-West of North America over the PacificOcean
seems to correspond to the South boundmigrations of the bar-tailed godwits (Gill
et al., 2009). Furthermore we find southward migrations over the Atlantic ocean

Figure 6.2 (facing page): An example of all optimal routes travelling on the
first of September from Norway (7.831○, 60.55○) to South Africa (19.51○, −34.52○).
Figure (a) shows the hypothetical proportion of the population following specific
routes where each spatially fixed route is represented by a line. It shows that
there is a subset of five routes that are consistently good in many years with
a high survival. A larger proportion of the population will be following one of
these routes after these years. Figure (b) shows all the different tracks that have
been optimal in one year coloured according to their average survival. It is clear
that the better routes all follow a route quite far to the east of the great circle
route. In some years long loops over the ocean are advantageous but over the
years these routes turn out to be not such good ones. The great circle route
corresponds to the red/dashed line.
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Figure 6.3: The routes with the highest survival, excluding those that follow
the great circle route, between location going from North to South in September
(a) and from South to North in March (b). There are clear differences between
seasons, in September many routes seem to be far out on the Pacific while in
March the optimal routes appear to be closer to the continent. The routes
towards Africa seem to be more eastwards in September than in March. The
start and end locations are highlighted in red. The number of routes through
one segment are indicated by colour and line width.
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directly towards the coast of South America. These routes seem to correspond to
the supposed migration of the blackpoll warbler (Setophaga striata) (Nisbet et al.,
1995, Richardson, 1979). There are similar features in our model results as in the
migration routes of the Hudsonian godwit (Limosa haemastica). Their fall migra-
tion from Alaska takes them first east, then over the Atlantic ocean towards the
South American coast, from where they continue their travel to Chile. From their
wintering site inChile theyflyNorthover thePacific ocean towards theMidwest of
the United states back to Alaska (Senner, 2013). These similarities are especially
interesting because all these species are known to make long continuous flights,
similar to the assumptions in our model. In the European to African migrations
we find that the South bound migrations are more eastern than the North bound
migrations, this general pattern is also found in the common cuckoo which show
a clockwise loop migration (Willemoes et al., 2014). These examples can not be
interpreted as evidence for our hypothesised routes and mechanism but provide
an indication that the optimization on wind patterns could play an important role.
Other well known migration corridors such as the one crossing over the Gibraltar
straight are not highlighted in our hypothesised routes. We did anticipate the ab-
sence of some routes due to a multitude of factors, first and foremost we model
routes to 30○ South which is further South than most known migrations over the
Gibraltar straight. It could also be that other factors are important that we do not
account for in our model such as stopover site availability and avoiding to cross
seas such as the Mediterranean.

Only in a very small proportion (0.000155) of cases we find that the optimal
route is the great circle route. This can be the case because of the limitations the
grid systemposses, it limits the number of travel directions and number of changes
in direction and therefore the approximationof the optimum. The fact that ground
speed along the shortest route is considerably lower than the assumed 10m/s is a
consequence of cross winds that need to be compensated.

The model as simple as its assumptions are, provides insight into general pat-
terns and regularities. All journeys, both along the optimal and shortest routes,
were modelled according to the same assumptions about the flight behaviour of
the birds. Therefore, we trust that the general conclusions we draw from our ana-
lysis are quite robust despite the simplistic assumptions. One not necessarily real-
istic assumption was that birds would and could interrupt flight whenever they
encountered stronger head or cross winds than their flight speed allowed to move.
The model also assumes a simple additive relationship between air speed, wind
speed and ground speed where the modelled birds would not adjust their beha-
viour. However, birds should, and do, display a more complex reaction towards
wind speed anddirection,where for example in caseof headwinds they increase air
speed (Pennycuick, 1978, Safi et al., 2013, Shamoun-Baranes et al., 2007). Such op-
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timization of ground speed over long distances generally involves relatively small
adjustments of air speed and would therefore not qualitatively influence our ana-
lysis.

It is well possible that following a spatially fixed route provides even more ad-
vantage when departure time is adjusted in relation to specific weather conditions.
Thishas for examplebeen shown formigrationover theAtlantic sea toSouthAmer-
ica by blackpoll warblers (Richardson, 1979, Stoddard et al., 1983) or for bar-tailed
godwits travelling to New Zealand (Conklin & Battley, 2011). Our simulations
however do not include any behavioural adjustments which could even further in-
crease the performance of specific spatially fixed routes. For example, a drop in
temperature, air pressure or an increase in wind speed in a specific direction could
indicate a favourable weather front and thus provide the birds some forecasting
possibilities (Richardson, 1990). Such additional adjustments could be modelled
by comparing the optimal route for a range of departure dates or making depar-
ture dependent on local environmental conditions. Besides optimizing the timing
of departure birds could further optimize their flight altitude (Dokter et al., 2013,
Liechti & Bruderer, 1998). Our model could be extended to optimize altitude
with a considerable computational effort, this would possibly make larger optim-
izations possible if at higher altitude stronger and more predictable wind are avail-
able. Generally higher altitudes have stronger winds but the predictability is less
clear (Liechti, 2006, Shamoun-Baranes et al., 2010).

An alternative way of optimizing migratory speed would be navigational de-
cisions that dependent on local conditions and in that way optimize the route with
respect to weather conditions. Such a conditional route choice could help in ap-
proaching the optimal route in case there are temporal patterns in the weather.
This strategy would be not excluding learned routes, the choice could be between
various fixedmigration routes. The possibility to optimize using conditional route
choice would probably be best investigated in a different model where the choices
are explicitly modelled.

To our knowledge this study is the first to investigate the presence of global pre-
dictable routes with respect to wind conditions that birds could follow. In con-
trast to earlier studies on the influence of wind on long distance travel, we did not
limit ourselves to the great circle route between locations (Shamoun-Baranes et al.,
2010) or fixed headings (Erni et al., 2005, Vrugt, 2007) while optimizing the route
in respect to the wind conditions. Finding the routes based on our model requires
thusmore advancednavigational abilities in contrast to these earlier studies. Partic-
ularly for small passerines laboratory experiments and selection lines suggest that
complex migratory routes including changes in heading and travel direction can
theoretically be hard wired.

The model we presented was optimized for birds that fly using a predominately
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flapping flight mode. The modelling framework could, however, be adjusted to a
specific species by including more complex and thus realistic functions that better
represent the specific species’ flight ecology. It is even possible to extend it further
for birds with other flight strategies, as long as the parameters determining ground
speed as a function of atmospheric conditions are well known. An example could
be birds that use soaring flight using orographic and thermal uplift since global
windmodels can be used to predict ground speed (Bohrer et al., 2012). Themodel
is not even restricted to atmospheric information and could therefore be used for
animals travelling in the ocean using currents.

To conclude, our simplemodel suggests that the atmospheric conditions across
21 years of weather data is stable enough to suggest that evolutionary processes
could act on selecting genetically fixed migration routes in populations of birds.
With such a model it will be possible to compare the realised trajectory of birds
travelling between known locations at specific times in the year and compare it
with an objective measure of efficiency. It will also be interesting to use the model
as a base level for disentangling the effects of travel efficiency fromother important
factors such as availability of suited stop-overs or other vital resources along long
journeys.
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Appendix

. .. 6.A Reverse travel direction figures
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Figure 6.A.1: Example figure of the opposite travel direction from figure 6.3.
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7
Synthesis and afterthoughts

In this thesis, I illustrated several ways of studying animal movement. First, I
defined a data standard for storing movement data and their attributes. Appropri-
ately defined data models enable large scale analysis and facilitate data exchange
between movement databases and also other biodiversity related databases (Urb-
ano et al., 2010). For example, movement data could be useful as occurrence re-
cords in the Global Biodiversity Information Facility¹ or help inform species dis-
tribution maps in the Map of Life² (Jetz et al., 2012b). The value of animal move-
ment data for ecologists, evolutionary biologists, and conservation biologists is
clear, yet the tremendous value of data standards and the efficient storage of move-
ment data are often ambiguous to many users. From the data model I developed
and described in chapter 2 I begin to investigate animal movement itself.

In chapter 3, I adjusted the calculation of utilization distributions, the intens-
ity of space use, for the estimated amount of movement between locations. This
is done by estimating the Brownian motion variance per segment using a beha-
vioural change point analysis. There are other approaches that take into account
changes inmovement parameters in the calculation of utilization distributions, for
example Benhamou’s (2011) Biased Random Bridges, which vary the movement
per habitat category. This approachworks whenmovement parameters are strictly
tied to habitat. Inmany cases however, themovement parameters are likely to vary

¹http://www.gbif.org/

²http://www.mappinglife.org/
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within habitats, e.g. when foraging and resting take place in the same habitat. Even
if this is not the case, this approach relies on the classification of the habitat, which
may not be as accurate as desirable. Even if these previous conditions are met, the
model requires consecutive track segments to be in the same habitat for parameter
estimation. The dynamic Brownian Bridges, however, have the advantage of being
able toworkwith unknowncovariates, in contrast to this habitat specific parameter
estimation, and are thus more likely to describe the habitat more accurate.

By including the distance in time in local convex hulls, Lyons et al. (2013) also
included time in the calculation of home ranges. This approach is very different
from previous approaches in that it does not directly try to estimate where the an-
imal spent its time. Rather, it generates a set of spatial contours that can be used
to investigate the space-use of animals, where it is likely that different parameter
settings are needed for different questions. The interpretation of this set of con-
tours is not straightforward in comparison to Brownian Bridges, which are simply
an integral of the estimated position over time.

RecentlyPozdnyakov et al. (2013)expanded theBrownianbridge frameworkby
deriving a full likelihood equation for estimating theBrownianmotion variance, as
well as the location error from tracking data. Preliminary explorations show that
their equations could also be used for estimating Brownian motion variance with
known covariates; one likely candidate is the amount of observed movement in
the form of acceleration measurements. This method could be complementary
to dynamic Brownian Bridges because it works with known covariates and is thus
applicable for different situations.

The Bivariate Gaussian Bridges in chapter 4 are a generalization of Brownian
Bridges. They factorize the diffusion in two orthogonal directions. This approach
is especially useful when animals have continuous directed stretches ofmovement;
i.e., bouts of directionally correlated steps such as trips to foraging sites or migra-
tions. Although Bivariate Gaussian Bridges do not formally describe the probabil-
ity distributionof a commonly used generalized randomwalk they produce amore
accurate description of correlated random walks than the dBBMM.

In chapter 5, I quantified the diversity of migratory routes for 16 of raptor spe-
cies. I estimated the suitability of the landscape for migration depending on vari-
ous environmental variables. I combined the data from these different species to
show a global picture of migration densities and diversities. There are possible im-
provements to this project. Here I assumed a uniform distribution of individuals
in winter and summer ranges with a very low number of constraints on the start
and end points of migration. Sampling these start-end points from population
densities rather than a uniform distribution would improve our model. Verifying
our route predictionswith independent observations, from raptorwatch site count
data for example, would be complement our model validations, although complic-
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ated due to scale issues. Our model calculates on a global scale, whereas raptor
watch sites are very local in scale, making such comparisons difficult and also re-
quires some knowledge of the source population densities. Having a global over-
view of birdmigration helps to estimate the expected impact of landscape changes
for conservation.

In chapter 6, I investigated how dynamic wind conditions can influence the
speed of migration and migratory routes. We do not limit ourselves to relatively
simple routes defined by either the great circle routes or by constant headings in
contrast to previous efforts. I found routes that are considerably faster than the
great circle route and did not assume constant headings. I focused on route optim-
izations, rather than other possible optimizations such as adjusting the departure
to the local conditions that have been investigated elsewhere (Richardson, 1990,
Stoddard et al., 1983). There is no reason to assume that these optimizations are
exclusive; birds probably combine several strategies in reality. The model could
also be applied to other route optimization problems or more complex forms of
the same problem. Including altitude in the optimization of routes in the model
would be a viable next step that would cause a manageable increase in computa-
tional complexity. Only a few decisions on the exact implementation are needed,
such as the costs of switching altitude and the influence of altitude on flight speed.
Relaxing other assumptions of themodel is potentiallymore challenging as one of
the basic conditions used for calculating the quickest route is that going forward is
always the best option. If one tried to minimize the amount of energy used, one
would find this assumption does not always hold true. For example, the route that
costs the least amount of energy could contain periods where one waits for bet-
ter wind conditions instead of flying into poor wind conditions. The framework
demonstrated here is easily portable and is suitable to address many other routing
questions.

. .. 7.1 Simulating movement

In the chapters of this thesis, I concernedmyselfwith calculatingmovementdensit-
ies and simulating trajectories. I start with the calculation of the utilization density,
the distributionof randommovement, according toBrownianmotion in chapter 3,
taking into account changes in the movement variance. The Bivariate Gaussian
Bridges I developed (Chapter 4) are not based on a general used randomwalk but
describe the density of correlated walks better than Brownian bridges. These dis-
tributions can be used as a density of tracks for other analysis such as the raptor
flyways providing a formal null distribution of movement (Chapter 5). Follow-
ing these density calculations I present two chapters where I simulate movement.
In chapter 5, I model movement from winter to summer ground over a suitability
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landscape, while in chapter 6 I optimize travel in various wind conditions. The res-
ults of these studies largelymatch observed patterns, but there are deviations from
reality. These deviations are potentially more interesting than the matches are, be-
cause they can hint towards assumptions that are not realistic or phenomena that
are unknown. These insights further improve our models and provide insight into
reality.

. .. 7.2 Movement as a sequence of events

Many analytical techniques for animalmovement data require independent obser-
vations, such as kernel density estimation and various habitat suitability methods
(Aarts et al., 2008, Kie et al., 2010). In reality however, the data obtained from in-
dividual tracking is correlated, and can not be considered uncorrelated on longer
time scales (Rooney et al., 1998). New analysis techniques must consider the ob-
servations as a sequence of events with a logical connection that can not be disreg-
arded. In my thesis I account for this interdependence by connecting the observa-
tions and treating them as a sequence of events. For example the area between
two observations is most likely used in the intermediate time as I modelled in
chapter 3 and 4. The investigation of raptor migration routes (Chapter 5) goes
beyond identifying suitable habitats. We focus on finding connections of suitable
habitats between winter and summer grounds, and even predicted routes across
unsuitable habitats. When optimizing migration routes in chapter 6 I find the se-
quence of movement steps that produces the best route possible. It could be that
some birds must first fly non-optimally in order to reach more favourable wind
conditions that ultimately result in finding the fastest route.

The connection of several activities is difficult to study, due to the fact that the
events need to account for both spatial and temporal dimensions. I think themost
suitable way to proceed with this is using random tracks (Figure 7.1). With mod-
ern computers, it is well possible to generate several thousands of random traject-
ories. These random tracks can be evaluated with respect to criteria, for example,
the cost of travel, the chance of surviving, or success in fulfilling all the needs of an
individual. The chance of surviving the whole trajectory is for example the math-
ematical product of surviving each movement step.

This framework of analysingmovement datawould allow a high flexibilitywhile
accounting for the complexity of the movement data. It would ensure that the
events simulated are also possible in reality. It could incorporate temporal envir-
onmental variables because we have temporally-explicit trajectories for evaluation.
For the same reason, incorporating different animal states or other physiological
variables would be relatively straight forward. These generated trajectories could
be compared to observed trajectories or used as null distributions. An example of
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Figure 7.1: An example of how an analysis using random tracks might look
like. The observed trajectory (a) could be related to environmental data (b) to
produce an environmental suitability model (d). Movement models fitted to the
trajectory (c) could then be used to produce a series of random trajectories (e).
These trajectories could then be evaluated using the environmental model (h).
The subset that were evaluated as realistic (g) trajectories could then be used
to calculated movement densities or make predictions (f). This figure is derived
from SWAN wave model graphic by Marco Miani that is licence under creative
commons.
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this approach can be seen in chapter 6, where I generated a set of trajectories and
evaluated them with respect to the environmental conditions.

The simulation of random trajectories could become a limiting factor, especially
for longer trackswhere ahighproportionof trajectorieswouldbe evaluated as com-
pletely unsuitable. One possible solution could be to use an informed track gen-
erator. Such a track generator could produce trajectories that have specific prop-
erties, such as reaching a destination at a specific time. The generator could stop
producing trajectories that violate a movement rule, for example, when a track of
a terrestrial animal crosses water, thereby improving its efficiency. An alternative
approach could be to use a computational efficientmethod for generating random
trajectories such as implemented by Richardson et al. (2013).

Another approach to analysemovement data are step selection functions. These
functions are based on a conditional logistic regression between observed and pos-
sible movements steps (Coulon et al., 2008, Forester et al., 2009). These methods
potentially allow more mechanistic insights by modelling behaviour step-by-step.
Aproblemheremight be that it requires a decisionon the scale atwhichmovement
behaviour is studied, since there is a focus on discrete time steps. Thediscrete time
stepmight limit thepossibility of studying long-termplanningormulti-scalemove-
ment decisions.

. .. 7.3 Overarching principles

Most studies into animalmovement focus on a set of individuals from a single pop-
ulation. However, I think we could widen the knowledge gained from individual
tracking studies bymaking cross study comparisons in order to identify the general
principles in animal movement and habitat selection. Initial studies have linked
home range size and mass in a scaling relation ship based on energetics (Jetz et al.,
2004), similarly day range has been linked to body mass (Carbone et al., 2005).
Other studies link the presence data of a collection of species to environmental
variables (Chapter 5, Block et al., 2011) or investigated fractal dimensions of mar-
ine predators (Sims et al., 2008). These studies focus on the end product of move-
ment but do not necessarily provide much insight in the mechanisms that shape
these end products. Although the interpretation of importance values in the rap-
tor migration suitability models is difficult it provides some insight which envir-
onmental factors are important. From these species specific migration suitability
models we estimate where movement would occur.
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. .. 7.4 Future directions

Current models for animal movement often assume the animal to have the same
movement properties all the time. Notable exceptions are state spacemodels (Jon-
sen et al., 2005, Morales et al., 2004, Patterson et al., 2008). These models allow
for estimating movement as an underlying state, but they are rather complex to
implement and optimize. By making the Brownian Motion Variance vary over
time in chapter 3 I addressed the same issue without any a priori assumptions. I
allowed the model to vary the amount of assumed movement. Observations of
physiological processes are necessary to make more informed inferences on how
the animals state influences its movement. I think two important mechanisms are
especially interesting to investigate, hormones and energetics. There are a few ini-
tial studies that related space use to faecal glucocorticoid metabolite (Jachowski,
2012, Jachowski et al., 2013). Other studies have observed heart rate in free living
animal (Cooke et al., 2004, Dechmann et al., 2011, Signer et al., 2011, Steiger et al.,
2009) and somehave related this tomovement activity (Sapir et al., 2010,Wikelski
et al., 2003). These studies often lack the direct link to movement decisions and
the environment. Having amore direct way of observing the physiological state at
a higher temporal resolution could be a very fruitful way of identifying how state
interacts with the movements of individuals. This would lead to a better under-
standing of the huge variance in movement, between and among individuals.

. .. 7.5 Conclusion

The analysis of animal movement data has changed considerably in recent years.
In this thesis, I contribute to these developments by providing several methodolo-
gical and conceptual improvements, and used them to investigate bird migration.
These developments are by not product. Due to technological developments and
an increase in interest, the sampling frequency, tracking duration, and accuracy
of observations as well as the number of animals observed are increasing. This
requires novel analysis techniques but also makes it possible to answer more ques-
tions. Flight dynamics, for example, couldonly be studiedusingdirect observation
or in the lab, but now can be studied in free-living animals (Sachs et al., 2012, Safi
et al., 2013). New datasets will demand that analysis methods should deal with
near continuous data (up to 1 Hz) for extended periods of time. Methods must
not only becomeefficient enough, but also analysis strategiesmight have to change.
Sampling intervals once often dictated the scale of analysis, but this will need to
change to more meaningful intervals dictated by the question to be answered.

All developments in analysismethods for animalmovement data contribute to a
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methods toolbox. This toolbox is crucial for gaining insight into animalmovement.
There is no T-test equivalent in answering many movement related questions. It
more requires well designed analysis. Many questions are too complex and big to
resolve with elegant experiments as large scale manipulations of the environment
are rather unlikely. I this thesis, I contributed to and conducted studies with this
toolbox while investigating bird migrations.
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