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Abstract

In an era of intense environmental change, monitoring biodiversity is a fundamen®irdneed.
populations have proven to be practical and meaningful indicators for tracking thes®obanfgbs.

key method in monitoringbird populatioa is territory mappinglhis work evaluatedvhether bird
monitoring data collected withis method can be analysed automaticallhe analysis of territory
mapping data is not only tkoensuming but also known to leaubstantial scope for interpretation by
human analys This subjectivity makes the analysis of territory mapping data susceji#ige the
way the data are interpreted across time and $paceall for automation is hemmither new nor
surprisingBut previousattempts to automatbe analysis are eithmrtdated (dating back to t8e0),6 s
failed to develop algorithms that were gdigeapplicable for many specfaged to use methods that
were flexible and adaptive to lagaiditionsandinput dataor areonly applicable to extremely labour
intensiveforms of territory mapping (requiringl® surveys per seasohNo novel appraches were
developed that estimate betwesritory distancebased on information ithe recordedbservation
data. Thessite, year and speciespecificdistancesare used toterminatea hierarchical clustering
algorithm the right momerpplication on a large data set of the common breeding bird monitoring in
Switzerland revealed that automatic analggisns similar territory counts as manual solutions.
Specifically automatic analysisratherprecisedeviating from manual territadglimitatiorby only 12%

on average. Globally the number of territories was overestimatedGopng9arisorwith accuracy of
manual territory delimitation reveatbdt thesedeviationsare of similar magnitudeindicatingthat
automationof analysidor many species is possibleurther optimisation gbarameterss however
recommendedRemoval ofubjectivityn the analysis of territory mappiygautomation will reduce risks
for biases in the data dramaticailg isputting the analysis of already kiglhlued long term monitoring
data on evemore sound grounds.
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1 Introduction

1.1 Why s counting birds important?

Humans impact their environment and chéndamatically climate change, deforestation or redease

of pesticides like DDTare just some exampl@hesechanges andheir effect chains are often
multivariate andomplex span across large spatial and temporal scales and azkibigdoe humans.

In order to better understand and maybe halt or manage the impacts we have on our environment it can
be helpful to reduce complexity by indicators that aggregate multiple aspects of environmental impacts
(Bubb et al., 2010)yhe welbeing of bird populations (especially population sizes) are considered to be
good and practical indicators for the state of our enviroifigieby et al., 2000; Gregory and van Strien,

2010; Klvanova et al., 2009; Robinson and Sutherland B2@323eem prone to serve as indicators due

to (at leastthe followingeasons:

1 Theyinhabit almost all habitats andénhdiverse hatait requirements.

1 They are often high up in the food chain and sensitive to.change

I They can live in close vicinity to humans, profit from their activities but also respond very
sensibf to humaninducel environmental impacts (e.g. habithbinges like agultural
intensificationpollutantdike DDT).

1 Compared to other taxonomic groups: They are relatively easy to count because they are well
known, easily recognisable and simpler to locate than many other ofBdiignes al., 20Q0)
As a conseguence many people are willing to volmnteenting birds

1 For many countries there is, at least in Western Europe, good knowledge about population sizes
and their development fdecade8 allowing for comparison with histatisituations.

9 Finallybirdsare also popular and asefulto convey high impact conservation messages.

Accordi ng t ¢2009)okeétiequantieative dat on bird numbierses two main tasks

status assessmeamtd monitoring. Status assessnienisedo evaluatéhe current situation anid an
important prerequisite for prioritisation. Tregioral shareof a species international population is for
example often an important criterion for initiating special protection measures at national level.
Monitoring addsa temporal component by repeating counting events and hence allowing conclusions
abouttrends and development of bird populati@hss information can for example be used to measure
success of conservation measures.

1.2 How to count birds

Even if itis easier than counting other organismsnting birds ismeverthelessot straightforward
there arehallenges like avoiding dowdmenting or correcting faron-detectedirds. Threecommonly
used methodsreavailabld.ine transectpoint transectand territory mapping V o et ab,2B08)

Duringlinetransects field workers follow a predef line and record every t8egen or heardline

transects are usually combined with distance saigtagce$rom the transect teach observation
arerecorded precisely or irsidince bands (categories). Repeated visit help to cover the whole range of
species from nemigratorybirds to latarriving transsaharamigrantsLine transects aegather time
efficientmethodbutit is sensitive tproperdistanceestimatioa( Bi bby et al ., 2000; V
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Thepoint transect method is closely related to the line transect arethalially combined with

distance sampling as wilstead of constantly moving along a line trafiséttvorkers recorspecies

and their distance frogivenpoints during a predefed durationvithout movingPoint counts are also
consideretimee f f i ci ent even though some time is 0losto
however quite sensible to errors in the distance estimates (more so than lineatrdnsetagal for

low-density or/and cryptic species that are missed easily during short, docediggBibby et al., 2000;

Vo922 Gek .et al ., 2008)

Territory mappingnakes use of the territorialitf manybird species: During the breeding season
individualsare ofterrestricted to relatively small areas théxebctefendgainst conspecifics and rarely

leave in order to monopolize limited resources (i.e. nesting sites, food Boutea#ory mapping bird
observations are mapped in repeated insitde adefinedarea The idea behind the method is that
accumulationod b s er vat i ons sleafs tadusteraf olfservatmriwmtt canda interpreted

as territorigs V 0 ©ét @.e X008Mappinghas the advantage of bebgatiallyexplicitallowing for
additional analysis with respect to habitat besides the mere coudbwlevar t is a rather time
intensivdield methodBibby et al., 200@)attakes a loof time due ta high number of repeated wgisit

andthe complexanalysis of field data after fieldw@eate territories from clustei®)eanalysisf the

field data(i.e. the delimitation of the territories) is to some extent a subjectdemamdiindgask and

asks for the application of consistent rules andtbor@ugh checking processV o 82 Ge k . et al
Additionally itis an inefficient method for nearritorial species, seatlonialspeciesghose that range

wide or those that are not monogampu8i bbby et al ., 2000; Vo092 Gek et

All three methodsnaycorrect statistically for imperfect detection (i.e. the fact that an observer never
finds all birdsactuallypresent). In point and line transehe general idea is that detection probability is

100% at the position of the observer (the transect opdime) and becomes smaller with increasing
distance. The relationship between distance and detection probabilitystiamates] with the dagad

used to correct for imperfect detectioBi bby et al ., 2 .OMhiGe ;for traditiorfalGe ket
territory mappingt was often assumed thattalritoriesarefound in the last decades it has become
common to also correct for imperfect detections in this methotérritory mapping detection
probability can bmodelledwith the territory detection historigs aggregations of it) thecour®e of

repeated visit&eéry et al., 2005; Kéry and Royle, 2016; Knaus et al., 2018; Royle et al., 2011, 2007, 2005)

1.3 Counting birds in Switzerland

Territory mappingpas a long tradition in Switzerland eawdyforms weralready in use by the late 1940s
(Vo ©2 Ge k . ledquicklgdecame azs@rd@&d andl9931996 itwas for the first time used on a
broad scale for the®2Swiss breeding bird ati&g&chmid et al., 199&ince 1999 it i; use in the
common breeding bird monitoring scheme (MéMNonitoring haufige Brutvogelwhere iends of
common breeding birds are analyaitti yearly surveys 67 representativeamplesites across
SwitzerlandSchmid et al., 200The method was also usedhe latesSwis breeding bird atlas 2013
2016where territories i2318 sample siteere mappe(Knaus et al., 2018)

1.3.1 The methodology in a nutshell

While traditional territory mappingquiresup to 10 visit V o 9ét @le R0O08)n Switzerlanda
osimplified territory mappingnethodwith only 2-3 repeated visits per seagoapplied in most projects
Usually amplingsites of 1x1 km are visiteth 2-3 morningsdistributed regularlgcross thesarly

6



breeding seas (Schmid et al., 200Duringthesevisits all bird observations are recoatedaper maps
while following a predefined trans@gett onfigurel). The observations are then digitized and for each
species observations of all thredsvare brought together oncadleddspecies map (righton figurel).

In a final step observations thk three visits are groupéuto territories(transparently blue shaded
polygorsin figurel). Important criteria for grouping observationgléreus and Schmid, 2014; Schmid,
2017; Schmid and Spiess, 2008)

1 Always separate observations tteatrerked with a simultaneous observations

1 Try to have only one observation from the same visit per tetniti@ss they are sexually
compatible (i.e. two individuals that can reproduce together).

1 Try to havebservations from more than one visit peitdey.

1 Territory size varigsaturallyffrom species to speciesg.Golden Eagle vs. Goldcresterritory
sizes that correspond to the biology of a species should be applied when delimiting territories.

Thenumber of territories per sample sithésdesiredesult ofsimplifiedterritory mappingvhile shape
and location of territories are not relevahé count data are then available for further analysrder
to correct for observer limitations like imperfect detediwn.prominent productm Switzerlandhat
are based aerritory mapping data arational species tren@attler et al., 201aH)d abundance maps in
atlas projectdnaus et al., 2018; Schmid et al., 1998)
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Figurel: Territory mapping in progre&eft: Field map of one (out of three) visitsone exampkample sitélx1
km square)Each observatiois recorded with a thréettercode for the bird speciéall species of the visits are
depicted)On the right the scalleddspecies mafor the Blue TiiCyanistes caerideswnDifferent colours of
the observationsppints) representthe three ifferent visits Shaded polygons visualifee grouping of the
observationo oterritorie®. Base maps by swisstopo.

1.3.2 Important terms & expressions

In the course of this thesseme specific termbnked to territory mapping in Switzerland, are used
repetedly. They are subsequently introduced and explained inDdeitag. territory mapping field
workers are instructed to use a set of limited symbols to code the behaadubird observati@md

also interactiato other birdsTablel present@n overview across all symbols and how they translate to

other codesThe following expressigare theonesmostcruciafor the understanding of the thesis
7



Simultaneous observatin: Observations of two individuals at the same (iimesimultaneokys
that indicate the presence of two territories. The most common example: Two simultaneously
singing males. Such observatisimsuld always by definition,be placed into two separate
territories.

Double observation: Observations of the same individual at different locations. If a male is for
example seen singing on two different roof tops this ceecdreledwith two observations
linked by a double observation.

Potential double obseration: Two observations that most likely but not certainly concern the same
individual. During field work it can occur thatobservatioris made where circumstances
indicate that it could well be a previotstyrded individual. Suobservationsan bemarked
as potential double observations.

Flight observationt Observations of flying birds. Often the starting and/or the end point of the flight
are not known. This is common for soaring birds, swallows and swifts but also for species that
fly long distaces to access ideal feeding ground€@gnonStarlingsSturnus vulgaris

Atlas code Atlas codes are coding the behaviour of gthinte2). Thepurpose othese codes is to
assess the probability that a species is breeding at a particular site. These codes were developed
for atlas projectsn breeding bird® hence the namdhey are relevant to the algorithm
because theareaspeciespecifiominimal atlas cod¢hathaveto be met in order to create a
valid territores(for detail see Knaus et al., 20Bdther words: Territories are only accepted if
there is a certalikelhoodof breeding.

Territory: Ecologically the term is referring to the space that a pair is occupying and defending against
conspecifics during a breeding season in order to monopolize limited resources (i.e. nesting
sites, food sources). In the context of simplified territory mappingr r i t or ydéa i s e q
cluster/groupof observations. While observations are grouped by means of polygons the shape
of the polygon has no ecological meaning but only serves the purpose of grouping.

Table 1: Symbols used iterritory mapping (digitized symbols), their meaning as well as their corresponding
point/line code and atlas codéable?). Point and line codes are ordjevant to readers that study the program
code carefully. They identify the respective symbol.

gymbol  Meaning Corresponding  Corresponding

point/line code atlas code
. Male 14 2
3 Female 15 2
q Pair 16 4
. Singing male present (or breeding loadisd) in breeding 12 3
season
. Other observation (seen, calling) 13 2
- Imprecise localisation 2 2
® Agitated behaviour or anxiety calls from adults 23 8
. Transport of nesting materiagstbuilding or excavating of 11 10

nestholeby adult
8



. Adult carrying food for young 17 16
. Recently fledged young 22 13
. Nest with breeding adult, eggs or young 19 18
e Simultaneous observation 3 -
P Potential double observation 9 -
~ Double observation 8 -
7 Flight observation (in the directiortioé arrow) 4 2

Table2: Atlas codeand definitiosused in Switzerlarfglightly modified from international standards).

Code Meaning

Possible breeding

1 Species observed during breeding period but suspected to begjithtban or to be a summering nor
breeder

2 Species observed in breeding season in possible nesting habitat

3 Singing male(s) present (or breeding calls heard) in breeding season

Probable breeding
Pair observed in suitable nesting habitatieding season
Permanent territory presumed through registration of territorial behaviour (song, etc.) on at least
different days a week or more apart at same place
Courtship and display (female and male)
Visiting probable nestte
Agitaed behaviour or anxiety calls from adults indicating presence of young or nest site close by
Brood patch on adult examined in the hand
0 Transport of nesting material, Assiiding or excavating of néstle by adult

(S 1

P Oo0o~NO®

Confirmed breeding

11 Distractiondisplay or injurfeigning

12 Used nest found (occupied or laid within period of survey)

13 Recently fledged young (nidicolous species) or downy young (nidifugous species)

14 Adults entering or leaving nsie in circumstances indicatiegupied nest (including high nests or ne
holes, the contents of which cannot be seen) or adult seen incubating

15 Adult carrying a faecal sac of young

16 Adult carrying food for young

17 Eggshellsf hatched younfipund (occupied or laid within period of survey)

18 Nest with breeding adult found

19 Nests containing eggs or young found

1.4 Needto automate

Territory mappings long known two bgt least potentiallgffected by two major sourcesobkerver
relatederror (Best, 1975; Bibby et al., 2000; Enemar et al., 1978; Scheffer, 1987; Svensson, 1974; Verner
and Milne, 1990)

1) Observationatrrordue to different identification skills of observers, cdtsemconditions, type
of habitat (open country vs. forest) and conspicuousness of bird species

9



2) Interpretationakrror resulting from different interpretatsoof observational data (i.e. différen
delimitation of territories)

Observationagrror is genetly believed to be of more importance or pose a greater threat to sound
analysis of territory mapping dttan interpretational bigsee for example Verner and Milne, 1990)
Therefore it is not surprisitigat observationakrois were at least partially tackled by means of statistical
correctiondor example for imperfect detectionincomplete coveragiéry et al., 2005; Royle et al.,
2011) As this thesis is not focusing thistype oferror, it will not be discussed further despite its

i mportance. hcoserleok at thevseddrd Isouramirtieat receivedar less attentian

The delimitation of territories is not an entirely objective task and deasiderable scopfor
interpretatior(Best, 1975; Bibby et al., 2000; Enemar et al., 1978; Scheffer, 1987; Svensson, 1974; Verner
and Milne, 1990Whileinterpretational freedom may be beneficizdses where regional knowledge can

be incorporated in the delimitation procésis however makintgrritory mapping vulnerable two

biases

1) Riskfor spatial biadf people in one corner afstudy area delimit territories mgemerously
than elsetere spatial differencesya ppear t hat  drbiswould for exdmpleliet r e a |
problematic ikbundance maps were modelled on biased territory mapping data
2) Riskfor temporal bias: Eveahall sample sites were analysethdwgameersonand there was
no spatial biathere remaina temporalincertainty. The same analypsty produce different
results when repeating the delimitation angtsenf the delimitatiotnecamdor examplenore
generous over the years this haase a significaimtfluence on species population trends.

To avoid such biases the othe applicda®0@Gek fetco
2008) Approaches tapply consistent rulasecurrentlyoften limited to sound instructions and thorough

checling of theanalystoy expertsThe Swiss Ornithological Institute is doing so by providing instructions
(Schmid, 2017; Schmid and Spiess, ,2D@BYyidual feedback on conductedritory delimitatios

example territory delimitatiofténaus and Schmid, 201ygarly workshops for field workers and most
importantly a rigorous checking of all territory delimitations by a handful of experts that remain the same
for many yeargsee for example Knaus et al., 2@8) even with well trained and experienced experts
variation ininterpretations cannot be eliminated completely (see for efigmp®. Furthermorethis

checking and feedback process has its cost: The annual checking of 267 saaopieesibsut50

days of work (roughlysh per site).

In order to apply rules consisterdlyross time and spaaed save time in the analysis of teyritor
mappingthe call for automation is selfident.In fact wih the advent of computers figgtomising
approaches to analyse territory mappinghdat@ already beeteveloped in Englan@orth, 1977)
GermanyGerf3, 1984and the NetherlandScheffer, 198Apf the 39 countries participating in the-Pan
European Common Bird Monitoring Sche(lésanova et al., PO) only Germany, Liechtenstein,
Luxembourg, the Netherlands, Russia and Switzarsanderritory mappind®f those onlythe
Netherlandsreanalysing since 2011 more than half of their sample sites auto(vaticllijk et al.,
2013)For Germany and Switzerland who use both difsghperritory mapping approach woilly 24
visits per sitan automated approach is still lacking but highly desired

10



territories: 9 territories: 17

Figure2: Four independent territory delimitations for the Common Wood Pigeon based on identicafaieita. All
delimitations where made by experienced employees of the monitoring department of the Swiss Ornithological
Institute. The total number of delimited territories varied between 9 and 19 territories. Variation illustrated in this
square and speciesaigk buhot anextremeputlier Base maps by swisstopo.

1.5 How to automate?

Despite the fact that territory mapping has beasefor a long time there are surprisingly d&empts

to automate the analysi®hile the shortcomisgyf manual territory delimitation are well kndam

some timgBest, 1975; Bibby et al., 2000; Enemar et al., 1978; Scheffer, 1987; Svensson, 1974; Verner and
Milne, 1990) only foundfive publisied algorithmthatanalyse territory mapping data.

1.5.1 Automatic analysis in &isting algorithms

North (1977)developed an algorithm to analyse the British Common Birds CensGer@tE084)
developed an algorithm for German monitoring data. Sqfi&8Hand in 2011 van Dijk et £013)
developedsolutiors for the Netherlands. Anfihally Marchand2015)published first ideas on how to
analyse Swiss monitoring data. The only algorithm awctive#§oday is th one of van Dijk et §2013)

Common tothese algorithmss that they all usdierarchicalagglomerative clustering to group
observations into tétories. Cluster analysis seémsedd e st i ned f or such a task
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data objects based only on information found in the data that describe the objects and theipselationsh
The goal is that the objeetthin a group be similar to one another and different the objects in

other groupd(Tan et al., 2009jlierarchical agglomerative clustering starts with as many clusters as there
are data points and joite two closest clustestep by step untdll data pointare joined in one big

cluger. The secongimilarity ofthe fivealgorithms is that they all use Euclidistanceof projected
coordinategi.e. distance between observations in maseasjlissiilarity or closeness measure.

There are however different crheotshesd@7t)andGer@ lhcul at
(1984)used he single linkage methtitht combines two cluster if the nearest points of existing clusters

are closest. This method has the disadvantage of creatitigechhistersScheffe(19&) improved this

by using the average |linkage method that defi ne:
of clustersMarchand2015usel Wa d 6 s  (Ward Brp1@63hat is similar to the average linkage
methodasWar d 6 s met hod assumes t hat a butcitl meastres rthe i s r e
proximity between to clusters in term of increase in SSEghiéd from merging the two clus{@ian et

al., 2005)

But dready Scheff€l987)wrote that the most difficult part in developing an automatism is defining the
moment where the clustering process should. §ompleting clustering ikaving only one
cluster/territorywhich isobviously not the desired resiNbrth (1977)simply used one static maximal

fusion distance above which points could not be comhbimdhe clusteringias stopped This is
unsatisfactory because this distance depends highly on the habitat and more importantly on the species
analyse. Gerf3(1984) Scheffer(1987)and Marchand(2015)assumed a sudden increase in the fusion
distance the moment the algorithm moves from-tertrigorial to inteterritorial distances and tried to

find this point with various methods. Howeakrthesemethods revealed occasionafigatisfactory

resuls.

Theonly operationainethodd the one évan Dijk et al(2013) is alsousing speciespecific maximum

distances. But #lir algorithm relies heaviyp simultaneous observatiqasd observations from the

same visitgo that these maximal distances are rarely used. Their algorithm tries to create as few clusters as
possible but strictly prevents two observations from e \gait to be in the same territory. In other

words: new clusters are created when points cannot be assigned to existing clusters because there are
already observations of the same visit. Maximal distances only causes a new territory if an observation
baed on the d0dsame visitdé criterion could be grou
maximum distanc&heir approach is based a lot on rules, i.e. whether or not two observations can be
joined depending on the presef simultaneoudservations or observations from the same visit.

1.5.2 Alternative approache8

It seems naturéd useEuclidian distances of projected coordinatéscas s s i inputlfoa alustériggd

as we record bird observations in territory mapping on AspEuclidian distance is a commonly used

criterionto separate observations from different territoniamanual analysislowever the distance

metric could potentially also be of different type becausknparedistance (in meteishot the only

decisive criteria for territory delimitatid®lose observation could nevertheless be from different

territories if territories are separatgdhabitat types that act like barriers (ggtaways or riversi

potential approadwo dealwith such situations is calculatbogt surfaces based on habitat varigdes

for example Dean et al. 2018)is for examplémaginable that for some forest species crossing a

deforested area is more o0costlyo (they dondt | ik

used for territory delimitation and implemented in computers with rasterized cost surtaes cElbia

cost is defined. Based on this cost surface the least costly path/distance between any two points can be
12



calculated. The general approach is probably familiar to everyone that has ever udedliagroute
algorithm to driveacar as fast a®gsible from A to B. For territory delimitation the cost surface could
potentially combine different costgy(slope, forest cover, roamfsrivers) Instead of Euclidian distances

least cost distances could potentially be biologicallymeareéngful. Mvetheless this path was not

followed because of the following shortfalls: 1) Costs for crossing different habitat type have to be known,
whidh israrelythe case (i.es trossing aver of 10 m a problem for a Commdad&birdTurdus mereja

2) For bng term monitoring schemes cost surfaces of all sample sites would need to be updated regularly.
3) Habitat information, the basis for cost surfaces, is (currently) always outdated compared to bird
observation datd) Cost surfaces and cell size neeengiatly be specigpecific which would increase

efforts for computation and data management (generate and update cost surfaces for 106 species).
From personal experience the potential to improve clustering is doubtful as birds are highly mobile
anmh s that can quickly cross unsuitable habitat.
interaction with conspecifics.

Principal Component Analysis (PCK) another potentiaprocedure to incorporate multiple
characteristio®.g. geogrhic distancendsexual distanga order to find clusters in multivariate data

This approach was however not followed further because Principle component remains a black box that is
difficult to understand or control.

Yet another approach to combine tiple characteristics is deep learning. It has been shown that using
deep neural networks it is possible to transform multivariate data into more dhimstelling
representatiorfAljalbout ¢ al., 2018)This path was also not followed further because sufficiently
understanding the complex theory behind deep neural networks was beyond the scope of this thesis and
would potentially leave a black box that is similarly complicated to axpbainciple component

analysis.

1.5.3 Choicetaken for this thesis

Based on the previous experience of other afiparsfically Marchaif@015) and theoreticahbughts
discussed above it was chosen to develop an algorithm that uses hierarchical agglsteeiragivatblu
Euclidian distances dissimilarity measuiM&rk in this thesis focused on finding epémalmoment
to terminate clustering and incorpaiing norEuclidian distance informatiorfe.g. sexual
incompatibilitieshy modifying Euclidian distances.

1.6 Aims and research questions

The thesis pursued the following aims:

1 Develop an algorithm that is capable of clustering observations from territgpingnap
incorporating habitat, topographic and behavioural information.

1 Compare clustering results (number of territories) with manual territory delimitattbn i t 6 s
variation

9 Support decisiemakers on whether or not an automatic territory analysidbedaiglemented
in long terramonitoring programs

13



Based on these aims the following research questiofsrmatated

1. Is it possible to produce one algorittiat give reasonable results falt species of breeding
birds?

2. Can an automatic analymisduce results that are comparable with results producethbsl
territory delimitation?

3. Are there sensitivities to environnaéabnditions (e.g. area of settlements) or parameter values
that could pose a risk for the long term use of the develdpsthtic solution?

4. s calculation time a limitation in the use of aneligorithm?

14



2 Methods

2.1 About the raw data

The raw data used to developghesented algorithm this thesisonsists of teitory counts per sample
sitesand bird observations made éhg field work(e.g. the point and line symbols showfigiire 1).
The dataoriginatefrom the common Ieedingbird monitoringschemgMHB = oMonitoring haufige
Brutvogeh) and theSwissbiodiversity ranitoring (BDM)(Schmid et al., 200Both projects use the
samemethodology simplified territory mapping in 1x1 km sample. Jitesanalysis incorporateldta
from 475 sample sites from the period ZHB(figure 3). Asmostsitesweresurvegd annuallythis
resulted in a total of 1268 surveys (each survey consisttgisits).

®  sample sites

EEEm ®E _m (m m m mYn=m s _mém m  mun
"= mE = ®m-. " = = = & @M% m ®mE ®u_ ® @m =

Figure3: Location of thel75sampé sites Each square represent adarsite of 1x1km size. Relieflhstitute of
Cartography and Geoinfornatj ETH Zurich.

2.2 Autoterri d an algorithm for automatic territory delimitation

In the course of this thesis an algoritlactu@lly three slightly differeagproachdsto automatically

analyse territory mapping data was written. This chapter documentlishalgorithm, named

0Aut ot er Chagter2\@.dsurknsarizes how the algorithmsrkvand gives a brief overview.
Chapter.2.22.2.8hen explain the algorithm and code parts in more detail.

15



2.2.1 How Autoterri works 8 summary of the most important concepts for quick
readers

Autoterri groupsbird doservations into clusten a me d 0 t. @he clustermg of ebseajvations is
primarilybasedon Euclidian distances similarity metric§he closervio observations are the more

likely that they are from the same territBrgecond important conceggplied iccompatibilitp . T her e
are oOobservations that are considered Oincompat:.
should not(or less likelype clustered into the sarterritory. Two singing males observed at the same

time should for example not be grouped togeftoenpatibilities are used to modify (shorten or prplong
Euclidian distance#nd thirdly the algorithm use®c al | ed O n or msblthatscantbeon di
under st ood-t asr iotbeert.yi dvenobseraatione ared separated by more than the
normalisation distance they will be grouped into two different terfitéitiethese concepts in mind the
generabperatingnode of Autoterri inmvesthe followingstepgexplained in more detail in the indicated
chapters)

1. Calculate Euclidian distasbetween abird observation@haptef.2.3.

2. Modify these distances (shorten or prolong) accorditiggitocompatibilitfchapter2.2.4and
2.2.6.

3. Performhierarchical clusterimg the modified distancass i n g clMg&erind Mmetho@Nard
Jr, 1963chapter.2.7.

4. Cut te resulting dendrogram at the height of the sypeaesdic normalisation distance
Observations that remain linked after the cutting are condmdrefiom the same territory.
(chapte.2.5and2.2.7.

A very crucial aspect of this algorithm is the calculation of a reasonable narrdalisatdecausé

is thedecidingcriteria whether two observations will be groupestmaratedAutoterri calcates this
distance based on biotbservations at a particular sample site in a particular year. The normalisation
distancenayhencevarybetween species, sites agaty depending on the distributionajservations

This is a desideproperty because it allows &rample fohigher territory density in birith habitats
compared to poor habitaBubsequently introduce the two most promising approachdsr the
calculdion of thenormalisation distan¢eut of three developed approaches)

The dQuantile Valued approachselectsthe normalisation distance from all distancas itidicate
betweerterritories distaces with the help of pexiesspecific quantle Let 6s el abor at e
exampleFor theCommonChaffinchFringilla coeldi®s quantile value was set to g=0.88bhe 3.5%

smallest distance of all the Eucliddistances that indicate different territories is usedeas th
normalisation distance. Depending on the site and year this distance may for exampl¢raeddtri3 m
number chosen for illustrative purpasgs)while thealue of theyuantile is statibut speciespecifi

the normalisation distance is,rast itdepend®n observational data that change fy@arto yearand

site to site

The dMean Nearest Neighboub approach calculates a spespesific normalisation distance based on
the average distance to the nearest neighbours. Distances used aretfitgrgddognation content on
the next neighbour (double observations are for example exsudade they only point to identical
individuals but not to neighbolrs

If there 8 not enough data to calculateaningfuhormalisation distareée.g.only two observations
from different visits) or if calculated normalisation distscautside realistiminimumandmaximum
distancevaluespre-definedandspeciespecificdistancesalues are uses normalisation distarcEor
common specigseddined distanceare rarelgpplied
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While the previous paragraphs explagw Autoterri worksn a generalised manrtee following
chapters will go more into the details of the algorithm. For this purpose the algorithm was divided into
seven stepfigured).

1) Prepare input data

2) Calculate distances between
observations

3) Check compatibility of
observations

4) Identify normalization distances

5) Modify & normalise distances

6) Cluster observations

7) Create & save territories

Figured: Overview over Autoterri

2.2.2 Step 1Prepare input data

In the first part of the code all data necessary to contittuehwialgorithm is requested from a
PostgreSQL database. This includes all observations (points and lines), as well as information regarding
sex, number of individuaktitudeand whethento observations were marked as simultaneous, double

or potentiatlouble observation in the field.

2.2.2.1 Extract observational data from PostgreSQL

Observational data are stored as points (observations) and lines (flights and relationships between
observations) in a PostgreSQL database. The data request extracts thésasbhadraiso request the

altitude for each observation form a digital elevation model in the dé& kake2)Point observations

and flight observations (stored as lines) are saved to one table structure for the further course of the
algorithm. Fothis purpose flights (lines) are represented by their centroid. Becausaflgghtautside

the sample site only the part inside the sample site (st_intersection) is used for the calculation of the
centroid. This guarantees that flight are alwaysita@eronsideration as soon as the bird once was
inside the sample sitdlso flights that are snapped to a starting point observation (for an example see
figure 5) will be treated like double observations (i.e. starting point & centréightof fdouble
observations).
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Figure5: Flight observation snapped to a starting point. Here an example fahkhieel DippeCinclus cirglu
singing and then flyimpwnstreanBase map by swisstopo.

The following sgbtatement illustrates exemplarily how flight observatiEngxtracted. Point
observations are extracted analogdaigt and line codes refer to the symbols introducedl@d

req_sql< - paste ("
select 'rel'||relations.id as id, relations.bird_id, linecodes.atlascode, round(st
_X(st_centroid(st_intersection(relations.geom,sampleareas.geom)))) as coord_Xx,
round(st_y (st_centroid(st_intersection(relations.geom,sampleareas.geom)))) as coor
d_y,
relations.linecode_id as pointcode_id, inventories.inventory_id, relations.count,
st_value(rast, st_centroid(st_intersection(relations.geom,sampleareas.geom))) as ¢
oord z, lineco des.atlascode - birds.atlascode as ac_fullfilled, name_dt,
CASE WHEN to_date(™ ,year, "-’||start_month||' -'||start_day, 'YYYY - MMDD) > invent
ory_date

THEN 1

ELSEO

END as before_datelimit
from altitude, relations
INNER JOIN linecodes ON relati ons.linecode_id = linecodes.id
INNER JOIN inventories ON relations.inventory_id = inventories.id
INNER JOIN sampleareas ON sampleareas.id = inventories.samplearea_id
INNER JOIN birds ON relations.bird_id=birds.id
where relations.inventory_id in

(select id from inventories where samplearea_id=(select id from sampleareas wher

eid

=" samplearea, ") and (extract (year from inventory date) =" Jyear, ")" ,spchoice,
" and st_intersects(sampleareas.geom,

relations.geom) and relations.linecode_id=4 and st _int ersects(relations.geom, al
titude.rast) and count> 0 and st_value(rast, st_centroid(st_intersection(relations
.geom,sampleareas.geom))) is not null -- centroid is important, otherwise lines tha
t cross 2 raster appear twice
order by coord_y desc" , sep="")

req_flight< - dbSendQuery(con,req_sql)
df flight< - fetch (req_flight, n=-1)

Besides the actual bird observations field workers alsoifrégordbservations somehow hawpecial
relationship (i.e. if they are simultaneous, double or potential double observations). These data are also
requested in this step and used later to infer for example incompatibilities.
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2.2.2.2 Translate the count value into counbf-territory-values

The ount value stored in the observation (points and flights) is used in the algorithm to increase the
default territory count of 1 to higher values if multiple individuals were counted within 1 digitized
observation. Hence the number of individuals needtatran into the number of territories that would
correspond to such a number of individule® symbols recorded during field work are translated to
number of territories (count terri) according to tiide 3. Two singing males correspond to two
territories, while two warning adults will only lead to one territory.

Table3: Field symbols and translation of recorded count valuasta€dterritory values.

corresponding

Symbol  Meaning count territorycount
. Male 2 2
. Female 2 2
. Pair fake note that the count is by default set to 2 for this 2 1
. Singing male present (or breeding calls heard) in breedir 5 5

season
. Other observation (seen, calling) 2 1
. Imprecise localisation 2 1
. Agitated behaviour or anxiety calls from adults 2 1
Transport of nesting material, Assilding or excavating of
N 2 1
nesthole by adult
@®  Adult carrying food for young 2 1
. Recently fledged young 10 1
. Nest with breeding adult, eggs or young 2 2
7 Flight observation (in the direction of the arrow) 2 1

Some special casesreimplemented as wdHor theRed Crossbilloxia curvirosfoa example manual
territory delimitation follows the rule of thumb that for every 5 individuals there is 1 {se#d®¢zhmid
and Spiess, 2008)

2.2.3 Step 2: Calculate distances between observations

Based on the data extracted from the PostgrB®Qh the step 1, different distanees calculated in
step 2. These distances contain important information for modificédtiEumclidian distances in step 5
and the clustering of observations in step 6.

9 Euclidian distance: Distance in meters between any two pdinididian distance @slculated
based onxy and also z (i.e. altitude) coordinates as illustrated by the following codeochunk:
my knowledgd\utoterri is the first territory mapping algorittimat incorporates altitude for
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distance calculatiofA.characteristic not ireslant in areas with steep terdamlarge rock cliff
for example may well separate bird territories on top and at the bottom of the cliff.

# creates a matrix with Euclidian  distances from x, y, and z coordinate
dist.geo< - dist (df_obs[, c¢(4,5,9)], method="euclidean" )

9 Temporal distance Binary variable distinguishing if two observations are from the same visit
(value=0) or from different visits (value=1). This distance is important for compatibility
reflectionsas some observations are incompatibleyifateefrom the same vi@ie. two singing
males)Observations from different visits are per se compatible.

2.2.4  Step 3: Check compatibility of observations

In this step compatibility afbservationsgs checked. Depending of their compatibifdagtors for
modifying the Euclidian distances betwebservationsare defined that will be used in step 5.
Compatibility is checked with respect to sexual compatibgitytw(e. males are incompatible) and
behavioural observatiorsnfultaneousbservdbns are not compatible, double observationkigingy
compatible, potential doulilbservations have an increased compatibility and flight observations have an
increased compatibility due to spatial uncertdiattprs defined for modifying distandegendingon
thecompatibilityof observations step 4 are static and identical for all species.

2.2.4.1 Sexual compatibility

Based on the syol chosen during field work (4able2) each observation is assigteedne of tre
following:

pair (point code 16)

male (14, 12)

femalg(15)

juvenile (2R

adult (13, 2, 23, 11, 17, 4)
nest(19)

=A =4 =4 =8 4 4

Somecombinations of these symbolssaneuallynot compatibleTable4 shows what symbols should not

be placed into the same territory (i.e. are sexually incompatible) if they are from the same visit. While
incompatibility is abhde for nests that cannot move around durivigiethe incompatibilityor other
observationshould not be absolute, as bads mobileand may accidentalig recorded twice. Fahis

reason Euclidian distandastween nestare increased 100 fold ilwhdistances between the other

Oi ncompat i bl rednlyintreased bw dattir i Btep 5 &chapte.2.§. Euclidian distances

between compatible observations are not modified.
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Table4: Compatibilityof observations and modification factors chosen to prolong distances betorepatible
observationéed). Green fields indicate dwnations of observations that are compatible.

male female juvenile pair adult nest
male 15 15
female 15 15
juvenile
pair 15 15 15 15
adult 15
nest 100

The choice to increase Euclidian distances betwesbyrfastor 100s arbitraryd it could also be set to

1000. It only needs to be sufficiently ligbrder toguarantee placement of two nest®rded during

the same visihto different territoriedn other words this factor leads to binary ded$same territory

vs hot same territory). On the other hamel thoice to increase distammtweerthe othelincompatible
observationdy one thirdis moresubtle andcritical The factor should increase the chance of two
Oincompati bl ed observations to be in different
an absolute manndrhe influence of this parameter clusteringesultswasthereforeanalysed wita

simple sensitivity analysis (see chajier

2.2.4.2 Simultaneous, double and potential double observations

Simultaneous, double and potential doudiieervationscontain very informative observational
information gathered directly in the fi€lthis information isalso used to check compatibility of
observations and defihew Euclidian distances between such observations are ntatisi

Table5: Modificationof Euclidian distances by Autoterri between observations that were marked as simultaneous,
double or potential double observations

Type of observation Madification of Euclidian distance
Simultaneous observation Increase distance by factor 100
Double observation Set distance to 0

Potential double observation Decrease distance by factor 0.8

If observations are linked with iangltaneous observation symlitteé distance between these two
observations will be increased-fbdd in step 5 making it almost impossible that these two observations

can end up in the same territdiye choice of increasing the distance by factor @0M@ stot be critical

because it is so high that it is equivalent to a binary decision (placing to points with this symbol always
into different territories).

If there are double observations ¢eene individual at two different locations) their Eucliiitance is

set to ORemember that observations concernflighd observatiothat issnapped to a point are treated

like a double observatiorhe choice to reduce these distances to 0 is not crucial because they concern
the same individual. By redhgcthe distance to 0 it is guaranteed that the two observaticms ety

place into the same territory.

If two observations are linked with a potential double observation symbol (line with ?) they will be marked
accordingly and their distance is reditec 80% of the original Euclidian distaridee idea behind this

factor is bringingbservations that could potemyiaioncern the same individohiser togethethan
normalobservations. Hengmtential doubl®bservationgre more likely to be grogpmto the same
territory. The choice for a factor to deal with potential double observation distaridebe anywhere
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between 0 and 1 (not including 0 and 1). Despite the fact that the current choice ispeasedabn
experience anig henceto someextent arbitrary its nota crucial choice because only 0.2% of all
distances (i.e. distances between the same species and the same visit) concern potential double
observation. While the factor can be relevant in single situations the overall pedbthealgorithm

is certainly nattronglyinfluenced by this choice.

2.2.4.3 Flight observations

Flight observations are matficult to evaluate then normal observations. Flights may temporarily go
outside a territoryfigure 6), for exampldor visitinga temporarily available food source (e.g. freshly
mown field)and they are generally less informative about the location of a.tBistanges to flight
observations at&ereforenot considered when calt¢mg the normalisation distar(ce. the between

territory distance)Additionally the algorithm tries to grouftights more easily to already existing
territories instead of assiggthemto newones Distances betweenyasbservation and a flight dos

this purposeeduced to 67% of the origiri&lclidian distance. Thanks to tthéxrease flights fall more

easily into closby territories.Reasonable values fuch a factor tereatflight observations could be
anywhere between say 0.3 an@ihgé actuathoiceof 067 is based omersonal impression and some

basic trial and errors. It is not expected that this factor can influence the overall performance of the
algorithm a lot écause these distances are relatively rare. Only 2.5% of all distances (i.e. distances between
the same species and the same visit) concern distances to flight observations.

Figure6: Showing a siation vhere a Common WodegeonColumba palumfteis outside of the core area of its
territory (green arrow). Despite the distance to other observations it should be grouped together with the green and
red pointBase map by swisstopo.

2.2.5 Step 4: Identification of normalizationdistance

The normalisation distance is a very crucial parameter of this algorithm. The normalisation distance can be
understood as the minimal distance that separates two observations from different territories. If possible
this parameter is calculateddach species and for each site and year separately based on the information
contained in the observation data. This flexibility allows for betearewariation and also between

habita variation (open grasslanddense alluvial forest). The normatisatistance is used in step 5 to
normalise modified (due to compatibilitestlidian distance®r in other wordsThe normalisation

distance decideghich (possibly modified) distances between points are two big to place points into the
same territoryl hree different approaches were tested in order to identify meaningfukdistance

22



1) Linear Regression:Distances between all observatadres speciegriginating from the same visit are

used to create cumulative histografithe distance measures. Thties between the 25% and 75%

guantile of the histogram are ufmdthe calculation of a linear regression. Tédsxintercept of this

|l inear regression is then used as the onormal i s a

2) Quantiles Values: In this approach distances betwall pointof a specieare filtered to include

only distances that point to distances between observations from different territories (i.e. exclude for
example distances between males and females that can well be in the same territory). Frtmagée set of
distances a specmzecific value (quantile) is defined in order to choose the normalisation-dstance
example the 5% smallest distance.

3) Mean Nearest Neighbour: The idea of this approach is to calculate for each observation the distance
to the closest neighboaf the same specigmt is most likely not from the same territory. The average of
all these oOnear est asthe nogralisationrdistahcest ances 6 i s used

2.2.5.1 Approach 1: Linear Rgression

Marchand(2015)observed that cumulative histograms of distances between all observations contained
smaller distances than cumulative histograms of only distances from the ddeneovisitided thahe

difference might be from the exclusion of witbmtory distances in the histogram containing only the
distances between observations from the save visit, assuming that the remaining distances contain
information about the betwetatritory distares (i.e. the normalisation distance).

He proposed an approach whdistances between all observations originating from the same visit are
used to create cumulative histografmthe distance measurbs.accordance to Marchaf2D15)the

values between the 25% and 75% quantile of the histogram containing all distances are used for a linear
regression. Theakis intercept of this lineagression is then usads  honnalisaiion distantésee

figure7 for illustration of the approach).
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Figure7: Schematic sketch of thinkar Regreiss approach. The cumulative histogfarra particular species
shows distance measures between all observations selected. Blue lines indicate the 25% and 75% quantile. The yellow
line depicts the linear regressidadified after Marchan@015)

2.2.5.2 Approach 2: QuantileValues

The distances between the observations contain a lot of information about the distance between
territoriesNeverthelesthere areregularly some distances betwdsservationghat are smaller than the
betweerterritory distancee(g.if two rivals fight against each other air tlegritory bordes). The idea

behind this approach is to use the distances thabiséamativeé but at the same time base the choice

for the normalisation distance not ¢ tsmallest, most extreme valbkght observations, double
observations, potential double observations, distances between observations of different date and
distances of obseions that have no sexual incompatilfdi.gfemale and male) are not considered for

the calculation of the normalisation distance as these observations potentially contain no information
about the distance between two teigggr.e. are not considee d 0 i n f EramndistanisHilteréd)

this waythe normalisation distance is chosen with the help of a -specifis quantile. The quantile

value is always bigger than 0 in order to not base the choice on the smallest available gpkiesSo if a
specifioquantile for species xy was for example set to 5% then the normalisation distance is equal to the
5% smallest distano&all thefiltered distancefigure8 illustrates the general idea with the help of this
example. So while the guantile is a statisgmdiespecificvalue (i.e. 5%) the normalisation distance
chosen is variable and depends on the distribution of the informative distances.
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Figure8: Schematic sketch of the Quantitdués approach. The cumulative histogram shows distance measures
between all observations selected. The blue line indicates the 5% quantile that isttiésveqise chosdar the
normalisatin distancéhat corresponds to about 170 m

The following code illustrates how this approach is implemented.

# Loop species by species and calculate normalisation distance
for (spc in t_sp $species){

# select distance data of observations that likely point to different

territories

selection< -sort (result $dist.geo[ which (result $species ==spc & result $doubleobs ==
& result $potdoubleobs ==0 & result $flight =1 & result $dist.compatsex =1 &

resul t $dist.date ==0)])

# Calculate normalisation distance based on species - specific  quantile of
filtered distance measures and write normalization distance to result table

g <- birds $quantile[birds  $species ==spc]

result $dist.normalisation[ which (result  $species ==spc)]< - quantile (selection, q)

}

As the following example code output showsadhmalisation distance of the Common Chaffinthisat
sample sitevascalculated to b86.5m which lies within the expeiefined ranges of 40 to 200 m. The
value was found with the help of a quantile of 0.035.

## species  dist.normalisation max_distance min_distance quantile

## Coal Tit 93.2 200 40 0.035
## Common Chaffinch 96.5 200 40 0.035
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2.2.5.3 Approach 3: Mean Nearest ighbour

This approach calculates a spagiesific normalisation distance based on the average distance to the
nearest neighboltlustratedn figure9). First, for each observation the nearest informative neighbour

distance is found: Flight observations, double observations, potential double observations, distances
betwen observations of different date and distances of observations that have no sexual incompatibility
(e.gfemale and male) are not considered as these observations potentially contain no information about
the distance to the next neighbour and are hemce tod er-e df @mmat i veod
distances to the partner of the same territory). Then these distances are further restricted to lie between

expertdefinedminimumandmaximunpossible distance.

551200

551000

551400 551600

174400

min_distance max_distance
,

T T f T T T T T
100 300 500 700

Euclidian distance [m]

- Mmean nearest neighbour = normalisation distance

100 300 500 700
Euclidian distance [m]

(they

Figure9: Mean Neast Neighbour approach explaingsuially First, informative nearest neighbour distances are
identified (illustrated with yellow lines in theilloptration). Norrinformative distances, i.e. between observations
of different visits and compatible obsgoves, are not considereBecondly, these distances are limiteédeto
expertdefined minimum and maximumdistance (middle). Thirdly, the average of the remaining distances is

calculated and used as the normalisation distance (bB&senap by swispto
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This restrictionis important in situations where tharefew observationand/or scattered breeding
habitat. In these situations nearest neighbour distances can be artificially high and not representative for a
value that indicates how closely neighbours could aaséigfigure10for exemplary illustration).

Figure1G Example why limitation of distances between minimum and maximum distance is important for the
calculation of theMean Nearest &dighbour.Shown is an example for Eurasian Blaciydyia atricapilksl

distances that indicate in principdarest neighbour distanees indicated by lines. Red lines are above or below

the maximum and minimum distadcand in fact they do not indicateaingful nearest neighbour distances but

distances that appear because suitable habitat (bushes) is very scattered in this sample site. Yellow lines howevel
indicate true neighbouds.e. distances that are probably established because of territoralrbehaivils and not

because of habitat distributidwrial image by swisstopo.

The following code snippshows how this approach is implemented in R. Specifically trehaode

how a meompthakcorgains information aboutether a distanceirformative with respect to
betweerterritory distancis used to excludmn-informativedistancegset to NA) from the mearearest
neighbour calculatiomhen the mean nearest neighbour distance is calculated for each species with those
distances vals¢hat are between the minimum and maximum distances.

# calculate distances to nearest neighbours

nearest< - nn2(df_obs[, c(4, 5, 9)],df obs[, c¢(4,5,9)], k=nrow(df _obs))
nn.idx< -as.data.frame (nearest $nn.idx)

nn.dist< - as.data.frame (nearest $nn.dist)

# Set dist ancesthatare non -informative ( e.g. different species , sexually compa -
OEAT A T AOGAOOAOETT Ot Al PdNAA T AOAOOAOGET T OA
for (row in 1:nrow(nn.dist)) {

for (column in 1:nrow(nn.dist)) {

if  (nncomp[row,nn.idx[row,column]] ==0) {nn.dist[row, column]< -NA
}
}
# Extract the smallest distance /the nearest neighbour for each observation
nndistance< - apply (as.matrix (nn.dist), 1, min, narm=TRU
nndistance[nndistance  ==Inf ]<-NA
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# Loop species by species and calculate normalisatio n distance. Nearest neighbour
distances that are above or below the max_di stance, min_distance are not
considered. They often concern distances of different corners of a sample site.
for (spc in unique (result $species[result  $species !=0])}{

nndistance[ which (df_obs $bird_id ==spc &

(nndistance >birds $max_distance[birds  $species ==spc] |

nndistance <birds $min_distance[birds  $species ==spc]))]< -NA

# Calcula te the average smallest distance to the next neighbour
avenn<- mear(nndistance[ which (df_obs $bird_id ==spc)], na.rm=TRUI

2.25.4 Use of static normalisation distances when datdriven calculation of
normalisation distance fails

If a normalisatiodistanceannot be calculated or the calculated distances is above argreftsfined,
speciespecificmaximumor minimumvalues (mostly due lack of sufficient data) the normalisation
distance is replaced withpredefinedmaximumor minimum distanceThe use ofmaximumand
minimumdistances is commonly applied in manual territory delimitation but distances are not explicitly
stated and varlgetween different people. | defined these values for each species based on personal
experience during correction of manual territory delimitation and the development of this algorithm.
Examples for three species are giveabie6. How heavily the algorithmelieson this values is highly
speciespecific For common species like the Common Chaffink 99% of the territories are delimited
without using statidistance measures. This value is lower in medium rare species like the Mistle Thrush
Turdus viscivqB9 in the Mean Nearest Neighbour appraauth)even lowen rare species like the
Eurasian Sparrowatvk Accipiter nis(®%, Mean Nearest Neighbour rmggh).In the Mean Nearest
Neighbour approach the value is not only used when no normalisation distance can be calculated but also
to limit the values thajo into the calculation for the Mean Nearesigihbour. The value could be
influential and leave room for spesjeacific adaptation/optimization of the algorithm. To evaluate the
importance of these limits the influence of changing limits was elaborated for two speciesib.2hapter

Table6: Examples of specispecific values of tleaximumandminimumnormalisation distance

species max_distance min_distance
Common Blackbir@urdus merula 200 40
Common ChiffchafPhylloscopus collybi 200 50
Tree PipitAnthus trivialis 300 50

2.2.6 Step 5: Modify & normalise distances

The general logic behititealgorithm is to run a hierarchical cluster analys®difiedand normalised

Euclidiandi st ances named onormalised distanceso. Fir
nor mali zed by the oOnormal i sat i onspediéspecificdisaecé . The
bet ween territdooriies GCeRmamer alByt anhi s nor mal i sa"

comparable/analysable together (the Common Kdstfetstinnunculiduge distances are scaled down to

the tiny distances @fommon FirecrestsRegulus ignicgpikecondly, these normalised distances are
further modified by taking compatibilities into accountwagsinging males observed simultaneously
should for example not be placed into the same territory even if their Euclidian distance is very small. Or,
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to name another example of thi¢ &ep, distances between points that are linked by simultaneous
observations are increadéif}fold so they are very unlikely to be placed into the same territory. The
modifications in thisn@2step enlarge the normalisgistances in case incompatibilities suggest so. They
however also decrease the normalised distances in case it is indicated (for example for potential double
observations). And finally the normalised distances between different species are sétaoy/theglarb
value of 5HKigher than the cut value of 1 used in sjef @nsure that different species cannot be
grouped into the same territofihe following formula summarises the modifications to the Euclidian
distances:
00 O WXMARGOE OQ
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2.2.7 Step 6: Cluster observations

This part of the algorithractually groups observation by creairdgndrogranifor an example see
figurel)us n g Werarch@atlustering algorithifWard Jr, 196 }lierarchical clustering stastith

as many groups elementand hencontinuouslyoinst h e 2  élamlentssTéis is répeated until all
elements end up in one big cluéten et al., 2009 our situation the elements are bird observations.

While many diffent methods for doing agglomerative hierarchidalu st er i ng are avai
method seemed mosiomising when aiming at compact, regileter{Eger, 2018; Eisank and Koch,

2016; R Core Team, 20M)ar d6s met hod attempts to minimize t
elementdrom their cluter centroidgTan et al., 20055ingle and complete linkage methods were
excluded on tlmetical grounds because they are sensible to outliers and extreme points and/or are
known to create chalike clusterg¢Scheffer, 1987; Tan et al., 200Bglatteris an undesired behaviour

in territory delimitatio@Schmid and Spiess, 20@®her available methods (average, centroid or median)

were expemented with but did naeveal more convincing results.

Followingthe clusterinthe dendrogram is cut at a height dfHe cut height can be set to 1 because all
betweerpoint distances weneormalisedwith normalisation distarscghich represent thepeies
specific betweeterritory distance This is equivalent to cuttitige dendrogramat the speciespecific
normalisation distance when working with-mormalized distance measuf@sservations that remain

ol inkeddé after t hsamedemitoryar e grouped into the
D —e
3 o _
0 AN
© - =

observations

Figurell Dendrogram of observations at one sample site. Branches at the lowest level correspond to bird
observations. These are continuously grouped until all observations belong to one single clugier ti€ettihg t
height=1 (red linayill leave some observations linked and hrean®ers of the same territory. Distances used are
onormalised distan®e606 as explained in chapter
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The following code illustrates the hierarchical clustering with the fdhctiesd (Mullner, 2013and
the subsequent grouping withutre.

# Define "cut height"
cutheight< -1

# Creation of dendrogram
dendro<- hclust (result $dist.norm,  method="ward.D2" )
GRP < cutree (dendro, h=cutheight)

2.2.8 Step 7: Create and save territories

In this final stegerritoriesin the form of polygons containing all the points of a particular cluster are
generated. Points are grouped into akwelWntext multipoints and a buffer is created around these
multipoints.Before saving the territoridwetvalidity of the resulting polygon is checked with respect to
the following aspects:

1 Minimal atlas codeit@ria: Territories are only accepted if thejacoat least one observation
that has an atlas code that is eégual higher than the minimal atlas code critEaadetails on
the speciespecific atlas code criteria refer to Knaus(2048)

91 Date limit criteria: Territories are only accepted if they contain at least one observation after the
speciespecific date limit. The use of date limits is applied in territory mapping to exclude
migrantsFor details on the specgsecific date limits refer to Knaus ef24118)

1 Maximal altitude: Territories are only accepted if they contain observations that are below a
predefined specispecific altitude. Obsenats above this altitude are not considered as
Obreeding birdsoé. Th8wiss BreedinglBirdratlas veere apfieduss e d i n
et al., 2018)

1 Availability of breeding habitat: For some species territory validity is checked against the
availability of suitable habitat. Specifically for Con@wift, Barn Swallow and Common House
Martin territories are only accepted if there is a minimal area of buildings available in the sample
site.

2.3 Quantifying errors in territory delimitation: measuring bias
and precision

2.3.1 Requirements

In territory mapping the true number of territories is unknown. Known is however the number of
territories delimited manually by the ornithologist who executed the fieldwork. This manual solution is
always validated by expeststhe Swiss Ornithologicahdtitute and is hereafter referred to as the
0Ooriws egadblsut i ono. Al l compari sons made usnertdhsi s
solutiono. I't may seem unnatur al to do so at fir
stillbe far away from the true territoiymber In the absence of knowleddgmutthe truth it is however

important to guarantee continduitythe longterm data series of the common breeding bird monitoring.

Any automatic solution should hence imitdi&t was done so far by hasdwell as possible
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In order toevaluate the quality of Autoterri (or in fact any alternative territory delimitation) we are hence
interestedn knowinghowfar away we are from thaginal users (precision) and houcmwe gnerally

over or undeestimate the number of territories (biksjp statistical measures were developed in order
to measur e 0 a cVWhiendprecsion measultehaull guardifthe overalldeviationfrom

the manual territory cou(ite. theoriginal usé solution)ignoring the direction of err@ire. overvs
underestimatingg obia® measureshouldquantifythis systematic oveor underestimating but fail to

detect a deviation if oveand underestimation compensate each d@btr.are important features to
evaluatalternativeerritory delimitationsn order to suit the nature of the here produegs data such
measureseed tofulfil the following criterig-or explanatorypurposeghe criteriaare illustrated giving
exampleseferring tahefictive raw data tab{ble?).

1. Theabsolute value ofraeasurshould bensensitive to the direction of the deviatiorfrom
the numberof delimitedterritoriesby the original usere. it should be symmetiitie measures
should have the sarabsolutevalue if the automatic delimitation leads to a doublinghong
of the number of territories delimitedhnuallyExample: Site 1 andsBould lead to the same
absolutesalues

2. Themeasurshould bensensitive to sample sizeThemeasuresgalue for the analysis of 2000
sites should be comparable with an analysis of only 10Bxsiteple: Theneasureesulting
from an analysis of onlgesl should be comparable with an analysis consisting of site 1 and 2.

3. Themeasurshould baveighted by the number of territoriesnvolved. |.e. a deviation frdin
to 10territoriesat one sample sg@ould be less influential than a deviatid®tf 20territories
at another sample sitExample: Site 3 should have more influence measurdghan site 2
becausenore territories are involved.

4. Themeasureeeds tde able to deal with 0 valuesThemanuahumber of territories as well as
the automatic number of territories can occasionallyExariple Accuracy measurasedto
be computable also for sites like site 4 and 5.

5. Themeasurshould besasilynterpretable The value should have some meaiiaigcan easily
be referred to the data.

Table7: Fictiveraw data for manual{griginal users solutioapd automatically delimited territofi@sa fictive
s p e c i @& S difféerénf siteRatioand difference of these valpes sample site areashown

Number of territories delimited

site species manuallyn automaticallg Ratio Difference
1 A 10 5 0.5 -5
2 A 5 10 2 +5
3 A 10 20 2 +10
4 A 2 0 0 -2
5 A 0 2 NA +2

2.3.2 Mean Absolute Error (MAE) and Mean Error (ME)

Based orthe above mentionettiteria he followingmeasurewere used to quantify the gston and

bias in this thesiMean Absolute Error (MAE) for measuring the precision and Mean Error (ME) for the
bias.Both measures are based on the comparisbe olimber of territories delimited manuaiignd
automaticallyz as depicted itable?. In its most basic form the measures can be calculated for the
comparison of the two territory numbers at saeplesite for one species (ifer oneline intable?).

The values can be wundem speodtiTaslarify tthe cajodatiore thea g e
measures akelowcalculated exemplarily 8amplesite 1 otable7:

31



W as L pE UL
VOO REm TAohn pn ®

» a v T v
50 p

i A@ghy T A@pm pm

This most basic form (i.e. comparison atsamplesite for one species in one yéarggregated in

various forms to give information about precision and bias for entire species (raigssinglesite),

different sample sit@sdthe entire algorithm. The aggregation is achieved by taking weighted means of

the MAE and ME values presented above. The values are weighted by the number of territories giving
more weight to situations withany territories. Depending on the aggregation the MAE and ME are
complemented with differestibscripg to distinguish thend s p6 when val ues are ag
sample sites for one particul ar s psdarone gatticulars 6 wh e

sample site and oO0algodé when values are aggregat
measure of the algorithm.

Per species:
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m= countof manually delimited territories by original user of particular species sp and at particular site year combination s
a= count of automatically delimited territories of particular species sp and at particular site year combination s
i =year and sample site combination

@) = particular species
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2.3.3 Comparison with manual territory delimitation

Manual territory delimitation is not an entirely objective task. Subjective decisions can create different
outcomes(see for examplégure 2). In order to evaluate the quality of any automatic territory
delimitation it will be important to know the magnitude of error inherent to the manual territory
delmitation to which results of an automagedlysisvill be compared to. In order to quantify this error
repeated manual territory delimitation was conducted for 7 selected species in 35 representative sample
sites indep®lently by 8 different people® per t sé and 1 o0original user )

2.3.3.1 Site selection

A stratified random sample site selection lead to 35 sample sites evenly distributed across the
biogeographisubregions of Switzerlari@onseth et al., 20043 depicted ifigure3.

Hochrhenn‘und Genferseegeblet ‘ **
4//-\ Jurafund Randen

\Westliches|Mittelland|
Nordalpen

Hochrhein- und Genferseegebiet

\T / , ( 1( L=
f / 4

LSS ' &’5’4’?..‘ ﬁéf AR~ /* »

Figurel2 Biogeographic sugions of Switzerland and the locatiothef35sampling siteed squaresjsed for

error quantification of manual territory delimitation. Relief © Institute of Cartography and Geoinformation, ETH
Zurich.

Apart from good biogeogpaical coverageample sites were also chosen to be representative for the
following six covariates becauseist at least imaginable thtaey could influence the amount of
uncertainty during manual territory delimitation:

9 Forest The percentage fufrest cover within the 1x1 km sample site. Sites with dense forest are
usually more difficultor manual territory delimitation because of higher bird numbers and
poorer visibility/orientation.

1 Buildings: The number of square meters covered by builditigs the 1x1 km sample site.

Sites with very high share of buildings (dense cities) are usually more difficult for manual territory
delimitation because of higher bird numbers and poorer visibility/orientation.
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1 Farm: Percentage of the area covered withldad (meadows and acres). On Farmland it is
thought to be easier to manually delimit territories due to lower bird density and better
visibility/orientation.

1 Roads Length of all the roads inside the 1x1 km sample site. Usually easily accessible sample
dstes can be sampled with more spatial precision and hence manual territory delimitation is
thought to be easier.

1 Elevation: Average elevation of the sample site. Elevation is always a very important variable in
Switzerland. Its often linked to vegetatiaoverage, bird densities, etc. and could potentially
influence uncertainty in manual territory delimitation.

1 Route length: The length of the path walked during the visits (i.e. during bird counting). It is
highly likely that longer routes lead to beftatial coverage and more observations during the
sampling process. This could also influence the amount of error during manual territory
delimitation.

Figurel3showghat the selected 35 sample sitm® representative for the Swiss landscape (or in case of

the oroute | engtho for the Atlas sampling scheme
forest buildings farm
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Figurel3 Sample sites in comparison to distiobstin Switzerland. Boxplots showing (in blaekdligtribution of

the variablegpercentage covered with forest,ahbuildings, percentage covered with farmland, length of roads,
average elevation of 1x1 km squares dafes national grifN=41301). The boxplot for route length shows the
distribution of route length for the sampling sites used in the atl&02618l=2148). Red circles show the values
for the 35 selected sampling sites. The red horizontal line shows the median eaGesefetted sites.
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2.3.3.2 Species selection

In order to keep the work load at a bearable level a choice on what species should be analysed had to be
madeBased on thiollowingcriteriaseverspecies were finally selectedeanalysistgble8).

1 Species should be sufficiently common to be well represented and usually have more than 1
territory inside a particular sample site. If there is only one tedd@donjtation is normally
straight forwardln the set ofl268sampling events conducted between-2018 a possible
species had to have at least 1000 manually delimited territories and on average >3 territories per
site (not considery sites that lackdlspecies) to be a potential candidate.

1 The species should be of different systematic families in order to cover different ecological
groups and hence behaviour and nesting strategies.

1 The species list should include species that are expdmtedawy tanalyses well as some
expected to be difficult for an automated territory delimitation approach. From manual territory
delimitation we know already by experience that species that clearly occupy and defend a territory
are better suited for territory idgtation than species that fly vast distances in search of food or
behave colonial or the like. This point was hence included in a more or less subjective manner
based on preliminary results, experience during algorithm development and experience in manua
territory delimitation.

Table8: List ofthe seven speciasglectedor error quantification in manual territory delimitatkigo the expected
behaviour irfautomatedlterritory delimitations indicated.

Species Expected behamiir
Common Wood Pigeddolumba palumbus difficult

Black RedstaRhoenicurus ochruros easy

Common Blackbir@urdus merula easy

Eurasian Blackc&ylvia atricapilla easy
GoldcresRegulus regulus easy

Common Starlin§turnus vulgaris difficult

European GreenfindBarduelis chloris difficult

2.3.3.3 Error quantification: Coefficient of Variation(CV), MAE & ME

In order to quantify the error in manual territory delimitations three different values were calculated: For
comparison with automatic territdiglimitation on the one hand mean absolute ér@r@) and mean

error 0 ‘O ) were calculated analogously as expfaieédusly Expert ds sol utions ar
relation to the original in shapte®.8.2astamitic territoryncountl n t h e
valuesaare simply replaced by territory count values of the experts delimitations.

On the other handwsdies quantifying the variance due to manual territory delimitation by different
analystsftenreported the coefficient of variationd ). For the sake of perfect comparalolitgrrors

due to manual delimitatiarnth data from literatutee coéficient of variation was also calculated and
referenced in some chapters of this skigurel4shows however thato ‘O andd w are highly

correlated ahhence comparable.
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& = average number of manually delimited territ@igeerts and original usfm) a particular species and at particulayesite
combinatiorfrom manual territory delimitation foyltiple analysts

sd(m) = standard deviation of the number of manually delimited terf@opiexs and original uséo) a particular species and
at particular sitgear combination from manual territory delimitation by multiple analysts
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Figurel4 Comparison of coefficient of variatiénd) and mean absolute errdr< [ ) for seven species analysed
by multiple experts. The green line corresponds to the ideal case of complete accordance of the two measures.
Paersons coglation was 97.5%.

2.4 Optimizing quantiles for the Quantile Value approach

When identifying theonmalization distance with thaeightileValueapproach(see chapte2.2.5.2the
speciespecificquantile is a rather influential parameter. In an initial version of this approach this
parameter was chosen for every species based on expert knowledge and sdregdri@xgerience.

To assess the potential to improve Autoterri this parameter was optimized for the data of all sample sites
of the years 2013 and 2015. In a second step the improveiné&ntOand0 ‘O was evaluated based

on data not involved the optimization process: Namely all sample sites for the years 2014 and 2016.

A first approach choosing quantiles randomly form a uniform distribution and repeating this 1000 times
proofed unfeasible in the scope of this thesis due to vergdamytation times. Instead Autoterri
(apprQantlévaluddy) was run for each species and for 6
to 0.1 in steps of 0.005 and from 0.1 to 0.5 in steps of 0.01. During the optimization process the limitation
of the normalisation distance between a sgmamedic minimum and maximum was deactivated so
results were not masked by these limits. For each quantile territories were automatically delimited and
accuracy measuigculatedfigurel5). The best quantile was chosen based on the minimal value for the
sum of0) 0 ‘O+0 O . As0 O s by its nature smaller thard ‘O, 0 © 'O has more weight ithis

combined valud=or 95 out of 163 species an optimum quantile was idefs#eedppendiable21).

For 67 specieswas not possible to identify an optimigedntile mainly due to lack of informative data
(figurel1h). For many raptor®r examplahere is usually only 1 territory per sample site which makes it
impossible t@alculate an optimal quantile.
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Figure15 Accuracy { = F and absolute values 'U)ff ) for different quantileshow pronounceaptima for
manycommonspecies like theuropean Greenfincfieft) that seems to haaaninimal deviation to the manual
territory delimitation at a quantile value of 0B8567 mainly rare species like Eurasian Sparrowhawk (right)
finding an optimum oftefailedbecause there is rarely more than 1 territory per sample site available to test the
influence of different quantiles.
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3 Results

3.1 Accuracyof Autoterri

3.1.1 Per algorithm

Autoterri was run witthreeapproaches to calculate the normalisation distance. &rh# deviation

from the manuakrritorydelimitationis summarized itable9. Across all62specieand alh75sample
sitesin 20132016the overald 0 'O variedbetween 17.7% for the Linear Regression approach and
12.0% for theMeanNearest Neighbour approach. The Wa® ) variedbetweert.8% for theLinear
Regressioapproah and 2.1% for th@uantile Value approacdhll approaches tend to overestimate the
number of territoried? e a r soaetation between the number of manually delimitedriesriémd the
automatic solutioat eachspeciegearsite combinationvasalwags highd at maximum 0.973 for the
MeanNearest Neighbour approach.

Table9: Accuracy masures for Autoterri run wittreedifferent approaches for the calculation of the normalisation
distancei denot es t boerelator bhetween rthé :iumber of manually delimited resitnd the
automatic solution at each spegezgsite combination.

Approach for identification of normalisation distance

Accuracy Linear Regression QuantileValue Mean NearesNeighbour
060 0.177 0.123 0.120
00 0.048 0.021 0.023
i 0.946 0.972 0.973

3.1.2 Per sample site

When aggregating the accuracgalnyple sitéhe three approachesmpard asshown infigurel6. For
the Linear Regression approach the mediarOequaledo 16.4% (min: %, max: 53.3%) arithe
median) ‘O was4.7% (min:37.9, max: 53.0%Jjor the optimise@Quantile Value appachthe median
0 0 Oequaledo 11.4% (min: %, max: 52.9%) and the mediai® was1.8% (min-36.8%, max:
46.9%. And for the Mean BarestNeighbour approach the media® ‘Oequaledo 11.0%(min: @,
max:49.2%)nd the mediain ‘O was2.5%(min:-363%, max42.26).
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Figurel6 Distribution of0 ‘O for the three different approaches for calculating the normalisation distance.

Figurel7 illustrates exemplarily hamanual and automatic solutions contpatehree different sites.
Sample site 50@da lowd 0 ‘Oof 1.7% whilegheD 0 ‘Oin sample site 4@8as31.7%. The accuracy of
sample site 338Baswith ab 0 Oof 11.4%in betweenSample site 4@®ntainssome dramatic outliers
(species that produced completely different autdheaticnanuakrritory cours).

sample site: 505 sample site: 338 sample site: 408
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Figurel7 Manually delimited territories vs. automatically delimitioriesat threedifferent sample sites with low

0 0 O(left) to highd 0 O(right). Shown are resuftsalysed with the Meare&tesNeighbour approach. Points
represent the different species. The blacknliieateghe ideal case of perfect fit between manual and automatic
territory delimitation. Points above the black line hence indicate an overestimatimmabehefterritoriesfor a
particular speciesmparedo the manual solution of the original user.

3.1.3 Perspecies

Performancevariedlargely between speci€able10 showsh 6 O andd O values fothe 10 most
common speciegfor all species refer to appendlx The Mean Nearesieighbour approach
overestimatethe number of Common Chaffinch territories exampleoy 0.8%(0 O ). In absolute
numbers thiorresponds t@4®33 automatically delimited 84849 manually delimite Common

Chaffinch territories.
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TablelQ Accuracy values for the 10 most comsmeciesValues are givdor the three different approaches for
identifying the normalisation distance. The list is sorted accordinghierof the manually delimited territories
analysed from 20d2016.Scientific names for species not previously mentioned: Europea&iRiadsns rubecula
Coal TitPeriparus atdouse SparroRasser domesttuasian Wrefiroglodytes trogloGyteg TitParus maj@ong
ThrushTurdus philomeBdack RedstaRhoenicurus ochruros

Linear Quantile Mean Linear Quantile Mean

Regres Value Nearest Regres  Value Nearest

sion Neighbour sion Neighbou

r

Species manal 550 980 560 0O 60 60
Common Chaffinch 34349 0.164 0.083 0.076 -0.075 0.004 0.008
Eurasian Blackcap 20734 0.153 0.078 0.071 -0.054 0.019 -0.017
Common Blackbird 19205 0.163 0.113 0.097 -0.007 0.018 0.007
European Robin 16134 0.145 0.093 0.085 0.008 0.018 -0.004
Coal Tit 15799 0.155 0.095 0.085 -0.028 0.015 -0.013
House Sparrow 15292 0.192 0.175 0.203 -0.105 -0.082 -0.131
Eurasian Wren 14378 0.155 0.084 0.076 0.035 0.019 -0.003
Great Tit 13596 0.149 0.112 0.101 -0.013 0.042 0.001
Song Thrush 9766 0.132  0.096 0.096 0.057 0.017 0.052
Black Redstart 9209 0.151  0.103 0.092 0.093 0.034 0.038

The plots infigure 18 show for the ten most common spediess automatically delimited territory
numbers per site compadit® manually delimited territori&8hile these plots are very intuitive to read
one has to keep in mind that exceptional values are visually more prominent because thisare often
covered by results in other sample $ttesults of one dot in figurel8 i.e. the territories delimited, are
plotted exemplarily on mapdigure19 (for theCommon Chaffinch).
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Figurel8 Number of nanually delimited territories rmamber ofautomatically delimited territorfesthe 10 most

common specigor the QuantileValueapproach(left) andthe MearNearesiNeighbour(right) approachEach

point represents one sample site in a particular year. The green line is indicating the ideal case when all automatic
territory delimitations are identical to the manual solution.
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Figure1l9 Automatic (red) and manual (transparent blue) territory delimitation for the Common Chaffinch in a
randomly chosen sample site. hplots show the resultsrfthe Linear Regression (left) #me Quantile Value

& the Mean Nearest Neighbour appro@ight). The latter twgroduce in this case identical clusiResnember

that the number of territories is the importamd product of territory mappi(given on top of each mapizeSand

position of territorypolygons is only relevant for illustratiom notfurtheranalyse8ase maps by swisstopo.

While previougresultsin this chapterenly covered accuiasof the ten mostcommonspeciesablell
depictsaccuracy values for the species that woeklbest and worst with respect to precision (O).
Rare species with less than 200 manually delimited territories2018%@re excluded. Besd O-

performance was measured for the Garden Wasihea borim the Mean Nearest Neighbour approach.

The Eurasian Blackcap was the most common sped@sthe top ten. On the other hand the Common
Swift Apus apushowed worst precision and the Common Starling was the most common species out of
the worst ten.

Table11 Results for species that perform best (upper half) and(learst half) with respect tbeir minimal
precision in either Quantile ValmeMean Nearest Neighbour approach. The species set was limited to species
where territory mapping data is actually used to calculate national specésiteesgscies thdtad ateast200
manually delimited territories in all the sites across alagalysedScientific names for species not previously
mentioned: Spotted Flycatchduscicapa striddestern Bonelli's Warbl@hylloscopus hoReltibacked Shrike

Lanus colluribunnockPrunella modularesser Whitethro&ylvia curru@urasian Siskibarduelis spirDesmmon

House MartirDelichon urbicarn SwallowiHirundo rusticdommon Buzzar@uteo butéted KiteMilvus milvus
MallardAnas platyrhync@asrion CrowCorvus corone corone

Linear Quantile Mean Linear Quantil Mean
Regres Value Nearest Regres e Value Nearest
sion Neighbour sion Neighbour
. Count . .. oo o w . o .
Species vo©O vo©O vo©O v O v O v O
manual
Garden Warbler 1305 0.089 0.068 0.042 0.027 -0.038 -0.002
Spotted Flycatcher 1322 0.077 0.082 0.061 0.014 -0.048 0.006
Western Bonelli's Warbler 1891 0.120 0.072 0.069 0.085 0.009 0.033
Goldcrest 6647 0.118 0.075 0.070 -0.023 0.008 -0.016
Eurasian Blackcap 20734 0.153 0.078 0.071 -0.054 0.019 -0.017
Common Redstart 762 0.113  0.077 0.072 0.092 -0.028 0.055
Redbacked Shrike 402 0.149 0.082 0.073 0.119 -0.014 0.044
Dunnock 6926 0.130 0.084 0.074 0.048 0.001 0.008
Eurasian Wren 14378 0.155 0.084 0.076 0.035 0.019 -0.003
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Lesser Whitethroat 825 0.112 0.076 0.083 0.073 -0.011 0.049
Eurasian Siskin 304 0.259 0.196 0.198 0.137 0.052 0.055
Common Starling 3897 0.238 0.220 0.201 0.150 0.050 0.030
Common House Martin 2157 0.245 0.203 0.217 0.132 0.036  0.057
BarnSwallow 2472 0.251 0.208 0.212 0.172 0.063 0.079
Common Buzzard 987 0.293 0.217 0.229 0.243 0.157 0.170
Red Kite 510 0.293 0.224 0.247 0.264 0.193 0.217
Red Crossbill 787 0.331 0.252 0.283 0.260 0.117 0.165
Mallard 714 0.287 0.254 0.272 0.177 0.092 0.136
Carrion Crow 3693 0.367 0.264 0.278 0.353 0.226  0.240
Common Swift 1138 0.322 0.295 0.304 0.153 0.093 0.108

Tablel2summarises the findings across all species: The QUelngbpproach revealdide best results
for most species. The results of the Méaarest ighbourapproachwerehowever not far awaFor
the Quantile Value approagh species shedal 0 O of <15%. Thesespeciesnakeup 76.6% of all
territories. For the MeaNearestNeighbour approach 80 spediesla 0 6 ‘O below 15% which
corresponds to 77.4% of all territories. While 77 speciesdshtwas of less than 5 ‘O ) for the

Quantile Value approador the Mean Nearest Neighbour approachhilidtrue for 59 specie$he
Linear Regression approagsadwaysperforming substantially worse.

Table12 Summarised performance of the three approaches. Values indicate the number of species for which an
approachwasperforming best or below a specific accuracy (sdaechaptet.1.3for a discussion of acceptable

error) Analysis was run for 162 species. If two approaches pertayoally well for a particular species, the
speciesvascounted ér both approaches.

Number of species for which an approach peddbast

Linear Regressiot  Quantile Value MeanNearest
Neighbour
Number of species with lowésb ‘O 49 105 99
Number of species with lowésth b O 56 128 69
Number of species withd '0<15% 55 86 80
Number of species withw 0 'O <5% 42 77 59
3.1.4 Comparison withmanual territory delimitation
Common Wood Pigeon Goldcrest
5 104 ™ - ' 5 T
: ﬁ: E - &M H : : =iy
B a3k : T8
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e 5 - = ¢
_ﬁ B." - == =

Figure20 Number of delimited territories bgverdifferent experts (boxplots and black dots) and the original user

samplearea

samplearea

(red dots¥or different test sample sites. Plots fasealerspecies are found in apperntik
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The so far presented accuracies are difficult to interpret without knowing about the error that is inherent

to manual territory delimitatiowe know thatltere is considerable variation wtielmmitationis done

by different people (séigure2 or figure20for illustration)l n t hi s chapter wedl | c
due to manualnadysis(analyst effect) with inaccuracies found in automatic aR#ysie21 andfigure

22 give a first impressiam how the number of manually delimited territories cochpatee number

of automatically delimited territori€aeyshow how well automatic solutighkck)fittedto the original

u s esoldtisnacross all analysed sample d$tetted o top( r e d ) is the compari so
territory delimitation to the original user The pl ot s show for both the a
comparable scatter along the green line that would represect match betweeriginal useand

automatior expertnalysis.

Commeon Wood Pigeon Black Redstart Common Blackbird Eurasian Blackcap
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Figure21 Direct comparison of results from the Quantiidue approach (black circlagd manual territory
delimitation by experts (red dots). THexis shws the number of territories delimited by the original user- The y
axis shows the number of territories delimited by the algorithm or the experts respactivebynt corresponds

to one sample siteThe green tie indicategperfect matchbetweenthe oiginal usés solution and the
algorithm/experts.
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Figure22 Direct comparison of results from the Mélarest ighbour approach (black circlasyl manual
territory delimitation by experts (red dots). Fhrix shows the ndoar of territories delimited by the original user.
The yaxis shows the number of territories delimited by the algorithm or the experts respectivgygint
corresponds to one sample Sitee green line indicates perfect match between the origisataistion and the
algorithm/experts.

The distributiorof the deviations from the original users territory ahawn infigure21 andfigure22

is visualisedith histograms ifigure23 The shape of an ideal histogram would be narrow (indicating

high precision) and centred at O (indicating no systematic bias, i.e. no over or underestimation of the
number of territoriesfror automatic solutiaralways two histograms depictedonce observed

deviations across all sample sites and once deviations in the 35 test samplergitgsisTdfahe

automatic approachiesthe35sample sites is based on a limited samplessdzese the seven species
considerethardly eveoccurred in athe 35test sample sitds.fact only the Common Redstart was

present in all 35 sites, while the Common Starling at the other end of the spectrum was only present in 14
sample siteEigure23shows thatistogram shaped automatic solutior(@vhite)are always close to or

even more ideal than what is observed in expert manual territory del{ngtifanBlack Redstart,

Common Blackbird, Eurasian Blackcap, Gold&msthe Common Wood Pigeon, the Common

Starling and the European Greenfinch some of the automatic solutions show steviatihgt

distributions. Generally ovaf distributions (acroasl | si tes) resemble the exp
more closely than result in the 35 test sasitptefor these three species.

45



Figure23 Distribution ofME for seven species when analysed automatically or manualbrtsyTérptop two

figures show results for all sample sites or the 35 test sample site when analysed autoneaQrallytiley alue
approach. Pl and 4 from top show the same for automatic analysis with the Mean Nearest Neighbour approach.
The botbm plots of each page show (in red) the accuracies observed in manual analysis by expep&t&thlues

in thetop rightcorner of each plare Mean absolute errord O) and Mean Errod( ‘O ).
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Table13 summarizethe accuracies shown above when automatic and expert territory delimitation are
applied orthesame 35 sample sitesgctsame input data)ablel4 compares the expert accuracy found

in the 35 test sample sites with the accofaaytomatic solutioacross all sample sites. The precision
values(d 6 O) of automatic solutionwere often quite similar to those found in manual territory
delimitation and rand®etween 0% and 2%0lepending on the speciEer the species expected to be

easier to analyse (Black Redstart, Common Blackbird, Eurasian Blackcap, Goldcrest) acoueeey values
very close to the originals esroBlsut i on and regul arly even cl oser
Bias values)(O ) were(by definition) considerably smaller but deliatesome automatic analyses

more heavily from 0 than the experts salstiwhere deviation was never larger than 8% even for
difficult species. The worst automatic solution revealed a bias of 25% (Quantile value approach within the
35 test sample siteBjases observed for some species under some automatic weheliessextreme

when analysing all sample siedremevalueswereobviously compensated to somxtent in other

sample sites.

Table 13 Accuraciesn 35 test sample sitesmparing expert territory delimitation with automatic sadution
Comparisorwasa |l ways conducted agai Wauesirtbole areosmallgriomegual touvbat r 6 s
wasfound in the expestolutions.

Expert Quantile \Alue Mean Nearest
(35 test sites) Neighbour (35 test site

Species 6w 060 0O 0860 0O D60 0O
Common Wood Pigeon 0.203  0.183 -0.018 0.083 0.083 0.241 0.241
Black Redstart 0.103 0.096 0.038 0.061 0.044  0.062 0.009
Common Blackbird 0.105 0.106 0.034 0.092 0.000 0.084 -0.042
Eurasian Blackcap 0.082 0.084 0.006 0.062 0.018 0.082 -0.045
Goldcrest 0.072 0.070 0.028 0.000 0.000 0.029 -0.029
Common Starling 0.175 0.191 0.080 0.250 0.194  0.197 0.030
European Greenfinch 0.126  0.129 -0.020 0.111 -0.111  0.121 0.017

Tablel4 Accuraciet all automatically analysed samplecsiteparing expert territory delimitation with automatic
solutiors. Comparisomvasa | ways conducted agai Yatesintbbldcaresmalley orequdl user
to whatwasfound in the experts solution.

Expert Quantilevalue Mean Nearest
(all sitep Neighbour (all sites

Species 6w 0060 00O 060 0 O 000 0O
Common Wood Pigeon 0.203  0.183 -0.018 0.172 -0.027 0.172 0.107
BlackRedstart 0.103 0.096 0.038 0.103 0.034 0.092 0.038
Common Blackbird 0.105 0.106 0.034 0.113 0.018 0.097 0.007
Eurasian Blackcap 0.082 0.084 0.006 0.078 0.019 0.071 -0.017
Goldcrest 0.072 0.070 0.028 0.075 0.008 0.070 -0.016
Common Starling 0.175 0.191 0.080 0.220 0.050 0.201 0.030
European Greenfinch 0.126  0.129 -0.020 0.114 0.011 0.109 0.021

3.2 Computation times

The average computation tineble15) for one sample site was betweenQLlitile Value approgch
and 32 secondMéanNearesiNeighbour approach). The analysis was rusSiudol.1.453RStudio
Team, 2018)sing the FSoftware3.5.0(R Core Team, 2018)hecode was run on a personal computer
with 16 Gigabyte RAM and an Intel Cor8530 CPU with 4 cores at 3.4 GHz. It was accessing a
PostgreSQL 9database running ainux Server (Ubuntu 16.04)
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Tablel5 Average computation timor the analysis of one sample site.

Approach Average duration [s]
LinearRegression 13
Quantile Value 12
Mean NearesNeighbour 32

3.3 Sensitivity to habitat and route length

This chapteevaluatedvhetherautomaticanalysesariedin relationship to habitat covariaéesl route
length This could become relevant if covariates ctlahgéng the course of long term monitoring
schemes that typically run for many deckdescovariatesind the route lengttalculated foeach 1x1

km sample sitevere analyse®er cent age of area covered in fore:
sqguare meters (O0Obuildingsdéd), percentage of area
(6roadsd) , el evati ondelne vmdati eornsd ) a monwde | seenag t Ihe wd |
covered during field work in meters (oSwsute | e

breeding bird atlgknaus et al., 2018)

The biag0 ‘O) of the Quantile Value approadid not seem to be influenced by forest, buildings, farm,

roads nor elevation. The 95% confidence intefthe slope of the linear regressitways includiQ.
Therewashowever a weak negative relationship with the length of thefromtte length ioreased

from the smallest to the I ongest |l ength of rout e
5.6%(figure24). The bias of the BanNearesNeighbour approackeemednore influenced by these
covariategfigure 25. Therewasa weak negative relationship with forest, buildings and ragtte len
Strongest relationshipgrefound with roads length (slope=m0.105) and the elevation£n9.118).
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Figure 24 Relatimship between habitat/route lengithd bias per sample site' @) for the Quantile Value

approachEach point represents one sample site. The red line shows the linear regbe€siom thie respective
covariate. The slope of the linear regression and its 95% confidence interval (in brgokentsyriop of each

graph. Forest and farm remeisthe share of the sample site covered in these habitat types. Bufdingsdénm
(m), elevation (m) and route length (m) were standardised by their maximum value.
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Figure 25 Relationship betwedmabitat/route lengthand bas per sample sité ©O) for the Mean Nearest
Neighboumpproach. Each point represents one sample site. The red line shows the linear regréssiothef

respective covariate. The slope of the linear regression and its 95% confidende brezkaty) are given on top

of each graph. Forest and farm represent the share of the sample site covered in these habitat type&), Buildings (m
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roads (m), elevation (m) and route length (m) were standardised by their maximum value.

Precision(D 0 ‘Q of the automatic solutions seghonly weakly influenced hgbitator route length
Precisiondid not systematically change with the length of the route or the elfratiotih approaches.
Therewerehowever rather weag&lationshipbetween precision afatest, buildings, farm and roads for

boththe Quantile Valudigure26) and the Mean Nearest Neighbour appr@apire27).
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Figure26. Relationship between habitat covariatespeaisionper sample sité) (6 ‘Q for the Quantile Value
approachEach point represents one sample site. The red line shows the linear regress@onahe respective

covariate. The slope of the linear regression and its 95% confidence interval (in brackets) are given on top of each
graph. Forest and farm repent the share of the sample site covered in these habitat types. Béjlidimogslgm

0.5

04

0.3

0.5

0.4

o

Do 00 O 0

m =-0.049 [-0.06,-0.039]

ol

0%

20% 40% 60% 80% 100%

forest (%)

m = 0.046 [8.03,0.06]

0%

20% 40% 60% 80% 100%

roads (% of max)

MAE,

MAE,

0.3 0.4 0.5

0.2

0.5

0.4

m =0.071[0.05,0.09]

20%

T T T T
40% 60% 80% 100%

buildings (% of max)

m = -0.003 [-0.02,0.01]

20%

40% 60% 80%  100%

elevation (% of max)

MAE,

MAE,

0.5

0.4

m =0.023[0.01,0.024]

20% 40% 60%  80% 100%

farm (%)

0.5

04

0.2

0.1

m = -0.003 [-0.02,0.017]

20% 40% 60% B80% 100%

route length (% of max)

(m), elevation (m) and route length (m) were standardised by their maximum value.
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Figure27: Relationship between habitat covariates amikipre per sample sité ¢ ‘Q for the MeanNearest

Neighbour approach. Each point represents one sample site. The red line shows the linear régoe€oon of

the respective covariate. The slope of the linear regression and its 95% cotdidah¢a inrackets) are given on

top of each graph. Forest and farm represent the share of the sample site covered in these habitat types. Buildings
(m?), roads (m), elevation (m) and route length (m) were standardised by their maximum value.

55



3.5 Sensitivity to parameters

During several steps Autoterri relies on different paranieteseparametersvere mentioned and
explained in detail in the methods section and listed adgabieib6 to give an overview about all
parametersThe sensitivity of automated territory analydsutopotentially influential parameteras
analysed in the following chapters.

Table 16 Overview abouparameters and values used in the two most promising approaches (Mean Nearest
Neighbour, Quantile Value) of Autoterri.

Name Current  Species Potential Remark
value(s) specific influence

very Only used in Quantile Valapproach to

quantile 0.010.8 yes strong  choose the normalisation distance

min_distance 20:300 m yes strong (Lj)izte;nt:oe;estnct possible normalisation
Used to restrict possible normalisation

max_distance 1061000 m  yes strong  distancesised as normalisation distance

when no other information available
Factor for sexulgl Used to increageuclidiandistances betwee
incompatible observations observations that are incompatible
Factor for simultaneous none Used to increadeuclidiandistancebetween

15 no strong

observations 100 no simultaneous observations

. . Used to reducEuclidiandistancsof
Factor for flight observation 0.67 no weak observations to flight observation
Factor fo potential double weak  Usedto decreasBuclidiandistances for

. 0.8 no . .

observations potential double observations
Factor for nests 100 no none #j;gto increase Euclidialistancebetween
Factorfor double 0 no none SetEuclidiandistancebetween double
observations observations to 0

3.5.1 Sensitivity to sexual incompatibility factor

The factor increasing the distanmetsveersexuallyjncompatible observatioissa potentially influential
parameter in the algorithm because it is appliedngdistancesin order to understand better how
stronglythis factor influences the outcome the analysissaaliosites was repeated with thiferent

factor values ranging from 1.25 to 3. The Mean Nearest Neighbour approach was applied for.this analysis

Across all species the precision changedatrbest 11.9% to at worst 12.2% deviation from the original

u s esoldtisn(table1?). While the precision improved with increasing factorsvhl@eopposite was
observed for overall bias. Bias was at lowest 0.4% with a factor of 1.25 and at most 4% with a factor of 3.
Increasingfactor valuesreducedthe amount of underestimation more strongly thémcieasedhe

amount of overestimatidfigure 28: While the median valuemaired more or less stable the lower
whisker and the lower end of the bokguartile) chandemorestrongly into the direction of the median

than the upper equivalents (whisker and 75% quamiNe) away from it. This resettin increased

precision tthe price of higher general overestimation (bias).
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Table17: Response of accuracy to different factors for modifying the distances between sexually incompatible
observationgsiven are accuracy valuesulting from the analysigh the Mean Nearest Neighbour approach.

Increase of sexually incompatible distances

Accuracy measure 1.25x 1.5x 2X 3x
060 0.122 0.120 0.119 0.119
00 0.004 0.023 0.032 0.040
1.0 g 8 g 8
0.5

S I s B — |

) L = .

_0.57 ! I
-3 o o
g H H H
8 8 8 8
g g g g

-1.0 - 8 8 8 8
T T T T
1.25x 1.5x 2x 3x

increase of sexually incompatible distance

Figure28 Response of mean error to changing factors modifying the distances between sexually incompatible
observations. Boxplots show the distribution of mean errors (ME) for all species and sample sites. The four boxplots
summarizes results for four differentdagtlues. The value implemented in the algorithm presetitisthesis

was 1.5.

The changes observed for the entire algomterealso common when looking at individual species.
Generally the above described pattesrsregulariffound in common spées (e.g. CoaltTCommon
Chiffchaff, Goldcrestr Dunnock). Theraverehowever also species tHat dfall@at this pattern. The
Common Wood Pigeon for examplowedworse bias and precisiémider box)with higher factor
values (sdigure29).
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Common Wood Pigeon
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Figure29 Response of mean er(@rQ to changing factors modifying the distances between sexually incompatible
observations for two speci@€ommon Wood Pigeon abldcrest The four boxplots summarissults for four
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different factor values. The value implemented in the algorithm presented was 1.5.

The modest influence of this factor is also exemplarily tdlddtsalirectcomparisons with the manual
solution figure30). While for theCommon Wood Pigedherewasno change evidenhlyfew extreme

valuesvereinfluencedy the parametéar the Goldcrest.
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Figure3G Comparison of automatic to manual solution efitinging factors for modifying the distances between
sexually incompatible observations for two sp€iesxmon Wood Papn (upper series) and Goldcrest (lower
series).
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