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Summary

Due tolosesof habitat and reduced prey aldamces for predators such as leopards and, lions
conflicts between them and humans are widespread in Akika consequence, predators feed

on livestock of local farmers and thus risk to be shotenable effective management strategies
that mitigate sch conflicts, a comprehensive understanding of the spatial ecology of predators is
critical. By analyzinghome ranges and kill sites, this study addm$s® major aspects of the
ecology of leopards and liomsthe Khutse and Central Kalahari Game Resge®otswana

Regarding home rangespur methods were selected to investigate the effect of their
parameterizationiCP, KDE, tLCH and BRB First, the effect of the parametevas analyzed

for each methodThen systematidrendsof the methodsvereanalyzed The most appropriate
versionsof each method were useddoalyzethe home ranges of the individual leopards and
lionsin an ecological context. An emphasis thereby was to examine the temporal variability of
the results in terms of their area asftape.t was found that thé&-rule of tLCH performed
markedly better than theerule. The inclusion of time scalirigctorsyieldedmore interconnected
isoplethswhose shape indicatedowing pathwaysFor BRB, the ecological model usedsitthe
smoothng parameter turned out to hitical and to cause problems @onjunction with
heterogeneous sampling intervals. On average, MCP produced home ranges whose areas and
shapes differed significantly from those of the other methodsaidasof KDE, t-LCH andBRB

were similar whereas their shambwed for a better differentiatioif he observedndividuals
havehome ranges that are among the largest worldardemostly within the protectedirea
Particularly thehome ranges of thions varied markedlyover time emphasizinghe needo
considerdifferent temporal aggregans. Despite her largely overlappinghome ranges, the
leopardgarely encountered and thus indicatgrongactive avoidance behavior.

Regarding kill sites, the performance of astéring approach wasalyzedby using different
variables to indicate the probability of a clustebéoan actual kill site through weighfEhesets

of variables that yielded the lowest errors were used to determine the spatial distribution of kill
sites in terms of their proportion inside the core area, home range and game reserves. The
combination othe cluster duratioand ratio of distances moved before and after a clpstged

to yield the lowest errors, whilde time of dayhad hardly anympact. The incorporation of
additional variables consistently led to higher success rates regarding the detection of kill sites.
Irrespectively of the criterion used to set the weight threshold, the ratios of kill sites within the
core area and home range eéned stable. Almost all detected Kill sites were within the home
range. Two lions that were shot because of livestock predation proved to have small proportions
of kill sites outside the game reservel®wever, these ratios seemed to be too low to jutbtifly

killing. It is thus likely that spatiotemporal clustering approaatemot detecsuch clusters
reliably.
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Chapter 1 | Motivation

| Generalntroduction

1 Motivation

Large catssuch as leopards and lions, are not only critical for healthy ecosystems, but also
contribute to the economic welfare of a coutttlyymeans of ecotouris(Bauer & de longh 2005;
Pitman et al. 2012 owever, their presence also leads to conflicts with local farmersany
African counties since their livestock gets attacked and killed by feline predéBenger & de

longh 2005; Person et al. 2004; Schiebteier et al. 2007)A major driver of this conflict is

the spreading of the area usedynandor living and agriculture, which leadsadragmentation

and loss of hbitat of large cats as well dscreasing abundances cogitatural prey (Pitman et

al. 2012;Ramsauer 200Bwanepoel et al. 2013; Winterbach et al. 204dprder tomitigate the

issue of livestock predation, typical strategies of public authorities include translocating problem
animals and constructing feegaround the borders of game reserves. Fences, howakel;

forms an obstacle for predataise to insufficient maintenance and construction types (Kesch et
al. 2014).Translaations, on the other hand, canly be successful when being based on a
profound knowledge of thelemandsof the predators in the respective ardeoiftirbel &
Simonetti 2011;Tumenta et al. 2013Neilenmann et al. 2010). When such strategies fall,
predators are shot blyegovernment or killed by local farmers (Bauer et al. 2®tterson et al.
2004). As a consequence, the African populatiohleopards and lions ke been rapidly
decreasing during the last deca{@auer et al. 2014; Marker & Dickman 2005; Swanepoel et al.
2013.

2 Goals of this study

In order to develop effectievconservation strategies for these species, it is critical to enhance the
knowledge about their spatial ecology. Two major aspetkdés contexare todeterminghe area

that offerstheresourcesequired byananimal to liveand to investigate its iatactions with prey
speciegDowns & Horner 2008; Pitman et al. 20 Bilyanepoel et al. 201Fambling et al. 2010;
Tumenta et al. 203 3This thesis addresses these two aspects for leopards and lions in the Kalahari
by analyzing their home ranges and kites.

Numerous paperare available concerninghe analysis of home ranges. Howe\atly few of
themused more than one or two home range estimators to compute the okfndésranging
animals while the majority concentrated on simulated data (suGletazset al. (2007), Lichti &
Swihart (2011) or Wall et al. (2014 8ince the performance of a home range estintpends

on the used simulatiorthe findings of such studies often differ markefibm each other and
analyses that used data of fre@gng animals (Downs & Horner 2008; Horne & Garton 2006).
Another feature shared by most studies is the implicit assumption of temporally invariable home
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rangesThis issuarisesvhenhome rangeare computedn data from only one single time period
(typically one year) Although there are papers that investigated temporal variations of home
ranges, they concentrated only on the presence of seasonal patterns of their area sizes but
neglected their shape (e.g. Loveridge et al. (2009), Marker & DickB@05] or Tumenta et al.
(2013)).

An objective quantification of kill sites is criticalince those occurring within grazing areas
indicate potential livestock predation and can ultimately cause the predator to b& kidexhly

data source to determirteetextent of livestock predation, however, are usuapigrts ofaffected

local farmers In order to get rid of problem animals that cause financial losses and to receive
higher financial compensations, farmers are tempted to exaggerate the actualfdixestock
predationand accordingly may be not an objectilsgasource(Bauer & de longh 2005; Schiess
Meier et al. 2007)An inherent step imndependenthyquantifying kill sites and analyzing them
from an ecologicaperspectivet to locate them fins Even if machine learning techniguase
intended tdocate and predict kill sites in the end, tHigt require large amounts of validation
datato be trainedPitman et al. 2012; Tambling et al. 2010). Such validation data cialedléy
obtained byadcating kill sites througkpoortracking or continuousbservation However, both

of them are timeonsuming and may lefeasible depending orhie predator species and habitat
Spatiotemporal clustering approaches providene-saving means ofautomattally detedng
potential kill sites andubsequentlyisiting only promising candidatda the field(Tambling et

al. 2012). The amount of time savings, however, depends on the predator species and the
clustering rules of the algorithm. Particularly fawris, only a relatively simple algorithm was
used so far that resulted imany false alarms (Tambling & Belton 2009; Tambling et al. 2010;
Tambling et al. 2012).

This thesis addresses the aboventioned research gaps by investigating the followiigts

A Quantification of the effect of different home range estimators and their parameterizations
on the result when being applied to datére&ranginganimals

A Computation of thehome range sizes of leopards and lions in the Kaldhatising
different homeange estimators

A Analysis of the temporal variability ¢fie area size and shapehoime rages

Developmenbf an enhanced clustering approach that yields lower errors

A Analysis ofthe spatial distributions of kill sitesith regard toratios inside home range
boundaries and the protectgame reserves

. I

3 Thesis structure

Part | and Il of thighesisprovidebasic knowledge about the ecology of the analyzed species and
their environment. In addition, detailed information is provided alkibet data and its
preprocessind?art Il refers specifically to the home range analyses. The first chapter of this part,
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Chapter7, introduces the concept of home ranges and discusses temporal autocorrelation as one
of its major issues. Detailed informatids given on the functionality and parameters of the home
range estimators used in this stwhd further methods are briefly reviewed. Chagterforms

about all selected parameters and conducted analyses, whose results are presented in Chapter 9.
The dscussion of the results in Chapter 10 incorporates ecological informatiothfediterature

and the organization whose data was usedpaebEcology& Conservation)to putit in a wider

context Chapters 11 to 14 belong partlV and refer to the dettion ofkill sites Chapter 11
therebyintroduces the concept of spatiotemporal clustering and reviews findings of previous
studies. Chapter 12 informs abdwiw the enhanced clustering approaeveloped in this study

works and how its results were \ddied and used to estimate the spatial distribution of kill sites.
The results are shown in Chapter 13 and discussed in Chapteartd/ discusses the main
achievements of the home range and kill site analyses and their implicktiwaiky, an outlook

is given on potential research questions, which drosethe results of this theses.

4  Catecology

LeopardsPanthera pardusand lions Panthera lep are phylogenetically closely related animals
since both of them belong to the same lineage of the fdfailgdae (Macdonald & Loveridge
2010) This phylogenetic family comprises atkts and is subdivided into several different
lineagesExcept for ahighly similar structure of the skeleton, another characteristic shared by all
felids (cats) is that they acarnivorous (Hunter & Hinde 2009 owever, despite of their kinship,
leopards and lions diffén some points distinctively.

4.1 Lion

Apart fromthe tiger,which does not live on the African continent, the lion is the largest member

of the familyfelidaein Africa (Haas et al. 20Q5For males, the shoulder height usually ranges
between 1.-and1.2 meters, whereas the body length (without the tail) lies betiv@amd2.5

meters. This results inody masses of 16@ 200 kg, although this range may be exceede
undercut massively in rare casBsmale lions armughly20i 27 percent smaller adigihter than

males, evethough their shdder height isalmostthe samdFigurel) (Haas et al. 2005; Hunter

& Hinde 2005).In captivity, lions may reach an age of up to 30 years, whereas this life span is
roughlyreducedy half, meaning 12 to 15 yeaiis the wild(Hunter & Hinde 2005)Today, lions

are mainly found in suBaharan African countries, especially in the eastedhsouthern parts of

the continent. However, a small and isolated population lives iithEBorestregion of India,

which is arelic of the formerly much larger dispersal of lions over parts of Europe and Southwest
Asia (Bauer et al. 2012Ramsauer 2006 No precise counts are available for the overall
population size. Extrapolations of known small populations and educated guesses resulted in
Afficanpopul ati on sizes of 390@uUP3§0@DgELBO®DOMO 206 0
for the year 2004Bauer et al. 2012; Bauer & Van Der Merwe, S. 20@espitethe high
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uncertainty, it is clearlgvidentthat the number of lions has been decreasing for a long time and
still does. Accordingly, the International Union for Conservation of Nature (IUCN) classes this
species agsulnerableon their Red List of threatened species (Bauer et al. 2012).

Figurel. A female lion located in ttetudy area Photography by Monika Schiddsier.

Unlike most members of the famiRelidae,lions live in prideqEloff 1998) The size of such
prides is highly variable due to their dependency orethéronmental conditionsTypically, a
pride consists dbi 9 adultfemales andi® adult malegHaas et al. 200Q5In arid habitats with a
scarcity of prey, pridesiay bemuch smaller with up to two membeiEi¢ff 1998; Haas et al.
20095. Whereasn the majority of cases a lioness stays with ghide in which she was barn
maleshave toleave their pridevhenreachingsexual maturityat approximately 22.5 years) or
some months thereafter find a newpride or live with other males in a coabi (Funston 2011,
Haas et al. 2005; Hunter & Hinde 20Q08lacdonald & Loveridge 2030 Although a pride
membership is stable, it is common thedpecially under difficult conditions like droughits,
members form subgroups that live spatially separatetours to monthsThis social structure
of repeated splitting angherging iscalledasfissionfusion(Ramsauer 200&8pong 2002)

Several tasks are undertaken together within the pride, such as the breeding of cubs, the defense
of the territory or hunting(Hunter & Hinde 2005Macdonald & Loveridge 2010)he latter

usually involves several members of the pride, which cooperate by adopting different roles (Haas
et al. 2005%. In this cooperative hunting strategpnge of the lions sneak to thaiffik of their
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potential prey and start to leggwards it andherebydirect it towards the second, waiting group
(Hunter & Hinde 2005). However, liom® not strictly follow this pattern butccasionallyexhibit
deviating behavis in whichsingle lions pdicipate in the hunt not at all or only partfHaas et
al. 2005;Scheel & Packer 1991When lions hunindividually or in small groups, their success
strongly depends on how cldgehey can sneak to their victim, since they ldo& stamina for
extenekd chases. They usually begin thegrint when they are not furtherai 5 15 meter away
andtherebyreach top velocities of 580 km/h (Haas et al. 2005; Hunter & Hinde 2005¢ns
are rot picky about their nutrition andonsume everything from largemsiects up to adult
elephant&ndalsoscavenge carcass@seir preferred prey, though, weigtaourd 150 kg and
includes animalsuch agiemsboksbuffalos, graffesor zebragHaas et al. 2005; Macdonald &
Loveridge 2010) Hunting takes placedue to thereduced visibility of the predatommnd the
reduced heat in some areaminly during dusk, night and dawfHunter & Hinde 2005
Macdonald & Loveridge 202Ramsauer 2006

Territoriality is an importanaspect of the ecology of liorifSpong 2002). Because a territory of

a pride usually persists for many generations and the reproduction success of expelled adult lions
that need to find a new territoris significantly lower, its defense is of high importance and
involves the whole pridéHunter & Hinde 2005; Spong 2002)/hile lionesses primarily want to

protect their cubs, denning sites, water sources and hunting grounds, the main objective of males
is to preserve their exclusive mating privileges (Haas et al. 208B)size and shapd such a

territory is represented by the concepboimerangsi n ecol ogy, which i s the i
used by an ani mal FRiebergm&eBértier 2012:s890drasicdngept wikkeed s 0 (
introduced in more detail i@hapter7.1. A home range is shared by all members of a pride and

its sizedepends highly on the environmental conditiorisus, depending on the availability of
resourcesuch as prey or water, the size of home ranges may vary between a few dozen and more
than thousand square kilometers (Hayward et al. 2@48rt froma few areas with high prey
abundances such as in central Kenya, territorigsidés of lions often oveap to a considerable
degree (Hunter & Hinde 2005; Spong 2002). Especialirithareas such as the Kalahari, where
home ranges are among the biggest worldwitdgppearseasonabléo allow a shared usage of

parts of the territory since they could hartlle defended effectively anyway (Hunter & Hinde
2005). In fact, the members of adjacent prides are thoroughly aware of the presence of the
intruders because they use a variety of techniques to proclaim their presence, such as roaring,
scent marks and s@iag (Eloff 1998; Hunter & Hinde 2005T.his active avoidance behavior
prevents that members of the different prides are at the same time in the overlapping region and
accordingly get in conflict. In mostases, only peripheral areas of the home rangdapveach

other while the core areas are used exclusively (Haas et al. 2005; Spong 2002).
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4.2 Leopard

The leopard belongs togethwith the lion and cheetah to the group ofttiree big African cats
(Hunter & Hinde 2005)Howevet it is considerably smaller &m the lion witha shoulder height

of 50i 70 cm and a body length of 9270 cm (without tailffor adult males. Thisresults ina
weight oftypically 40i 75 kg, compared to 16@00 kg for a male liofdepending on the habitat,
more extreme weight may exigbemale leopards are roughly %smaller and up to 4% lighter

(Bailey 1993;Hagen et al. 1995tein & Hayssen 20)3In captivity, a leopardan reach an age

of more than 2@¢ears. Due to injuries, starvation, trophynting and so onits lifespan inthe

wild is substantiallyeduced and lasts onlyi 12 years on average (Bailey 1993; Hunter & Hinde
2005 Stein & Hayssen 20)3Because oits high adaptability and habitat tolerance, the leopard

is the most widely distributed wild cat (Marker & DickmaA05 Pitman et al. 20031t can
survive in forests, savannahs, mountain araad even semdeserts andthus can be found
nearly inall of subSaharan Africa and large parts of southern Asia such as Iran, India, @hina
Thailand (Macdonald & Loverge 2010; Marker & Dickman 2005tein & Hayssen 20}3No
precise numbers of the worldwide population sireavailable and théatestlargescale census

from Martin & de Meulenaer (1988 in Marker®&i c k man 2005) estimating
for subSaharan Africa dates back to 1988 and is known to be flawed (Henschel et al. 2008;
Marker & Dickman 2005)Due to its decreasing trend (Henschel et al. 2008) and the fact, that
this estimate is 27 yeaodd, the current African population size will be considerably smaller. The
leopard iscurrentlylabeledasnear threatenedby the IUCNbut this classification could change

to vulnerablesoon(Henschel et al. 2008).

Like the majority of cats, leopards a@litary andthus have no social constructs such as a pride
(Bailey 1993 Stein & Hayssen 20)3As already discussed for the lions, food efficiency for cats

is assumed tbe optimal for solitary individuals g@roupsof two. Due to their smaller bodyzsi

and reduced physical strength compared to lions, leopards prefer smaller prey which can be
dragged away from potential rivals to a safe p(atnter & Hinde 2005Stein & Hayssen 20)3
Accordingly, living in a pride to defentthe prey is not necessars a consequencéeopards

meet each other only for a few days for reproduction (Hagen et al, Hiffgr & Hinde 200b

An exceptionare female leopardshich live temporarily in small groupsith their cubsduring
upbringing. As soon as the cubs are able to take care of themselves, what happens after 12 to 20
months, theyeave their mother and look foieir own home rangeBailey 1993; Hagen et al.

1995 Mizutani & Jewell 1998

71
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Figure2. A leopard lyingn the ground simrounded by shrubs. Photograply Monika Schieddleier.

Because leopards occur in many parts of the world, fineir is versatile and requires flexible
hunting strategiegHagen et al. 19950ne approachis to hide bhind cover and sneak the
direction of the potential prey. As soon as the distance is withirl5 imeters, a short sprint with
velocitiesof up to 60 km/h begin@Hunter & Hinde 2005)Anotherstrategy $ to ambush prey on

a tree and let oneself drop upon the preglionb down the tre@inseerand start a sprint (Hagen
et al. 1995)Just as lions, leopards doderantin terms of feeding and eat everything from a buck
to a zebra ostealremains of preyhunted down by other predators (Bailey 1993; Hagen et al.
1995). Their preferred prey size is arolitikg, ranging from 20 to 80 kilograms and including
the bushbuck, impala, antelqpe duiker (Hunter & Hinde 2005; Macdonald & Loveridge 2010).
In orderto protect their prey from scavengdeopards drag it on a tree or, if trees@amavailable,
hide it in a cave or thick bush (Bailey 1993; Hagen et al. 199 hunting behavior of leopards
depends strongly on the available prey and its custangs oher factors such as human
disturbances (Hagen et al. 199Bdr these reasonthe leopard hunts during the dimgtead of
the nightin someparts ofits distribution aregBailey 1993).

Just asions, leopards are territorial arttiereforehave home rangeiatthey will defend against
other leopard¢Hunter & Hinde 2005)The prevailing goal of femalés this regards to obtain
and secure access to resources required for survival and reprodubtiermales primarily want
to have accesto as many females as possiltlence, male leopards have significantygler
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home ranges than femaleave(Bailey 1993) Except for differences due sex differencesiue

to the extensive global distribution area with strongly varying environmeotalititons lead to

diverging home range sizes. In Thailand, whresdurces are abundant, leopardsupy areaas

small a2.5/ 7.5 knt (Macdonald & Loveridge 2010For many parts of Africa, home ranges are

within 30 and a few hundred square kilometersg@gtfeet al. 1995; Hayward et al. 2009; Marker

& Dickman 2005), although they may be expanded upto 56 kenr f e mal e €forand 2650
malesin the arid Kalahari region (Hunter & Hinde 200Bepending on thaveragesize of the

home rangein an areathe degree of overlap variesibstantially While there are no or only

minimal overlapsn habitats such as Thailand, they nex¢geeda quarten f a | entrgpar d 6 s
home range in dry African habitafslunter & Hinde 2005)Home ranges of females show
generallya higher proportion of overlaps because their cubs usually settle down nearby (Hagen

et al. 1995)In order to avoid confrontations within the shared areas, leopards actively avoid each
other just as the lions dactive avoidance behaviorfyhis means that each leopard knows the
position ofits neighbors because of scenarkingand vocal communication arlderebyavoids
clashesBailey 1993;Hunter & Hinde 2005; Marker & Dickman 200%cologists presume that

leopards (and lions) tolerate sudtaped areas because it is better than risking injuries during a

fight and possibly get a new, more powerful neighlvbich insists on an exclusive use ik

territory (Hunter & Hinde 2005).

4.3 Crossspecies interactions between lions, leopards and humans

By nature, leopards are cautious and awidountersvith other predators. This is particularly
true for clashes with lionsyhich can easilykill an adult leopard due to thenferior physical
strength. Therefore, when aopard detects a nearby lionugually seeks shelter in a thicket,
crevice or on a large tree (Hagen et al. 1996an adult leopard stumbles upon amattended

lion cub, however, iwill kill it. The same is true for adult lions and in fact, they are the main
source of mortality toyvenile leopards (Hunter & Hinde 2005)\nother, quite oneaided
interaction concerng&leptoparasitism which means the stealing and consuming of prey that
another animal has hunted dawihereby, lions play the role of the thieves and steal prey from a
broad variety of other predatosjch aghe leopard or cheetah (Bailey 1993; Hunter & Hinde
2005).

Both lions and leopards show a decreasing population trend, as mentioned befareihe
reason for this is the loss of habitat due to the increasing human population and subsequently the
expanding agricultureBailey 1993; Macdonald & Loveridge 2018¢chiesaMeier et al. 2007).

As a corsequence, there is less natural prey availablprintators. In order to compensate this,
predatorsr ai d t he f ainHagen étsl 1995Hueter & dHmde 200h Although
significantly more livestock is lost annually due to other causes such as diseases, injuries or
starvation, particularly lionand leopards induce considerable economic losses and are therefore
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frequently killed by farmers (Hunter & Hinde 2005; Macdonald & Loveridge 2010; Patterson et
al. 2004).In addition, some leopards and lions die each yearusecaf trophyhunting
(Macdonatl & Loveridge 2010) Becauseof the growing wildlifetourism however, which
generates income for the local residents, the protection of these animals has improved during the
last decades (Hagen et al. 1995; Hunter & Hinde 2005).
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I Data andstudyarea

5 Avalable data

All telemetry data on the leopards and lions were collected and provided by the organization
Leopard Ecology & ConservationThe data, provided as Excel worksheets, encompasses
recorded positions of 16 leopards and 21 lidime time spans of éhdatasets vary between a few
months and several yea&nce the quality and quantity of the data is heterogeneous, the datasets
needed to be preprocessed before the ones appropriate for the scheduled analyses were selected.

5.1 Preprocessing

In a first stepthe attributes containing the date and time were transformed to a consistent format
for all datasets. In addition, records with an invalid or missing value for one of these two attributes
or the geographic coordinates were deleted. In order to removelspracords, the datasets were
further filtered according to their coordinates, nettisbute and dilution of precision (DOP)
values. This included the removal of records with a longitude or latitude value distinctively
different from all the other va@s of the dataset (i.e. outliers). If the coordinates of an animal did

not change beyond the scope of spatial uncertainty between the records in a dataset and the notes
revealed that the collar had to be changed, broke off or the animal died, these wewerds
considered as spurious and were deleted. The DOP informs about the spatial configuration of the
satellites used to obtain a positional measurement. Although other factors play a role as well and
the relationship is nonlinear, a large DOP indicatemrecise and possibly defective
measurement@-rair et al. 2010; Lewis et al. 2007hus, these records were removed. Because
thisaccompanied bg loss of information, a cutff value of 10.0 was used, as proposed by Lewis

et al. (2007)Less than 26 of the records of each animal were lost due to the threshold of 10.0.
Because different kinds of collars were used, some of the datasets include Argos measurements
in addition to the GPS measurements. They occur, however, only as irregularly distributed short
bursts and are quantitatively negligible. Feasons otonsistency, these Argos measurements
were deleted.

5.2 Selection criteria

5.2.1 Home range analysis
In order to be considered for the analysis of the home ranges, the position data of each leopard
and lionhad to fulfill three criteria:

A The dataset records measurements over at least one entire year.

A No gap (i.e. a period of missing fixes) longer than one week occurs.

A The period over which fixes were recorded matches the one of the other leopards and
lions sothat the temporal intersection of all animals is at least half a year.

10
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The first criterion ensures that the home range constructed from the point data includes all

ecologically important regions for the animal. It also allows to investigate effectssoinsdity,

if present. This is also a goal of the second criterion, since an investigation of seasonal differences

requires all seasons to be included in the data. Additionally, long gaps could cause certain regions

to be overor underemphasized in the hemange estimation. The specific threshold of one week

was selected following an initial investigation of the datasets. The vast majority of occurring gaps

was shown to last less than one week, while a few datasets had gaps of several weeks or months.

Thethird criterion ensures that the comparison of the results of different individuals is significant.

The time period over which fixes are available for all of the leopards and lions is half a year.

However, the shared time period for all of the individuatsept for a few ones can be much

longer.

5.2.2 Kill site detection

For the detection of kill sites, the same criteria were used as for the home range analysis. However,

only datasets of lions were considered due to their finer sampling intefaddie (). The lion

datasetsvere further filtered according to the number of validated kill Steshe respective
individual, with a lower boundary of 15 validdtkill sites.

5.3 Harmonization of the sampling intervals

A closer look at theelectedlatasetsrevealed, that different samplingénvals occur within most

of them For examplethe majorityo f
60 min (Table1). This means a factor @& or 12 between the lowest and highest Sl. For the

t he

|l i onds

leopards, the range of Sl is smalth factors of 1 to 3.3.

datasets

mi

X

Tablel. Range of sampling intervals ath selected leopard and lion. Ofisquentsampling intervals are
listed The order in which the Sl are presented corresponds to their incidence.

Individual
Verity

Ella

Jane
Hitchcock
Mexico
Madge
Orange
Getika
Ronja
Mothamongwe
Bogarigka
Gham

Species
Lion
Lion
Lion
Lion
Lion
Lion
Lion
Lion
Leopard
Leopard
Leopard
Leopard

Main SI[min]
30,5

30, 5, 60
30,60, 5

30, 60, 5

30

30, 60, 5
30, 60

30,5

300, 180, 120
300, 90

60

60

Factor
6.0
120
12.0
120
1.0
120
2.0
6.0
2.5
3.3
1.0
1.0
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Irregular sampling intervals can, depending on the method used for home range estimation, result
in biased resultsQalenge et al. 200%atajisto & Moilanen 2006Kranstauber et al. 2012). In

order to avoid this bias, one can remove all rectiraishave been recorded more frequently than
those with the coarsest sampling interval. Another approach would be to include a lot of
interpolated records so that the Sl of all fixes orient themselves towards the highest sampling
interval. While the firsapproach reduces the number of records, the second one gotiiks

that are only estimated anthy deviate from the true position distinctively.

In order to decrease the potential bias of the home range results, the range of sampling intervals
was reduced by removing points that have been sampled too frequently. However, this was carried
out only for the lion datasets that include a 5 min Sl (YeHila, Jane, Hitchcockyladgeand

Getika). There are two reasons for thiscision Firsty, the factors of these individuals are
markedly higher than the factors of the others. Sdgotidere is hardly a benefit in measuring

the position every 5 instdaf30 minutes. Thus, the loss of ecological informatiorifepurpose

of home range estimatiahould be minimalln addition, the shrinkage of the affected datasets

to 73.6% i 95.6% of their previous size is acceptabléis solution is a compromidsetween

the loss of data, the reduction of potential biases and the conservation of biological information.

It needs to be emphasized that this partial reduction of the S| does not seek to eliminate the
temporal autocorrelation (see discussion in Chap®r Table 12 and Table 13 of Section9.1
clearly show that the datasets are still temporally autocorrelated.

5.4 Final data

5.4.1 Home ramge analysis

Six lions and four leopards fulfilled all criteria mentioned in Seclidhand thus constitute the
basis for the analyse3dble2). Additionally, two more lions are listed ifable2 (Orange and
Getikg. Although they fulfill criteria 1 and 2, the shared time period required by criterion 3 will
get too narrow if these two lions are included. 8ese their datasets nonetheless carry significant
ecological information, they are incorporated into seleatedyses.

Figure3 shows the time spans over which positions have been recorded for the selected animals.
The datasets roughly cover the period from the second half of 2011 to the end of 2014, whereby
the time periods of the lion datasets tend to be longer than those of the leopards. One exception is
the leopard named Ronja, who has the longest time seriesavfirabls. Because Ronja is the

only animal of the selection that has records from the years 2009 and 2010, her movements cannot
be compared to any of the other individuals during this time period. Therefore, the records of
Ronja from 2009 and 2010 weremeved for the analyse&igure 4 presents the sampling
intervals of the lion and leopard datasets. While the most frequent intervals of the lions after the

12
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harmonization are 30, 60 and rarely 270 minutes, the posdfdhs leopards had been recorded

at much coarser intervals of 5, 1, 3 and sometimes 2 or 1.5 hours. Thus, the sampling interval
varies not only between the animals (of the same and different species), but also within a single
dataset. Due to these diféerces, the lionlatasets contain much more records than those of the
leopards Table?2)

Table2. List of individuals used for the home range analysis. Two of the animals (Orasikadare
highlighted (*) because their comparability to other individuals was limitednre of the analyse3he
number of records after the harmonization of the Sl for some of the lions are presented in the outer right
column.

Name Species Sex No. of records
Verity Lion F 23369

Ella Lion F 31M39
Jane Lion F 21Q44
Hitchcock Lion M 20W46
Mexico Lion M HHWYpHDN
Madge Lion F 28077
Orange * Lion M MT WTYyT
Getika * Lion F 20¥w11
Ronja Leopard F o¥nnrt
Mothamongwe Leopard M c¥Ymon
Bogarigka Leopard M TWnTn
Gham Leopard M pWYWnyy

Whereas all lions were equipped with the same collar type desig@#&d Plus Iridium
(Vectronic Aerospace GmbH, Berlin, Germany), three different types of two manufacturers were
used for the leopards. Except for the ty@&3S Plus Globalstaand Vertex Survey Iridium
(Vectronic Aerospace GmbH, Berlin, Germany), the ma@alC 275A0f the manufacturer
SirTrack(SirTrack Limited, Havelock North, New Zealand) were used for the leopards. All of
these collars determine their position by using a satellite navigation system, althaBfriduek

collar also records a few fixes based on Argos Doppler shift measurategisodic intervals.

13
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Ronja- |
Getika - |
Mothamongwe - |
Verity - |
Ella- |
Bogarigka - _
|
]
]
|
|
|

Madge -

individual

Gham -
Hitchcock =
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Mexico —
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Figure3: Time periods covered by the datasets of the selected animals. Except for Ronja, the dat
the leopards tend to contain data over a shorter period than those of the lions. Consideritigeotly
regular animals (without Getika and Orange), the period shared by all of them lies between Sef
2012 and May 2013.
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Figured. Sampling intervals of the eight lions (red) and four leopards (bldekinain Sl of théohs (after
the harmonization) are 30 and 60 minutdde intervals of the leopards are much coarser with value

5, 1, 3 and sometimes 2 or 1.5 hours. Values that differ up to 5 minutes from these most frequent si
intervals have been rounded toetmearest interval for this diagram.
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5.4.2 Kill site detection

Four lions, which are listed ifiable3, fulfilled all criteria and were used for the kill site detection
part.Since the datasets have not been altered for the kill site detection, the information about these
lions presented in sectidn2.1is valid here as well.

Table3. Four lions met all criterfar the Kill site detection part. The number of validated-kihsites was

not a selection criterion. Due to the low numbers for the other lions, only theiliagites of Madge was
included in the validation.

Name Species  Sex No. of \alidated kill sites No. of validated norkill sites
Verity Lion F 23 2
Ella Lion F 29 1
Madge Lion F 18 14
Getika Lion F 22 4

6  Study area description

The study area is situated in the central Kalahari region in Botswana, betwae&2dZ*.S and
23.026.0°E.Iti ncl udes both the Khut s &anGthemauchRiggerer v e
Centr al Kal ahari Ga me ?RustsnerthweKGR Bdu@ R, whese4 6 0 0 0
animals are being protected (Weilenmann et al. 200t8.only artificial barrier thaseparate

the game reservdsom the adjacent regionis a fence at theisoutreastern bordeHowever,

since various speciege known to dig holes under fences in the Kalahari, it is permeable to a
certain degree fanimalssuch as leopards, lions or hyelfidesch et al. 2014)n particular the

regions in the Southeast of the study area are used by many farmers (Mishra et al. 2015). The
grazing land for their livestock is in some cases located directly at the bordegahibeeserves

or may even overlap them (Mills & Schigskeier 2009; Schieskleier et al. 2007).

The climate of the study area can be described asa@mnhaving a cold and dry season during

the hemispherical winter (Jui@eptember) and a warm and wets@n during summer
(November April) (Department of Meteorological Services, Leopard Ecology & Conservation
2014; Weilenmann et al. 2010). As observablEigure 6, the mean monthly precipitation lies
between 0 and 1fm during winter and increases toi 80 mm during summer months. The
mean monthly temperature also shows seasonality and varies between 12° C and 25° C. The
vertical bars, which show the averaged daily minimum and maximum values, reveal that the
diurnal vaiances are quite pronounced and often higher than the seasonal differences
(Department of Meteorological Services).
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Central Kalahari
Game Reserve

Khutse Game
Reserve

400 600

Figure5. Map showing the frontiers of Botswana and the location of the study area (approximated
area ofthe Khutse Game Reserve and Central Kalahari Game Reserve). The hatched areas represe
game reserves in Botswana. From Weilenmann et al. (2010: 703).
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Figure6. Mean monthly temperature (red) and mean monthly precigtaijblue) of the study area. Ii
addition to the mean value (dashed line), the averaged daily minima and maxima are shown as
bars. The winter season is much drier and noticeably cooler than the summer. The diurnal temp
difference is often lager than the one over the year.
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The data source used to compute the precipitation valuesGtintegtology Version 201Product

of the Global Precipitation Climatology Centre (GPCC) in the 0.25° grid resolution version. Only
those 0.25% 0.25° tiles were considered that lie at least partially within the study area. The
temperature measurements were provided by the welteselimatedata.org Only data from
stations in or close to the study area were used for the analysis, including the monitoring stations
in Ghanzi, Kang, Letlhakeng, Molepolole and Serowe.

Bot swanabds topography is proneoualcevatoindry onfe akd
above sea level (Food and Agriculture Organization of the United Nations (FAO)). Data from

ASTER GDEM was used to obtain the elevations and slopes present in the study area. GDEM is

a global digital elevation map product generatedhgyASTER instrument of the Terra satellite

with a spatial resolution of 30 m. It is made available by the Ministry of Economy, Trade, and

Industry (MET]I) of Japan and the United States National Aeronautics and Space Administration
(NASA). According to tlis data, more than 9% of the study arehas elevations of 950 6 3 0 0

m (above sea leveland slopes smaller or equal than 10°. Thus, areas inaccessible to animals are
unlikely or at least very rare.

According to GlobCover (2009), a global land cover map produced by the European Space
Agency (ESA), the prevailing part of the study area is classified roughly as grassland. A more
detailed land cover analysis of the study area revealed that this grdsslafact a mixture of

open scrubland and open herbaceous vegetation (Mishra et al. 2015). Typically, representatives
of the specied\caciacan be found (Food and Agriculture Organization of the United Nations
(FAO); Weilenmann et al. 2010). Some regi@wninated by cropland are observable in the
southeastern edge of the study area, which are actgedgingareas used bthe livestock of

local farmergSchiessMeier et al. 2007).
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Il Homerangeanalysis

7  Theoreticbackground

7.1 Theconceptof home ranges

The home 1 &rfhateared tsaverBed by the individual in its normal activities of food
gathering, mating, and caring for young. Occasional sallies outside the area, perhaps exploratory

in nature, should not be c@®urtdd48351.€his dedirstioni n part
from William H. Burt is, despitsome criticismstill widespread and constitutes the basis of the

home range concegt.rests on an observation made by Darwin (1@6&0rger et al. 2006that

animals usually restrict #r movements to certain areas that they use repeatedly over time, rather

than wander around the landscapadomly (Bérger et al. 2008; Burt 1943gberg & Boérger

2012;Kie et al. 2010).

The aforementioned criticism mainly concerns three poioitghe definition First, it contains
vaguely definendortmard msacguoh taes @vhich are lfiamldoc asi on al
substantiate in an ecologically meaningful way (Kie et al. 2010; Millspaugh & Marzluff 2001).
Secondly, it leaves open howdslineate the actual boundary of the home range (Kie et al. 2010).
And thirdly, it fails to incorporate the temporal dimension, although Burt hinrgtatedthat a
home range may change over time (Burt 1943; Hansteen et a). TB83e deficiencies gavise

to an adjusted home range definitiavhich assignsndividual probabilitiesof occurrenceo
certain parts of theome rangéKatajisto & Moilanen 2006; Millspaugh & Marzluff 200Ihis
alternative perspectiveot only allows to exclude ecologicaltyt meaningful parts of the home
range, as proposed by Burt (1943), but @&gpands this idea by implying that even within the
meaningfulpart of thehome range sonsreasmaybe more important than others.

Assuming that an animal spends more timarasof its home range that are more importiant

it (and thus will be sampled more often there) enables to measure their releydmeelensity

of the coordinatepoints (Benhamou & Cornélis 2010) his results in a density or utilization
distribution(UD) (Gitzen et al. 2006throughout the whole home rangehich was defined by

Van Winkle (1975: 118 inrSeaman &Powell 1996) adi é the twodimensional relative
freqguency distribution for the pointSticthof | ocat
speaking, the restriction to a tvdomensional frequency distribution is neither computationally

nor ecologically necessaryecauseboth the time and elevation can contribute to a more
comprehensive understanding of a movement pattern, the UD couleeadsdanced to three or

four dimensions for certain applications (Keating & Cherry2009). mpar ed t o Burt 6s d
which implicitly assumes a homogeneous UD for the whole home range, the varying UD provides
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useful additional information about theliiat usage of the subject of intgation (Benhamou
2011% Fieberg & Kochanny 2005

It is not always sensible to use all measurement points for the lamige estimation, since even
GPScollars can occasionally provide imprecise or erroneous fixes (elghle & Haydon 2010;
Frair et al. 2010 Furthermorethe home range is intended to represeaaghat are important

to theanimal (Burt 1943Getz et al. 2007 By designating the home range as the area in which
the probability ofoccurrence of an anima higher than oequals a certain percentage valome

can avoid unwanted outliers atidis return8 u r t 6 s of a HomageéneousdJoséaman &
Powell 1996. Although ecologically hardly justifiable (Borger et al. 200 frome range is
delineated through tH&5 % (Borger et al. 2006; Fieberg & Kochanny 2005; Getz et al. 200F)

50 % isopleth (Downs & Horner 2008Fieberg & Borger 20%2Lichti & Swihart 2011)by
conventionThe latter is also called core area (i.e. are@sare intense activity}-or home range
estimators that do not produce a UD, usuallpercentage gboints farthest away from the
centroid of all points is excluded (Hayward et al. 2009; Laver & Kelly 2008; Marker & Dickman
2005; Weilenmann et al. 2010).

I n this thesis, the term % homerangaisogedhdMOPehliller s s p €
aroundthe58 of points being closest to the centroid
the general concept of home ranges. When th& 95opleth(MCP: hull around the 9% of

points being cl osest to the centroid) i s mean
accompanied by the fwehomef).mgergeal ue (e. g. n95

7.2 Temporakutocorrelation Foblem or asset?

7.2.1 Definition

When dealingvith movement data and home range estimation, it i®lywidssumed that the

individual points are independeat one anothe(De Solla et al. 1999; Swihart & Slade 1985a).
Independencén this conteximeans that a specific point is not determined or infted in any
waybypriorposi ti on points. Or, in other words: #A[ é]
a function of its position aAnanimalmbosetsampledSwi har t
positions are completely independent would thus move a random manner without any

observable intention or primary directidnis very unlikely that any animgand lions or leopards

in particular would move in this manner (De Solla et al. 1999). Thus, movement data of real

animals are temporally autocorelated (Katajisto & Moilanen 2006) The degree of
autocorrelatiordepends mainly on the sampling interval and the mobility of the animal under
investigation. The sampling interval denotes the time that passed between two consecutive
sampled positions. Enhshorter it is and the smaller the distance that an animailt canostmove

between two sampled posit®n(i.e. the lower its mobility), the higher théemporal
autocorrelation (Hansteen et al. 1997; Huck et al. 2008; Swihart & Slade 1985a).
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7.2.2 Effects

Simulations revealed that increasing values of positive autocorrelgdioerallylead to smaller

home range size estimations (De Solla et al. 1999; Hansteen et al. 1997; Swihart & Slajfle 1985b
Negativetemporal autocorrelation is very unlikely to be observed with animal movement data,
especially when using short sampling intervals, and has therefore not been investigated (De Solla
et al. 1999. In order to obtairthe samealataset with different degree$ autocorrelation, the
sampling interval must be artificially varied by means of subsampdinng exclude every third

entry of the list with all points ordered by date and tirié)s either reduces the sample size or
requirescomparingime series of wging durationln both cases, other factors than only temporal
autocorrelation are changed as well and will influence the resulting home ran@eesi2ella et

al. 1999;PerottoBaldivieso et al. 20125wihart & Slade 1985bince data of real animalsea

usually more complex than the simplified simulations and are also affected by the above
mentioned issues, there is no universally valid relation between autocorrelation and home range
size (Hansteen et al. 199Th addition, temporal autorrelation @es not affect all home range
estimators to the same degree. Due to the assumption of temporally independeviidates

made by manystatistical home range estimators (such as the conventional kernel density
estimator), they are particularly affectieg this issugKatajisto & Moilanen 2006tLyons et al.
2013;Swihart & Slade 1985b).

7.2.3 Ways to deal with it

Although the concrete effect of temporal autocorrelation on a specific dataset and methodology
is oftenunknown, itbe@meawidespread approach to death this issudoy simply eliminating

it (PerotteBaldivieso et al. 2012; Katajisto & Moilanen 2006). Thiss accomplished by
enlargingthe temporal gap between two fixes through subsampling. For large sampling intervals,
it is likely that an animal has changed its movement directions several times so fixaistban

be consideredas independenDe Solla et al. 1999; Katajisto & Moiten 2006). The downside

of reducingthe sample sizis thatit can lead to an undetésation of thearea of the home range.
This, howeverijs actually intended tbe avoidedhrough the elimination dhe autocorrelation
(Katajisto & Moilanen 2006; Kie ail. 2010).More importantly, (positive) autocorrelation is an
inherent characteristic of Bmal movement dataRemoving it reduces the biological
expressiveness of the data selye(De Solla et al. 1999; Hansteen et al. 1,99uck et al. 2008
Because fthat, the perspective has changecentlyfrom regardingautocorrelation as a problem

to considering itan assethat must beetairedand includd in the analysis§orger et al. 2006;
Downs & Horner 2012; Diirr & Ward 201#orne et al. 2007
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7.3 Selectechome range estimators

7.3.1 Minimum convex polygofMCP)

The mnimum convex polygon (MCP) was the first method used for home range estimation
is despite its age still popular among ecologiBewns & Horner 2008Getz & Wilmers 2004,
Huck et al. 2008)According to Laver & Kelly (2008), who investigated 141 studies related to
home range estimation within 2004 to 2006,%6896 studies) of them used MC®ne reason

for this is the simplicity of this method. Having a group of fixes for an animal, the onimim
convex polygon(also known as convex hull in computational geometgh be builtby
connecting adjacent exterior points of the group, so that the resulting polygon is as small as
possible but includes all point®/hen connecting the exterior pointee angle created through
threeadjacent points must be smaller than 180 degrees at the inn€Fifame7) (Burgman &

Fox 2003).

— MCP 100%
— MCP 95%

Figure7. Construction of the minimal convex polygon from a group of spatial points. All of the points
polygon) are included by the hull and each angle between three consecutive points, when looking fi
interior of the polygon, is smaller than 180 degré¢ee. convex). For the green polygofp&f the points
farthest away from the centroid were excluded (in this case: one point).

Because no parameters have to be set faahstructiorof the home range, MCP is often thought

to be particularly approjate for the comparison of results acretsdies(Hansteen et al. 1997,
Huck et al. 2008)Several more recent studiesfuted this argument since the results of MCP
depend highly on the sample size and presence of outliers (Borger et alD2@0&; & Haner

2008; Millspaugh & Marzluff 2001).Another disadvantage of MCP tise implicit assumption
that an ani mal éosvexsham&hisma onty eannotébe justified ecologically,

but also leads to a massive overestimation of the true areahehtixes are unevenly distributed

in space (e.g. 8haped) (Borger et al. 2006; Burgman & Fox 2@08berg & Borger 20124uck

et al. 2008. However, the influence of the sample size and degree of the overestimation may not
be severe or present at alf foertain data (Nilsen et al. 2008). Attempts to reduce the sensitivity
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of minimumconvex polygons to outliers are premised on the exclusion of extreme, pante
exclusion othe 5% of the points farthest from the centroid built by all data poimtéch is then
| abel e WM& P &igueeBd) (Borger et al. 2006).

7.3.2 Kernel density estimatiofiKDE)

Unlike MCP,whose constructiois based purely on geometry, a kernel density estimator (KDE)
is a probabilistic method that was introduced to ecological applications by B. J. Worton in 1989
(Borger et al. 2006; Laver & Kelly 2008Y.he broad field of applications of KDE and its
improvements comparetb MCP, while still being relatively simple to compute, made it the most
often used estimator in current home range studies (Lichti & Swihart 2011; Millspaugh &
Marzluff 2001).Having a group of spatial points (representing an aidiraaasued positions),

the basic idea of KDE is to calculatmost often twodimensional)probability dengies for
several positionthatare distributed at regular intervals over the area determined by the group of
points. The surmof these individually calculadand partially overlappingrobability densitiest

a positionx results in the value of the utilization distributionxgFigure 8) (Keating & Cherry
2009; Seaman & Powell 1996 mathematical tens, the previous descriptionggpressed as

YO S U —g 1)

’?‘ p v (b (I)
é"

where"Y'O is the estimated utilization distribution at a defingakitionx, nis the number ofixes,

h is the bandwidthK is a kernel functionx is the positionat which theprobability density is
estimated, and represents the coordinates of tHeanimal measurement point (Keating &
Cherry 2009; Millspaugh & Marzluff 2001; Seaman & Powell 1996).

The estimated UD describbsw intensively an animal uses its space at any position through a
bivariate probability density functiohe binary lome range bouraties can be derived from

this density functiorby delimiting the area®f the UD that contain a certain proportion & it
volume and drawingthe maximumextent of these areas as borders projeotethe ground
(Seaman & Powell 1996). In order to delimit the respective areas of the UD, one has to start at
the highest densities and then proceed downwards untildivene threshold(e.g. 95%) is
reached.
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c) UD (3D)
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b) UD (2D)

Figure8. lllustration showing the functioning of KDE. a) Fixes of one or several animals serve as ing
for which multiple density distributions are being calculated and summed up towarell utilization
distribution (UD). b)-D view of the UD, where the color encodes the density (yellow: low, red: hig
lllustration of the UD as al3 surface where the-axis represents the density.

Bandwidth selection

Themost influentialparaméer for the shape of the resulting UD is thendwidth or smoothing
parameteh (Downs & Horner 2008)The bandwidth determines whether and how strong fixes
contribute to the density estimates depending on their distance to the current position otthe kern
by varying its widh (Kie et al. 2010; Millspaugh & Marzluff 20017 small value ot leads to
narrow kernelswhereby nearby fixes have a more pronounced influence on the density estimate,

23



Part Ill | Home range analysis

while fixes further away are more likely fall outside the kerner haveonly a minimal impact
(Seaman & Powell 1996). Although a small bandwidth helmsosingsmallscale detailit also
causs the UD to break into its constituent kernelsd thus creates artifacts of the sampling
procesand undegstimations of the home range sizarger bandwidthn the other handgveal
the general shape of the distribution mayresult n oversmoothing (i.e. the loss of local peaks
and valleys)and oveestimation of the home range siggitzen et al. 2006Jones et al. 1996;
Keating & Cherry 2009Millspaugh & Marzluff 2001; Seaman & Powell 1996).

A variety of method&xistto choose themoothing parametgwhereby each of them is optimal

only for a specific kind of datéLichti & Swihart 2011 Kie et al. 201D Therefore, the choice of
the bandwidth should depend on an ani mal 6s
2006) Thereference bandwidtfabbreviated aREF) is one of the earlienethodsto estimate

the smoothing parameter and can still be found sometimes in recent sBéfger (et al. 2006;
Gitzen et al. 2006; Lichti & Swihart 20111t derivesh from the standak deviation of the input
points which are supposed to follow a unimodal normal distribution (Huck et al. 2008; Seaman
& Powell 1996). Thus, the better the points follow this distribution, the better REF will perform.
Since most real animals violate thissamption,REF often oversmooths the UD and thus
overestimates the true home range size (Gitzen et al. 2006; Huck et al. 2008; Millspaugh &
Marzluff 2001; Seaman & Powell 1996).

The currently most often used method for bandwidth selection is cd#ladtsquares cross
validation (LSCV) (Laver & Kelly 2008) Like the biasedcross validationBCV) or smoothed
crossvalidation (SCV) methods, it belongs to the category of cradiation(CV) techniques
(Duong & Hazelton 20056 The basic ideaof the CV techniqiesis to set a value foh that
minimizes the deviation between the estimated and true density distribution. To achieve this, the
method iteratively tests different bandwidths and seek to minimize (#symptotic) mean
integrated squared err@Duong & Hazelton 2005Gitzen et al. 2006; Millspaugh & Marzluff
2001; Seaman & Powell 1996)SCV is the most widespread CV technique gmdvides
bandwidths that are usuallybiased anchore accuratéhan those of REFut at thke expense of

a high variability(Jones et al. 1996; Millspaugh & Marzluff 2001). It also computes UDs that
tend to be smoothedsufficiently. Although LSCV is thought to be particularly suitable for space
utilizations of multiple disjoint clusters, the method cannot determine a bahdwltin a
excessivenumber of fixes are close to or at the s@osition causing it to fai{Gitzen et al. 2006;

Kie et al. 2010Millspaugh & Marzluff 200).

Thesolvethe-equation plugin approachl) belongs to a second category of plagechniques
(Duong & Hazelton 2005). kiso attempts to analytically minimize the discrepancy between an
estimated and a true density distributifMillspaugh & Marzluff 2001) Unlike LSCV, PI
accomplishes this by calculating mitial bandwidthh, on the basis of the covariance matvix
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thefixes, which is then inserted into a function that calcul&te3 he value of thib; is then again
plugged in a lowederivative function, resulting ih,. This procedure can be repeated as often as
desired Hhoughit is usually stopedafter two stageshg asthe final bandwidth)Gitzen et al.

2006) The performance d?lis comparable to the one of LSCV and can be somewhat better or
worse depending on the input data (Gitzen et al. 2006; Lichti & Swihattl @I tends to
oversmooth the density distribution and its bandwidths may be slightly biased. On the other hand,
its estimates are much less variable than those of LSCV (Gitzen et al. 2006; Jones et al. 1996;
Lichti & Swihart 2011; Millspaugh & MarzIuff2001). Its main advantage against LSCV is
probably the fact that it works regardless of the spatial configuration of the data.

Choice of the kernel

A second parameter of KDE that needs to be chosen is the kernelWiseif.using a fixed kernel,

the samdvandwidth is applied to all data points. An adaptive kernel, however, adjusts the degree
of smoothing in dependency of the spatlahsityof the data pointsRegions with lower point
densities (e.g. peripheral areas of the home range) are themmimothed more than those with a
high densityMillspaugh & Marzluff 2001; Seaman & Powell 1996).general, the fixed kernel

is favoredbecause it yields lower bias in areas with low point densities (Gitzen et al. 2006;
Millspaugh & Marzluff 2001)If one is interested primarily in the parts of the home range with a
high UD, though the adaptive érnel may be the better choice (Seaman et al. 1999).

In addition tothe kind of interaction between the kernel and bandwidtHutietionof the kernel
can alsdbe varied. Popularoptions are the bivariate normal, biweigihtEpanechnikov kernel
(Laver & Kelly 2008) For the ordinarg-D kernel density estimation, however, the choice of the
kernel function has little or no effect on the results and igtbee not even reported imumerous
studies (Gitzen et al. 2006; Kie et al. 2010; Laver & Kelly 2008).

Problematic statistical assumptions

Due to its high sensitivity on the value of the smoothing paramebéch depends both on the
data itself and the ethod used for its estimation, the performance of KDE can vary considerably
(Benhamou & Cornélis 2010; Getz & Wilmers 2004; Seaman & Powell 199&. main
advantages of KDE are that it does not assume a certain spatial distributiodatbgfants and
provides a continuous utilization distribution instead of only a binary home range border
(Hansteen et al. 1997; Seaman et al. 1999). In addition, it ahows ranges witlmultiple
centers of activity (i.e. disjoinbr dismnnectedhome rangeregions) Borger et al. 2006
Nevertheless, KDE has some problems to reproduce sharply delimited unused areas such as gaps
or outer boundaries in certain caséetz & Wilmers 2004; Gitzen et al. 2006; Lichti & Swihart
2011).Another conceptual problem of using KmEh movement data arises because it assumes
independent points as input (Benhamou & Cornélis 2010; Downs & Horner 2012; Katajisto &
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Moilanen 2006). As discussed @hapter7.2, particularly movement data samplet short
temporal intervals are highly tempdyaautocorrelated and therefore not independent.

7.3.3 Time bcal convg hull(t-LCH)

Local convex hul(LCH) can be seen as a mixture of the generalized MCP and the KDE approach
developed bysetz & Wilmers (2004; Hek et al. 2008)Jug as KDE, it places individualdtnels

over each point. However, these kernels are not parametric but get their shape directly from the
spatial distribution of the points by constructing them as minmimonvex polygons. (Getz et al.
2007). The creation of these convex polygons representdiritestep of the LCH approach.
Afterwards, these polygons are merged one by one in ordetamthe home range.d€h ofthe

single hulls usesnly a fractionof all points as its neighborhopahich is selected according to

a specific rulgLyons et al. 2018 The step®f this procedurare illustrated irFigure 10.

Selecting a neighborhookk, r- anda-method

One rule for choosing the neighborhood of each single hull is based on the number of enclosed
pointsk (applied inFigure 10b). Thus, each local hull is constructed around the selquizd
itself and itsk-1 closesheighborqFigure9 A) (Getz & Wilmers 2004). According to this rule,
higher point densities will lead to smaller polygons. We t&ilinthis version of the LCH method
subsequently as ttkemethod. A second rule, calleemethod, uses all neighbors within a distance

r from the selected point for its local h@RFigure9 B) (Getz et al. 2007). Although the search
radius (kernel) has always the same sizdéddfinition, the area and shape of the hulls themselves
will vary due to the convexityequirement. The third rul¢he a-method, includes all neighbors
whose summed distances to the selected point are less or equal to a threshaldRiglre9

C) (Lyons et al. 2013). Thimethodnvolves the prior calculation of the distances to all neighbors
which are then ordered and summed up, bgeone beginning from the smalless@ince(Getz

et al. 2007).

! Id;=a

Figure9. Illustration of the three methods to select a neighborhoodk{#Agthod, (By-method and (C3-
method.Fromadditional files of Lyons et al. 2013: 7.
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After having constructed the individual hulls, they need to be merged in omla&atothe home

range. This step varies acdorg to the chosen neighborhood methear thek-method the hulls

with the smallest areas indicatiee mostfrequentlyused regpns of the home rangevhich
therefore should be preserved in each isopleth (Getz et al. 2W(Fis why the hulls arsorted

by their area beforehe approacistarts with the smallest hull and continuously selects the next
larger ongmergingtheir aeas(seeFigure10c)). This process of repeatedly building the union of

the individual hulls stops as soon as a defined percentage of all points is covered by the united
area. In order to build the 9% home range, 956 or all points need to be coveréGetz &
Wilmers 2004. Because all hulls have a similar size when usingr#method, the hulls are
ordered by the number of points contained. Haltdudingthe samewumberof points are sorted

by their area. Starting from the hull with the most points (and the smallest area as a secondary
criterion), the union iconstructedn the same way as for themethod (Getz et al. 20D7f the
neighborhood was chosen by using timethod,the hulls that include the most poirdse
indicative of often used areas. Thus, as forrtheethod, the hulls are sortég the number of
contained points (Getz et al. 2007; Lyons et al. 2013).

Ruledo set the value df, r anda

There are thee ways to choose appropriate values for the neighborhood parameter. If the true
topology is known, the minimum spurious hole covering (MSHC) rule can be applied. It requires
selecting the smallest value of the parameter for which the home range iso@éthghe true
topology best (Getz & Wilmers 2004; Lyons et al. 2013). While the MSHC rule is suitable for
simulated home ranges, the true topology is unknown when investigating real animals. In that
case, the topography of the study area together witbgical knowledge about the animal under
investigation can be utilized. If the animal is known to avoid certain large physical features such
as lakes onhills, the parameter should be chosen so that the estimated home range leaves these
features out (Get& Wilmers 2004; Getz et al. 2007). If a study area lacks such-tuge
obstacles or the ecology of the animal is not known well enough, a third method of parameter
estimation is to plot the parameter value against the home range area. While the klrwe wi
steep for small parameter values because spurious holes are filled, it wilbfleael certain

point, before the gradient of the curve will increase again due to the erroneous inclusion of real
holes (Getz et al. 2007). Such plateaus indicatpgsrestimates for the parameter value (Getz et

al. 2007; Lichti & Swihart 2011). Instead edmputingthe local convex hulls for a vast number

of parameter values, Getz (2004) suggests to use the following rules of thumb in order to get an
ideaof their manitude.

A k: equals the square root of the number of data points

A r: having all nearest neighbor distances betw&gaints calculated (i.e. the straight line
that connects a point with its closest neighbrogjjuals half the largest occurring distance

A a: equals the distance of the two points furthest apart from each other
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a) data points b) Individual hulls
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Figurel0. a) The data points of the sample dataset.lly)stration of thefirst step of theLCH estimator
which consists duilding hulls for each data point, whereby its neighborhood caohmsen according tc
three methods FEigure9). Here, thek-method was applied. c¢) The isopleths can be constructed by dra
the boundary around the hulls Wwithe smallest areas, which contaifoxf all points.

Adding the temporal dimensiotLCH

LCH ignoresthe timestamps of the point data $slecting the neighborhood exclusively on the
basis of &-D Euclidean spacéd.yons et al. (2013) developed an extension of the approach, called
time local convex hull ¢£CH), which expands this - space to a third dimension by including
the time. The respective metric is called tismaled distance (TSD) and defined as

o v v

YYO Yo o Yo 0 Yo )

wherei andj denote the two points between which the TSD is calculataatly are the projected
coordinates of the points, is a dimensionless scaling factovmax the maximumtheaetical
velocity andt the timestamp of a poins can be seen as parameter to adjust the influence of the
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time on the TSD(Durr & Ward 2014) Whens = 0, the TSD is reduced to its two spatial
dimensions and thus corresponds to the metric of the conventionalM&ldan be choseon
the basis of ecological expert knowledge or calculated from th€ldatas et al. 2013

The selection of the neighbdtmvodand construction of the isopleths works in the same way as
described for LCH, except thalL.CH deals with timescaled distanced.his often leads to the
situation that, e.g. for themethod withk = 5, not the five spatially closest points will leexcted

as a neighborhood because they were recorded much later and are therefore located temporarily
far away The TSD does not alter the subsequent step of sorting the hulls when using the same
criteria as for LCH but offers additional sorting critetigdgns et al. 2013).

Advanced geometric estimator without a continuous UD

Both LCH and 4.CH make no assumptisrabout the spatial distribution of the data but rather
form their kernel according to the data (Getz et al. 2007; Huck et al. 2008). This characteristic
enables local convex hull based hwds to take into account regions of the home range that are
inaccesible for or not used by the animal anyway (Benhamou & Cornélis 2010; Getz & Wilmers
2004; Getz et al. 2007However, since LCH andliCH are nomstatistical estimators, they
cannot model the spatial uncertainty (Lyons et al. 2043)ther drawback is @t due to a lack

of a probability density function a continuous UD cannot be obtained. In addition, only a limited
number of isopleths can be generated (particularly with a low number of poamtd the smallest
possible isopleth iBmited to 3/n*100% (Lichti & Swihart 2011).Similar to the bandwidth of

KDE, the choice of the optimal neighborhood parameter is difficult and somewhat subjective. To
mitigate this issue, tha-method is usually applied because it is very stable over broad value
ranges (Get& Wilmers 2004; Getz et al. 2007; Huck et al. 208

The main advantage of1CH is the inclusion of the temporal dimension. Simulations have shown
that this leads, especially for complex patterns, to a better reproduction of movemetitymaths

et al.2013) t-LCH also allows the computation of additiomaédtrics for deepened analyses such
as the frequency or duration of visits at a cenaisitionof the home range. Because these metrics
are sensitive to gaps or bursts in the data, a regular sarimgingal is essntial to avoid biased
results. A main disadvantage of the temporal extension of LCH is the additional paartster
value isnot onlylargdy subjective, but alsampedes the choice of the neighborhood parameter
due to the abstractnesktbe TSD (Lyons et al. 2013).

7.3.4 Biased randorbridges(BRB)

Based on Brownian motion

Instead of analyzing a set of points to estimate the home range, the Brownian (Bijge

approach models the movement trajectorgstimate the UByrne et al. 2014; Kranstauber et
al. 2012) Since only individual fixeare known, the trajectory must be estimated. Withoutaany
priori knowledge of the true motion pattern, a reasonable approximation is to itiogleising
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Brownian motion (Horne etl.a2007; Kranstauber et al. 201For this kind of movement, the
directions taken at previous time steps have naaingn the direction taken at a given time. Thus,
aseries of independently chosen directions finally lead to a random walk between $equerii
fixes (Codling et al. 2008; Horne et al. 200Mathematically, the space use density between two
fixes follows a bivariate normal distribution and is expresséd as
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wherez denotes anpositionin a twodimensional spacg, the mean valudy’ the variancea the
(two dimensional)starting position of a segment between two successive pbittg (two
dimensional)ending position;T the duration of the segment andhe evaluation time (ranging
between 0 and). (%, represents the variance of the Brownian motiad istermed diffusion
coefficient(Horne et al. 2007)Vithout going into detail, whicls dscussed extensively in Horne
et al. (2007) and Bullard (1991), the density function of Brownian briities at apositionzis
defined as

Q04 - i of 6 Qo (5)

whereT: is the total time span of all data points arttie number opoints

According to equatior{5), the densit function of Brownian bridges depends on the spatial
position and time of the data points, theatial uncertainty of the fixeand the diffusion
coefficient (Horne et al. 2007Jhe latter parametetiiy) is a key driver in the Brownian bridge
model andquantifieshow diffusive or irregulathe path of an animal is (Byrne et al. 2014;
Kranstauber et al. 2012). Since the diffusion coefficient can be directly estimated from the
trajectory itself, it depends on the mobility of the animal under investig@idiard 1991; Horne

et al. 2007)The variance termi(t) inserted into equatiof®) is zero apositionsz that coincide

with the two measured points of a segment and is maximamaycbetween them (Bullard 1991

Kie et al. 201). The probability density shows the opposite pattern: It is minimal between the
two points of a segment and maximatlzeir position(Bullard 1991; Kie et al. 2010)n fact, its

! The original equatiof3) i n Horne et al . (2007) cont?whichs an
leads to maximum probabilities higher than 1. The error was found thanks to the help of Patrick Dona.
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value isinfinitely high because theoordinate®f the poins areknown precisely. The solution to

this problem is to treat the poimdsitionsa andb as not precisely known by applying a smoothing

at the end by means 6f(t) (included in equatiok5)) (Bullard 1991; Horneet al. 2007)Figure
11shows the general shape and distribution of probability densities of a Brownian bridge. In order
to create a UD of a home range, the bridges between all seganerntgegrated and averaged
overthe total time span (Bullard 1991).

Figurell. Schematic representation of a Brownian bridge between two fixes (black dots). The bric
of the gray tone corresponds to the value of the probability density. The higiless can be found clos
to the two points. From Downs & Horner (2022:

Adding a directional bias

A fundamentaproblem of theBB estimator is its assumption of random movement. If an animal
moved really totally random, studying home ranges wouldb@lpss Benhamou 201 Bullard

1991). Thus, it isin fact necessary that the motion pattern deviates from this assumption.
However, he coarser the sampling interval and the higher the mobility of an animal, the less
realistictheassumption of th8B approachbecomegByrne et al. 2014; Horne et al. 2007; Huck

et al. 2008)In order to base the approach a more realistiassumption, especially for coarser
sampling intervalsBenhamou (2011) included a diite. a directional biaghto the Brownian
motion and called the resulting home range estimator biased random bridges (BRB).

Because ofhis drift, the likelihood of moving in a specific direction is not uniformiistributed
anymore Borger et al. 2008Codling et al. 2008). Instead, the drift ensures that an animal rather
moves in a preferred direction that is independently determined for each segment between two
points (Benhamou 2011; Dirr & Ward 2018ecause of this added advection component the
orientation and shape of the bridges is altered compared to Brownian {sdgégurel1): The
stronger the drift, the longer and lower the biased random hsdgeaverage (Benhamou 2011).
Mathematicallythe space se density ofhese bridgeis defined as follows:

31



Part Ill | Home range analysis

o P, G
e o' h, - QWA 6
AN ", ', (©)

The mean valug stayed the same as for the Brownian bridgedquation4)) while the variance
U0t changed to
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UPotis the total varianceéfmin the relocation variang® the diffusion coefficienandTmaxan upper

time threshold.The latter parameter ensures that segments of the trajectory, which are
exceptionally large due to gaps, are not considered in the calculation (BenhampD2®1L
Ward 2014. Although bothD andd?, term the diffusion coefficient, they are not equivaleribas
equalsi’/2. The density function of the biased random bridges approach is defined as

Q0 & Yi . oh o Qo ®)

The detailed explanation of the BRB approach can be fouBdrihamou (2011).

Selection of parameters

Tmax Needs to be chosen according to the sampling interval present in the data, as all segments
whose time span exceeds this threshold will get a diffusion coefficient of zeteaodvill be

ignored for the comyation of the UD(Benhamou 2011; Dirr & Ward 2014herefore Tmax

should includeall segments sampled at the regular intervals but exthedenes that connect a

large temporal gapAn upper limit of the parameter value is given by the serial autocorrelation,
which is abasicrequirement of the BRB approach (Benhamou 2011).

As mentioned for the Brownian bridges, smoothing must be applied to avoitkinfitues at the
measured poist The same is true for biased random bridges appi@seathamou 2011; Bullard
1991) The smoothing parametshouldtake the uncertainty of a recorded position as well as the
ani mal s b e h a, ed that all potentia positorts @fuhe individed that time are
included (Benhamou & Cornélis 2018or GPS measurements of animals with a high mobility,
the latter component is usualgrger than the uncertainty of the fix.

Advantages and drawbacks

A mainadvantage oBrownian and biased randormidgesis that theyexplicitly makes use of the
autocorrelation in the data by analyzing trajectories instead of a set of points (Dirr & Ward 2014;
Horne et al. 2007; Huck et al. 2008). Because of that, the approaches can deal with varying
sampling interva, which are rather the normal case than the exception (Horne et al. 2007).
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However,at coarse sampling intervals, the basic assumption of the Brownian bridges estimator
becomes quite unrkstic. The BRB approacton the othehandmay bestill applicableto such

data because of its advection component (Benhamou 2011; Horne et al A28@m). limitation

for both approaches is their dependence on sufficiently autocorrelatedwdeereby a clear
definition of adsuitablévalue is lackingThus, there is no clear demarcation between a sampling
interval that is high enough and one that is too cq@sehamou 2011; Huck et al. 2008e et

al. 2010.

7.4 Review of additional home range estimators

The selectethome range estimatofgr this stug represent dg a small fraction of alavailable
methods. Some of them anetroducedin this paragrapho provide a more comprehensive
overview A simple geometricalyp as ed al t er n a t-hulls methoa It id@fReddns t he |
a Delaunay trianguladn in which all lines longer than the average line length are deleted
(Burgman & Fox 2003)Be c a u s e o -hullstnfethdd js ndt restrictdd to a convex shape
and may even account for large holeny authorshowever focuson extendingthe widely

used locatiorbased kernel density estimatOne of these extensions comes from Katajisto &
Moilanen (2006) and is calladne kernellt is based on the conventional KDE but weights the
individual fixes according to their temporal and spatial density: Hiitjeer these densities are,

the lower the weight of the affected fixes. This allows to reduce the bias due to autocorrelation
but also reduces the effective sample sizeiaddces a higher degree of subjectivity (Katajisto

& Moilanen 2006). These siadvatages are avoided by theoduct kernebpproach of Keating

& Cherry (2009)which treats time as a covariate for the kernel function following a wrapped
Cauchy distributionAnother method, KDEDT, is presented iDowns & Horner (2012)Other

than thebefore mentioned extensions, KEBH ignores time and looks at trajectories rather than
location points. It performs a Delaunay triangulation over which a modified KDE is being run.
This modified KDE is restricted to the triangulation network and its fiketead of a regular

grid that is overlaid over the fixeahd computes the distances between the fixes according to the
shortesipath network distances. Whereas other movetbaseéd estimators such as Brownian
Bridges provide unrealistic results for vergarse sampling intervals, KBET is still applicable.

The downsides of the method are its limited accuracy for fine sampling intervals and the ignorance
of time (Downs & Horner 2012).

Instead of extending KDE, Downs et al. (20pigsenta method calletime-geographic density
estimation (TGDE) that is based on tigeographic techniques. In TGDE, a geoelliptical kernel

is placed over two subsequent fixes and computes due to their spatial and temporal diffisrence
well as the maximum velocity of thanmal all places where the latter could have been
theoretically. By shifting the kernel point by point and summing up the resulting density values,
overall isopleths are obtained (Downs et al. 2011; Wall et al. 281<ljghtly modified version
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of TDGE carbe found in Wall et al. (2014yhich estimates all parameters directly from the .data
The main advantages of timgeographic techniques ateeirimmunity against varying sampling
intervals the limitation of the kernel to regions that are reachable Heranimal,and the
ecologically derived smoothind\s a disadvantage, the results strongly depends on the value of
the maximum velocity, which may be observed for a specific animal only infreqBotiyns et

al. 2011).

With Brownian bridges and biased damm bridges, two representatives of mechanistic methods
have already been discussed. Dynamic Brownian bridges are another extension to Brownian
bridges developed by Kranstauber et al. (2012). As the movement pattern of an animal often varies
over time, keping the variance of the Brownian motiait.{ constant duringn entire trajectory

may account for those variations inadequately. Therefore, by using an adjusted version of
behavioral change point analysis (Gurarie et al. 2009), different values foartiamoe are
calculated for different behavioral patterns (Kranstauber et al. 2012; Byrne et al. |26tefd

of usingonly Brownian motioras a movement model, Borger et al. (2088) Codling et al.

(2008) provide an overview of more complex mechanisticlels such as (biased) correlated
random walks, Lévy walks, multiscaled random walks or reinforced random.Vieiending

onthe animal under investigation, these models may lead to more realistic results.

8 Methodology

The coordinates d@ll datasets were converted frdtfGS84EPSG:4326) to the projected spatial
reference systei@ape / UTM zone 36E&EPSG:22236) for all analysesf this study

8.1 Selectiorcriteria forthe home range estimators

According to simulations, the performance of a baange estimator (HRE) largely depends on
the spatial distribution of the data points (Downs & Horner 2008; Getz & Wilmers 2004; Horne
& Garton 2006; Lichti & Swihart 2011 his is why the findings of studies that investigated the
performance of differdrHRE were usually contradictory. Examples can be found in Downs &
Horner (2008), Getz & Wilmers (2004), Getz et al. (2007), Lichti & Swihart (2011), Seaman &
Powell (1999) or Wall et al. (2014l order to evaluate the performance of the HRE for the
preent kind of datasimulations would be necessaimat mimic the real data as closely as possible
(Horne & Garton 2006)This, however, would require knowirtge true home rangewhich is

not possibleThis is whyit was not the goal to analyze the assuom# of each HRE to pick the
fibesb for the analysesnstead, a variety of different methods were chosen that should provide a
sound idea of possible estimations for this kind of data.

An important criterion for the choice of the HRE was their relevamoecblogical analyses. That
meanghat the most often used methods should be iedirdthis studywhich are the MCP and
KDE approachegDowns & Horner 2008; Laver & Kelly 2008; Lichti & Swihart 2011
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addition, two conceptually different estimatorere selected thanhcorporatethe temporal
dimension of the data'he time local canvex hull (t-LCH) and biased random bridgéBRB)

estimators, which are both relatively new, were chosethi® purpose. Although both th& €CH

and BRB approacheare at leasinethodologicallymore sophisticatedheir complexity keeps
within limits, which may be an important factor whéeing appliedto routine ecological
analyses.

8.2 Temporal atocorrelation

Whether the GPS data of the leopards and lions are tettympurtdcorrelated was tested by means

of the Sc h ¢/6)n Ehe feant? représents th¢ mean squared distance between
subsequent fixes, wheredss the mean squared distance between each single fix and the center
of activity (Swihart & Slade 186b). It has been shown througimulations thathe expected
value oft%/r? for independent successive observatamg a large sample siizclose ta2. Values
largerthan 2 indicate negative autocorrelation, valueallemthan 2 positive autorrelation (De

Solla et al. 1999; Swihart & Slade 1985Wlore details can be found in Swihart & Slade (1985b)
and De Solla et al. (1999).

The Sc h diewas calbuated ugintpe packagadehabitat{Calenge 2006)n R (R Core

Team 2015)Duetomempy constraints, the datasets of the
records. Since some of the datasets include several distinatifferent sampling intervals, the

ratio was calculated for each of them separately. The dataset of the leopard Motkarfang

example includes fixes at a sampling interval of 5 h and 90 min. Therefore, one ratio has been
calculated for the fixes having the coarse and a second one fogtteesampling interval.

8.3 Uncertainty of collar data

Theoretically stateof-the-art GPS systems allow horizontal position errors of 3 to 30 m (Lewis

et al. 2007; Tomkiewicz et al. 201@epending on factors such as canopy closure, topography
and collar orientation, position fixes may not only fail but also be biased and thus resgkin lar
errors (Frair et al. 2010; Swanepoel et al. 20T0)quantify the accuracy of the leopards and
lions GPS data, their mean deviation from the centroid was calculated by means of the following
formula:

'Qiiét‘g O © O ©)

wheren is the number of records,andy; the i" x- and ycoordinate, ansandxthe mean xand
y-coordinates of the whole dataskight datasets from different collars of the two ty@RS
Plus Iridiumand Vertex Surveyridium (Vectronic AeospaceGmbH, Berlin, Germanyjvere
available for the error analygi$able4).
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Table4. Overview of the datasets to quantify the GPS eékertex designates th&ertexSurvey Iridium
collar anddGPS Plgghe GPS Plus Iridiucollar.

Dataset No. of days Sampling interva[h] No. of records
Vertex 1 10 3 38
Vertex 2 10 3 37
Vertex 3 12 3 48
GPS Plus 1 2 1 28
GPS Plus 2 2 1* 29
GPS Plus 3 2 1 25
GPS Plus 4 2 1* 28
GPS Plus 5 29 1 650

*a minority of the records had a shorter sampling interval

As shownin Table4, most of the dataseiscludebetween 25 and 50 records. For @GS Plus
collar, a longettime serieof 650 recordsvas collectedver29 subsequent dayThe collar was
positioned near the LEC campKiGR and not moved during the recording of the fiXdste that

all Vertex datasets were collected at a sampling intervalhofnile the GP®lus collars have
intervals of mostly .

8.4 Twostages of home range analysis

8.4.1 Effect of parameters and home range estimators

Due to the high sensitivity of some of theme range estimat®on their parameters and the
resulting home range on the ussstimaor (Durr & Ward 2014; Getz & Wilmers 2004; Seaman
& Powell 1996; Wall et al. 2014), it is important to get an idea of the range of ijpbtesults.
Therefore, the first step of the home range analysi@vedtheinvestigation of the effect of the
paraneters that have been varied and the influence on the HREAtsetfin goal was to quantify
the influence of the choice of the parametduesand the home range estimator for this specific
kind of data. A second purpose was to provide a lodsiscison-makingfor the reduction of the
datavolumefor the subsequent analyses.

8.4.2 Differences between the individuals

After having quantified the effect of parameters and methods, the results of the home range
estimation were comparéatweerthe individual leoprds and lionsThe findings of the previous
analysis (SectioB.4.]) were used toaduce the number of comparisoRer example, if the home
ranges of4.CH for a specific leoparthll into two categories whose members are highly similar,
onerepresentativper category was chosen for the comparisetweerthe individuals At least

one and at mosgiwvo results per home range estimateere picked for each individualThe
intentions ofthis analysis step were to compare Hwne rangesvith the literature of other
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authorsand to analyze theghape and temporal variabiliiyinally, the differences between the
leopards and lions as well as their interactivasediscussed.

The temporalpartitioning of the datase$ based on ecological expert knowledge. The climate
data shown irChapter6 indicates a warm and wet season during the hemispherical summer and
a cold and dry season during wint®ne of the determimas for carnivores is the abundance of
prey, which in turn depends on the availability of consumable plants and drinking water (Leopard
Ecology & Conservation 2014; Tumenta et al. 2013; Winterbach et al. 2014). As the latter two
follow the seasonal climativariation, it is a key driver for the leopards and lions as Whlis,

in consultation witfStepherHenley, two ecologically relevant seasonave beemlefined: June

to September and November to April. The months May and October constitute theotransiti
between these two seasons and are highly varibéy are therefore excludeéor each HRE

and individualseveralhome ranges were calculated on the babitheir yearly seasonghe

kernel density estimator using the reference bandwidth was chosen to compute the seasonal home
rangesdue toits tendency to oversmooth (s8ections10.1.1and 10.2.). This characteristic
ensures that the temporal variation is affe@sdittle as possiblby an inconsistent behavior of

the HREwhose variations are mainly due to its functiorimgiead of real changefheseasonal

home rangesf all years of observatiowere compared to detect seasonal and other temporal
changes.

8.5 Selection of the parameters
8.5.1 MCP

The percentage of points used for the computation of the convex polygon had to be set. For the
computation of the home rangbe commonly usedalues 095 and 50 werehosen

8.5.2 KDE

Smoothing parameter

Four different methods were selected to derive the bandwidiiom the data:Reference
bandwidth (REF)Solvethe-equation plugn (PI), Biased croswvalidation (BCV) andSmoothed
crossvalidation (SCV) It was initially planned to include the least square cuadislation

bandwidth estimatoas well. A preliminary analysis, however, reveadledt the deficiencyf

LSCV to compute a result for points that are close togdde® Sectiory.3.2 inhibited its
utilization.

While the whole dataset was used for the bandwidth estimation for the leopard data, it had to be
reducedby half for the lions (with points selected randomly). Otherwise the algorithms

2 Personatommunication on April 28, 2015. Dr. Stephen Henley works as field coordinator and researcher
for LEC in Botswana.
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implemented in th&® packageks were not able to determinevalue The only exception is the
reference bandwidthvhich is simple to compute and therefaranaged taise the whole dataset

for the lionstoo. A lrief analysis was carried o(gee Appendix A.1jo estimatetie effect of the
reduced sample size on the resulting bandwidth computBd BV and SCVIn this analysis,

for each of the leopards, the resulting smoothing param@&keB¢V andSCV) were calculated

when using the full and the half dataset. The badliths for the reduced datasetsrecalculated

10 times for each leopard in order to take possible fluctuations into account that may occur due
to the random point selection of the subgebm the range of the resulting ratios between the
bandwidth for the complete and the reduced dataset, the most conservative ones were used as
correction factors. Thus, the estimated smoothing parameters for the lions were multiplied by the
following correction factorsPl: 0.817, BCV: 0.902, SCV: 0.798he resulting bandwidths for

the KDE approach are listed Trable5 for the leopards and ihable6 for the lions

Tableb. Smoothing parametefsr the kernel density estimat (KDE) for the leopards.

Leopard hrer hei hecv hscv

Ronja 2126.9 922.8 2022.5 881.3
Mothamongwe 1614.8 820.8 1488.1 843.9
Bogarigka 3093.5 1183.8 2861.6 1187.3
Gham 2015.7 966.7 1945.8 961.4

Table6. Smoothing parameters for the kernel density estimator (KibE)e lions

Lion hrer hei hecv hscv

Verity 2873.9 1229.7 2793.5 1171.6
Ella 2132.4 919.7 21020 869.6
Jane 2759.8 985.3 2676.7 10230
Hitchcock 3270.8 1356.4 3195.2 1308.8
Mexico 1665.0 450.5 1628.1 422.3
Madge 3080.0 680.7 2694.8 723.4
Orange 1694.3 697.6 1665.2 663.5
Getika 2173.3 842.6 2104.5 774.5

Kernel

ThekernelUDfunction of theR packageadehabitatHRwhich wasselectedo compute the KDE,
allows to chose between the Gaussian and the Epanechnikov kernel function. According to the
literature, the effect of the kernel functimmegligible (Gitzen et al. 2006; Kie et al. 2010; Laver

& Kelly 2008). This was also confirmed by an own brief analysisAppendixA.2), for which

the volume of intersection (VI) between the UD provided by the two kernel functions (esing
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was calculated (for further information about the volume of interseséie SectioB.6.2. Index
values between 0.92 and 0.95 indicate a negligible influence of the kernel functionaThus,
comparison of different functions was not carried out @h&DE calculations were performed
using the Gaussian kernel.

Although the kernel type (fixed or adaptive) does have a significant effect on the result, a fixed
kernel was used for all KDE resultdne reason for this decisiontlsat the literature generally
recommends to use this kertygbe (Gitzen et al. 2006; Millspaugh & Marzluff 2001; Millspaugh

et al. 2004; Seaman et al. 1998 second reason that theadehabitatHRpackage (and all the
others that have been reviewed) supponty the fixed kernel.

Grid and extent

The extent paraeter allows to determine how much larger the area is compared to the minimum
bounding rectangle around all the points that is considered by the UD. The grid parameter controls
the number o€ellsin each dimensiofor which individual UD values are cal@aiéd The higher

the value of these two parameters, the higher the computational &ffextentfactorof 0.3 and

a grid of 70Ccellswereset for all individuals.

8.5.3 t-LCH

Due to computational issues, only every second point ofdhaelatasets was uséat the tLCH
approach. The algorithms of tRpackagdlocoh (usedfor the computation oftCH) couldnot
deal wi th mor e t hadatapaimsp In order tmprdcess gy readofidwi@nd O
range ofk- anda-v a | u e s datapdintsdpPelredo be the thresholdVith more points, the
memory of the computer was overloaded Rratashed.

Thin out bursts

t-LCH is one of the home range estimators whose resultsbaajasedby strongly varying
sampling intervals within a dataset.drder to redue potential biasthetlocohpackageprovides
a tool to remove the most extreme bursts based on a thr¢subs®quently calledurst value)
Its value was chosen so tlEtmost 10/ of the data were discarded

Neighborhood selectiom- andk-value

Of the three rules to select the neighborhood for the twralex polygons, the- andk-rule are
usually preferredover the r-rule due to their lower errors (according to simulations) and
depemency on the exact neighborhoealue (Durr & Ward 2014; Getet al. 2007; Lichti &
Swihart 2011)For these reasons, theandk-method were selected to computetth€H home
ranges.
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In order to choose an appropriater k-value,a broad range of valuegedgo be calculatethat

can be analyzed subsequently a first step, the isopleth plots of the results were analyzed
visually to narrow down the range of reasonable restilis means that neighborhood values
that lead to very fragmented home ranges with a huge numbeleséven in the 506 core area

as well as values that result in massivyersmoothedlhome ranges lacking any level of detail

got excluded After that, the area of different isopleths (e.g.98575 % and 50%) was plotted
against the neighborhood value. Sharp jumps in area indigtiters and abrupt changes between
relatively stable states. Whereas outliers were excluded from the list of appropriate neighborhood
values, abrupt changes were used to partitiervalues into relatively homogeneous groups. As

a third tool, the ratio of the total perimeter to the area was plotted againgkthialue.This plot

shows how fragmented and patchy the isopleths are. Sharp jumps in this plot indicate
neighborhood vales at which spurious or legitimate holes are filled. Again, neighborhood values
that indicate a transition between twtablestateswere excludedOf the remaining range of
values, twaneighborhood values for both taeandk-methodwere selectedusingthe isopleth

plots) that represera lower and upper bound. While the former providsightly fragmented

but detailedview of the home range, the latisrrather oversmoothed and reduced to the most
important features.

Influence of time

The parametes is a scaling factor that contralse impact of the temporal difference between
two fixes Qurr & Ward 2014Lyons et al. 2013)Since there is noptimal or right value for this
scaling factor, the developers of the@H approach recommend to start with @value that
time-selects 60% of the hullsand then try different values as well (Lyons et al. 2013). In this
study,s-valueswere used thairhe-selectd0, 60 and 80 percent of the hulls. In additiors-aalue

of 0 was usedvhat actually eliminates the impact of time and resultsérclassical local convex
hull (LCH) approach.

Parameter overview

Table7 andTable8 present the parameter values used for4h€H estimator for the leopards
and lions respectively Two a- and twok-values were selected for each of the fewalues per
individual. Thus, 16 home ranges wegdculated in total for each leopard and lion usth@H.
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Table7. Parameter overview of thellCH approach for the leopardehe parameter values that were
selected for the ecological analysighaf individuals are highlighted.

Leopard burst value s ai, & ki, ko
0 MonQnnnz HHAC95 165
) 0.023 McnQnnnx Hp:A¢100,150
Ronja 0.60
0.040 MpnQann HHAC5 165
0.096 McnQnnnZ HNOA¢105, 135
0 M Nn00@ 161 Qn nn 105,135
0.005 MMmnQnannn¥ onn¢70,95
Mothamongwe 0.280
0.010 MpnQnannnX Hdon90, 140
0.025 My nQnnnz Hc 95 140
0 HnnQnnn nnan¢l125,210
. 0.004 MpPnQnnnx onn¢ 125,185
Bogarigka 0.960
0.009 HnnQnnnZ o wMmnaf 145,205
0.023 HonQnnn opn(155,195
0 MonQnnn WAoo, 160
0.0005 McnQnnnZ HT 115,155
Gham 0.985
0.0012 MHANQnnnZXZ HHAMCL35 170
0.0031 dnQnnannx wmt1nQy 115,165
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Table8. Parameter overview of theliCH approach for the liorEhe parameter values that were selected
for the ecological analysis of the individuals are highlighted.

Lion burst value S ai, a k1, ke
0 omMmnQnnannz ndgn¢ 160,250
) 0.002 mMpnQnnnz onn¢160,230
Verity 0.990
0.008 HnnQnnnXx onnt¢170,270
0.022 HbonQnnnX npn(l70,250
0 onnQnnni%¥ nyn( 180,290
0.001 MmnnQnnnz HMAC190, 300
Ella 0.980
0.005 McnQnnnZ HYn¢ 180,280
0.020 HNnnQnnnXx oHNC170,270
0 HynQnnnx pnn( 150,250
0.003 McnQnannn HdQA 180,310
Jane 0.980
0.007 MTNQann HGA 170,250
0.022 MpnQnnnX HT 170, 260
0 oHnQnnnX nnn(150,250
0.002 MnnQnnannZz onn¢170,250
Hitchcock 0.990
0.006 HHNQnnnXZ owmn¢ 180,270
0.025 HnnQnnnX onnt¢150,270
0 MTNnQnnnx orTn¢110,210
0.002 McnQnnannxz owmn¢ 160,250
Mexico 0.987
0.007 MpnQannnX HT AN 150,260
0.028 MpPnQnnnX Hdon 160,270
0 HnnQnnnZ nnnt150,280
0.002 HcnQnnnX oy n(160,270
Madge 0.980
0.005 HnnQnnnX oy n(180,250
0.023 HonQnnnXx nnn¢180,270
0 HnnQnnnX nHAMC140, 260
0.004 McnQnnnX Hdn 110,220
Orange 0.495
0.010 MonQnnnx HOAC 90,230
0.038 My nQnnnz oon¢120,230
0 HMNnQnnnX owmn (190,340
0.004 McnQnnnx oHAN¢160, 250
Getika 0.985
0.018 HonQnnnx onn¢160,300
0.045 HMnQnnnx owmn¢190,3D
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8.5.4 BRB

Section7.3.4describeshe principles of the biased random bridges appriveitteory. In practice,

BRB is usually approximated by a movembased KDE. The reasons for that are mathematical
difficulties in solving some of the differential equations (particularly due to the anisotropy of the
diffusion coefficien (Benhamou 2011; Borger et al. 2008pfar, the exact version of BRB has
not been implemented in any known R pack&jace the mathematical differences are quite
small and thdack of the diffusion anisotroppegligible, the usage of the movemébased KDE

is a valid approximation of BRB (Beamou 2011).

Smoothing parametdimin

Since BRB is a mechanisti@therthan a statistic approach gtocationbased)KDE is, its
smoothing parametdm,» should be based on ecological grou(@8rger et al. 2008Kie et al.
2010;Wall et al. 2014)One component dfimin i the uncertainty of the position measurement.
As presented in Sectidh2, the observed errors are between 2 and 1Bevause the GPS error
may be larger when the orientation of the collanot ideal or the field of view between the
satellites and the collds restricted (e.g. animal lying under a tree), twice the maximum observed
error (30 m) was selected ftite uncertainty component.

In order to quantify the second componenhgf (all potential locations at a specific timsee
Section7.3.4), therecommendation of Benhamou & Cornélis (20a8Y Jay et al. (2012) was
applied It intends that half the distant®atcan becovered by an animal over a longer time period
using its maximum transitelocity is added to the uncertainty componéatlonger time period

was defined as 30 to 120 minutes, depending on the sampling intereatnt ina dataset,
whereas the maximurnavel velocity was defined as the'9percentile of speeds found in a
datasetThus, the value of the 99ercentilevelocity found in the part of the dataset that was
sampled at the most abundant sampling interval between 30 and 120 min was mulitipliad
respective sampling interval. Then, half this distance was added to the 30 m of the uncertainty
component to obtain the value lefi.

Due to the varying sampling intervals within a dataset the definitiohn@fis somewhat
ambiguous. For examplthe lioness named Jane has two main sampling intervals of 30 min and
60 min. While the maximum travel velocity does not depend much on the choice of taking 30 min
or 60 min as the sampling interval (3.32 km/h vs. 2.87 km/h), the smoothing parameter almos
doubles (860.7 m vs. 1463.5 m). Except for the choice of the sampling interval used to compute
hmin, the formula of Benhamou & Cornélis (2010) and Jay et al. (2&l2nly a general
recommendabn and may nobe equallyadequate in all caseFo take tlese issues into account,

a range of values for the smoothing parametes calculated. The value lafi» obtained by the
abovementioned formula served as a reference value that was reduced and increased in steps of
20%. Thus,hmin Was scaled by a list éactors (e.g. [0.6, 0.8, 1.0, 1.2, 1.4The range of this list

43



Part Ill | Home range analysis

was restricted manually so that only reasonable UD resulted that were not overly fragmented or
oversmoothedHowever, the BRB result using the unscaled smoothing pararhetewas
calculated for all individuals for comparisoeven if it produced highly fragmented or
oversmoothed results.

Maxirmum time differencetmax

Tmax determines the maximgl allowed time difference between two consecutive fixes so that
they are considerefibr the computation of BRB. It should be large enough to incorporate the
regular sampling intervals of a dataset but small enough to exclude time differences that are too
large to guarantee serial autocorrelation (Benhamou 20h#).results of SectioB.1 clearly
showed that all regular sampling intervals fulfill the condition of autocorrelafioerefore, the

value oftnax Was set to be large enough to incorporate the regular sampling intervals of the
respective dtasets.

Minimum movement thresholdhin

In the absence of binary activity data indicating resting times, a value needs to be selégted for
This parameter defines the minim distance between two consecutive points so that the bridge
built by them isconsiderechs movement. The selectionlgf, followed the suggestion of Diirr &
Ward (2014)which used twice the value of the measurement uncertainty. For this study, a value
of 30 m was set fdmin for all individuals

Number of segments for a bridtpau

The approximation of BRB through movemdmatsed KDE requires subdiid) a singlebridge

into severaktepsof durationtau. For each of these steps a kernel density estimation is performed.
As rules or guidelines for selecting a valuettrare lackng, a brief analysis was conducted to
quantify the effect of its value. Thus, a variety of valuesdor1, 3, 6, 12 and 15 minyasused

to calculate the area of the %®and 95% home range isopleth for the four leopards. In a second
step, the obtairtkareas for each inddual were divided by the maximuwalue (separately for

the 50% and 95% result). The resulting values show the difference between the largest and the
smallest aredsee Appendix A.3)The biggest observed difference was %5or the 50%
isopleth area of Bogarigka. All the other differenckthe 50% and 95% isoplethsawvere between
0.1%and 1.0%. Therefore, the influence tduwas considered as negligible and a single constant
value was used for each individuAlduration of 10% of the smallest regular sampling interval
was selected for the parametizu.

Grid and extent
An explanation of the extent and grid parameters can be found in S&&idiThe same values
were used heras for KDE(extent = 0.3, grid = 700).
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Parameter overview

Table9 andTable10 give an overview of the selected parameters for the BRB approach for the
leopards and lionsespectively Different results per individualere calculated byarying the

hmin factors in steps of 2@ of the reference smoothing value.

Table9. Selected parameters for the BRB approach for the leopardémikfectors arerncreased in steps
of 0.2.The result using the reference valuehah (1.0) was computed for every individual.

Leopard hmin [M] hmin factors tmax [mMin] Imin [M] tau [min]
Ronja 1246.4 0.6¢1.6 310 30 12
Mothamongwe  1924.2 0.4c1.4 310 30

Bogarigka 1396.1 1.6¢2.4 190 30

Gham 1331.6 0.81.6 190 30

TablelO. Selected parameters for the BRB approach for the lion$miHactors are increased in steps of
0.2.The result using the reference valuehai (1.0) was computed for every individual.

Lion Nmin [M] hmin factors tmax [Min] Imin [M] tau [min]
Verity 893.9 1.8¢2.2 40 30 3
Ella 925.4 14¢2.2 70 30 3
Jane 1463.5 1.2¢2.0 70 30 3
Hitchcock 1422.1 1.6¢2.2 70 30 3
Mexico 1123.9 1.6¢2.4 70 30 3
Madge 1479.2 16¢2.4 70 30 3
Orange 1768.7 0.81.6 70 30 3
Getika 917.6 1.4¢2.2 40 30 3

8.6 Criteriaof home range comparison

For each of the home range estimators, thée3nd 50% isopleths were computed. For KDE
and BRB, which result in a utilization distribution (UD), the UD was computed asAvedlries
of measures was determined to describe the resulting home rangedlocancomparisons
between them.

8.6.1 Home rangalescriptors

The following measures were determined to describe the features 8b®1950% home range
isopleth:

A Area

Number of holes

Number of disjoint areas

Relativesize of the50 %core aredo the 95 % home range
Compactness

> > D
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The size of the area includes all polygons of a home range (in case several disjoint polygons are
present) but does not count the area of holes, if pre&dmile needs to have an area of at least
0.25 knt to be counted. This threshold was set to exchmlgious holes that are probably only

an artefact of the HRE. A lower limit was also applied for the number of disjoint areas. They need
to have an area of at least 1% mtherwise theyereignored.The relative size of the core area
designates the sizd the core area (5% isopleth) in relation to thentirehome range area (956
isopleth). As a last measure, the compactness was comph&dompactness meas@esed in

this study is defined as

Y o= (10

with A beingthe area of the isopleth (areas of holes are includedDatie diameter of the
smallest circumscribing circle around all (possibly spatially disjoint) parts of the isopleth (Ebdon
1985).The compactness thus describes the ratio of the areashadniterange isopleth and the
smallest circle that encircles the whole isopleth. It is an indicator ettilegical efficiency since

a circle has the lowest perimeter at a given area (Ebdon 1988), Juch a home range allows

an animal taeach every pat of the area quickly and reduces the length of the perimeter that
needs to be defended agaimstuders.

8.6.2 Overlap measures

Two measures of spatial overlap were calculated to quantify how well two home range results
equal each other. The first of themasspatial intersection of two isopleths stemming from
different results. Theverlaping areds divided by the areas of the respective isopleths to obtain
the relative value of intersection.

For those HRE that produce a utilization distribution (KDE BRB), the intersection of their

UD was computed as welDther than the home range isopleths, which only inform about where
an animal has been, the UD also informs about how frequently a specific region has been used by
the animal (Fieberg & Kochanny 20G5itzen et al. 2006 Thus, an intersection of two utilization
distributions also takes into account how frequently the overlapping regions have been used
(Fieberg & Kochanny 2003lillspaugh et al. 2004)Seidel (1992 in Fieberg & Kochanny 2005)
developedn index called volume of intersection (VI) index that applies the idea of an intersection
of UD. The values of this index range between 0 (no overlap) and 1 (complete overlap). Further
details about the VI index can be found in Fieberg & Kochanny (2808)Millspaugh et al.
(2004). The VI index was applied as a second measure to quantify the overlap for KDE and BRB.
A threshold of 98% was used for the computatiomhich means thahe 5% of the UD with the

lowest space use density were exclufiteth the intersection.
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8.6.3 Coefficient of variation

The coefficient of variation (CV) was used to summarize the results of the individual leopards
and lions to exclude their impact on the performance of the HRE and their parameters. It divides
the standard deviatn by the average to normalize its value. This normalization allows to quantify
the variation irrespectively of the absolute values. The CV was calculated for the area and
compactness of the 836 and 95% isopleths of each HRE for each individual sepayatel

8.7 Hardware and Software

All analyses were done R(version 3.2.0) (R Core Team 2015) usikfgtudio(version 0.99.442)

as an integrated development environment (D& programming software ran on a Window
8.1 (64 Bit) machine with 1g§igabytes of memory. Except for the basic functionalities provided
by R, different additional packages were used for the different analyséxde 11 gives an
overviewof the most important packages.

Tablell. Summary of the most importaRpackagesised for the analyses.

Rpackage Usage in this study
adehabitat Computation of Schoener's ratio
adehabitatHR Computation of MCP, KDE and VI index
adehabitatLT Provides the data structure for BRB
hab Calculation of the Euclidean distances between two individuals
ks Estimation of bandwidths for KDE
maptools Provides tools to manipulate spatial objects
move Get basic movement measures
rgdal Reprojection of the spatial reference system
rgeos Computation of home range overlap
sp Provides spatial data structures
T-LoCoH Computation of {LCH
tripack Computation of shape measures

9 Results

9.1 Temporal atocorrelation

The Sc ho etf/gshown inTahle1P (bons) andTable 13 (leopards)areclearly below

the critical region arounthe value of2. The highest value of trebservedions is 0.00998 for

the part of the data of Orange that has been sampled at 60 mialsit&ince this value is much

small er than 2, the I|Iion data can be regarded
of the leopards are considerably higher than those dibtie with a maximum value of 0.09582
(Mothamagwe, 300 min.)This difference is caused by the coarser sampling interval: The lower
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it is, the |l ower is the temporal autocorrelati
(De Solla et al. 1999; Swihart & Slade 1985%gvertheless, even the 5 h sampling intlsred

the leopards lead to values well below the threshold of 2. Therefismethe leopard datis

positively autocorrelated

Tablel2. Schoener's ratios for the different sampling intervals of the lions

Individual Sampling inteval [min] t2 r?
Verity 30 0.00062

30 0.00098
Ella

60 0.00320

30 0.00070
Jane

60 0.00219

30 0.00073
Hitchcock

60 0.00246
Mexico 30 0.00247

30 0.00118
Madge

60 0.00384

30 0.00349
Orange

60 0.00998
Getika 30 0.00149

Tablel3. Schoener's ratios for the different sampling intervals of the leopards.

Individual Sampling interval [min] t% r?
120 0.00217
Ronja 180 0.02083
300 0.02186
90 0.01807
Mothamongwe
300 0.09582
) 60 0.00240
Bogarigka
180 0.01389
60 0.00908
Gham
180 0.04646

9.2 Uncertainty of collar data

The eight control datasets showrliable4 resulted in horizontal errors of 2.1 m to 15.0 m. The
individual results are listed iffable 14. The datasetcontaining 650 records (GPS Plus 5)

correspondgairly well to the other, much smaller GPS Plus data3é¢is.Vertex datasets seem

to have higher errors (4.95.0 m) than the GPS Plus datasetsi(28 m). Since théormer
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belong not only to a different collar type but were also sampled at a coarser sampling interval (3
instead of 1), the caus#or the discrepancgould notbe determinedn addition, the low number

of records of the datasets (except for GPS BJudesnot allow inferences about the statistical
significance of the discrepancy. However, for the purpose of home range estimation, th
magnitude of the errors is unobjectionable.

Tablel4. Horizontal errors of the eight contrddtasets.

Dataset Horizontal error
Vertex 1 15.0m
Vertex 2 49m
Vertex 3 114 m
GPS Plus 1 22m
GPS Plus 2 22m
GPS Plus 3 7.6m
GPS Plus 4 21m
GPS Plus 5 23m

9.3 Effectof parameters

9.3.1 KDE

Table15 shows the coefficients of variation thfe KDE approachThe relative variations of the
area are comparable for the @and 95% home range isoplethwith meanCV values of 13%

and 174, respectivelyThe difference of the compactness values ishmmore pronouncegvith
values of 1B85% for the core area and 25% for the 95% isopleth. While the mean and median
CV values are moderate for the compactness of th&3%ome range boundary, they are
considerably larger for the core arg®.KruskatWallis test with the normalized areas and
compactness indices (of both the @0and 95% isopleths) was conducted to test whether the
KDE home range estimates produced by the four different bandwidth estimators differ
significantly. Rvaluessmaller tharl.13108 (> betweer39.89and158.29 df = 3 requirel to
rejed the null hypothesigJ 005) Thus, there is difference between the results of KDE.

Tablel5. Coefficient of variatiomalues of KDA summary of the coefficiendf all individuals is shown.

50% 95%
CV measure Area[%] Compactnes$%] Area[%)] Compactnes$]
Minimum 9 13 6 7
Maximum 29 85 25 45
Median 17 53 11 16
Mean 17 53 13 17
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A closer look at the differences between the parameter sets ofréii@Bled that the results of
each individual can be assigned to one of two gr¢sgaFigurel12). One ofthemcompriseghe
results of REF and BCVLheir area sizes and compactneaisies of both the 5% and the 9546
isopleth differ on average less tha%o3In addition, their VI indices are above 6,%hich means
nearly identical utilization distributiong.he home range estimates of the second group, which
compriseghe results of Pl and SCghow the same degretamnformity. The hidh similarity of

the KDE results estimatedsing Pl and SCV wasonfirmed through a KruskaWallis test
statistic The areas and compactness indices of thé&ss8nd 95% isopleth do not differ
significantly when using a threshold ®f%6 (¢ :0.024i 0.088, df: 1, p: 059-0.88). The contrary is
true for REF and BCV whiclproducesignificanty different resultsaccording to the test
30.7553.39, df: 1, p smaller than 2.74*30 However, this seems to be an issue with the
functioning of the test (see discussion in Sectiori.]).

The differences bateenPI/SCV and REF/BCVare quite pronounced. The areas of thédand
95 % home range bawdariesproduced by Pl and SCV are on average roughl§o3@sp. 20%
smaller than those of tlethergroup. The compactness of the%@sopleth is on averaggprox.
65 % smaller 95 % isopleth 30 % smalle). Considering also the number of disjoint aread

the number of holeseeAppendix A5, which are usually much higher for Pl and SCV, the home
range estimates produced by Pl and SCV tend to be undersmoothed and fragooenpeae
Figurel?2). The datasets of the lions are affected more severely by the undersmootHiagadf P
SCV than those of the leopardsor all of them, the number of regions for both theoand

95 % isopleth is considerably increased. Whereas the number of dfallee % % isopleth is
increaseds wellfor most of the lions (when using PI or SCV), no such trend can be observed for
thenumberof holes of the core area.
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a) LF12_Verity: KDE (REF) b) LF12_Verity: KDE (BCV)
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Figurel2. Example of the high similarities betweRBERa) and BC\(b), aswell as P(c)and SC\d). The
home ranges of Pl and SCV tend to be fragmented and undersmoothed, whereas REF and BC)
oversmooth slightly.

9.3.2 t-LCH

The summarized CV values for the time local conveyguh estimator are presentedTiable

16. Both the relativestandard deviationsf the area and the compactness are clearly smaller for
the 95% home rangesopleththan for the core area. Particularly the compactness of the latter
shows a wide rangd 9i 71 %) and has &igh mean CVof 34%. Thescatteringf the 50% area

is also quite pronouncedith a maximum value of 3% and a mean value of 24. The area and
compactness of the 96 isopleth can be termed as stalblgh mean and median values®%

resp. 10%. Overall, there is a significant difference between the area values and compactness
indicesfor both isoplethsof all computed 4.CH homeranges.Due to the large number of
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statistical tests conducted felt€H, their results are listed ifablel7instead of being mentioned
in the running text.

Tablel6. CWalues of .CH. A summary of the coefficients of alividdials is shown.

50% 95%
CV measure Area [%] Compactness [%)] | Area [%)] Compactness [%]
Minimum 9 19 4 5
Maximum 33 71 10 16
Median 22 31 7 10
Mean 21 34 7 10

In addition to the overall similarity it was investigated whether there are trends observable for the
individual parameters. Neither for the results produced byttde nor by thek-rule the null

hypothesis could be met for any of the four meas(sesTable 17, col wmnse 0ffaand 0Kk
r u l. ldodwéver, the walues for thé-rule are several magnitudes larger than those ai-thée.

There are also significant differences between the results produced by usingltethat time

selects Oo, 40%, 60% or 80% of the hullyf c ol umns As 00, i sTheODodly s 600
exception to this is the area of the @lisopleth when testing all results with sswalue of 0.

When looking at the combinations of the neigtitomd rule parameter and the time parameter
separately, high similarities can be observed betweesvhkies that timeselect 40%, 60%

and 80% of the hulls. In fact, there %o significant difference fonearly allof the measures

between the 6@ ard 80% s-values when looking at ttee andk-rule results separatefgolumns

Al aule: s60s 8 0 0 awuleds608 B 0 ©he same is true for the 48 and 60% s-values

(col ummiess408 6 0 0 -aule:b40$1 & 0 0 ) .

The findings of the tests are in agneent with the optical analysis of the results (compagere

13): Thea-rule results in distinctively different isopleths than Kaile as soon as the time is
incorporated. The 5% isopleth of the latter show muatore spatial detail, are more fragmented
and usually consist of more disjoint polygons. The core areas afrtie, on the other hand, are

very compact (mean compactness of 0.53 compared to 0.Bpdod resemble a circle in shape.
Because of that, 8y show much less spatial detail. The mentioned tendencies are also true for
the 959% isopleth, but are much less pronounced there. Another substantial differences is
observable between the exclusion and inclusion of time. When no hulls arseteceedihe
abovementioned differences between treandk-rule are mostly absent. In that case, both the
50% and 93 isopleth are quite fragmented and the core area consists of a collection of circular
polygons which can be connected to each other or disjagisoon as time is included, the
isopleths (particularly the 8 isopleth) are strongly directed and interconnected when using the
k-rule. For the aule, the isopleths become also slightly directed but tend heavily towards a
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compact shape. The degreanthich the time is included does hardly alter the mentioned patterns,
although they seem to become marginally stronger frofi 40 80% of time-selected hulls.

a) PM08_Gham: t-LCH (s=0, a=130000) b) PM09_Gham: t-LCH (s=0, k=90)
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e) PM09_Gham: t-LCH (s=0.0031, k=115) f) PM09_Gham: t-LCH (s=0.0031, a=90000)
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Figurel3. Influence of the parameters 6. CH. The results of theule (a), c), €)) have more detailed ai
fragmented isoplethswhereas those of tha-rule (b), d), e€)) are very compact when time is incluc
(illustrations q)f)). The exclusion of time (a) and b) letwla dotlike pattern. The differensdbetween
40%(c) and d)) and 8%(e) and f)) of the hulls being tinselectedare smalland inconsistent
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9.3.3 BRB
Notethat the results of BRBrere not derivedrom independently determined values for one or

several parameters butere ratherscaled versions of a single reference valug,)(and thus
interrelated.

As shownin Table 18 the relativestandard deviationare quite small for the areas of both
isopleths (mean of & resp. 5%). In addition, the areas can be regarded as staitkeranges of

6 % and 4%. Although the area correlates with the (scaled) valug.@fcomparegrigurel4), its
coefficient is smaller than T'he CV of the compactnes$sr the 95% isopleth has a moderate
mean and median, but reached a maximum value &b6.I"he compactness of the core area is
markedly less stablevith amaximumof 35 % for theCV and a quite pronounced mean value of
18 %. The compactness index increases togetherhwittbut the relation is not lineaandhasa
slope smaller than According to the KruskaWallis test, the resuli@able18) are significantly
different regarding both their ar¢ac 34.349, df: 3, p: 1.67*10Q and compactnegs® 27.271,

df: 3, p: 1.36*16) of the 50% isopleth For the 95% i sop | et RK35822hE 3, ar ea ( G
8.164*10°) and t he %i6.645,at 3, m @@088) afecignificantly different, too.

Tablel8. C\Walues of BRB. A summary of the coefficients of all individuals is shown.

50% 95%
CV measure Area [%)] Compactness [%] | Area [%)] Compactness [%)]
Minimum 3 5 4 3
Maximum 9 35 8 17
Median 6 20 5
Mean 6 18 5
b) <)

LF16_Jane: BRB (1.2*hmin) LF16_Jane: BRB (1.6*hmin) LF16_Jane: BRB (2*hmin)
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Figurel4. Effect of the parametdimin of BRBThe areas anthe compactness indices of both isopleths &
positively correlated to the value bin (Scaling factor increases from image a) to c)).
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9.4 Evaluatiorof the home range estimataer

The following results were obtained by taking the average over all parameter versions per home
range estimator (see Secti@’). Thesemean values were normalized by the largest value found
for each HRE so that values between 0 and 1 were obtained.

The MCP approachresulted in the largest 3% and 95% home range arean 10 of 12 cases
each. In the other two (respectively fpaases, it produced isopleths that are betwee¥ 8iid
98 % of the largest aredhis trendwasalso confirmed byhe results listed ifable 19, which
presents averaged values over all 12 individustishe otherend of the range, KDE vyielded the
smallest estimates for both isopleths in the most cases (on aver&garkD82% of MCP for
the 50% and 9%% isopleths) Thecore areas of thel. CH approactare usually the second largest
(in 10 of 12 cases)he minimun area per individual jexcept for one casbetween 6%6 and
75 % of the maximum ared he typical range for the 5 isopleth area isccordinglysmaller
than the one for the %4 isopleth 70i 85 % of the maximurih However, when MCP is ignored,
the 95% isopleths arenore similar to each other than the core avatisdifferences of less than
10% (on average less thar®s comparelable19) for most individualsThe KruskalWallis test
statistics confirms the high similarity of the 95% isopleth: Whereas there is a significant
difference between the areas of KDH,GH and BRB for the core are®?( 9.480, df:2,

p: 0.0073), they can be considered as being the same for tlé BBpleth ¢ 1.526, df:2,

p: 0.4654). For this and the subsequent tests of Se&idMCP was excluded as it has nearly
always a value of 1 for the area and compactaegdshus interferes with the t€&ir thedetailed
reasons see the discussion in Secti@m.]). When looking only at individual pairs for the %0
isopleth, no differencesxistbetween BRB and KDEsf: 3.323, df: 1p: 0.0683 and BRB and-t
LCH (¢* 1.847, df: 1p: 0.174).

Tablel9. Mean normalized descriptive measures of the four HRE. The mean value of all versions of a single

HRE was normalized Bividing it by the maximum value of the four HR# individual)Here, the average
of these values of all individuals are presenteomp stands for compactness.

50% 95%
Method | Area Holes  Regions Comp. Area Holes Regions Comp.
MCP 0.99 0.00 0.16 1.00 0.99 0.00 0.18 1.00
KDE 0.70 0.49 1.00 0.30 0.82 0.89 0.92 0.52
t-LCH 0.83 0.36 0.33 0.42 0.85 0.25 0.20 0.64
BRB 0.79 0.70 0.57 0.30 0.87 0.57 0.68 0.57

In the matter of compactness, ME@hsistently produced the most compact home range isopleths
(normalized values of 1.00 ihable 19). Particularly the core area exhibits particularly high
absolute values of at least 0,%hich is very close to a circlecompareFigure 15 a)). The
compactness indices of the otineethodsareonly 25 50 % of the one 6MCP for the core area
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(on average 3M2 %, seeTable19). KDE typically resulted in the lowest compactness, although

BRB yielded comparably low values for the core atéaCH produced especially for the 80

isopleh more compact estimates than KDE and BRi: range of compactness indices is smaller

for the 95% than for the 5046 isopleth in most casewith relative differences of less than %5
Because of two dAoutlierso, t hhese ofdhe gagesarem r e o n
Statistically, the compactness indices of KDECH and BRB are significantly different foine

50% ¢ 13.358, df: 2, p: 0.0013) and 96 1 10.293, df: 2, p: 0.0058) isopletHdowever,

KDE and BRB(compard-igure15c) and d)yesult in values that can be considered as being the

sameg( %0.054, df: 1, p: 0.8170forthe 39 b o u n d & 1.548, dfnldp: 062134 for the 96
boundary) The same is trulr the 95% isopleths 0BRB andt-LCH ( %3.764, df: 1, p: 0.0524),

whereas the compactness indices of th&50i s o p | et h's 2a6r3&6,df: b, p: 0.d1RkY.er se ( G

a) PMO07_Mothamongwe: MCP b) PM07_Mothamongwe: t-LCH ($=0.005, k=95)
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Figurel5. Major trends of the home range estimatamghe example of Mothamongwe: MCB @@ith a
nearly circular core areal{CH (b) with a low number of regions and holes, BRB (c) with a similar si
shape as KDE (&hich tends to have the highest number disjoint regions.
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In general KDE resulted in the most fragmented home rangeshsitargest number of regions

for both isopleths and holes for the core gomempareFigurel5). Only BRB produced similarly

high or even higher values (compare the number of holes for tBe iS0pleth inTable 19).

t-LCH is quite stable concerning the absolute number of holes and areas and is only undercut by
MCP, which has zero holes and one region per definitidhile the averaged maximum absolute
values for the nuiver of holes of KDE and BRB are small for the core area and moderate for the
95 % isopleth, extreme values were obtained for the number of regions, particularly for KDE.

9.5 Home ranges of individuals and their interactions

9.5.1 Reducingthe set of results

Based onthe findings from the investigation of the effect of the HRE and their parameters
(Sections9.3, 9.4, 10.1and 10.2), only a subset of the results per individual is ukmdthe
comparisorbetweerthem. For KDE, the result obtained by using REF as a bandwidth estimator
was selecteddther than SCV and PI, which resulted in massively undersmoothed estimates for
most of the individuals, REF (and BCV) produced more appropriate home ranges. Because the
results of REF are nearly identical to those of BCV but niasterto compute, the foner was
selectedFor tLCH, the lower and upper boundary value of kivelle (: andk,) determined at

the s-value that timeselects 6@ of the hulls were considered (compdiable 7 andTable8).

Other than the-rule, the results of thk-rule show a reasonable level of spatial detsdlthe
inclusion of time leads to less disjoint regions for both thé/b@nd 95% isopleth and the
differences between tirselecting 40%, 60 % or 80% of the hullsare minor the 60% time
inclusion was selecte@or BRB, one of the results in the mi@hgeof the computedalues(see

Table9 andTable 10) was selectedSince the different results are equally scaled versions of a
reference value, the average of e.g. two more extremes values would lead to an almost identical
outcome as taking a result from the middle afedle20gives an overview of the result used for

the comparison for each individual.
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Table20. Selectedmin factors for BRB for the comparison between the individuals

Individual Species hmin factor
Ronja Leopard 1.2
Mothamongwe Leopard 0.8
Bogarigka Leopard 2.0
Gham Leopard 1.4
Verity Lion 2.0
Ella Lion 1.8
Jane Lion 1.6
Hitchcock Lion 2.0
Mexico Lion 2.2
Madge Lion 1.8
Orange Lion 1.4
Getika Lion 1.8

9.5.2 Leopards

The averagdome rangesizes of the leopards range between 695 and 235%dknthe 95%

isopleth and between 202 and 4872Kor the 50% isopleth(compareTable21 and Appendix

A.4 for the detailed resultsBoth thebiggestand smalles{50 % and 95%) homeranges were
obtained for males (Bogarigka aidbthamongwe). The only female leopard, Ronja, occupies
the second largest 9% home range while her core area dsnilarly small as that of
MothamongweConsequently, her core area is ob8£6 of her whole home rangastead of 21

34% as for the other leopar@fable21). The home range é&onja is the only one of all leopards

in this studythat liesconsiderablyon average8.3% + 6.7 % for the 95% isopleth, 1.46 +

1.7% for the 50 % boundayyutside the protected area of KGR and CK@&mpard-igure16
andFigurel17). However, the 95 % boundaries of Mothamargand Bogarigkalsotransgress

the protected area marginally (346+ 0.8% resp. 0.8%6 + 0.8%). The mean compactness values

of the core areare identical for all male leopardsith a value of 0.@ (= 0.12) Only the home

range of Ronja is lessompactwith an index value 100.32 (Table21). Note that onlyKDE, t-

LCH and BRB were considered to compute the average compactness of both isopleths as the
value of MCP is mostly predetermined by its functioningr Be 95% isopleth, the two
individuals whose area is markedly larger (Bogarigka and Ronja) also have lower compactness
values (0.3% 0.02and 0.29t 0.02. As for the core area, the males Gham and Mothamongwe
have identical compactness values of 53%.04) According to a Spearman correlation test
there is neither for the 8 (3 : 0.258,df: 2, p: 0.7418)or the 9%% isopleth( 3-0.738,df: 2, p:
0.2621)a significant relationship between the size of a home range and its compactness. The
influence @ sexon the area and the compactness could not be tested due to an insufficient number
of individuals.
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Figurel6. Positions and overlaps of the 95 home range isopleths of theopards The home ranges
obtained by using KDE atite reference bandwidth are presentesleeFigure3 for the time spans over
which data was recorded for each individual.
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Figurel7. Positions and overlaps of the % home range isoplethd the leopards. The home range
obtained by using KDE and the reference bandwidth are prese3eweffigure3 for the time spans over
which data was recorded for each individual.

The temporal variations of the homaga sizeare shown ifFigure18, those of the compactness
in Figurel19. As the trends do not change markedly between ti8¢ &0d the 984 isopleth, only
the graphs of the latter one are presentédile there ionly a subtle chandger Mothamongwe,
the three seasons analyzed for Bogarigka shows a strong increase of the home récweEasa
Figure20). Thetime serie®f Ronjaexhibitsdistinctivealternating trends but they do not coincide
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with seasons or single yeaisigure 21 reveals that the sharp increasehef area during the
summer of 2013 is caused bgecond center of activity in the souftboutequally heterogeneous
trends are observable for the compactness ingure 19). Ronja has quite pronounced
increases of compactness during the winter while Bogarigka shows just the opposite pattern. As
for the plot of the home range area, the curve of Mothamongwe neither varies strongly nor follows

aclearpattern.
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Figurel8. Temporal variability of the ¥home range size of the leopardd. stands for winter seasol
(JuneSeptember), S for summer season (Novermghpril). The subsequent number designates the y
(2011c2014).
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Figurel9. Temporal variability of the ®home range compactness of the leopards. W stands for wi

season (JurgSeptember), S for summer season (Noverhpril). The subsequent number designates 1
year (201%2014).
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Figure20. Spatioemporalvariation2 ¥ . 23 NA 31 Qa K2YS NI y3ISo ! 7T
extended towards the northeastern direction. The same spatial reference frame was used for all
individual images.

Winter 2011 Summer 2011 Winter 2012 Summer 2012

== HR50% == HR50% *= HR50% == HR50%
— HR95% — HR95% — HR95% — HR95%

0 25
km

Winter 2013

Figure21l. Spatioemporalvariaton2 ¥ w2y a2l Qad K2YS NI y3aISod ¢ KSNB
that is only present during summer 2013. The same spatial reference frame was used for all of the ir
images.

There is a striking overlap of ti{static)home range of Ronja with the one of Mothamoagw

81 % resp. 44% for the 95% isopleth Table22). Even for the core aregbout half of the two

home ranges overlap each othgalfle23). When looking at theitilization distribution instead

of individual probability isopleths, a value of 68indicates dairly high similarity (Table24).

The computation of the Euclidean distances between the GPS points that were recorded
approximately at the same time (maximum time shift of 90 min.) resulted in a minimum distance
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of 0 m @.5km for the 10%, 6.6 km for the 25% and 1.2 km for the50 % quantile). Figure23

a) shows the histogram of the Euclidean distances that meet the criteria for the maximum allowed
time difference between Ronja and MothamongWee smoothed curve of the distances are
visualized inFigure 22 a). There isalso anoverlap betweemiRonjaand Bogarigka(42 % resp.

23 %) at the 9%% isopleth. However, the importance of this interaction shrinks when looking at
the VI index (15%) and the core areas %0 resp. 1%). Anotherremarkable overlap occurred
between the home ranges of the male leopards Bogarigka and Gham. At %hés®aleth,
Bogarigka covers almost the entire home range of Ghao)hereas still 536 resp. 34% of

their ar@s overlap at thB0 % isopleth (the VI value is 5%0). Despite the largelpverlapping
home ranges, the two leopandsely meet each other direct{fFigure 22 b) andFigure 23 b)).

The minimum Eudlidean distance for them i88 m, with a mean distance of 2lkm (8.7 km

and 142 km for the 1% and 25% quantiles).

a) Euclidean Distances: Ronja - Mothamongwe b) Euclidean Distances: Gham - Bogarigka
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Figure22. Visualization of the distances between the GPS points recorded at similar times between ¢

and Mothamongwe and b) Gham and Bogarigka. Natethe curve of the visualized distances has bt
smoothed and therefore lacks the actual minima/maxima.
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a) Histogram of distances: Ronja - Mothamongwe
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Figure23. Histograms showing the frequenciestaf distances between) Ronja and Mothmongwe, and
b) Gham and Bagigka. The interval length isth. The cutoff value for the histogram EOOkm.

Table21. Mean area, compactness and core area ratio vdluigs standard deviatiorfpr the 4 leopads
and 8 lions(separated by a heavy gray lin€he averages of all HRE are presenié@. highest value is
printed bold and the lowest is indicated in italics for the leopards and lions, respedtmigles are
underlined.Note that MCP was ignorddr the average compactness.

50%isopleth 95 %isopleth

Individual Area [km2] Compactness Area [km2] Compactness| core area ratio
Ronja 211.6+30.6 0.32+0.01 1315.0+ 191.3 0.29+0.02 0.16+ 0.01
Mothamongwe | 202.4+ 18.3 0.40+ 0.03 694.7+£22.3 0.53+0.02 0.29+ 0.02
Bogarigka 486.8+65.2 0.40+0.12 2357.4+112.6 0.37+0.02 0.21+ 0.02
Gham 303.5+14.6 0.40+0.08 908.5+48.9 0.53+0.04 0.34+0.03
Verity 746.6+ 73.3 0.37+£0.20 3277.8+219.8 0.50+0.01 0.23+ 0.02
Ella 473.4+57.6 0.37+0.12 2411.8+125.9 0.57+0.03 0.20+ 0.01
Jane 788.7+122.0 0.33+0.03 3093.8+ 193.0 0.52+0.02 0.26+ 0.03
Hitchcock 1061.4+83.7 0.31+0.06 4317.4+ 361.6 0.52+0.01 0.25+0.00
Mexico 187.2+19.1 0.56+0.07 1707.0+ 132.1 0.53%+0.07 0.11+0.01
Madge 482.3+153.1 0.26+0.17 3430.6+ 619.0 0.50+ 0.03 0.14+0.02
Orange 3441+ 26.6 0.45+0.02 @ 1131.1+50.2 0.63+0.02 0.31+£ 0.04
Getika 427.1+29.8 0.40+0.06 | 2090.2£95.2 0.39+0.10 0.21+0.00
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Part 1l | Home range analysi

9.5.3 Lions

The average home range size ¥86of all 4 HRE for the lions range between 1131 and 4847/
whereas that of the core area rastgetween 187 and 1061 KiftcompareTable21 and Appendix
A.4 for the detailed resultsBoth the smallest and largest area for thé&b@nd 95% isopleth
were obtained by male individuals. For example, the coresézeaf the male with the largest
values, Hitchcock, is about the same as th&%Bea of the male Orange (1061.4 + 83.7 «m
1131.1 + 50.2 ki). An influence of the sample size or the time span over which fixes have been
recorded does not seem to play a major sagleethe individuals with the largest and smallest
values all have almost identical datasets in these regdrdscore areas are 28l % of the size

of the 95% boundaries for most lions. The femaadgeand the male Mexico are exceptidn

this with much dwer ratios (146 and 11%). The home ranges of the femaleith 427 789 kn¥t
resp. 20903431 knt (50% and 9% isopleths)lie between the extreme values obtained for the
males. Accordingly, no significant difference of the area due to the sex could bmidede
(MannWhitney U test) for theeore areal: 10, df: 6, p: 0.570) or the 95% boundary {: 10,

df: 6, p: 0.570).

None of the individualias a home range (9% boundary) that exceeds the boundary of the
protected areamnarkedly The highest values werfound forMadge Verity and Mexicowhose
95 % isopleth lie ta3.8% + 2.5%, 2.8% * 1.7% and2.6 % + 2.0% outside the game reserves.
Interestingly, the value for the core areaMadgeis equally high (2.86 £ 3.5%) as for the 95
isopleth(comparerigure24). However, the second core area at the border is preser soiye

of the home range estimat@he compactness values aignificantly higher for the 986 than

for the 50% isopleth {U: 8, df: 14 p: 0.0134). They are also highdor the males than for the
females(for both isoplethsbut are not statistically significa®5 %: U: 2.5, df: 6,p: 0.1745,

50 %: U: 4, df: 6,p: 0.3682. When looking at the areas and compactness values of &l 50
isopleths, there is a strong negative correlation between them that is statistically signifieant (
0.838, df: 6, p: 0.0093Thus, the larger the core area, the less compact it is. The correlation for
the 95% isopleth is moderate but not significant {0.482, df: 2, p: 0.2265
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Figure24. The home range of Mgd (kiased random bridges result is shown) transgresses the bour
of the game reserves for tiothe 95% and 5@% isopleth.

The areas of somemeranges show soeabrupt changesver timefor boththe 95% and 50%
isoplethg(Figure25). The home range sigef Ella andVerity both decreased markedly between
summer 2011 and winter 202&hile the former was largely stable after the shrinkage, the latter
moved in eastern direction afterwar&gre27). Two of the male lions (Hitchcock and Mexico)

also experienced a pronounced decrease of their hange size between summer 2012 and
winter 2013. While the home range of the former has recovered within the following season, it
took Mexico three seasons to do likewise. The third male, Orange, incheslethe range over

time slightly. The strongest ingase in arewas found forthe femaleMadge (Figure 28). Her
territory increased within two years by a factorl8f5 towards the north and ea&tlditionally,

she had a second disjoint core area west of the oldwitegdummer 2018hat is also visible in

the home range over the entire time perkidire24). Thetemporal variation of theompactness
values lept mostly within narrow boundd={gure 26). For three of the lions (Verity, Jane and
Orange) the compactness increased during each summer while only one individual (Mexico)
showed the opposite pattern.
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Figure25. Temporal variability of the @5home rang size of the lions. W stands for winter season @u
September), S for summer season (Novermhpril). The subsequent number designates the year C
2014).
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Figure26. Temporal variability of the 9% home range compactness of thiens W stands for winter

season (JurgSeptember), S for summer season (Novermhpril). The subsequent number designates 1
year (201%2014).
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Summer 2011 Winter 2012 Summer 2012 Winter 2013
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Figure27. Spatioemporal variation ot S NJhante €aige. After summer 2011, the home range shr.
drastically and subsequently moved towards the east. The same spatial reference frame was used
the individual images.

Winter 2012 Summer 2012 Winter 2013 Summer 2013
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Figure28. Spatioemporal variation of thiadgS théme range. After winter 2012 a nearly exponent
increasein sizeprimarily directed to the northeast coultk observed. The same spatial reference fra
was used for all of the individual images.

A look at the overlap table$éble22, Table23 andTable24) as well as-igure29 andFigure30
reveals that theome ranges of the males hardly overlap each @héne 95% and not at all for
the 50% isopleth Only Hitchcock overlaps the territory of Orange td@4 &t the 936 boundary,
but a VI index value of 446 indicates that only peripheral regions are a#fdc Between the
females, extensive overlaps are much more comi@mong spatial interactions can be found
between Verity, Ella and Getika whereas Ella and Getika have particalddgsiveoverlaps
even for the core area (56 resp.%1VI index of 62%). The core areas of Verity and Ella as
well as Verity and Getika overlap each other by4%. As observable ifrigure31a)andFigure
32a), Verity and Ella stayed together fabout half a year before their distance increased again.
Jane andMadge whose distances are shownRigure 31 b) and Figure 32 b), also show a
significant degree of interactiat the 50% isopleth (16 resp. 3%). Table25 gives an overview
of the Euclidean distances between the femaibsch have VI values of at least 20. The
maximum time lag of the GPS points of the two reipecndividuals is 60 minutes.
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Figure29. Positions and overlaps of the @home range isopleths of the lions. The home ranges obte
by using KDE and the reference bandwidth are prese8tekigure3 for the time spans over which dat
was recorded for each individual.
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Figure30. Positions and overlaps of the @home range isopleths of the lions. The home ranges obte
by using KDE and the reference bandwidthpaesented . SeeFigure3 for the time spans over which dat
was recorded for each individual.
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Table25. Euclidean distances between lionesses based on the GPS points that are closedatetthre.
different units were used to cover the different granularities. Values with the unit meter are in italics.

Interaction Minimum 10% quantile 25% quantile 50% quantile
Ellac Getika 0.0m 6.4 km 12.0 km 20.1 km
Verity ¢ Ella 0.0m 12.0m 56.0 m 23.2 km
Getikag Verity 0.0m 7.9 km 17.8 km 28.1 km
Jane¢ Madge 154.7 m 16.4 km 23.7 km 36.8 km

a) Euclidean Distances: Ella - Verity b) Euclidean Distances: Jane - Madge
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Figure31. Visualization of the distances between the GPS points recorded at similar times betwe
females a) Ella and Verity and b) JaneMadge Note that the curve of the visualized distances has b
smoothed and therefore lacks the actual minima/maxima.
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a) Histogram of distances: Ella - Verity
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Figure32. Histograms showing the frequencies of the Euclidean distances between the females a)
Verity, and b) Jane and Mged The interval length Iskm. The cubff value for the histogram is 16on.

Whereas the hoeranges of males do not overlap each other, all of them overlap with at least one
female. Mexico covers 6% of the home ranges of Ella and Getika as well &% 38 the one of
Verity at the 95% boundanf éble22). He is thus the male with the magiatial overlapsvith
females. His core area, however, overlaps only those of Getika and Ella markeébyaf2d
13 %). Table26 andFigure34 a) support thiginding as the minimum distance between Mexico
and Verity is wih 5.5 km much higher than between Mexico and Ellm)®r Getika (666n).

In addition, the distance between him and Verity continuously increased oveFigue(3a)).
The second male Orange only overlaps significantly with Verity%3at the outer boundary,
31% at the 5@% isopleth and a VI index of 34). The low minimum and 1% quantile of a few
meters also indicate a high degrekinteraction between them. The last méiitchcock
overlaps only one female (Jane) markedly witl®8at the 9846 isopleth and a VI index of 29.
Although teir core areaardly overlap (260) andthey seem to have menly duringApril 2013
briefly (Figure33 b)), the distances smaller thakrh are numerou@=igure34b)). Compared to
the Euclidean distances of the other individuals that have similarly low minimum distteces,
values for the quantiles are much higher.
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Table26. Euclidean distances between male lions based on the GPS points that are closeshiot¢éime.
that different units were used to cover the different granularities. Valuistiaeé unit meter are in italics.

Interaction Minimum 10%gquantile 25%quantile 50%quantile
Mexicog Verity 5.5 km 19.4 km 25.6 km 35.6 km
Mexicocg Ella Om 474.6 m 11.8 km 18.2 km
Mexico¢ Getika 666.3 m 12.4 km 18.9 km 26.2 km
Orangeg Verity Om 155m 295.5m 6.9 km
Hitchcockg Jane 0O m 12.6 km 23.5 km 36.0 km
a) Euclidean Distances: Mexico - Verity b)  Euclidean Distances: Hitchcock - Jane
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Figure33. Visualization of the distances between the GPS points recorded at similar times betw
Mexico and Verity and b) Hitchcock and Jane. Notethigaturve of the visualized distances has be
smoothed and therefore lacks the actual minima/maxima.
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Figure34 Histograms showing the frequencies of the Euclidean distances between a) Mexico and
and b) Hitchcock ahJar. The interval length iskin. The cubff value for the histogram is 16on.

9.5.4 Crossspeciessomparison

The home range sizes the lionspresented iTable21 are on averagiarger for both the 506
(563.9km? + 263.4km? vs. 301.1km? + 114.3km?) and the 9%% isopleth (2682.%m? +
970.7km? vs. 1318.9knm? + 639.6km?). Whereas the differences of the @b boundary are
statistically significant(: 24, df: 10,p: 0.048%), those of the 506 isopleth are notl: 24, df:

10, p: 0.2149 The mean compactness values of the lions and leopards are identical fo%he 50
isopleth (0.38 £ 0.09 vs. 0.38 £ 0.G8)d thus statistically not different (U: 13.5, df: 10, p: 0.729)
When looking at the 9% boundary, lions haven average slightly more compact home ranges
(0.52 + 0.06) than the leopards (0.43 + 0.10) but the difference is not signitic&it, (df: 10,p:
0.4399.

Table22i Table24display intersections between the home ranges of the leopards and lions. When
looking at the 986 home range isopleth, especidahg home range &ogarigkaargelyoverlaps
thoseof manylions (Table22). The otherthree leopards cover the territories of at least one lion
eachto one thirdor more With the exception of Bogarigkahe¢ 95% and 50% home range
isopleths of the lions overlap a larger proportion of the respective home range bourfdhees
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leopards thn vice versaVerity for exampleoverlaps at least 7% of the home range of each

leopard(conversely, the maximum is 8%). But dso Ella, Mexico, Orange and Getika have high

overlap values for at least one of the leopards. Theehamges of Jane andtéticockhardly

intersect those of the leopanghereas no interspecifaverlapfor Madgecan be shown with this

data The VI values inTable 24 display the same patterwith particular high values between

Ronja and @ange, Mothamongwe and Orange as well as Gham and M&xbte 23 reveals

numerous overlaps between tbere areas as well. The territories of the leoparaslap only

with those of Mexico, Orange and Getiignificantly. From the perspective of the lions, the core

areas of Ronja, Mothamongwe and Gham overlap with those of the lions particularly strong.

There are no interspecific overlapisthe core area®r Jane, Hitchcock and Madge.

About half of the 32 dtance analyses between leopards and lions resulted in minimum values of

less than km, with an absolute minimum of 58 for Mothamongwe and VerityTable 27

presents an extract of the interspecific distances whosmom is smallertian 1km. Note that

the maximum allowed time shift was setttfor the computation of the distanc&gure35 a)

shows the histogram of the distances for the individuals with the highest ovellepfor the

95 % isopleth (Mothamongwe and Verity, overlap of%®J, b) presents that for the individuals

with the highest overlap value for the ®lisopleth (Gham and Mexico, overlap of%j.

Table27. Extract of the Hclideandistances between the leopards and lions based on the GPS points that

are closest in timéThe records are sorted by tB@% quantilea 2 § KI Y2y 346S A a

I 0 NEBJAI (SF

'y R . 23F NR TRelname &f thé ind®idlual éneéntioned first refers toap#d, the other to a lion.

Interaction

Motha ¢ Orange
Gham¢ Mexico
Motha ¢ Verity
Ronjag Verity
Ronjac Orange
Bogag Orange
Ghamc Ella
Ghamc Getika
Bogag Verity
Bogac Ella
Bogag Mexico
Bogac Getika
Ronjac Getika
Ronjac Ella
Mothac Ella

Minimum
[m]
408
566
53
257
140
276
106
133
296
186
246
360
672
718
437

10% quantile

[km]
6.6
5.5
7.0
6.3
6.8
8.6
9.8

10.4
9.4

10.1

11.0

12.0

20.8

15.4

21.0

25% quantile
[km]
10.5
10.0
11.3
11.7
11.9
14.4
15.0
16.6
15.9
16.3
18.4
19.0
27.8
25.5
29.6

50% quantile

[km]
15.0
15.1
17.3
18.7
19.4
217
21.9
24.5
25.1
25.3
26.4
29.0
35.7
36.5
40.1
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a) Histogram of distances: PM07_Mothamongwe - LF12_Verity
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Figure35. Histograms showing the frequencies of the Euclidean distances betwdethanongwe and
Verity, and b) Gham and Mexico. The interval lengtlkiis.IThe cubff value for the histogram is 1G@n

10 Discussion

10.1 Effect of parameters

10.1.1 KDE

Thefactthat no difference between the KDE estimates using Pl and SCV exists is not surprising
considering their highly similar bandwidth values (3able5 andTable6) and the fact thahe
bandwidth was the only varial® parameter in the computation. The rejection of the null
hypothesgs for the REF and BCV resultm the other handas unexpectedjiven their nearly
identicalmean areas, compactn@atuesandhigh VI indices. This regctionis probably nobased

on thedifferences between the results of REF and BCV but rather a problem drigimthe
combination of the normalized measures andwhgking principleof the KruskalWallis test.

Since the area and compactness valwe® divided by the maximum occurring values of the
respective HREo remove the differences due to the individual itstéie largest areéor
compactness indexproduced by KDE for a specific individual receives the value of 1.
Unfortunately, the REF bandwildestimator resulted in the largest areas and compactness values
for all of the 12 individuals and thus alwaseceivedthe value of 1The KruskalWallis test
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builds ranks from the values and checks the regularity of them. Building ranks from a series of
exact same valseand comparinghemagainst a second variable thus will interfevith the
working principleof the testFor this reason anbecause of the high similarities for all of the
descriptive and overlap measures, the results of REF and BC¥®gareled as being without any
significant differenceAs the presence of REF could have also biased the testing for differences
for thetotality of the KDE estimates, thesiewas repeated without REKhile only PI, SCV and

BCV were includedThe resultsvere still significantly differen{ % 17.59 71.78, df: 1, pless

than 2.74*16).

Eventhought cannot be determined which KDE resul't
REF and BCV seem to lmeore realistidor most indviduals.A core areawhichis defined as the

most frequently used area where most activities are concentrated (Haas et al. 2005; Hansteen et
al. 1997), is unlikely to consist of more than 10 regions, as it is the case for 10 of 12 individuals
when using Pl or SCMConsidering tht only those holes larger than 0.25%kand those regions

larger than 1 kihhave beerounted, thdragmentation isn fact evenhigher. However, Pl and

SCV did not always lead tas fragmented home ranges as showirigure 12 c) and d).
Furthermore REF and BCV tend to oversmooth slighttpmpare the home ranges of Ronja or
Mothamongwe for example in Appendi5), which is in agreement witthe literature (Gitzen

et al. 2006; Jones et al. 199%ain et al. 1994Seaman & Powell 1996).he extent of these
differences is much clearer when looking also at the shape of the resulting home ranges (displayed
by the compactness index) instead of considering only their areaslala do not suppotida

claim of superioity of Pl and SCVover REF and BCV mentioned iGitzen et al. (2006) and

Duong & Hazelton (2005}t is possible that Pl and SCV do not perform well only for the point
densities and distributions of these specific datasets, since these factors careitfiuiveidth
estimators markedly (Gitzen et al. 2006; Scott & Terrell 1987).

Because ofhe small computational demaadd theseeminglyreasonald home range estimates,
REF is the most appropriate bandwidth estimator for these dat#seBCV produces siitar
results but takes the longest of all methods to calculate the bandigihg & Hazelton 2005),

it is lessrecommendable?l ard SCVreveal more details and can provide a second perspective
for those dtasets whose fragmentatistaywithin limits when using these bandwidth estimators.

10.1.2 t-LCH

The occurrence of (significant) differences betweenathrendk-rule corresponds to previous
comparison of Getz et al. (200who already noticed differenceghen using simulations and real
data. Whereas their results indicatembasistentlybetter performance of treerule (for the 95%

and 100% isopleth) the same cannot be stated for the leopard andl&tain this studyHere,
despite the rejection dii¢ null hypothesithrough test statisticghe areas and compactness values
can be termed as beisgnilar. For some individuakhea-rule yieldedslightly larger areas while
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for others it produced marginakiynallerareas (maximum deviation of ¥4anda mean deviation

of 1 %). The highly similar compactness indices and visual analysis support the claim of a
comparable performance of the two rules for thé/®Bopleth. For the 58 home range, the
situation looks quite different. Here, theule yieldal markedly largerqn average 166) and

more compact (on average % core areas. Consequently, the core areas are less defined and
lack any spatial differentiation. This is contradictory tostegemenof Getz et al. (2007: 2) that

the a-rule producesfi € Jmore clearly defined isopleths in regions where data are more
abundant Sincethe functioning of the-rule (see Sectioii.3.3 supportghe statement dbetz

et al. (2007), it is likely that the differing behavior of @eule is connected to the dataed in

this study Extended home ranges of the individuals hald a substantial range in point density.

In order toobtainreasonable and stable restidtsthe lowdensity isopleths (such as 9§, quite
higha-values had to be set. This in return led to the inclusion of a lot of points in thddrigty
regions (e.g. 5@6) and thus to a lack of spatial detals thek-rule does not regard spatial
distances but assigns a fixed number of points to each hull, the varying density does not affect the
choice of its value to the sardegree

The inclusion of time through the tinsealed distance alters thesult of the local convex hull
approactsubstantidy. While a doflike pattern similar to that of undersmoothed K®@Sultsis
observabldor s= 0,the regions of the isopleths become more interconnected wiérodthore

of the hulls are timselected. In addition, they become directed towards the pathways of the
animals (Lyons et al. 2013). This leads not only to better defined isopleths, particularlyikfor the
rule, but also bears a substantial added value @s\ides a rouglestimate othe movement
paths.

Since the degree of the inclusion of ti(d@ %, 60% or 80%) did not affect the resultsoticeably
(and most of thenwere statistically significant), it seems to be sufficient to stick to the
recommendation of Lyons et al. (2013) and uss\aue that timeselects 604 of the hulls. Due

to the lack of spatial detail of tlaerule, the usage of therule is preferable forhis kind of data

if one is particularly interested in the spatial dynamics of the core area. If har@He range is

of primaryinterest, the choice has only a minor influence. A potential advantage afrthe
however, could be the increased religpihat all regions of the home range that are essential for
an individual are included in the core area isopleth.

10.1.3 BRB

The mechanistic nature of BRgquiresa choice of parameternsasedon the ecology of the
specific individual under investigaticend its datgsee Section3.3.4and8.5.4. Thus, there
should be actually no need to vary parameter vagxensively However, the smoothing
parametehmin Seems to beraexception as the model proposed by Benhamou & Cornélis (2010)
(the developers of the BRB approaeahy Jay et al. (2012) did not lead to reasonable home range

80



Chapter 10| Discussion

estimates for most of the individua®ne reason for this #he variety of samplingntervak
present in a datasethich requires to choose which onegbpuld be includeth the computation

of hmin. Aside from that, thelefinition of the model exhibits a fundamental problem: While the
time span between two position measurements used to calthgateaximum travel velocity
does not have a large influence on this velo@ge Sectio8.5.4, the subsequent multiplication

with the respective time spandbtainthefinal distance almost exclusively determimgs. The
guantification of this time span is not clearly defined and offers scope for interpretation. As a
further difficulty the appropriate time span can vamgrkedlybetween individuals of the same
speciesn the same habitat. The home range estimate of the leopard Mothamongwe is based on a
time span of 9Mnin for the calculation dfimin andseems to beatheroversmoothedHigure36 a)
andb)). The estimate of the leohRonja which reston a longer time span of 120 mggems

to be adequatétherexample are thelions OrangeandMadge The BRB results of both are
based on 60 minutéstervals While the computed bandwidth fits perfectly@oange the home
range ofMadgeis severely undersmootheigure36 c) and d))Due to these reasons, the usage

of several models or a scaling fofi, wasnecessary to obtain reasonable estimates. In addition,
the usage obnly one constant sampling interval for each dataset may facilitate the modelling of
Amin.

Similarly to KDE, the influence of the smoothing parameter on the area and compactness is quite
strong (compard-igure 14 and Figure 36). Since BRB is approximated through a movement
based KDE, the increaselinin leads to larger kernels and thus necessarily to larger home range
areas (because of overshooting) (Getz et al. 2007; Lichti &&twR011). Together with the
continuous filling of small holes, this results in an almost constant increase. The compactness
mainly changes when disjoint home range areas arise or disappear. This happened mostly for the
core areas which therefore show adam more jumpy trend, as confirmed by the high CV.
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Figure 36. Difficulty in computing an appropriatemin. Image a) and b) belong to theopard
Mothamongwe c¢) and d) to théion Madge The images on the left (a) and c)) present the reference v
for hmin, the images on the right side are more sensible appearing suggestions.

10.2 Evaluatiorof the home range estimater

10.2.1 Performance

The fact that MCP produced the largest home range essiidteagreement witthe general
literature (Borger et al. 2006; Huck et al. 20B8ill et al. 201%.The dten-mentioned dependence

of the area on the sample size could not be observed (Bérger et al. 2006; Downs & Homer 2008
Seaman et al. 19990therwise the difference between MCP and the atiethodswould be

larger for the lions than for the leopards, which have markedly smaller sample sizes. This is not
the casdereand in agreement with Nilsen et al. (2008) and Hull et al. (20@%) caild notfind

a systematic relationship between the sample size and the area afhM@GRISing dataf free
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ranging animalslt is more plausible that the strong dependencyhif HRE on the spatial
distribution of the samples caused its larger area eégtinf2owns & Horner 2008; Seaman et al.
1999. This is supported by the fact that the difference between the home range estimators is
smaller when high compactness indices were obtained for KkDEHtand BRB(compare the

area and compactness of thed%@nd 95% isopleths inTablel9) and t hus MCPOSs
of convexity becomesmore realistic (Borger et al. 2006However, @spite its largest area
estimates, it is dangerous to take the results of MCP as a consepsiiimag for purposesuch

asthe protection of species, as suggested by Huck et al. (2008). Particularly the core area of MCP
overlaps the core areas of the other HRE only 6806 (25 and 75percentile, 54% on
average) with extreme values of dotin21 % for one individual. This meathat although a
sufficiently large areavould be protected, it mayot bethe most importardreafor the animal.

For the 9%% isopleth, the situation is less criticadith overlaps of 7090% (mean: 726, extreme

value: 58%) but still far away from a full coverage.

On average, tharea sizes of th@5 % isopleths of KDE,4.CH and BRB can be considered as
being the samé&he same is true for the 8@isopleth, although only the areas of KDE and BRB

as well as BREand tLCH are similar enougto be statistically significanThis is surprising as
various simulations claimed the superiority of the one or other approach (Getz & Wilmers 2004;
Getz et al. 2007; Lichti & Swihart 2011Keeping in mind that these findingse partially
contradictory and are only valid for their respective simulated dataset (Seaman et al. 1999), the
high similarity of the estimators confers some reliabitibythe results.That KDE usually
generated the smallest areacdstradictory to th findings inthe literature. In fact, various
analyses with simulated and real data indicated that KDE tends to oversmooth and result in higher
area estimates than e.d.@H, whose estimates were consistently larger in this study (Downs &
Horner 2008; Hak et al. 2008; Getz et al. 2007; Lichti & Swihart 2011; Seaman & Powell 1996).

Of course, the results refer to averaged values and the parameter range obtained fdaigBE is

But since two of its parameters led to oversmoothindgthe other twao undersmoothingthe
averageas assumed to representealistic estimate.

When looking at the shape of the home rarigedifferences become more pronoun¢eampare
Table19). Whereas MCP produces consistently the most compact estimates, KDE is at the other
extreme with values that are only 360 % as high Keeping in mind that MCP is based on the
assumption of convexity, the large discrepancies to the remaininggH&ident(Borger et al.

2006). However, while the 9% isopleth resembles the results of the other HRE, the almost
circular core area lacks any spatial detsélgFigure15 a)). The kernebased approaches KDE

and BRBhave makedly lower compactness values thdrH (or MCP), especiallyegarding

the core aredrlhis is due to their fragmented home rangehich contain much more disjoint
regions than the geometricalbased approaches. Since the compactness index is afrtté o

total area of the isopleth and the area of the smallest circumscribing circle encompassing all its
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disjoint regions, the latter osenarkedly influence theampactness value. The number of holes

on the other hand does radfectthe index, as theirraas arenot subtracted from the total area.
Therefore, despite the much higimeimberof holes of BRB for the core area (compaedlel9),

its compactness is on average the same as the one of KDELCH tends to gnerate
interconnected isopletlas soon as timecaled distances are used, its estimates are more compact
and less fragmented (Getz et al. 2007). In addition, the estimatelsGii are much more
consistent than those of the kerbaked approaches (Lich& Swihart 201). It is likely,
however, that this imainly the consequencef the different methodologies. Whereas the home
range estimatesoft CH are in the end selected from a ran
results, no such preselection is done for KDE and only to a lesser extent for BRB (choice of
scaling factors).

10.2.2 Practical application

Irrespective of its performance, MCP allows to estimate home ranges with a minimum effort and

expert or prior knowledge. Although being only an extension of this simple HREl tturned

out to be the most timeonsuming andomputaionally troublesome approach (Getz & Wilmers

2004). In order tmbtaina representative range of potential results to select from, 8bb4®

differenta- andk-values had to be computed for each individual and level of time inclusion. Apart

from the expaditure of time, the availability of memory proved to be the major issue. Even after

the inevitable reduction of the | ion datasets t
often exceeded6 gigabytes for the abovaentioned number d-/k-valueswhen using time

scaled distances. Another issue withQH relates to the choice of its parameté@etz &

Wilmers 2004) Although guidelines and methods exist to select the paranaedaedk, none of

them worked for these datasets. While the MSHC e Sectior?.3.3 could not be applied

due to a lack obufficiently large regions (or objects) that are inaccessible or avoided by the

leopards and lionin the study areathe rules of thumb to seleatandk eitherled to very

fragmented and unstable or to massively oversmoothed home rBxegeste its disadvantages

of all methodst-LCH allows the deepest insights into the dadihough the choice of an
Aappropriateo resul t fhjectve it eequirea to gngageodnesafavithd i d at e
the dataand its behavior when using different parameters. As the choice of the exact value for

both the neighborhood rule and the time paranstiemed out to be not as critical as for KDE,

the disadvantageme considered as being counterbalanced by the benefits.

KDE is comparably simple to use as MCP but requires, depending on the method used to estimate
the smoothing parameter, much mam@nmputingtime for large datasets. As the bandwidth is
usually the ont adjustable parameter with a significant impact, it is recomegtodise asnany

different methodgor bandwidthestimaton as possibleldeally, a package likksis selected to
compute KDE that uses the full bandwidth matrix insteagdficing the costrained matrix to a

single value, as it has been necessargdehabitatHRsee Duong & Hazelton (200f)r further
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detailg. Sinceksdoes not support the same data structures as the other HRE, spatial comparisons
are impeded severely. Therefore, thenpatation of KDE was performed usiagehabitatHR

When only KDE is used for the analysis of data, this restriction does not matiesvaodid be
thefavouredchoice.

BRB also uses a smoothing parameter like KRlEjts estimation isnateriallydifferent. Instead

of estimatingmin from the data itself, it must be deshd from ecological models. The difficulty

is to find a model that works reliably for all individuals of a species irrespectively of their
underlying data. In order to adjust a givmodel or develop new onesubstantial ecological
expert knowledge is necessanhuB, b obtain sensible results using BRBtime-consuming
even though the computational part itself is carried out much thstee.g. for tLCH.

10.3 Home ranges ahdividuals and their interactions

10.3.1 Leopards

The obsered home ranges of leoparifisthe Khutse Game Reserve atftk Central Kalahari
Game Reserve are among the largest world{itdeker & Dickman 2005)Similarly high values
could only be foundor malesin the Kgalagadi Transfrontier Pankith home range sizesf 769

2182 knt (Bothma et al. 1997{ayward et al. 2009; Marker & Dickman 2005) aatia lower
level, in the Cederberg Mountainwith areas of 10®10 knt (Martins & Harris 2013)The
Kgalagadi Transfrontier Park is situated at the border of Botswana and South Afritasisl
also part otthe (semi) arid Kalahari region (Bothma & Bothma 2012) whereas the Cederberg
Mountains lie 200 km north of Cape TownSouth Africawith a highly variableannual rainfall

of 179669 mm (Martins & Harris 2013Dther reported home range sizes are around4b19

km? in Namibia (with the exception of the Waterberg Plateau for which home ranges1d40
km? have been estimated),i3B knt in Kenyaor 15 76 knt in the northeastern region of South
Africa (Kruger National ParkiHayward et al. 2009; Marker & Dickman 2005; Mizutani & Jewell
1998; Stein et al. 2011T.he exact numeric valueschibit a high degree of uncertaintye to
differing home rage estimators, grameterizations and definition used in the respective studies
Even when the same methodology was used for two studies, different spatial distributions of the
GPS fixes of the respective animals also affect the performance of HRE ((Ddharsé&r 2008;
Getz & Wilmers 2004; Horne & Garton 2006; Lichti & Swihart 201Mevertheless, the
differences in magnitude are evident and indicate significant differences.

Although it is hardly possible to statistically relate the home range size ditedtigividual
climatic factors, numerous studies investigating the ecology of leopards found a correlation
between the quality of the habitat and the home range area (Bothma & Bothma 2012; Marker &
Dickman 2005; Mizutani & Jewell 199&tein & Hayssen 2@). An arid habitat is usually
characterizedby a scarcity of prey for the leopardsquiringthem to expand their home area to
meettheir requirementsHowever,among other factorshe presence and density ofantand
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intraspecific competitors alsmfluences the quality of a habitat for a leopard and thus its home
range markedly (Bothma et al. 1997; Hayward et al. 2009; Marker & Dickman 2005).
Intraspecific competitiomay be a reason for the increase of the home range atka ofale
Bogarigka (se Figure 20). Although itsexpansionmight have been at theost of the male
Mothamongwe, iseems to be too strong compared to the decrddbe latter Thus it is quite
possible that another unobserved (male)degdpnoved away or died and thus created a vagcancy
or that Bogarigka took over the home range of another unobservedimalleome rangshift of
Ronja during the summer 2013 ($&gure2l) is more likely to be relatetoraising heroffspring
since she has shown similar shifts before the period investigated in thi stuthjs summer,
Ronjaraised a culthat left her to find an own home range in April or JuBeereason foher

shift towards the south might have bedglowerdensity ofother carnivoresyhichmayendanger

the life of cubs (Hunter & Hinde 2005; Stein & Hayssen 20&Biceit has been showpreviously

that even extensive overlaps of leopards of the sammagsccur(Table24), it is unlikely that
the shift of Ronjab6s home range is related to i

The extent othe observedverlaps(comparerigure 16) is surprisingsince leopards are known

to be solitary and to maintainlargely exclusivehome range towards individuat$ the same
species and particularbf their ownsex(Bailey 1993; Hagen et al. 1995; Hunter & Hinde 2005
Mizutani & Jewell 1998 Although thelargehome ranges iarid habitatsare knownto exhibit
considerableoverlaps of the peripheral regions, at least the core area is thought to be used
exclusively (Hunter & Hinde 2005; Marker & Dickman 2005; Stein & Hayssen 2013). However,
the two male leogrds Bogagka and Gham had even for the core area overlaps &6 &3p.

34 % (Table23). Even though the analysis of their Euclidean distance revealed that they were
usually separated Byto 30 km(with a minimum ofabout half a kilometer}his is a remarkable
degree obverlap and an indicator of a pronouneative avoidance behaviad(nter & Hinde

2005; Marker & Dickman 2005; Mizutani & Jewell 1998his may be an inevitable adaptation
since home ranges of seakhundred or thousand squait®ieters are barely defendable.

Thespatial interactionsf Ronjawith Mothamongwedand to a minor extent witBogarigka and

Gham) correspontb the literature as home ranges of males usually overlap those of several
females in order to have access to as many of them as possible (Bailey 1993; Bothma & Bothma
2012; Mizutani & Jewell 1998)he latter is also the reason why home ranges of males are in
general much larger than those of femdieaddition, it was assumed thhis also leads to lower
compactness values. Botmowever,could notbe observedn this study(Table21): The only

female leopard has the second largest home range that is about twice the size of that of the males
Gham and Mothamongwand of a markedly lower compactne®éithout the second core area

of Ronja in the south during summer 2013 her home range would be of course considerably

3 Personal communication with Monika Schiddsier on July 29, 2015. Monika Schieskier is the
founder and managing director of LEC.
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smaller(and its compactness highelevertheless it was impant enough to behg to the 506

isopleth of that season and to the®5sopleth when looking at the whole timespan. As it is
unknown whether that second center of activity should be regarded as an occasional sally or as
an indispensable part of the home range, it ig $afassume the latter one fr@awaonservational

point of view.The number of individuals is of course insufficient to draw conclusions for the
whole leopard population of the Kalahari region. Still, a lackexdspecific differences has also

been statedy Marker & Dickman (2005) who investigated leopards in the northern part of
Namibia. According to them, the home range sizes of females may be too large in poor habitats
for males to encompass several of them. The presence of significant differencesekiort
leopards in the Kgalagadi Transfrontier Pst&ted by Bothma et al. (1997), however, questions
the generality of this reasoninghe presence of unobserved male and female individuals may
alter the interpretation of the observed interactions.

Neither the area nor the compactness of the home ranges showed a clear seasonal variation. While
the seasonal differences of precipitation in the study area potentially could lead to corresponding
adaptations of the individuals, the pronounced diurnal wangprovide a sensible justification

for their absence. The study of Marker & Dickmann (2005) in the Waterberg Plateauig@fout 2
north and 78° west of KGR and CKGRIso detected no seasonal variations of the home range
size. Except for Ronja and Bogatey whose home range changeshsiderablyduring the
observation period, the relatively stable territories of Mothamenand Gham are quite compact
(seeTable21). Figurel6 shows that the home range of Mothamongwe lies directly at the eastern
border of KGR and transgressesTihus, the proximity of livestock may compensate the small
home range area in terms of prey availability (Schideier et al. 2007). However, this dorot

explain the small and compact territory of Gh&mce overlaps seem to be largely tolerated
(compareFigure 17) it is not too likely thata subordinate position of these two leopardthn

social hierarchys the cause for their home range area and stiéggvard et al. 2009 he fact

that the home ranges of three leopards transgress the fenced bottergame eserve
correspondsvith the reported issue of livestock predation (SchMeger et al. 2007).

10.3.2 Lions

The observed home range sizes ¥®opleth) for the lions of KGR and CKGR range between
1131 and 4317 kinmean: 2682.5 + 970 Km?). They are thus markedly larger than the home
range sizes of 60Km? 1861km? (mean: 838 + 42km?) computed by Ramsauer (2006) in the
same study area during the years 2@086.It may be that the lions had more stable home ranges
during these years, what results in smaller areas. However, home ranges were not analyzed
regardingheirtemporal variallity by Ramsauer (2006T.he onlyequallylarge areas have been

found in the dune savanna of the Kgalagadi Transfrontier Parki(2500 kn%) that belongs to

the Kalahari region as well (Funston 2011; Hayward et al. 2009; Tumenta et al.NMadkdly

smdler are the home rangasthemore humid regions of th&/aza National Park in Cameroon

87



Part Ill | Home range analysis

(53711534 knd), the Kunene region in the northwest of Namibia (up to 1628 km the
MakgadigadiPans National Park northeaétthe CKGR in Botswana (up to 1143 Rr(Bauer &

de longh 2005; Hayward et al. 200%menta et al. 20)3For regions with a high prey abundance
such as thé&ropical savanna dhe Selous Game Reserve in Tanzami@me ranges are less than
100 knt (Hayward et al. 2009Spong 2002).Due to diferent methodologies anspatial
distributions of the GPS fixes, the same restrictions regarding the comparisons of home ranges
are valid as discussed for the leopards in SedtbB.1 Much less variable than thabserved
home range sizes are their compactness values (on average 0.38 + 0.09 &b thed50.52 +

0.06 at the 9846 isopleth).Surprisingly the compactness of the home range is negatively related
to the home range size. From an energetic perspedtieasafor the 9586 boundary the opposite
would be expectedvet, it needs to be considered that the home ranges of the individuals are
constituent s o fforwhitkethemituatidnendpediffierent. r i t or vy

The fact that none of the lions hafi@ame range that extensivatyershootghe protected area
indicates that sufficiet resources are available there fordbserved lionsThis is in agreement

with the findings of Bauer et al. (2014) who detected a massive decrease of the lion population
between 2005 and 20Ehd thus a release of previously occupied aréels the 95% isopleths

of some of the lions such as Mexico, Verity or Orange are close to the border and thetbfore
livestock d the farmers. Particularly Madgnay be a habituliVestock raider (Bauer & de longh

2005; Tumenta et al. 2013) since even her core area transgressed the boundary of the game reserve
slightly. However, occasional sallies are not regarded by the concept of home, raagasg

that the actual problem oWkstock killingmay bemuch more urgent than displayed by the home
rangesand their respective overlap valy&hiessMeier et al. 2007).

Males are often reported to haeeger home ranges than females, even though these differences
are only rarely stattically significant because of a too low number of individuals and the high
variability between them (Hayward et al. 2009; Loveridge et al. 2009; Tumenta et al. 2013). Such
a sexspecific disparity could not be found for the lions hdrés rather thathe males have the

most extreme areas in both directiowbereas those of the femalés in between. Because of

that, females have on average even a larger home range for bothdthe®Beth 2860+ 581

km? vs. 2385+ 1698 kn3) and the 50 isopleth 684+ 170km? vs. 531+ 466 kn?). Seasonal
patterrs have only been found for the compactness of theé®mundary 6r some of the lions.

The fact that the aredid not show any seasonality at @llin agreement with the findings of
Ramsauer (20065inceLoveridge et al. (2009) only found statistically insignificant seasonal
differences for a slightly less arid region than the Kalahari, whereas Tumenta et al. (2013) detected
pronounced (and significant) differences for a much more humid studyvahethree distinct
seasonsthe seasonal changes may be not pronounced enough in KGR and CKGR to result in
respective behavioral changes of the lidhgen if the seasonality of the clate is strong enough,

other influences seemed to determine the size of thee manges during the observation period
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(at least for Verity, Ella, Hitchcock andadgg. As lions exhibitstrong sociality (Haas et al.
2005; Macdonald & Loveridge 20},ahe loss of an individual (particularly of a male) can cause
acascade of reactions such as breakings of piliidisghus likely that intraspecific drivers caused
the observed fluctuatiohs

Based on the overlaps presentediaible22 Table24the individuals were assigned to individual
prides.The territories of théhreemales did not overlap each other beyond a few percent for the
outer boundary. Since only males that belong to the same pride have extensively overlapping
home ranges, thehtee males are assumed lelorg to different prideqHaas et al. 2005;
Loveridge et al. 2009Due to the high VI value of 5% and distinct overlaps of the core areas,
Verity likely belongto the same pride as Orange. The home ranges of Ella and Getikapo
strongly with that of Mexico and thus are assumed to belong to the sameTpedaronounced
overlap of the home range of Getika and Ella (VI index o¥%§2nd small Euclidean distances
between themTable25) supportthis interpretationit has to be mentioned, though, that Getika
died in February 201 3vhile data for Mexico is only available since September 2012. Because of
that, theobservedshared timespan is rather shdrterestingly, the 984 overlap valus for
Mexico and Verity are rather high with 88resp. 726. Considering alsthe VI value of 21%

this potentially reflects pronouncediegree of interaction. Except for the shrinkage of her home
range after the summaerf 2 0 1 1, V gitory shiftéd seasttivasd and away from Mexico
(comparerigure27 andFigure33a)). However, the distance towards Orangbose home range

' ies in the dir ddnotictamge markedi¥Héchdodk,glso e maehvierfaps ,

a significant part (5%90) of J a n lmesrange at the 3 isopleth and therefore is assumed to
be in the same pride. When looking atitloere areasalow spatialoverlap of 1% is surprising.

The histogram irFFigure 34 b) proves that the two lions met frequently, although this is hardly
visible in the smoothed distance curveFifure 33 b). The separated home ranges but highly
overlapping 95% boundaries and frequent encountedicate that they belong to different
subgroups of the same pride (known as fis$imion) (Funston 2011; Ramsauer 2006).

With the available data in this study, Mpdis he only lioness that could not be assigned to a

pride She spatially interactsnly with Jane(seeFigure 31 b)) who belongs to a pride. Since

lionesses are known to be highly territorial against foreign indal&l of the same sex, ® i

possible that thelpelong to the same pride which encompasses more members than only Jane and
Hitchcockand is split into subgrougg&loff 1998; Funston 201Haas et al. 20055pong 2002).

According toFigure31 b) andFigure32 b), Jane and Madgeet only rarely and kept usuaby
distance of morethan¥0m. The shi ft of Madgeds FlgoweB® r ange t
resulted in an overall home range that seems to consist of two separatd-igares20). In

addition, this shift increased the distances between Madge and Jane and thus reduced the degree

4 Peronal communication with Monika Schiebleier and Dr. Stephen Henleyn September, 1 2015.
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of their spatl interaction Figure31 b)). Another interesting interaction occurred between Ella
andVerity, who wandered around together for about half a year with distances of less than 1 km
(Figure31 a)). According to information from LEZthey used to be in the same pridgether

with Jane and Maddmefore and separated for an unknaanseThe observed dynamics of their
home ranges may therefore correspond to the time period righthesfteridedisbanded.

Since the dta basis of the eight lions covers only a part of the estimated lion population within
the study areéBauer et al. 2014and was not selected with regard to some known pride structures,
it is not possible to draw conclasis about the size of the prides in the study area. Studies on
comparable study sitg8Vinterbach et al. 2014pund thatpridescontained about 8 12 (on
average 4.77.5) individuals (Eloff 1998; Funston 201Mhis probably reflects thpride sizes

that couldbe expected in KGR and CKGR.

10.3.3 Crossspecies comparison

On average, the home range areas of the lions are about twice as large as thésepairtitor
both isopleths. Thialso reflects the resultf other authors, particularly in comparabigbitats
(Bothma et al. 1997; Funston 2011; Hayward et al. 2009). For resacideabitatsvith smalker
home ranges, factors of three to four were reported (Hayward et al. 2009).

Leopards and lions in the Central Kalahari region show extensive overéggasding their home
rangesParticularly the home ranges of Bogarigka, Verity, Ella and Orange intersect up to the
core area witlthe home rangesf numerous individuals of the othgpeciesHowever, since lions

have no reasons to avoid leopards anchtirae ranges of both species are very large, a lack of
interspecific overlaps would have been surprisifige fact that the home ranges of the lions
generally overlap a higher proportion of the respective leopard than vice vatr$eeist partially

due totheir larger aread.he opposite pattern is only observed for Bogarigka, whose home range
is larger than that of the lions Mexico, Orange or Getika.

For the interspecific distances presenteddtle 27 it is likely that the respective individuals
encountered severtines. At velocities of 5060 km/h (Haas et al. 2005; Hunter & Hinde 2005),

the observed minima of less than 1 km but also some of theditantiles can easily be covered
within a sampling interval of &ast 30 minThus, such encounters may often remain undetected
but had no serious consequences for any of the observed lediaogsleopards are physically
inferior to lionsthey have an interest in avoiding encounters as often as possible (Hagen et al
1995; Hunter & Hinde 2005). Such an active avoidance behavior is indicated by the histograms
shown inFigure 35. Considering the high overlap values between the respective leopards and
lions, distances of less thark® make up only a small fraction of all recorded distances.

5 Personal communication with Moni&chiess Meier and Stephen Hentey September 1, 2015.
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IV Kill sitedetection

11 Related work

The investigation of Kill siteprovides information usable for numerous purposes, such as the
conservation of carnivores, dietary compositions, and the intamadbetween carnivores and
prey populations (Bacon et al. 2011; Merrill et al. 2010; Pitman et al. 2014). Altkontgjhuous
observation provides the most accurate kill site estspates restricted by its high time
consumption and accordingly smadinsple sizesfand et al. 2005; Tambling & Belton 2009).
Particularly for studies aofeclusive species living in barely accessible terrain or roaming over
large areas,he increasingavailability of affordable GPS collars provigs a costefficient
alternatve to collect data on kikites(Anderson & Lindzey 2003; Pitman et al. 2012).

Spatiotemporal clustering algorithrhsive been often applied GPS data in order tdetect kill

sites. Such clusteringpproaches are based on the faatconsuming prey ragresapredator to

stay longer at a location than most other activities (Merrill et al. 2@d@nparisons of kills

located thoughGPS clusterswith scat analysesor different predator species revealed that
clustering approaches are generally biased towards large prey (Bacon et al. 2011; Pitman et al.
2014; Tambling et al. 2012). For lions, Tambling et al. (2012) found that the number of killed
prey weighing lesshan 100 kg are underestimatadas much as 5%. Since small prey account

only for a small proportion of the total biomass intake (Bacon et al. 2011; Tambling et al. 2012),
GPS clusters are nevertheless suitable for the investigation of kill rates dimg) fleehavior, as
beingshown in Pitman et al. (2013) and Sand et al. (2005)

Another application of spatiotemporal clustering isinidicate potential kill sites, for which
information onadditionalvariables(e.g. vegetation densit@re recordedhat can be usedor
building predictive models of kill site®©One of the firststudies of this kindby Anderson &
Lindzey (2003) used several spatial and ecological varialdeterminedat GPS clustersf
cougars(Puma concolor as input for a logistic regrass® model This model suggested the
timespan of a GPS cluster, particularly during the night, as a main prediatohling et al.
(2010) and Pitman et al. (2012) expanded the list of predictor variaticased general linear
models to predict kill sitegf lions and leopards, respectively. Among otrerables bothstudies
found the ratio of distance moved before and after a cluster to ingpartantcontributor to the
predictionmodel.

The kill site detection ratesand appropriate methodolo@yf clustering algorithmglepend on

many factors, such as the prey size (Pitman et al. 2012; Tambling et al. 2010), anthropogenic
pressure (Pitman et al. 2013; Smith et al. 2@&) the social structure of the predator (Merrill et

al. 2010; Tambling & Beltor2009). For examplePitman et al. (2014) analyzed kill sites of
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leopardsby defining clusters as two or more subsequent points (sampling intervh) efithin

50 m, whereby clusters being closer than M@&nd 8h (closest point to closest point) were
merged. Of the validated clusters obtained by this methodologyps roved to be actual kill

sites (Pitman et al. 2014for lions, on the other handyhich kill noticeably larger prey than
leopards (Haas et al. 2005; Hunter & Hinde 2005; Macdonald & Lager2010pnly 16 % of

the clusters were found to be actual kill sites (Tambling et al. 2012). Although the less refined
clustering rules (two or more consecutive points [sampling intervahdfaithin 200m) might

be partially responsible for the lowsuccess rate, the fact that liasfsen feed orpreyin groups

(Haas et al. 2005) is likely tofluence the success rate as well, since it leads to lower handling
times and thus shorter clusters (Merrill et al. 2010).

12 Methodology

12.1 Analysis procedure

A successful detection of Kill sites depends, among other factors, largely on the selestft ru
the clustering approacin order to evaluate the effect of different variakfiesthis approach)
and todeterminethe rule yielding the lowest erroates the results of differergets ofvariables
were compared in a first stefhe clustering rule tha¢dto the lowest overall erravasthen used
to estimate the ratio of kill sites inside the%@nd 9%% home range boundarias well as inside
the protected area of the game reserves

12.2 Effect of theclustering rule

12.2.1 Building clusters

As proposed byarious authors (Anderson & Lindzey 2003; Tambling et al. 2010; Tambling et

al. 2012)a cluster must consist of at least two consige GPS fixes that are closer in space than

the maximum observed GPS error plus a buffer for translocations of the individual (and its prey).
Although the data of all four lions was predominantly sampled ami@0and 60min intervals

short periods of arser sampling intervals occurred. Since it is questionable whether two
successive fixes being close in space but far away in time belong to the same cluster, a temporal
threshold was incorporated as well. A value ofnéii was set for all individualsThe whole
workflow is shown inFigure37.

12.2.2 Mergingand filteringclusters

Since lions consume prey often in prides (Haas et al. 2005; Macdonald & Loveridge 2010), it is
likely that individuals do not stay kg/carcass peranently but return to it repeatedly (Tambling

et al. 2010). By merging clusters that are spatially nearly identical but temporally separated, it can
be avoided that such behavior resintseveral single clusters ardus in overestimation of their
numker. Pitman et al. (2012), who analyzed kill sites of leopards, merged clusters having their
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closest points within 8. As lions prefer larger prey (Hunter & Hinde 2005) handling tiofes
small pridesor individualy hunting lionscan be longer than thosé leopards Based on this
information and observations made by L°Etbetime thresholdfor merging clusters was set to

10 h (for the temporally closest points of the respective clustéirsally, as in Tambling et al.
(2010), all clusters lasting less thah ®&ere delete@seeFigure37). Due to the irregular sampling
interval, clusters were also deletéidihey consisted of too few GPS fixes. Fatakets with

60 min S, 2fixes were the minimum antbr those having 3tnin as their coarsest 4 fixes

were requiredThe clusters obtained after the merging step were considered as potential kill sites
andfrom the data basis for the subsequent wenght

subsequent points within 3 no
50 m & 65 min? clustering

Criterion

Cluster centroids within 50 m >
& closest points within 12 h?

keep clusters
separated

(

merge Cluster lasts longer than 2 h delete
clusters "] & contains more than x fixes? cluster

keep assign
cluster weights

Figure37. lllustration of the clustering rules applied to the lion datasets. The orange colored ¢
represents the final clusters, which were then weighted according to the variables mentioned in ¢
12.2.3

6 Personal communication with Dr. Stephen Henley and Monika Selieiss on September 1, 2015
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12.2.3 Assigning weights

Previous studies that bupredictive models of kilkites for felidsfound thatthe detection rate
could be significantly improved by includiragditionalvariables. Except for the duration of a
cluster(Dur) (Anderson & Lindzey 2003; Pitman et al. 2012), the ratio of distance moved before
and after a clustgDistR) (Pitman et al. 2012; Tambling et al. 2010) and the time of(tiai)
(Anderson & Lindzey 203) proved to be the strongest contributors. These variables were
incorporated in the clustering approach as wejgigressinghe probability of a cluster being

an actual kill siteln a first stepthe clusters were weighted according to their védtwesach
variableseparately.

For the variabl®ur, the time period of each cluster (defined by the temporal difference between
the first and last GPS fix belonging to the same cluster) was computed and divided by the longest
time period of all clusters tdotain normalized values. FBistR, the ratio of the sum of distances
moved between all fixes within 2dbefore the start of a cluster anddfter the end of a cluster

was computed. Thus, therger the distance travelled during the 24 hours befoltestec and the
smaller it is during the 24 hours after a cluster, the higher is the resulting value. The ecological
signification of DistR is that carnivores are supposed to range farther when being hungry and
reduce their activity afterwards (Pitman et2012).Again, the variable values were normalized.

The last weighting variabl&oD, is based on thiact thatmany predators prefer to hunt between
dusk and dawn due to theeducedvisibility (Anderson & Lindzey 2003; Haas et al. 2005;
Martins & Harrs 2013; Patterson et al. 2004). As lions in KGR and CKGR are also nocturnal
(Ramsauer 2006), each GPS fix that belongs ttusterand was recorded between dusk and
dawn was assigned the valueFIxes belonging to a cluster and being recorded durinddiie
receiveda value of 0. Dusk wadefined as .m. and dawn as&m.If the mean of the assigned
values was larger than 0.33, the cluster received a value of 1 fopbheariable. If the mean

was smaller than 0.33, a value of 0.5 wasSkice resting occurs mainly during the day, when
hunting success is reduced and high air temperatures potentially restrict high physical efforts
(Patterson et al. 2004; Ramsauer 2006)tesponding clustersceivelower weights.

12.2.4 Sets of variables

The conbinations of the three variabl€3ur (duration of a cluster)DistR (ratio of distance
travelled before and after a cluster) araD (time of day) were used to build four differesgts

of variables to assign weights, which aresented imable28. For comparisonthe clustering
approach used in Tambling & Belton (2009), Tambling et al. (2@k@® Tambling et al. (2012)

was included as a fifth variable set {g¢tlts rules were adapted to the data in this sardjare

as follows: Consecutive fixes must be within m0and 65min and a cluster must last2or

longer. The adaptations were necessary due to the different and heterogeneous sampling interval
occurring in our data

94



Chapter 12 | Methodology

Table28. Combimtions of the three variables used for weightimigclusters.Dur corresponds to the
number 1,DistRto 2 andToDto 3. Set» therefore used the variabld3urand DistR Setastands for the
clusteringapproachused (among others) in Tambling et al. (2010) and does not use any wedghts.
alFyRaE F2NJ ay2NXYIFfAT SRE®

Variable set name Involved variables Weighting formula
Setiz Dur, DistR norm(Dur + DistR

Sets Dur, ToD Dur* ToD

Setbs DistR ToD DistR* ToD

Setizs Dur, DistR ToD norm (Dur+ DistR * ToD
Seta = =

12.2.5 Validation

To validate the results of the different sets of variables, a small amount of validated kill sites and
nonkill sites was available, as presented able3 on pagel5. According to comparisons with
theliterature, all of the totally 91 validated kill sites involved large prey abovekd@Bauer et

al. 2014 Hayward et al. 20Q65chiessMeier et al. 2007Winterbach et al. 2014T.he validated

kill sites were usedo compute the type Il errgrsvhich show the proportion of undetected
validated kill sitesEach cluster wabuffered by 50m and therspatially intersected with each
validated kill site belongim to the respective lion. If a match was found, it was tested whether
they intersected temporally as well. For the temporal intersection, the kill date estimated by spoor
trackes was buffered according to the time difference between the estimated &iladatthe
observation dateBased on preliminary analyses and information ftdbC’, thebuffer values

listed inTable29weredefined The sum of clusters that spatially and temporally intersected with
validated kill sites was divided by the number of validationorels for the respective animal,
transformed into percentagé&lues higler than 1006 were set to 108) and subtracted from
100%. Thus, high values indicate high percentages of erroneously not idekilifitks.

Table29. Time buffers used for the intersection of clusters ealdiation data

Time differencé Time buffer
Up to 1 day +1 day
2to 7 days +2 days

8 to 14days +3 days
15to 21 days t4days
22 to 30 days +5days
more than 30 days +10 days

*The timespan between the date of observation and the estimated-/kill date.

" Personal communication with Dr. Stephen Henley on September 3, 2015.
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The validated notkill sites (only available for Madge) were usaddetermine the type | errors,

which show the proportion of detecté&il sites that are known to be nanéach cluster was
buffered by 50n andtested for intersectiowith the validation datdDates of a nonkill site were
bufferedby + 3 days to account for potential inaccuracies that may have occurred during the
procesf manually determining the date and coordinates of a cludtersum of intersections

was divided by the number of validation records for the respective animal and transformed into
percentages. Again, values higher than 100 % were set % 100e higler the type | errotthe
higherthep er cent age of erroneously detected Akil!]l

The resulting errors wemeasured at different weights (015, in steps of 0.1) and the average
of the errors for the weights from 0 to 0.5 was computed for all individDalg.weights between

0 and 0.5 were considered for the mean error because most error type | aneslavaligdentical
beyond this weight, which would reduce the differences between theFeetbladge these
measures refer to thetal error which is the sum of the type | and type Il errors. For Getika,
Verity and Ellathesameasures refer to the tydestroronly (due to insufficient validated nekill
sites) The minimum error and its associated weigbtedetermined only fothe total error of
Madge. Since type Brrors always increase with increasing weigthtsir minimum is always 0
and occurstaweight O.

12.3 Estimatedill sites

According to the results of Secti@B.], set.and sebsachieve the lowest errors. As seequires
less information to compute, it was selected forsifiiessequent analyses

12.3.1 Crieria to select weight thresholds

The minimum total error is the most appropriate criterion to select the weight threshold in many
situations. It ensures that the sum of overestimation and underestimation of kill sites is minimal
according to the availablalidation data and thus was one of the crit@tienoted a&rrormin)

used in this study. However, the total error could only be determined for one of the four
individuals (Madge). In order to apply the criterion to the other lions, the error type Il for the
weight yielding the minimum total error was determined for Mad@ge.weight threshold for the

other individuals was selected mgspectingat what weighwaluethe difference of their type Il
errors was closest to the reference of Madge. This procedure, however, implicitly assumes that
there are no significant differercdetween the individuals regarding the ability to locate their
kill sites.Given that no validation data about Fkilt sites were available for the other individuals,

it was nevertheless the only possible procedtie.resulting weight thresholds foidtcriterion

are shown imable34.
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A maximum allowed error type Il of 1@ was selected as a second criteridenoted as
Error 1l10) to define the weight thresholll.is defined as the maximumeight which resultin a
typell error less than or equal to 20 (seeTable34). Error Il 10 ensures a reasonable degree of
underestimation but ignores potentially resulting overestimatidormation on the error typk
was availabldor all individuals.

A final criterion is based on ecological information rather thiwbserved error rates of the data

by setting the weight threshold according to the resulting mean kill rates. The kill rate denotes the
time that passes between two &gsive kills of an individual or pride (Merrill et al. 2010; Sand

et al. 2005). It was determined by usingtihge to kill(TK) definition of Merrill et al. (201pthat

startsto count the time between kills at the first fix beimglongermpart of a clusterand ends to

count at the first fix belonging to the consecutive cluster. Because kill rates depend on many
factors such as climate, vegetation, sex and prey abundance (Funston et al. 1998; Rapson &
Bernard 2007), values frotheliterature were used to roughly set a lower and upper boumdary

the ecologically reasonabl values.Lionesses in Kruger National Park and Karongwe Game
Reserve in South Africa were found to have quite high kill rates 826 days (Funston et al.

1998; Lemmann et al. 2008). Other studies in Madjuma and Shamwari Game Reserve (South
Africa), that did not distinguish between males and femé#tesd that lionskilled on average

every 4 to5 days (Power 2002; Rapson & Bernard 208gxordingly, TK thresholdf 2 and5

days were definedThe respective weights were found by calculating the resulting mi€an
values at different weight thresholdadure38). The weigh$ being closest to the loweT Kiow)

as well as taheupperTK boundary TKnigh) wereused agriteria to set the thresholds (SEsble

34).

40

average TK [days]
15 20 25 30 35

10

0.0 0.1 02 03 0.4

weight

Figure38. Meantime to kill(TK valuesat different weights. All of the analyzed lions are females.
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12.3.2 Spatial distribution of kill sites

The spatial distribution of the kill sitegasanalyzed according to threxologically relevant
aspects: The ratio of kill sites inside thedsMhome range, inside the 95home range, and inside

the protected aredhe Kkill sites that matched the respective criteria presented in Sétidi

were intersected with the polygons of the two home range isopleths and the game reserves (KGR
and CKGR). The area of the polygons veasfered by 50m prior to the intersection in order to

take the GPS error into account.

13 Results

13.1 Effect of the clustering rule

For all of the four lions, sgtresuls in the strongest decrease of clusters when increasing the
weight threshold from 0 (séegure39for Madge andrigure40for Getika). Except for Ella, sgt

shows the flattest curve whereas:seind sebs are between the two extremes and almost
identical. For Ella,lte curves of sgf, set. and sebsare almost identical and less steep than those

of seks. Except for set and sebs, setz and DistR as well asetz and CluDur exhibit curves that

are identical or at least very similar for all individudibe curveof ToD looks different from the

other curves because it is a binary factor instead of a continuous normalized number. Verity and
Getika fFigure40) show an almost straight line for ToD, whereas a sharp bend arounditjin

0.5 is visible for Ella and Madgd-igure 39). The plots for Verity and Ella can be found in
AppendixA.7.
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Figure39. Number of clusters for Madge obtained at different weights.fdtmesets of variablemvolving

weighting are presented plus the three individual variables for comparisenre3eited in 1409 clusters
(not shown).

98



Chapter 13| Results

= = CluDur

DistR

TeD

set12 (CluDur+DistR)

set13 (CluDur+ToD)

set23 (DistR+ToD)

set123 (CluDur+DistR+ToD)

600
|

No. of kill sites
400
|

200
|

Weight

Figure40. Number of clusters for Getika obtained at different weights.fdbrsets of variablesvolving
weighting are presented plus the three individual variables for comparisaareéseited in 768 clusters
(not shown).

When looking at the errors of the sets of variables, those of type | decrease with increasing weight
thresholds whereas those of type Il incredSgure 41 and Figure 42). Since no type | errors
could be determined due to an insuffitt number of validated nekill sites, aly type Il errors

are shown for GetikaFgure42). The errors of th&ambling approach are constdgcause it

does not use weightsor Madge(Figure41), sets shows the lowest error type | but the highest
error type |l over all weights. Setshows the opposite pattemmith the highest errors of type |

and the lowest errors of typeftdr most weightsBoth error types are identical for send sebs

and ae, except for the weights 0.26.34 between the extremes of sadnd sek. This leads to

the lowest minimum total error of 294 (for the weight of 0.14) and the lowest mean total error

of 622 % of all sets Table30). Sets has only a slightly higher mean total error 8t&% and

often shows the lowest total errors for single weights, but has a markedly higher minimum total
error of 40.5%. The mean total error of sets higher tharthe oneof the other sets and is only

surpassed byeta.

For Getika, the error curves look similar to those of Madgigufe 42). Again, set has the
highest errors of type Il, which is confirmed Bgble31. Although sek has the lowest error for
most weights and thus also on average, it is undercut pyagelt sebs for the weights between
0.14 and 0.26. Setand setbs yield identical type 1l errors for all weights, which holdsetrfor
Verity and Ella, too. The low error type Il value ¥8) for seta indicates that all validated kill
sites were detected. For Verity, sekets and sebs have similar errors for most weights and
nearly identical ones for the mean errdralfle32). Only sei; consistently yielded higher errors
of type Il. The lowest mean errors are with 7%2markedly higher than those for the other
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individuals. For Ella, the lowest errors for most weights and on averagepveeigced by set
and sets (Table33). Unlike the other lions, sgtyielded the highest type Il errors here. The error
plots for Verity and Ella can be found in Appendix A.7.
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Table30. Validation of the total error (sum of error type | and Il) for Madge. The lowest error values per
column are underlined.

Variable Minimum total error Total error at different weights [%] Mean total error
set Value [%] Weight 0.1 0.2 0.3 0.4 0.5 (0.0c0.5) [96]
setiz 29.4 0.14 50.0 516 516 683 889 622

setis 40.5 0.24 714 421 571 627 627 63.8

sebs 38.1 0.06 46.0 73.8 833 889 889 745

setizs 29.4 0.14 50.0 516 516 683 889 622

setra 92.9 - 929 929 929 929 929 929

Table31. Validation of the error type Il for Getika. The lowest error value per column are underlined
(considering only sets with weights)

Variable set Error type Il at different weights [%] Mean error type Il
0.1 0.2 0.3 0.4 0.5 (0.0¢0.5) [%]

setiz 13.6 22.7 50.0 77.3 91.0 42.1

setis 4.5 31.8 40.9 50.0 68.2 32.0

sebs 40.9 63.6 77.3 86.4 86.4 61.7

setizs 13.6 22.7 50.0 77.3 91.0 42.1

setra 0 0 0 0 0 0

Table32. Validation of the error type Il faferity. The lowest error valager column are underlined
(considering only sets with weights).

Variable set Error type |l at different weights [%)] Mean error type I
0.1 0.2 0.3 0.4 0.5 (0.0c0.5) [%0]

setz 56.5 69.6 87.0 91.3 95.7 71.2

setis 69.6 73.9 82.6 91.3 95.7 71.4

sebs 60.9 82.6 91.3 95.7 100 76.9

setizs 56.5 69.6 87.0 91.3 95.7 71.2

setra 0 0 0 0 0 0

Table33. Validation of the error type Il for Ella. The lowest ewalues per column are underlined
(considering only sets with weights).

Variable set Error type Il at different weights [%] Mean error type Il
0.1 0.2 0.3 0.4 0.5 (0.0c0.5) [%]

seti2 44.8 58.6 62.1 72.4 86.2 54.4

setis 55.2 75.9 86.2 96.6 100 70.7

sebs 48.3 58.6 72.4 82.8 96.6 64.1

seti23 44.8 58.6 62.1 2.4 86.2 54.4

setra 0 0 0 0 0 0
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13.2 Estimated kill sites

For all individuals, the range of weight thresholds dubécapplied criterion is smdlTable34).

The criterionError Il yielded inoftenthe lowest threshold value, whereas the highest values
wereproduced either b¥Errormin or TKnigh. The ratio of kill sites within the 5% home range
isoplethis hardly influenced by the selected criterion foadde and Ella, and only moderately
for Getika and Verity. Except for Getika, whose ratio is betweeni 68.9 %, all individuals
havehighly similar ratios between 52% and 57.0%. The differences of theatio of Kill sites
within the 95% isoplethdue b the selected criterion do not exceed%.4Table34). The ratio

lies between 96.20 and 98.8% for all of the individuals. Madge is the only lion whose ratio of
kill sites inside the game reserves differs from 10@#eAll of thecriteria, having 6.83 % outside
(Figure43). Depending on the criterion, a small percentage of kill sites lie outside the protected
area for Verity as well (013.4%). All kill sites of Getika ancElla are within the game reserves

Table34. Spatial distribution of the kill sites of all individuals. For the home range intersection, the mean
value (x sd) of the 5 home range estimations selected in S&iamshown.

Criterion ~ Weight No. of Inside 50% Inside 95% Inside game
threshold kill sites home range [%] home range [%] reserves [%)]
Madge
Errofmin 0.14 125 54.2+6.8 96.8+3.1 92.8
Errorllio 0.10 195 54.2+8.3 96.9+3.7 92.3
TKow 0.08 295 548+75 97.1+3.2 93.2
Tkigh 0.12 150 53.7+74 96.8 £ 3.7 92.0
Getika
Erromin 0.12 78 67.9+3.7 98.7+2.2 100
Errorllio 0.06 203 60.9+4.1 97.7+x14 100
TKow 0.06 203 60.9+4.1 97.7+1.4 100
Tkaigh 0.10 99 67.3+3.7 98.8 +1.8 100
Verity
Errofmin 0.04 308 52.6+ 3.0 96.2+1.8 99.7
Errorllo 0.02 520 52.1+3.2 96.5+1.7 99.6
TKow 0.04 482 55.7+2.7 96.6 £ 0.9 100
Tkigh 0.08 95 56.6+24 98.9+15 100
Ella
Errommin 0.06 482 55.7+2.7 96.6 £ 0.9 100
Errorllo 0.04 635 55.7+£3.1 96.4+1.1 100
TKow 0.06 482 55.7+2.7 96.6 + 0.9 100
Tkaigh 0.10 183 57.0+34 97.5+1.6 100
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threshold was applied.

14 Discussion

14.1 Effect of the clustering rule

The fact that almost identical results for both the number of ctuasewell as for the errors were
obtained for set and sebsdemonstrates thaoD had no effectThe identical numbers of clusters

for Dur and set; as well aDistR and set; (seeFigure 39 and Figure40) support this finding.

This is surprising considering that nocturnal predators, such as the investigated lions, usually rest
during the day and hunt during the rest of the day (Anderson & Lindzey 2003; Ramsauer 2006;
Tambling ¢ al. 2010) Because of thatlustergreferring to kill and resting sitegye expected to

occur at any time of dagnd thus require being differentiated BgD. For seis, ToD may have

no effect because the distance ratio already differentiates chedivigen restingnd kill sites.
Halving the weight of clusters that already have very low values may nreshtmges too small

to detectHowever, this is less likely for sebecause resting can result in equally long clusters

as consumingrey. Therebre, another possible explanation is that the binary classification used
for ToDis toocoarseandthusconfusa resting and kill sites (Tambling et al. 2010). The lack of

a sharp benth the curve ofToD for Verity and Getika Figure40) is due to a low number of
clusters classified as diurnal. This either confirms an inadequate classification or indicates an
unusual resting behavior of those individuals (Haas et al. 2086¢onald & Loveridge 2010;
RamsaueR006; Schies$/eier et al. 200¥.
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Figure39 andFigure40 show thaiDistR (and thus sef) leads to a clearseparatiorbetween the
majority of clusters having a low weight and theority having a high weight. This is caused
by the large value range that aatur when dividing the sum of Euclidean distances. As soon as
there is at least one particularly large ratio, most other clusteetvesmall weights for this
variable which reduces their differentiability. The duration of a clusi2ur, seis), on the other
hand allows for a better differentiability of a larger proportion of clusters due to a narrower range
of valuesandthereforeseems to be preferaleer set; andDistR, respectivelyThe lower errors

of sets compared to setfound in tiree of four error plots support this conclusioncg £t and

setioz include both variables, their influenceanceleach otheout This effectleads to a total
error for Madgethat is slightly smaller than that of seand significantly smaller than that of
sets. The fact thaset, and sebsalso produced the lowest mean type Il errors for Verity and Ella
supports the finding that they are the most appropriate sets of lgari@that have been
investigated he)efor the detection of clusters.

Although set; and sebs yielded the lowest total errors and markedly lower type | errors for
Madge, their type Il errors can compete whibse ofseta only for low weights.If it is critical

not to miss any potential kill site weight threshold of O ensures the same low rate of type I
errors as set. By usng a low threshold such as (fdr Madge), however, a type Il error o0

and a type | error of 5% yields half as many uexessary field visits compared torgsefThe
inclusionof variables to assign weightsatmark the probability of a cluster being a kill ditas

no disadvantages compared to the approach of Tambling & Belton (2qfj9ying weights is
thus a sensiblextension that allowseducing significantlghe workload for visiting potential kill
sites to validate them, e.g. to gather data for the construction of a predictive model.

14.2 Estimated Kkill sites

Although the number of kill sites varies significantigpendig onthe weight threshold criterion,

the ratios are guétstable. This indicates ththeimportance of different regions can be estimated
reliably, even though the absolute number of kill sites might mdgsinder or overestimatéhe

actual number. Sge theTKw andTKxigh Criteria predetermine the number of kill sites by using
the Kkill rate for its computation, they are not recommendable to estimate absolute kill site
numbersRegardinghe estimation of the ratios, however, they produwraparableesults as the

other criteria. A potential advantage of them d¥aormin andError 11410 is that the performance

of the latter heavily depesdn the amount of available validation data.

Interestingly, the 506 home range isopleths for three of four §ortontain almost the same

percentage of kill sites. As an exception, Getika not only has a significantly higher ratio of kill

sites within the 50% boundary Table 34), but also the smallest (static) home range of all

individuals Table2l) . Si nce Geti kabdés home range widely ov
who have lower ratios and larger core areas, it is unlikely that this area has particularly high prey

104



Chapter 14| Discussion

abundances (Wintedcoh et al. 2014). Rather, Getika spends more time in the core area and thus
hunts predominantly there. The fact that the ratios of kill sites within tBel8Eme range isopleth

are close to 1006 supports the claim, that this areantains all resourcesequired by the
individual (Burt 1943).

As already indicated by the overlap analysis of the home ranges (compare S&c§owerity

and Madge are the only individuals with kill sites outside the protected area. Since thesKill si
outside the game reserves intersect grazing areas of cattldalyishat they represent livestock
predation (Mills & Schies#leier 2009; Mishra et al. 2015; Schigdeier et al. 2007). The fact

that both lions were labeled as problanmimals andinally shof supportghis assumptiorCattle

killed by lionsweigh more than 10(&g in most cases and thus should be easily detectable by
using clustering approaches (Ramsauer 2006; Tambling et al. 2010). Nevertheless, the observed
ratios of kill sites outside the protected area seem to be, particularly for Veritgyao justify

their classification as problem animals. It is thus likely that lions show different killing and
feeding behavior when being close to human settlements (e.g. shorter cluster durations and lower
distance ratios) due to potential disturbanedsch reduces the detection rate of such kill sites
(Pitman et al. 2012). The existence of such impacts due to anthropogenic distunbaalready

been observed for cougdrg Smith et al. (208).

14.3 Finalremarks

The amount ofvalidation data available fahe individual lions was quite small. Particularly
validated norkill sites were sparse and within a reasonable range only for one individual
(Madge). The computed errors of Secticdhlexhibit therefore a higrelel of uncertainty.

Prdiminary analyses (see Appendix Al&ve shown that the inclusion of the accelerometer data,
which werepartially available for the lions, can improve the accuracy of the clustering approach.
However, the accelerometer data carbetownloaded remotely but can only be obtained when
changing the GPS collgstoreon-board) which is typicallydone every 11.5 years. As a
consequence, the clustering approach could not be used to locate recent potential kill sites to visit
and valida¢ them. Thus, data from the accelerometers was not included in the final clustering
algorithm.

8 Personal communication with Dr. Stephen Henley and Monika Selfieis on September 1, 2015.
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V Conclusion

15 Achievements

The first step of the home range analysis concerned the effect of the parameterization of the home
range estimators selected for this study. The obtained results differed considerably from the
results found inheliterature. For KDE, it was shown that tteference bandwidth produced more
realistic home range estimates than the more sophisticateevatmigion(except for BCV)and

plug-in approached-or t-LCH, simulatiors claimed consistently lower errors when usingahe

rule instead of thk-rule. Howvever, using data from this study, the former yielded markedly larger
core aras that lack any spatial detail. Tagule was therefore found to Hess appropriateA
possible explanation for that may be the large span of point density in thevkiataled to the
inclusion of too many points during the construction of the hulls when using-the. The
analygsrevealed that the inclusion of the time paramstggnificantly affectdhe home range
estimates of-LCH by forming the isopleths according the pathways of the individudh
addition, t was found that the modploposedoy Benhamou & Cornélis (2010) and Jay et al.
(2012)to determine the smoothing parameter of épproximated version of BRBas some
unresolved issues. One of them protedbethe presence of several different sampling intervals

in a dataset. Another issmaasthe strong dependence on the selected timespan assavildted

the maximum travel velocity.

By averaging the results of the individual sets of parameters for eaghahiiRindividual, MCP

proved to compute areas that are significantly larger than those of the other methods. Unlike
results from literature, KDE produced home ranges whose aretieeagmallest of all methods.

When considering only the area, KDH,&H ard BRB were found to be statistically identical
regarding the 93% isopleth and almost identical regarding the core arEavever, the
compactness index, which represents the shape of the home ranges, showed more distinctive
differenceghan the aredt revealed that the estimates of KDE and BRB are equally fragmented
and undersmoothed, whereas those-lofi tend to be much more cohesive.drawback of

t-LCH provedto be the lack of functioning guitiees to set its parameters for the data used here.

A comparison of the obtained home range estimates with those from the literature revealed that
the lions and leopards theKhutse Game Reserve atiek Central Kalahari Game Reserve have
home ranges that are among the largest worldwilles is at least qrtially explained by the
observed temporal variability of tteme rangarea and shapehichlead to lager home ranges.
Because most other authors did imotestigatethe temporal variability of their estimates and
partially used different home rangefidéions and estimatorsgcomparisons ohome range
estimates incorporates a high level of uncertaihig. likely that he observed home range shifts

over timemasked differaces due to sex and seasiwast might have existed otherwiJde patial
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overlaps of the home ranges were analyzed and used to reconstruct pride structures of the lions.
As none of the males showed intersecting home ranges, they were assumed to belong to different
prides. For the leopards, an unexpectedly high degree of overlafsunddetween individuals

of the same sex. An analysis of their Euclidean distances at similar times revealed that they rarely
encountered each other and thus demonstrate a strong active avoidance deéheagofound
that, except fdsthesBuhrdyriagise s¢ason, pll leopandssand lions had their
home ranges predominantly within the protected area. However, even small perceetages
outsideindicate potential livestock predation. Regarding interspecific interactions, it was found
that extensive overlaps occurred between the home ranges of leopards and lions. The small
Euclidean distances obtained for several interspecific comparisons indicate that direct encounters
were not unusual but ended for none of the leopards lethal. Smeashmajority of distances

are larger than Em and lions have no reasons to avoid encounters with leopards, the latter are
assumed to actively avoid lions.

The effect of different variables and their combinations, which were found to be particularly
usdul for locating kill sites in previous studies, was analyzed by incorporaéwugral variables

as weighting criteria. It was found that @mbination of theluration of a cluster and the ratio

of distances moved 24 before and after a clustgeldedthe lowest overall error andoderate

type Il errors. The time of day of a cluster, on the other hand, had no effect on the result. It is
possible that the respective classification was too coarse and therefore minimized the impact of
the variablelt wasconcluded that the incorporation of weights to quantify the probability of a
cluster being a kill site entails no disadvantga@n the contrary, selecting an appropriate weight
threshold value can save a considerable amount of time when visiting pdidingiggs, e.g. to

collect validation data to train predictive modédlke set of weighting parameters that performed
best was applied to four of the lions to estimate the spatial distribution of their kill sites and the
extent of livestock predation.réspectively of the selected criteria to determine the weight
threshold, the ratios of kill sites within the B0and 95 % home range isopleths were quite stable
This indicates that, although the absolute number of kill sites vary considerably, thigir spat
distribution is quitestableon large scales. The fact that almost all kill sites are within thgé 95
home range boundary supports its ecological relevance. Those lions that were marked as problem
animals and shot by the government were also found to have small percentages ififsiieg k
outsice the protected area. The low extent of potential livestock predation suggests that those
clusters could not be located reliably by using spatiotemporal clustering. It is supposed that lions
change their feeding behavior when being clodaiimans so that clusters are shorter and harder

to detect, which results in an underestimation of the extent of livestock predation.
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16 Implications

The deviations of the results fraheliterature concerning the choice of the home range estimator
and its psameterization emphasizes the differences between real, imperfect data and simulated
data The latter has therefore only a limited validity &oralyses of freeanging animals. Due to

a lack of studies that applied.CH to comparable datasets, it remainanclear whether the poor
performance of the-rule is, as assumed, a result of the extreme range of spatial densities or
eventually a programming issue of Rpackagel-LoCoH Further studieare needed to provide
clarification. The moderate differersef the areas computed by the different HRE (except for
MCP) indicate that their choice is not critical when home range sizes are the only goal. The
observed differences of 120 % are within the (high) level of uncertaintyising through the
comparisorof results that used different parameterizations, methodologies and data sbueces.
incorporation of the shape and spatial position of a home range, however, reveals larger
differences between the HRE. Particularly the shape of home ranges produce® lpydvé€x to

be markedly differentrom those of all other HRHEt is therefore recommended to include shape
measures in home range analyseshat comparisons between studies are based on mow than
singlecriterion. This, however, requiresingthe sare measures for all studid3ue tothelarge
differencesbetween MCP anthe other HREegardingthe size, shape and position of the home
ranges,the result of MCP should not be regardedaasnservativeestimateof ecologically
important areas for an inddual.

The observed variability of home ranges over time questions, at least for lions, the suitability of
the conventional static home range analysis. By computing home ranges based on data from a
single year, some of the observed shifts may not blel@zi mightbe misinterpreted. Using data

from several years, as it is the case hbedps detedng such shifts butan lead to seemingly
disjoint core areas and overestimated areas. A key finding of the home range analysis part is the
strongdependence of the home range estimate orteitmporal aggregation leveised It is
therefore suggested to analyze home ranges at different temporal aggregation levels to detect
potential shifts. In addition, using several home range estimators @avit@e comprehensive

view of home ranges and allsto quantitatively estimate their level of uncertainty. The observed
extentsof the core areas and their intersectionsstone of the leopards indicate that they should

not be understood in the sense ofedelied territories but only as regions of increased utilization
density. This is supported by the fact that thé®fsome range isopleths were much more compact
than the core areas for most individuals.

The findings of he kill site analysis highlighthe ptential advantages ofinking clusters
according to their probability of being kill sites. The application of the developed clustering
approach was found teeliably display the spatial distribution of kill sites on large scales.
Although the accuracy ahe approach is limited, it allows fapugh estimates at very low
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expenses, particularly in combination with ttiee to kill (TK) criterion. However, spatio
temporal clusteringpproachesannot be recommended daantify livestock predation abey
aresuspected to underestimate such kill sites to a considerable degree.

17 Future work

Incorporatingthe shape of a home range was foundupport more comprehensive differen
tiations of home ranges. In order to serve as an additional aniteri comparisondetween
studies, however, the same shape measures must be used. Further research is ragilyed to
the effects of various characteristics of home ranges (e.g. the level of disjointedness in the case
of several polygons) anfind measures that optimgllrepresenthem, so that they can be
established as standartis.addition, he home range analysis raised many questions concerning
the observed spatiotemporal shifts. It is therefore suggestamhductanalyses that investigate
the reasons fothose shifts in order to consider theppropriately inconservation strategies.
Although the analysis of home ranges in terms of individual seasons rewealgdshifts over
time, they may look different when using different temporal aggregattmtardingly, future

work should expand the analysis of spatiotemporal shifts, e.g. by osmong windows of
varying width for temporal aggregation and comparing their results.

A major limitation of the kill site detection consisted in the insufficient vabdadata to evaluate

the performance of the different sets of variables propleis/suggested to collect large numbers

of validated kill and noxkill sites, e.g. by using the presented clustering approach, to assess its
performance in a statisticallygsificant manner. It was concluded that the investigated clustering
approaches are likely to underestimateahsolute number and proportioflivestock predation.

In order to veffiy this hypothesis, it is suggested to check the GPS positions of a kmollam

animal as soon as it leaves the protected area and moves towards rangeland. By comparing the
number of clusters with the number of validated livestock predation events, the adequacy of the
clustering approachder this purpose of usmay therbeassessed.
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Appendix A.1

VIl Appendix

A.1 KDEInfluenceof the sample sizen the bandwidth

The average of 10 iterations done for each of the four leopards is shown. The cofaetdian
which are based on these values, were used for the lions in order to compensate their reduced
sample size for the estimation of the bandwidth.

Individual HPhait HPui HSCVait HSCWi  HBCYar  HBCMu

PF07_Ronja 1114.03 922.84 1081.28 881.26  2240.62 2022.49
PMO07_Mothamongwe 989.59 820.83 1033.86 843.93  1648.11 1488.12
PMO08_Bogarigka 1441.89 1183.76 1470.52 1187.32 3205.26 2861.58
PM09_Gham 1192.77 966.72 1211.51 961.44 2171.04 1945.78

A.2 KDE: Influence of the kernel function

Thevolume of intersection index (3) was calculated between the Gsiaa and Epanechnikov
kernelusing the reference bandwidth for all of the 12 leopards and Titvashigher the VI index,
the smaller the differences between the kernel functions.

Individual VI index
PFO7_Ronja 0.94
PMO07_Mothamongwe 0.95
PMO08_Bogarigka 0.94
PMO09_Gham 0.93
LF12_Verity 0.94
LF13_Ella 0.94
LF16_Jane 0.93
LMO06_Hitchcock 0.94
LMO7_Mexico 0.92
LF14 Madge 0.93
LMO8_Orange 0.93
LFO7_Getika 0.92

between theGaussian and Epanechnikov kernel function
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A.3 BRB: Influence of tau

Normalized areasf the 50% and 95% isopleth when using BRB with different values for the
parametetau [seconds]

Individuatisopleth combination 60 C 180 c 360 c 720 £C 900 ®cC

PFO7_Ronja 5% 1.00000 0.99993 0.99970 0.99953  0.99922
PFO7_Ronja 9% 0.99902  0.99917  0.99938  0.99981  1.00000
PMO07_Mothamongwe 5@6 0.99891  0.99905 0.99926  0.99965  1.00000
PMO07_Mothamongwe 9%6 0.99859  0.99877  0.99904  0.99923  1.00000
PMO08_Bogarigk&0 % 0.98498  0.98698  0.99021  0.99683  1.00000
PMO08_Bogarigka 9% 0.99194  0.99301  0.99478  0.99838  1.00000
PMO09_Gham 586 0.99691  0.99728 0.99793  0.99937  1.00000
PMO09_Gham 956 0.99813  0.99839  0.99872  0.99945  1.00000

A.4 Detailed home range results

Area and compactnesaluesof the core area (5%), separately by individual and HREor t
LCH, the average of the lower and upper boundary vdtuasdk: is pregnted. Females are

underlined
Area [kn¥] (50%isopleth) Compactness (5@isopleth)

Individual MCP KDE t-LCH BRB MCP KDE t-LCH BRB
Ronja 259.4 211.7 199.8 175.4 0.95 0.34 0.32 0.31
Mothamongwe | 230.9 1946 203.2 180.9 0.96 0.39 0.44 0.38
Bogarigka 578.0 494.8 394.3 480.1 0.94 0.51 0.46 0.24
Gham 325.7 302.4 301.3 284.7 0.96 0.37 0.52 0.32
Verity 852.9 707.2  769.8 656.6 0.97 0.64 0.27 0.19
Ella 568.8  466.3 439.8 418.7 0.98 0.46 0.44 0.20
Jane 987.6 780.4  723.3 663.5 0.98 0.37 0.30 0.31
Hitchcock 1203.5 1040.7 996.9 1004.6  0.97 0.36 0.33 0.23
Mexico 182.1 182.2 166.1 218.3 0.97 0.50 0.52 0.66
Madge 7211 4016 309.1 497.3 0.97 0.50 0.19 0.09
Orange 352.6 3125 383.0 328.3 0.98 0.45 0.42 0.47
Getika 470.7  418.0 387.8 431.8 0.97 0.46 0.31 0.43
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Area and compactnes$ the home range (9%), separately by individual and HREor tLCH,
the average of the lower and upper boundary véiesdk: is presentd. Females are underlined

Area [kn?] (95%isopleth) Compactness (9%isopleth)
Individual MCP KDE t-LCH BRB MCP KDE t-LCH BRB
Ronja 1629.1 1304.1 1192.2 11345 0.70 0.32 0.28 0.28
Mothamongwe | 712.0 721.0 667.7 678.1 0.84 0.55 0.50 0.54
Bogarigka 2505.0 2423.6 2221.6 2279.5 0.60 0.37 0.40 0.35
Gham 872.1 987.0 863.0 912.0 0.81 0.56 0.48 0.55
Verity 3601.2 3350.2 3129.6 3030.0 0.76 0.51 0.50 0.48
Ella 2618.3 2386.1 23649 2278.0 0.83 0.59 0.60 0.53
Jane 3327.7 3238.0 2872.3 2937.3 0.82 0.53 0.54 0.49
Hitchcock 4897.0 4346.5 39919 4034.0  0.86 0.54 0.51 0.52
Mexico 1852.4 1559.8 1591.7 1824.2 0.91 0.48 0.63 0.49
Madge 4417.4 3347.2 27106 32473 | 0.77 0.50 0.46 0.54
Orange 10919 1150.6 1077.9 1204.1 0.96 0.66 0.61 0.61
Getika 2243.6 2083.9 1985.9 2047.4 0.90 0.36 0.53 0.28

Ratio of the 500 isopleth to the 956 isopleth separatelpy individual and HREThe results of
the different HRE are shown for each individual. FbCH, the average of the lower and upper
boundary valuek; andk: is presented. Females are underlined.

Individual MCP KDE t-LCH BRB
Ronja 0.16 0.16 0.17 0.15
Mothamongwe 0.32 0.27 0.31 0.27
Bogarigka 0.23 0.20 0.18 0.21
Gham 0.37 0.31 0.35 0.31
Verity 0.24 0.21 0.25 0.22
Ella 0.22 0.20 0.19 0.18
Jane 0.30 0.24 0.25 0.23
Hitchcock 0.25 0.24 0.25 0.25
Mexico 0.10 0.12 0.11 0.12
Madge 0.16 0.12 0.12 0.15
Orange 0.32 0.27 0.36 0.27
Getika 0.21 0.20 0.20 0.21
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A.5 Selected home range estimates

The selected home range estimgtgsfor each individual usefibr the ecological analgs are
shown below.

PF07_Ronja: MCP
S PFO07_Ronja: KDE (REF)
o -—- HR50% S -
S — HR95% 3 <= HR50%
3 HR 95%
X 4
T g
- g 1
E 8 S
> 81 E
2 SO
1 g
§ -
o
g | R
2
4 4
T T T T
-400000 -380000 -360000 -340000 §
s
x[m] E T T T T
-420000 -380000 -340000
x [m]
PF07_Ronja: t-LCH (s=0.04, k=95) PFO07_Ronja: t-LCH (s=0.04, k=165)
g g
8 S
B b
g g ‘
8 8
B pa
» g = 8
27 R
2 N\ I 2
T T T T T T T T T T T T
-440000 -420000 -400000 -380000 -360000 -340000 -440000 -420000 -400000 -380000 -360000 -340000
X X

g PF07_Ronja: BRB (1.2*hmin)
§ -
= - HR 50%
R 95%
s o
3
8
NS
E
= A
o
g
2
& 0
o
8
s
E T T T T 1
-420000 -380000 -340000 -300000

x [m]

122



Appendix A.5

PMO07_Mothamongwe: MCP
o PM07_Mothamongwe: KDE (REF)
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Bogarigka
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Gham
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Verity
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Ella
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Jane

LF16_Jane: MCP
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Hitchcock
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Mexico

LMO07_Mexico: MCP
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LF14_Madge: KDE (REF)
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Orange

LMO08_Orange: MCP
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LF07_Getika: KDE (REF)

7400000 7440000
I I

y[m]

7360000
|

7320000
L

T T T 1
-440000 -400000  -360000

x [m]

LF07_Getika: t-LCH (s=0.018, k=300)

T T T T T T T T
-480000 -460000 -440000 -420000 -400000 -380000 -360000 -340000

133



Part VII | Appendix

A.6 Temporal variation of all home ranges

The following plots show the temporal variation of the home ranges of all leopards and lions. The
home range estimates are based Ditkand the reference bandwidth.
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Bogarigka: Summer 2011 Summer 2012

=== HR50% ==+ HR50%
— HR95% — HR95%

Gham: Winter 2012 Summer 2012

= HR50% <=- HR50%
— HR95% — HR95%

o 26 L] 28
ﬁm km

Verity: Summer 2011 Winter 2013

-= HR50% += HRS50%
— HR95% — HR95%

'& ¥

5 50 o 25 50
| o —

Ella: Summer 2011 Summer2013

-— HRS50% == HR50%
— HR95% — HR&5%

]

' [¢]
o 25 50
T —

.= HR30%
— HR95%

(o]
Q 26 50
e —

+= HRS50%
— HR95%

Appendix A.6

.= HR30%
— HR95%

135



Part VIl | Appendix

Jane: Summer 2012 Winter 2013
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Getika: Winter 20117 Winter 2012

A.7 Effect of the clusteringule

The following plots show the results tife evaluation of the clustering rul8gction13.1) for
Verity and Ella.

Verity
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