) i
UNIVERSITY
OF GAVLE

FACULTY OF ENGINEERING AND SUSTAINABLE DEVELOPMENT

Department of Computer and Geospatial Sciences

Effects of Canopy Height Model
Resolution on Individual Tree
Segmentation

Implications for Identifying Scots Pine Trees with Old-
Growth Structural Characteristics

Alexandra Baremo
Clara Spik

2026

ODVWHU T VY30 &reditd, V
for the Degree of Master of Science in Engineering in Land S@eegiragphied
Information Systems

Supervisor: Fredrik Zetterquist
Examiner: Julia Ahlen







|
Abstract

Pindreeswith oldestructural characteristiesmportat for biodiversity because

they provide valuablgbitats for many spediegese trees can indicate high
conservation vawnd are therefore important to identify in forest management and
nature conservatibilowever, identifying such tteesigliieldinventorys time
consumingarticularly across large forest ahecis;reatea need for efficient
methods for largeale mappinthe aim of this study is to investigatpatialv s
resolution in canopy height models (CHMs) derived fromigivtbDetedtion

and RangingiDAR data affects ridased segmentation of individual tree crowns
and the identification of pine trees with older structural characteristics.

The study was conducted by segmenting individual tree ctomwrGHkOmM
dataetswith differentspatiatesolutions),5 mandl m For each segment
structural variablegludingcrown diameteheightgrowth and height were
calculated. To accofantvariations in ecological conditions, the variables were
analyedwithin different strata basedlevationsoil moisture and topographic
position. Therowrnsegmenstvere then classiteedordin the numbef defined
structural characteridudfilled andthe results wesebsguentlyalidated using

field data.

Thesegmentatioesults showed clear differences between the two resolutions. The
highresolutio©€HM datanproved the delineabdmdividudtee crownsvhile
thelowresolutio€HM showednitations mainly related to usegmentation
Thecrownsegmentationaliddon showed that the higher resolutimedaghder
segmentation and imprdlhedeparation between neighboring greesling

better conditiorfer the analysis aftructural characterisb€sndividual tree

Crowrs.

The classification showed that differences in segmentation also affected the
identiication of candidate trees. Therdsglution dataselentifiedmore
candidatefilfilling all classificatioeriteria,whereashe lowresolution dataset
produced larger progamn of candidates overalie resudtindicatedyreate
potential for identifyifogestareas with a high probabfltgntainingtructurally
olderScotpinetreesthanfor the precise identification of individualTinees.
ecological stratification also contributed to the analysis ahstracterstics in
relation to local environmental conditions. The combination gfrGlabbdath
analysis and ecological stratifsfadis potential to supporptiwgitizatiorof
field inventories and the identification of arpasenitatonservatioralues in
largescale forest planning.

Keywords: canopy height n{Gt] remote sensing, segmentation, @&dots pine,
structal characteristioeservation pldnning
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Sammanfattning

Tallarmed Sldre struktuter stor dtydelse f3r biologisk m@Engfald eftersom

utg3r livsmiljSersom Sr viktiga f&r m@Enga Bessa trSd kan indikera h3ga
naturvSrden och Sr dSrf3r viktiga att identifiera infSr esteogpplaisering och
naturvErds@EtgShtteidentifiera sEdana trSd i fSIt Sr dock tids&iSkihde
storaskogsomrEdeitket skapar ett behov av effektiva metoder dikaligfar
kartlSggningaByftet med denna st&tiatt undersskaur spatial uppl$sning
trSdhsjdsraster (CHM) baserade pE flygburetathip@Rierkar regelbaserad
segmentering av individuella trSdkronor samt identifiering av tallar med Sldre
strukturella egenskaper.

StudiegenomfSrdggnom segmenterinigaividuellaSdkronor frEn GMa

med tvE olika uppl3sni@gam och 1 msr varje segment berfatukturella
variablesEsoknondiameter, tillvSxt dejd. F3r att taSnsytill variationer i
ekologisk&rhEllandanalyserades variablernaalicastrata baserade pE hsjd
Sver havet, markfuktighet och topogi&figkt TrSdkronorna klassificerades
dSreftantifrEn hur mEngadefideradsirukturella egenskapsonauppfylldes

och sedan idgrades resultatead hjSlp av fSltdata

Segmenteringsultatetisadéydligaskillnademellan de tv@E upplSsnindgzeha.

h3gupplssta CHilataetetfSrbSttrade avgrSnsningen av individuella trSdkronor,
medan det IEguppldsta datasetet frSmst begrSnsades av en h3gre grad av
undersegmenteringalideringemv kronsegmteringenvisade att den hsgre
uppl$sningen minskade undersegmenteriaihStttadeeparationemellan

nSrliggande trSdlket gav bSttre fSrutsSttningar fSr analys av individuella
trSdkronors strukturella egenskaper.

Klassificeringen visadé&itittagler segmenterigyen pEverkddstifieringeaw
kandidattrSd. Det h3guppl3staetietasulterade i fler kandidater som uppfyllde
samtliga kriterier, medan det |Eguppisstetgav en stSrre andel kandidater
totalt Resultaten visadgrrepotentiafSr att identifierskogsomr@&den med hsg
sannolikhet fstrukturellt Sldre tajlanarar€nfsr exakidentifieringv enskilda
trSd.Den ekologiska stratifieringen bidrog samtidigt till att Stegleos ek
kunde analyseras i relation till lokg&rhEllanddé¢ombinationen av CHM
data regelbaserad analys och ekshogisleringisar dSrmed potential f3r att
st8daprioriteringav fSltinventeringar och identifiering av omecEpetentiella
naturvSrdenom storskalig skogplanering

Nyckelord: TrSdhsjdseasCHM,fjSrranalysgmenteringll, Sldrestruktuia
egenskapeaturvCErd
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1! Introdu ction

Bialiversity in forest landschassstrong connectitm structures that develop
over long periods of titnedenmayer et al., 2012; Siitonen, 2005cddgine

trees aranexample @uch long developaestistructurg and theprovidean
important habitédr many different species (Edman et al.,Hzd2&yer, in
today8 managéarests, these types of structures areaststatibperiodsire
shorter than thiene required fa@cological processes to develgmwoiifitree
structures (Edman et al., 2024; Buness et allh2@25yease therefore often
used asdicatorsof highconservatiovalues in nature conservation and forest
planningvhere informati@fout their occurrence can support decisiorie related
conservation and forest manag@mzasiylski et al., 2021).

Natureconservatiamees areharacteredby different ecological and structural
attributessuch as old age, slow growth, large or irregular crowns, cavities and the
presence of species associated with high conservation values (Skogsstyrelsen, 2020)
However, several of these characteristics ritjoinsdieations and cannot be

directly detected frazanopy height model (CHliskp.Therefore, this study

focuses on remotely daitcstructural characteristics, including tree height, crown

size andelght growth, which magicateold Scots pine trees with potential
conservation values.

These structural characteristics are influenced not only by tree age but also by
environmental conditions affecting tree growth. Therefore, methods that account for
variation in site conditions are needed when int€ghétegvedstructural

indicators.

Field inventms of old Scotspine treesre time and resouro®nsuming
particularly because these trees are relatively uncomeged iorests (Edman

et al., 2024)To facilitate forest planm@ingstructural analyeistrees, remote
sensinbased methods have become increasingly important (Vauhkonen et al.,
2012).Toconservand manage Skbtpinetreesmethods are needed that enable
identification of trees at the individual levimasicape (Vauhkonen et al., 2012).

This in turn requires spatial informaitbnsufficert spatial resolutido

distinguish individual pines.

When analyzing trees at the individual level, height data in tieHbtrs of a
commonlysedo represerthe heightf the vegetation above the grGti.
dataarean important basis ifwdividuabased tree analysis where the spatial
resolutiomplays arucial role ihow well the crown structufethe trees can be
distinguished (Vauhkonen et al., 2012; Zhao et aln 2023%pntexthereis

alsoa need to analyze howtiegsain the spatial resolution of CHM affect
segmentati@mdheidentification structurallplderScotpinetrees



Rulebased segmentatim@thods, suchtlas watershedgorithmare commonly

used to identify individual trees in CHMLdatberg & Holmgren, 2017;
Vauhkonen et al., 20T2)e watershed algorithm is well sui@dNbdatasit

relies omrlevation variations and local maxima to delineate individual tree crowns.
Howevertheperformance afownsegmentatiom CHM datdepends largely on

the quality of the input daa@particularlymportant factes thespatialesolution

of the CHM rastéf the resolutios low, several treskbeingnerged into one

object, whila high resolution can cause a tree crown to be divided into several
segmenttindber@ Holmgren, 201 Qonsequentifhe choice of resolution can

affect both ovemnd undesegmentation.

In recent years, machine learning methods, including Convolutional Neural Networks
(CNNs), have bemimcreasingly used in vegetation and forest remote sensing,
including individual tree detection andsegmantation (Kattenborn et al., 2021,

Zhao et al., 2023). These methods can learn spatial pattergs &odiraster
dataandorevious studiesve shoviinat LiDARlerived heigimformatiocan be

used for CNlNased individual tree analysis (Katetrddgra021; Hamraz et al.,

2019). However, supervised machine learning approaches generally require
representative training datasdtsan be sensitveariations in data quality and

forest conditionshich can limit their applicalaihty transferability (Zhu et al.,

2017; Kattenborn et al., 30Zherefore, ruleased approaches remain relevant
when the aim is to depdlansparent methods lmmsederpretable structural
variables.

This study was initiated in collaboration with Skogforsk and Billerud to investigate
how spatial resolution IDARderived CHM data affects individual tree
segmentation and whetheln data can support the identiti€&awis pine trees

with oldgrowth structural characteristics.

1.1 ! Purpose and research questions

This studyinvestigasénowspatiatesolution in CHM rastersedasthesoledata
sourcgdfectgulebased segmentation of individualttedes examineswthe

segmentation resuitkiencéhe identificatiaf Scotpinetreeswith oldgrowth
structural characteristiasally, thetudy has appliedurposeo assessether
the resudtcan be useddexision support in forest planharechievéhis the

followingesearcfuestiorsre considered

¥ How does spatial resolution influence the outmomealebased
segmentation of individual trees in CHM raster?

%



¥ How do segmentation results influence the ability t8ddeginftrees
with old-growth structural characterisBosy a stratified approach that
accounts fearyingcological conditicasdvhatotentiadlothese results
haveas decision support in forest planning?

1.2 ! Delimitations

The studiglimitedto CHM rastsederived frotaser scanning (Light Detection and
Ranging, LiDAR) d&dasegmentatiomhe data used in this stodgist of two
CHM rastemwith spatial resolutiofd! 1 meter and 0.50.5 meteracquired

in 2022 and 2024, respectirelgitional datasetsluding il moisture map
andadigital elevation model (D used to stratiBes based environmental
conditions, whilgAV orthomosaidataand field inventory date used for
validationThe segmentatitselfisbased solely on GHéftived variables.

The study area is delin@ateldoreatoniferoudominated forest aretne Idre
SSrneegion Thereforethefindingsire priméy applicabl forests with similar
structural conditions.

1.3 ! Thesis outline

This thesis is structured as foltnapter 2 presents the theoretical background and
previous researelatedo remote sensi@HM, tree segmentation and ecological
structures in oldgcotpine.Chapter 3 descelibe study area, data and methods
used in the studpcluding thgustification fothe selected parameters and
methodologicalhoices Chapter 4 presents the resGhapter 5 includes
discussipmethodological considerations and suggestions for flkurallwork.
Chapter 6 presethis conclusion.
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2! Theo retical background

This chaptgresents the theoretical background relevant to, tmelatlidyg
ecological aspects ofotats pine trees and remote seesiugls used for their
identification.

2.1 ! Ecolo gical value of old Scots pine trees

A large part ttieforestbiodiversitdepends drabitatsonssting of living trees

with cavitiegandotherstructuramicrohabitatBatprimarily develop in large and

old trees (Edman et al., 2024; Lindenmayer et al., 2012; Skogsstyriisen, 2025).
many foresthesestruturesare uncommdrecaustorestryand fragmentation
affettheage structure and variation tdrigst leadingo reducedccurrence of

largeand old trees and thus valuable forest environments (Edman et al., 2024; Linder
& ...stlund, 1998; Przybylski et al., 2021).

Buness et #2025) rert that the rotation period in managed boreal forests in
Sweden is@pxmadely 100 yeareferring ttheperiodromstand establishment
toharvasEdman et.d2024) alsstatethat the rotation period inagand forests

is shorter than the time required for these structures tasiaesldjmld stands

of around 250 yearsuncommodespitéheir importander biodiversity (Buness

et al., 2025kspcially in boreal forests whereforasywelling species depend

on long forestontinuityand structurgbat develop over long pserddime
(Siitonen, 2001).

Howeverfield inventorygf oldScots pine trees ouwgelandemoteareas both
time and resoura®nsumingndnayrequire many sample pbashievesliable
result¢Bergen et al., 2009; Vierling et al., 2@&)pportoresplanninghature
conservati@anddecisiomakingthere isherefore meed fomethods that enable
a mordargescale and systematic mapping sfrscthiegBergen et al., 2009;
Puliti et al., 2 Vierling et al., 2008).

Treeswith characteristics associated with cddoegeentifieitdirectlythrough
structurahttributesuch as tree height and structumglexitywhich can be
derived from remote sensing(Betgen et al., 200¢attenborn et al., 2021
Bergen et al. (2009) atsmtion thdaser scanning has gm@ntiabnd is
increasingly beunged toneasurinese characteristics over larga aealsgical
analyses linked to biodiversity.

2.1.1 Older Scotspine trees andheir gructural attributes

Scotgine (Pinus sylvestridéyelogpdistinctive structural characteristics over time
that cabe used ttistinguisblder individudl®myounger tre@dandegErd et al.,
2021).The study by HandegErd2021) shows thatevlgine treesaroftenbe



recognized byugh and flattened bark, drooping lsranetpelar trunk shagrel
reducetieight growth. Older piats® havwoadeand flatter crownshichare
linkedto alteredyrowth patternshareterized byeduced height gtbwand
increased horizontal branch spread in aging trees (Oliver & Larson, 1996).

Althougheighgrowth decreases with tagaltree heightemainsn important
structural featyraes itaffects dominance and the verticalrstrofcthe stand
(Oliver & Larson, 1996). Thesetural characteristics develop thislagh
gowthover a long period of time and are ofpicir pinéreeqHandeg@®ed

al., 2021)According tthe Swedish Forest AgEiaygsstyrels@0), forests

with high conservation values often coritesoldtistructural features that are
important fdoiodiversityNature conservation trees are commonly identified based
on several ecological and structural characteristics, indladetfagaires such

as crown structure, slow growth, cavities, bark characteristics andexsssciated
(Skogsstyrelsen, 202BHpwever, several of these indicators require field
observations and cannot be directly identified from CHM data.

The development of these structural charasieflsgcsedot onlyy teeage,

but alsasite conditioribataffectree growtland forest developn{@reizsclet

al.,2022 Spies, 2004 s a resulsjmilar structurahlues may represent different
ecological conditions depending on the surrounding envirommgent, mak
important to interpret these variables in relaaisite conditions rather than as
absolute indicators oflagéis study, this is addressed through a stratified approach,
in whichirees are analyzed within environmentally comparable groups.

Structureslevelopeth older pine trease of
greatimpatancefor biodiversityCoase bark,
dead branches and ca\itie®&'() create
varying microhabitatat fupporta varietyof
spedes, includingnsects, lichersnd furgi
(Skogsstyrels@02). Research showsitteaty

of these speciae dependewh longterm
contimity, becaugbe structures thia¢yelyon
onlydevelojn trees thétave remained standing
for long periods of ti(&déitonen, 20).

—— . - 1"H$%&) *+,-./&'01','23045'."6&'
However, sevemtharacteristiessociated Wilysgosegas6ra-e 8/97688640

high conservation valsiesh as cavia@sbark 5:0>"6#54%$34$%,/'3:,%,34&%"5?3

. . ,5503",4&9'>"4:"."#:'3065&%38,?06'
structure (SkOgSStyr8|Sen, ZOZGhUIre fleld8’/$&5="'63/$9"6#'9&,9'7%,63%;6'
observations and canndirbetly detected fro/4&¥&9'3%0>6'54%334$%&,)
CHM data. Therefore, remote sensing a

rely ordructural characteristics derivedaivdable spatial data.



Among the structural characteristics that can be derived froma@tititdata,

such as tree height, height growth and crown shape candiecsediastors

of older trees. These variables cdpfarentaspects of tree development,
including size, growth dynamics and crbutectare, which tend dbange
systematically with age. They are therefore relevant for identifying trees with
structural characteristics associated with older individuals and form the basis for the
variables usedhiststudy.

2.2 1 Airbo rne LIDAR m ethods

LiDARIs anactiveremote sensitgchigueusedio acquirghreedimensional
information about the graaurfcandoverlying objedbty measurintpe time it
takes for a laser ptdéeemittedreflected bgn object and retedto the sensor
(Lefsky et.aR002; Vosselman & Maas, 2&Ei6ky et al. (2002) destwivethe
measuredisanceare combinedith information about Hems@ position and
orientatiormakngit possibl calculatthe threglimensionabordinatesf each
laser returandcreatex georeferenced point cloud.

A laser pulse dam recordeaks one or more returns depending on which objects it
interacts witor examphegetation at differeaight levedsid the ground surface
(Lefsky et al., 2002; Wehr & Lohr, 19%@)makes it possibledescrib¢he

vertical structure wégetatio(Dubayabt al., 2020;efsky et al., 2002his is
illustrated irw$%&), which shows how a single laser puisaeatenultiple

returns from vetatiorat differertteight levedsd from thground surface.

I"#$%823:&-,73"//$54%,?206'01":0>','/,5&%'.$/586'#"8&'%"5&' 40'-$/?./& %&4$%65'1%0-'9"A&%&64" & "#:4'
1&8&/5"6'4:&'8&#&4,706="1%0-'4%&&'3,60.<'40'#%0$69'5$%1,3&)'B:&';#$%&'5:0>5'4:&'.%"63"./&'7 &:"69';%54"
%&A4$966/?./1&' % &4$%65',69'/19%685%8)' 20$%3&C'D&15E<'&4",/)F@GG@H)



Vosselman and Maas (2b@@Ghat_iDAR datacquisitiocarbe performdtom
different platforms, watborn@nderrestriaLiDARbeing twonaincategories.
In forestremote sensiagbornd.iDAR (ALSis widelyused traditionallyrom
manneaircraft while dronbased iDAR(UAV LiDAR)sincredsagly used to
enabléighresolution analyses and fileaieledatacollectiongspecially in studies
of smalldoresareas (Puliti et al.2B0Wallace et al., 2012).

AirborneLiIDARfrom manned raraft is commonly useddfia collection over
largegeographicareas and a&ppliedin forest inventories @ésimate stand
characteristics such as heigitlan# usimgeasurememsrivedromLiDAR

point clouds<pch et al., 2006; N¥ssset, 2Q0%Y. LIDARon the other hand,
make# possible toollect datat lower flightltitudesresulting ihigher point
densityand a mometailedepresntatiorof the vegetation struct{Raliti et al.,

2@0 Wallace et al., 2012his difference in data characteristics can influence the
level of detail that can be captured in subsequent analyses.

Regardlesstbe platform usddDARpointcloud are commonlged as a basis
for creatingariouglevation modétatrepresernhe heigtdand vertical structure

of the vegetatighefsky et al., 2002; Koch et al., 200@se modedse
commonlysed as a b&migurther analysigorest structure, such as the derivation
of CHM, which avedelyused for individual tree detectiosegmdentation in
forest remote sengigpesc&i Wynne, 2004; Vauhkonen et al.,.2012)

2.3 ! CHMf or individual tree analysis

CanopyHeight ModelCHV) is a rastdrasecheightmodel thatepresents
vegetationeighttboveéhegroundand is used to andiymestvertical structune

forest remote sengikgch et al., 2006; Mielcarek et al., 2DH8).rasters are
usually created by suligatdigital terrain model (DTM) from a digital surface
model(DSM) resulingin a rastewhereeachpixelrepresentthe canopyeight
above thground surface (Koch et al., 2006; Zhang et al., 2020).

According to Yu et al. (2006)Misused in forest remote seasingentral tool

for analying forest vertical structuferbornelLiDARgeneratesgeoreferenced

point cloutfom whiclbTM, DSM and CHM are calcuB&sdhuseHMclearly
highlightkeight variatiomstrees and tree crovinge model msommonlyseds

a basi®r identiffnganddelneaingindividual trees in forest angdRepsscu &
Wynne, 2004; Yu et al., 2008)s makes CHM patrticularly suitable for analyses
where tredevel structural information is required.



When analyzimges atheindividual leveheight data in the form of CHM is
particlarlyusefylastreeheighandcrown structure are importdnatracteristics

for distinguishing individual {\gshkonen et al., 2012). Local height mmaxima

a CHM rastean indicateeetops, angriations in height arourskth&imacan

be linked torown shape and exfBnsenablebeanalysis of individual teges

without spectral information (Popescu & Wynne, 2004; Vauhkonen et al., 2012).

Becaus€HM represents vegetation height as a continuossirfeacser
segmentatiorréxjuiredo delineatadividual trees (Vauhkonen et al., Z0&2).

study by Yu et al. (208i&ws that CHidhsed analyses can be affected by factors
such as forest density, different tree species and spatjavheciolotiorake
theidentification of individual trees om@iéenging his means that slioeuracy

of individual tree detection is not only dependent on the method used, but also on
datacharacteristissclesatial resolutiamd the forest struciitself

2.4 ! Spatial resolution

Soatial resolution describes thef giaeh pixel in a rasterrahcates the smallest
spatial detail that can be distinguished in(thedbbetg & Holmgren, 201r7)
CHMbasednalyess the spatial resolutiaf the input data may influence the
accuracy of individual tree detection and crown d@lunesgienal., 2024)ith
suficientlyhighspatial resolutjorariations arown structurearbe distinguished
more clear)yfacilitaing the segmentationirdividuatrees(Vauhkonen et al.,
2012; Koch et al., 2006).

In contrastt dower spatial resolutibeight variationgay beeneralized over
larger areaghichcancontribute tgseverahdividual tredseing mergedto a
single segméhticas et al., 2024; Koch et al., ZD@i6)lustratethatalthough
CHMbasednethds aresuitabldor individugbase@nalysighe quality of the
results is strongly influetgedata characteristics such agesatifibiiLucas
et al., 2024).

The choice of spatial resoltiterefore affects how well individual trees can be
identified and deatedduringsegmentatiofhis makes spatial resolution an
important factor to consider when-ka4kd results are usediagodesupport in

forest plannipgince limitations in data quality can influence both the accuracy of the
results and their practipplieabilitfLindberg & Holmgren, 2017; Lucas et al.,

2024) This highlights the importance of evaluating how different spatial resolutions
influence segmentation outcomes, which is a central focus of this study.



2.5 ! Machine learning approaches in individual tree
analysis

Machine learning methpddicularly Convolutional Neural Networks (CNNSs), are
increasingly used in vegetation and forest remote sensing for analysis of image and
raster data (Kattenborn et al., 2021)-b&#d methodan identify spatial

patterns by analyzeigtionships between neighboring pixels, making them suitable

for detecting structures and patterns in spatial datasets (Goodfellow et al., 2016;
LeCun et al., 2015; Rawat & Wang, 2017).

In forest remote sensing, Bide¢d approaches have been applied for individual tree
detection and crown segmentatranLiDARIerived height information (Hamraz

et al., 201%hao et al., 2023). Since Gididels can learn spatial patterns from

raster data, they have shown potential for delineating complex tree crown structures
(Kattenborn et a2021; Zhao et al., 2023).

However, supervised Gdsed approaches require representative training data
with known reference information. The performance and transferability of these
methods can therefore be limited by the availability of training data as well as
variations in dafaality, spatial resolution and forest conditions (Zhu et al., 2017;
Kattenborn et al., 2021). When suitable training data are linbiéesed rule
approaches provide an alternative where tree detection, segreebsatipreand
classificati@mebased on predefined and interpretable criteria.

2.6 | Individual tree detection

Individual Tree Detection (Ifiedgrs tonethodased to identifydividuatrees in

remote sensidatgHyyppS et al., 2008)CHMbasednalyes local maxinsae
commonlysedo locateotential treetops (HyyppS et al., Z00&dreetop
candidatesan thebe useds starting pa@rior delneaing crownextentusing
differentsegmentation methods. In thistreajevelinformatiorsuch asee

height and crowizecan be obtained (Dalponte & Coomes, 2016; HyyppS et al.,
2008).

A commdwg usednethod for identifying treeiops CHMs Variable Window
Filtering (VWEhichsearchdsrlocal maxinveithn amowngsearch window. If

a pixetepresentbe local maximm within its search window, it can be identified
as a potential treetop (Chen et al., 2006; Popescu & Wynne, 2004).



The sizefthemoving search windsadjustdin VWF ecording ttree height,
commonlpased aherelatioshipbetween tree height and crown size (Popescu &
Wynne, 2004Recause this relaiopcanvarybetween different forest types and
standstructureshe parametds VWFoftenneedo beadjustdto thespecific

study are@opescu & Wynne, 2004; Kaartinen et al., T20424%. important

becausa enappropriat@ndowsizanay lead to both eardunderdetectionf
treetopgChen et al., 2006; Pspu & Wynne, 200M\VFis therefonelevanior

this studywhere reliable treetop detection is required as input for the subsequent
crown segmentation.

2.6.1 Segmentation

Segmentation mednsding an image itomogeneous regions with similar
properties, such as intewsitgtructure, with th@m of groupingxels into
meaningful units (Gonzalez & Woods, 2018; Pal & Plu,ré888p sensing
segmentatiamn a commasiepusedo enable the identificationdetiheation of

objects in spatial datzeregroups of pixels are treated as contiguous objects rather
than individual pixels (Blaschke et al., 2014; Pare et al., 2021).

In foresapplicationsegmentatisuseddidentifyndividuarees artdee crowns

in LiDARbased gt data, wheeachsegment carrespond to a single tree
(Lefsky et al., 2002). CHMbased individual tree anatysetop candidates
identified from local maxima can be gs@teteegmentation and delineate crown
extent.Segmentatiaan bgerformed usingriousnethodshatare baseoh
differentprinciples for how objeate déheatedn image and elevation data
(Blaschke et al., 2014).

Inindividuabased analysis of resn@HM segmentationlirsked tseveal
practicathallenges (Lucas et al., 2024; Vauhkonen et al., 2abiijytdhe
identifyand delineatedividual treés affected bye forest structucamplexity
such agariatiosin crown size and tree densityensestands, trees may have
overlapping crowmghich camakeorrect separation difficult even whanaly
highqualityheght data is used (Lucas et al., 2024).

2.6.2 Watershed segmentation

Thewatershed algoritleran establisimethod fomage segmentatioremote
sensing (Kakhani et al., 2019). The nselfazgd on a topographic primciple
which the image is interpreted a®pgraphitandscape whegyxel values
represent elevation differehceal extreme points in the data are identified based
on predefined criteria and used as starting points for the segjloemmtgtion
regions to grow until they medoamdegment boundaalesng ridges in the data
(Meyer & Beucher, 1990; Najman & Schmitt, 1996).



Local extreme poictn be identifiedinglifferent approachiesforest remote
sensinga commorapproacks toapplymovingwindowsvhose size is adjusted
according taete height, soalled variable windbiters (VWF), to estimate
treetops imanopyeight models (Lindberg & Holmgren, 2017; Vauhkonen et al.,
2012).

Thewatershed algoritimsuitable faanalysis chnopy height maedeid tree
segmentation because Lii2&Bd height dptavidesa representation the
vertical structure of trees andblesndividualtree crown dekation. In
watershebdased segmentation, the identihekersan baised to delineate
individual tree crowns, where each segntentie correspond to an individual
tree(Chen et al., 2006; Kakhani et al., 2019).

Previous studiegve showhat watershdxsed segmentatian besensitiveo

noise and spatial resolutibeightiata, whicmayleado differensegmentation

errors.A commorproblem i®versegmentatiomwhere multiplecalmaxima

within the same objestisé to be split intseveraegmen(dleyer & Beucher,

1990. Inforests where trees have complex crown strouattipésocal maxima

may occur within the same tree crowimciéasdile risk of oveegmentation,
particularlgt high spatial resolution (Lindberg & Holmgrem 129 hi¢ans that

the identification of local maxima, which is influenced by the choice of VWF
parameters, directly affects the subsequent segmentation results.

Anothewelltknown problem is undegmeation whereseveral nearby trees are

merged into a single segment. This usually occurs in dense stands or at low spatial
resolutiorwhere height differences between nearby trees are difficult to distinguish
(Vauhkonen et al., 2012; Kaartinen et al., D9derrors are important to
considerasthey affect both the numbereebkdetected and the delineation of

individual crownghich in turmayinfluence the reliability of individual tree
detection

Theresultof watershdzhsedegmentatiare thereforgronglyinfluencedy

how the segmentation is controlled throalgbitked parametershese include

how local maxima identifiednhow sensitive the segmentatismaltovariations

in heightdata andwhat criteria are used to determine whether adjacent segments
should beonsidereseparate or ndthe choice of these parameters thffects

number and dedatiorof segments and is therefore importamsidewhen

interpreting the resulianda et al., 200Zhis is particularly relevant for this

study, where treetop detection using VWF is used as input febasattrshed
segmentation, making the segmentation results dependent on the chosen detection
parameters.
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2.6.3 Marker-controlled watershedsegmentation

To minimizeéhe risk for owsegmentatiomarkeicontrolledvariants athe
watershealgoithmhave beateveloped (Chen et al., 2006; Kakhani et al., 2019).
These miebdaise prefinednarkers toontrol thénitiation ofthesegmentation
processprovidng object boundaries that betienespond tactual objects and
redutgthe number of segments (Meyer & Beucher, 1990; Kakhani et al., 2019).
This makes markentrolled approaches particulalgvant in forest
environments where complex crown structures meésemitrelase the risk of
oversegmentation.

In markecontrolledvatershed segmentatlommarkers are typically divided into
inner markera/hich represent the center of the papettsackground martkers
whichdefinethe segmentatiboundariesThe segmentation sthdmsn these
markersand the regions gnawtil they meet, mesgthatthe placement of the
markers largedetermines the final object boundaries (Meyer & Beucher, 1990).
This processillustrated i#$%&.
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2.7 ! Topographic  position index

In addition to structural variables derived from LIiDAR data, environmental factors
are important for understandamgtion in forest structure. One such factor is
topographwhichcan influence local site condtichsas moisturailability and
productivity
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The bpogrdpic position index (TPI) is a neasotsed taescribthe relative

elevation of a point in relation to its surroundings, where the elevation value in a
raster cell is compared to the agkrea@n within a defined neighborhood around

the cel{Weiss, 2001; De Reu et al., 20t3)tive TRialuesepreseribcation
thatarehigher thaheirsurroundingsuch as ridgesilenegative valuepresent

lower areas such as vallejtges neaerocorrespond to flat areas or swiitte

aconstant slope (Weiss, 2001).

Sincd Pl describes relatather thaabsluteelevationtwo poingwiththe same
elevationan have different TPI values depending on themolawdings (Weiss,

2001; De Reu et al., 20TBismakes #indexusefufor idetifyingtopa@raphic
featuresindfor analginghow tle localterrainvariatioomay influeneological
processes suctvagraccumulation, drainage and vegetation development (Weiss,
2001).

Inforestpplications, TPI basrshowno beuseful fadescribing variation in stand

structure (Szfsz et2024). The stuby Sz et al. (28) showedorrelations

between TPl and tree height in Hi2#éd anadysindicang that relative
topographipositiomrmay influendbeforestdevelopment and productiVitys

suggests that topographic conditions may contribute to variations in forest structure
and should therefore be considered when interpreting strucéuisticdmarac

forest analyses

HoweverTPlisstronty dependent dhescal@ised in thenalysiShe choiosf
neighborhood sizerigciain determining whether the indexiressmalscale
local variations lmradetopogralpic patternsmeaimgthat the result caary
depending dime analysis radius (aksiss, 2001; De Reu et al., 20E3Reu et
al. (2013prguethat thisnaylead tamisleading classificatiometerogeneous
landscapeandhatTPI shoulthereforde interpreted witaution aniah relation
to boththelandscamharaeristicend the purpose ofahalysis

2.8 ! Stratified identifica tion of structural patterns

Structural characteristics of trees, as described above, are not only affected by age but
also by site conditions. iffipieghat structuralnables cannot be interpreted as

absola indicators of age without considering environmentalTocemnekie

moreaccurate interpaigon, analyesstherefor@aeed taccount farariations in site

conditions
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In ecological and statistical analysis, wathbdsed to investigate whether

certain phenomesr& overor underrepresentaedspecificontextselative to
chancexpectationghis is done by comparing observed occurrences with expected
occurrencdmsed on the surrounding conditiakimg it possible to analyze how
organisms or structures are distributed in relation to environmental variation and to
identify nomandom patterns and associations betweer(Aarialdesal., 2008;

Tan et al., 2004).

Onemeasurkbasedn this principle is LIWhichis used tmeasure the strength
of association between variables by comparing how veegieeslyoccur
together relative to what would be expected under indédandsraie 2012).

2.9 ! Model evaluation and performance me trics

Thepurposef modetvaluation in tree segmentation based on LiDAR data and CHM
is to assess how wekdgenentatioasult€orrespond teference data frire
field.Theevaluatios usually carried lbptomparisbetween detected treitls
referencerees from field inventofi€sartinen et al., 2012; Popescu et al., 2003).

To quantifithis agreemenautomatically identified trass compared with
referencerees from field dawdichallovsthe calculationwariouperformance
measures (Kaartinen et al., 2012).

Performanceetricaisedo evaluateee segmentation methods chwide into
different categories dependwbairis to be analybedthditeraturadistinction
is made betweebjectbased and pibalsednetrics(Kaartinen et al., 2012;
Vauhkonen et al., 2012).

2.9.1 Performancemetrics

In objeebased evaluatiperformance measures are based on the match between
detected trees amterence trees from field data. Based on that match, the results
are classified into correctly detected trees, omissions and commission errors,
corresponding to missed and inlyodetected treegspectively (Kaartinen et

al., 2012). These outcomes\aded intthreecategorigélzubaidi et al., 2021).

¥ True Positive (Tifers to an object that has been correctly identified by the
model and is also present in the reference data

¥l False Negative (FMgrs to an object tbgiresent the reference data but
has not been detected by the. model

¥l False Positive (Féfers to an object that hasidertified by the model
but is not present in the reference data.

Based on themgcomesseveral performamceasures can be calculated. Recall
describes the proportion of referencihateseorrectlydentified by the model



(Equatiol), whileprecision descrilibe proportion of correctly identified trees
inrelation talldetectetteegEquatio(R). To combingrecision and recall into a
single measure, thesédras sed Equatio3), which is thearmonicnearof
precision and ré¢Alzubaidi et al., 2021). AccordiAdztdaidi et al. (202
Minaee et al. (202@)ese performameceasures can be formulated as follows:

59696, (1)
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Performance metrics used in tree segmentation can also Hhelsee pixel
approaches, wheregdmmetric overlap between predicted and reference segments

is evaluated at the pixel.l&vebmmon metric is Intersection over Union (loU),

also known as the Jaccardiredex& Hanbury, 20Hg)wever, the presstudy

focused on objbetsed evaluation measures, as the primary aim was to assess the
detection and classification of individual tree crowns rather than the exact geometric
correspondence ofagrdoundaries.

Together, the concepts, methods and evaluation approaches presented in this chapter
provide the theoretical foundation for the methodology used jwithishsisidy
described in the following chapter.
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3! Met hod

To address the aim of identifgag with structlrcharacteristmfolder pine
trees usingiiDAR derived structuraariablesa structured metbbzbical
workflow was develop€hlischaptefirst describéisestudy aredfollowed bgn

oveview of thdataand materialsed in the study

The subgeent sections presentwbekflows for data processing and crown
segmentati, followed by parameter evaluations and sensitivitysealicses
justify the selectearametersginally, the method for classifying trees with older
structures is presenieduding the selectibrariablesdhresholds used in the
classification.

3.1! Stu dyarea

The study areaversbout6% hectareandislocated between SSrna and Idre in
thenortherrpart oDalanaCountyFigured). The areeonsists afboreal forest
landscappminated pniferous forestainlypine.Theforest landscagiews
variatiom stand density and canopy Tm@reighgrowth in the area is generally
considered to be relatively low.
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3.2 | Data and materials

The studysed three CHM rasters derived from airborne LiDAROdztdhe

rasters were published by the Swedish Foreskagstycgléen) and represent

tree height modddased on national airborne Lé4iredoy the Swedish

Mapping, Cadastral and Land Registration Authority (LantmSteriet) in 2014 and
2022, repectivelylhese rastdrave a lower spatial resolution with a cell size of 1

x 1 meter and a point density of approxir2apelintiper M. The CHMs were

derived from heigidrmalized point clouds, where the ground model was used to
estimate vegetation height above ground level. Thersteleigbte generated

using firsteturn LIDAR points and inclymledessing steps to reduce gaps in the
canopy surfagantmSteriet, 205kogsstyrelsen, 2026b)

Thethirdrastewasobtained throuBilerudand was derived from airborne LIiDAR
acquiredh 2024 The daket was produced by Arbaralithas higherspatial
resolutiomwith a cell size@b x 0.5 metand a poidensity of approximately 20
points per nBeforeCHM generation, the LIDAR point cloud was quality checked
and heigimormalized yrbonautGround pointsere set to zero while above
ground objects kept their height above the grourjdessdaakcommunication

with Arbaaut May 20, 2026)

The comparison of spatial resolution was thesg@2thand 2024 ragkegure

5), while the 2014 raster wastasestimate height growhCHM rasters uke

the same coordinate reference system, SWERHR €% T¥maindef this
report,thetwo datasetssed for comparisoe referretb aghelowresdution

CHM and the higdsolution CHM\II CHMdatasetssed in this study were made
available through Skogfauisich coordinated and provided accesataitesl

in this projecAlthough the comparison focuses on spatial resolutioanthe low
highresolution CHM datasets also differ in acquisition year, point density and data
source, whicheweconsidered when interpreting the results.

I"#$%&)' U&.%&5864,78&'5$75&4'01'4.R4u&E0/$?06',69'/B0&50/$706'LVW="5:0>"6#'4:&'5,-&',%&,"'6'
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Orthghotogroducedy the Swedish Mapping, Cadastral and Land Registration
Authorityweredownloaded as multiple GeoTIEH REmthophotoserethen
mosaicked into a singleophotand clipped to the exxéent of the study area.

A dgital &vatioomode(DEM)produced by tisavedish Mapping, Cadastral and
Land Registration Authavigalso used in the stutlye soil moisture map was
provided bheSwedish UniversityAgficultural Sciences

To obtain validation data, a drone survey was conducted using a DJI Phantom 4 RTK
equipped with an RGB camera. The collected drone imagery was processed into
orthomosam Agisoft Metashape Profesflanakthe field survelyees of high

conservation value viedeatified armmbsitioned using GNSS equipment and a tablet

based mapping application.

All preprocessingegmentation and classification of therdatnducted in

RStudio to ensure reproducibility and transparent workflow. ArcGIS Pro was used
for GIS operations, such as visual inspection of results, map visualization and
production of figures included in the report.

B,7/&()'K8&%8"&>'01'4:&'9,4,5&45'$5&9"6'4:&'54$9<=""63/$9"6#'9,4,'50$%3&=",3X$"5"?06'-&4:09='<&,%='5.,?,/"
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Spatial

Data Data source Data type Year . CRS
Resolution
CHM ogsstyrelse Airborne LIDAR 2014 1x1m SQ/\QII?EAEF
CHM Sogsstyrelse Airborne LIDAR 2022 1x1m SggETTAEF
CHM Billerud Airborne LIDAR 2024 0.5x0.5m SHIERES
99 T™M
True “, . . SWEREF
Orthophoto LantmSterie Aerial Orthophot 2022 0.5x0.5m 99 ™
DEM LantmSterie Elevation Mode 2019 2X2m SHIERES
99 T™M
Soil moisture SWEREF
L
map SLU Raster map 2020 2x2m 99TM
UAV DJI Phanton  Orthomosa SWEREF
Orthomosaic | 4 RTK (RGB) 2026 0.18x0.18 M ~oq 1,

ChatGPT(GPTF5 and GPT5.5) wasused during the study to support code
developmeanddebugging he tool was also wsetinguistic support during the

writing process, includgngmmar checking, suggestions for academiarmghrasing

word choice, and assistance in refining translations from Swedish to English to achieve
more natural scientific language. All generated outputs were reviewed, validated and
revised by the authors before use in the study, who remained res$gonsible for t
content of the stu@penAl, 2026)
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3.3 ! Data preprocessing

This section describes the preprocessing applied to the CHM rasters prior to crown
segmentatioRurther justificatiofthe selected preprocessing steps is provided in
Sectio’.4.1

A quality check was performed by vehiémagter resolution in both RStudio and
ArcGIS Pro to ensure that the CHM usst@for segmentation and classification
had the correct cell sizes (0.5 and Altho)gh botbf thes€HM rasteswere

based ahe horizontal coordinate reference SYSteREF 99 TP SG:30Q6)
minordifferencesereidentifiedn howthe coordinateferencsystenfiCRSyas
definedn the metaddiBable?). To ensure consistettoghighresolution CHM

was defined &PSG:300B6efore further processifge codalsoincluded
validationchecksto ensurehat input datamet the required specifications
contributing tebust aneproduaible dataandling

The lowesdutionCHM rastetontained a color table that initially interpreted the
elevatiomalues as agtecal classes. The color tablleereforeemovedo that

the height valuegreinstead treatexscontimous numerical dathe low
restutionrasteiwas also convertedmeter asthe originalheightvaluesvere
providedn decimeter

B,7/&@2$--,%<'01'9,4,'5.83";3,2065',69'.%&.9603&55"6#'54&.5'10% 4KEH0> P6&50/$?06'LVW'
9,4,5845)

Data Specification High-Resolution CHM Low-Resolution CHM
Original resolution 05x05m 1x1m
Original datatype Floating poir{B82bit) Intege(16bit)
Maximum height Approx29 m Approx263 dm
Original height unit Meter Decimeter
Unit conversion None Salind010)
Final height unit Meter Meter
Original CRS SWEREF99 Ti@ustom) SWEREF99 TIEPSG006)
CRSadjustment Defined &8PSG:3006 None
Final CRS SWEREF99 TM (EPSG:30 SWEREF99 TM (EPSG:3(

A shapefilepresenting the study areanpasted and reprojed@datctthe
CRSfthe other dataskts-"//'01 (EPSG:30D6T he study area sisted of

a singleontiguougolygorcovering approximately 465245 m buffer was
created arouitdo clip theCHM raste@ndreduce edge effects caused by partially
representdcee crowns near the boundary



To remove thafluencef low vegetatioall CHM values under 3 regtere
maske@ndset to NAThisensuredhatlow vegetatiodid notinfluecethe

smoothingr affectreecrownsurfacedhe CHM rastasgre smootheging3

x 3Gaussian filter to reduce small locaVheagionand createmoremtinuous
surface.

Before crown segmentatoly pixelsvith a heightfaat least 81in both the
smoothed and origddEM were retainéat furtheranalysiddissingyaluesvere

ignoredduring smoothingndconstanA paddingorresponding to a-pnel

bordemwasapplie@ground theasteedgeprior tofilteringto allow égecelldo be
processed amneduceedge effect3.he preprocessedHM rasterwere then

exported and usedinpubrthesulsequewatershesegmentation.

3.4 ! Crown segmentation

This section describes the workflow used for treetop detectawn and
segmentatiaof the CHM rasters, including main processing steps and selected
parameter settings. Further justifiohtios selected parameter valpes/ided

in SectioB.4.1

Theworkflow begins with treetop detection, followed by crown segmentation.
Treetopdetetion was performed using variaineowfiltering (VWF)an
established CHiMsed methedherethe search window $$zadjusteid tree
heightbased othe relationship between tree height and crown siza &opes
Wynne, 2004; Chen et al., 2006).

This approach was consideitable because it allows the detection to better
account for variation in craivnensiothan fixed windoweand therefore
reducethe risk of ovaand undedetection of treetopepescu & Wynne, 2004)

Three paramesatsvere definexhd evaluaté&mall, Midnd_argetrepresenting
small, intermediate and largdow sizeEaclsetconsistedf a global and a fine
heightdependent windofunction For both functionsthe window size was
calculated from tree height using a linear relatdingupy a slope and an
interceptThe globdlinctiordescribebe overall relationship between tree height
and windosizewhile the fineinctiorallowsddional adjustments of the window
size at a smaller spataleThefinefunction wasriortizedin thefinalanalysis
Among the test parameter seleNlid parameteetwasselected for the final
workflow with associated paranveleepresenteitt Tableb.
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After treetopletectin, athinningorocedurgvas appligd merge adjacémtal
maxima and ensiiia only orteeetopgrepresentachindividuairee. A thinning
distancef 05 metersvas used for both CHigtes The detectdrkeetopsvere
thenused as markerghimarkeicontrolled watgnedsegmentation. The CHM
surfacevas interpretedaheightmodelandeaclsegmemepresentextidineated
tree crown associated with a detected treetop

To performsegmentation of thighresolutiolCHM raster, the stualeavas

divided intdilesof 1000 x 1000 t@ manage the large data volume and reduce
comptational demandistotal 120 tilesvere generatelb reduce edgtects at

tile boundaries, each tile was extended with an overlapping buffer of 10 meters prior
to segmentatiomhe segmentation was peeformedeparately for each tile

including the buffeane

After segmentatiponlythosetreetops and crowaolygons whosentroidvere
locatedwithin the origingle extentwere retainedn this wayeach crowns
appeadonly once itnefinal dataséhe resulfsom all tilewere merged into a
singleontimougslataset covering the entire studyhare@trasthesegmentation
of thelowresolutiolCHM rastewasperformeds a continucaisalysis without
partitioninginto tiles as the lower data volume did not irtip@wssame
computationabnstraints

The resultingegments were saspolygorieaturegshapefili@rmal for further
analysi¥hese segments wereubethas the basis for extracting structural variables
and performing the classification of tree crowns.

3.4.1 Justification of preprocessing andsegmentationsettings

This section presents the paravaleations and sensitivity analyses performed to
justifypreprocessiagdsegmentation settinigse purpose was to identify robust
parameter valiesCHM prapcessingreetop detection amownsegmentation

before applying the workflow on the full study area.

Delimitation and buffer

Table8 summarizes how different buffer distabcasd @) affect the

elevation data. When the bofferasddom 0 to 5 and 10 m, the area included

in the analysis increased but the mean height and spread are largely unchanged for
both lowand highesolution CHM.
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B,7/&1)'2%--,%<'01'4:&'&A&34'01'4:&'9"A&%&64' T$A&%'9"54,63&5'FG=T=",69'(G'-H'06',%&,="-&,6".&"#:4=",69'
54,69,%9'9&8",?7062RH'01'LVW'"."+&#:4'8,/$&510%:&/0>J,69":"#: J%&50/$?06'LVW'9,4,5845

Buffer (m) Resolution (m) Area (ha) Mean height (m) SD (m)

0 1 46453 4576 5.467
5 1 46657 4.556 5.463
10 1 46860 4537 5.460
0 0.5 46266 4.094 5.287
5 0.5 46463 4.089 5.286
10 0.5 46660 4.084 5.284

0234'5 shows how the buffer zone differs frometiagea. The average height of
the inner zone is stable regardless of tls&zbaritthedgezone is dominated
by very low values.

B,7/&Q'L0-.,%"506'01'-&,6"&"#:4',69'54,69,%9'9&8",706-2RH'01'LOW"."+&/":&"#:4'8,/$&8>& &6'4:&'
"66&%',%8&,',69'4:&'7T$A&Y%'Y06&'10%'9"A&%& 64 7$A&Y%'9"54,63&5)

Buffer (m) Inner zone Edgezone
Mean height (m) SD (m) Mean height (m) SD (m)
0 4.575 5467 b b
5 4576 5.467 0.371 1.992
10 4.556 5.463 0.067 0.828

BEdgeone not defined for 0 m buffer.

A 5 m buffer was added around the study area to reduce edge effects, such as incorrect
or abnormally low height values occurring near the boundaries where tree crowns are
only partially covered by the data. This buffer size was considered ageasonable trad
off between minimizing edge effects and avoiding unnecessary expansion of the
analysis area.

Seletion of CHM smoothing method

CHM smoothing is commonly used as a preprocessing step in individual based treetop
detection to stabilize the canopy height surface and rsdaleevamations that

may cause false local maxima (PitkSnen et al., 2004). In this study, both a mean filt
and a Gaussian filter were evaluated. The mean filter calculates a simple mean value
of all the pixels within the kernel, meaning that all pixels are assigned the same weight.
This results in a general smoothing of the height surface but mdgcaako reduce
variations and thereby reduce potential local maxima (Gonzalezl&)Woods, 20
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A Gaussian smodghilter was applied using a normaliz8dsawussian keidel
21;242;173A116. The Gaussian filter is based on a Gaussian function in which
theweight decreasdth increasing distance from the center of the kernel. Pixels
near the center are assigned a greater weight than pixels further from the center,
which reduces noise while better preserving structures in the canopy height surface
(Witkin, 198).

To evaluate which smoothing method was most suitablle3 bothmafdter and

a 3! 3 Gaussian filter were tested on a representative subset of the study area. The
results were compared quantitatively based on the number of identified crowns and
qualitatively through a visual assessment of the resulting crown segments in relation
to the EM.

The Gaussian smoothing resulted in a slightly higher number of identified crown
segments within the subset compared to tHd#teme&rvisual comparison

indicated that these segments corresponded more closely to local maxima in the
canopy height surface while the mean filter in some cases smoothed small height
variations so that potential maxima were not i¢estde®). Based on this
comparison, Gaussian smoothing was selected for this study.

!
I"#$%&)'L0-.,%"506'01'5-004:"6#',../"&9'40'4.&'/0=P6&50/$?06'LVW'$5"6#'F,H','I+I'-&,6';/4&%',69'F7H','
I+1'0,$55",6',/4&%)'B:&'0,$55",6';/4&%'.%&5&%8&5'3,60.<"-,+"-,'-0%& &A&3?8&/<'4:,6'4:&'-&,6";/4&%)
Masking of low vegetation

The height distribution of CHM values within the stualsaaadgred to select a
thresholdalue to exclude low vegetation. Histograms for thalbesghiere

created for both the higgolution and the {mgolution CHdata. A threshold

of 3metersvas selected (see red dashedd#esim), since it lies above the large

number of lolweight values and therefore delineates low vegetation without
affecting tree canopies. The pattern was similar for both spatial resolutions, which
indicates that the threshold provides a consistent bleulhitdrand low
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resolution CHM. The histogrmaerscomplemented by summary statistics for the
tested thresholds, which are repoggsd;ifx '8!

I"#$%E&) V&"#:4'9"54%"7$?065'01'LVW'8,/$&5'10% Ha&58{$?06'FG) T'-H',6 9 M6&50/$?06'F()G'-H'
9,4,5&45'>"4:"6'4:&'54$9<",%&,)'B:&'%&9'9,5:&9'/'6& -, YE5'4:&'5&/&34&9'4:%&5:0/9'01''-'$5&9'40'5&.,%,4&'/0>'
8&#8&4,706'1%0-'4%&&'3,60."&5)

Tree top detection using variablevindow filtering (VWF)

As described in SecBahthree parameter sets were evaluated for the variable
window filtering: Small, Mid and Laigepurpose oktkensitivity analyss

to assess how strongly treetop detection was affected by the selected parameter set
and to ensure that the result was stable within the tesieunl nechgee
computational time, the analysis was performed on a 200 x 200 m subset of the study
area.

0234'=shows the tested parameter sets for eads@titntogether witthe
corresponding number of identified treetops and calculated tree density. The results
show that the differences between the paramweteredats/ely small, especially

between Mid and Large. Therefor®idharametewas selectéor the final

analysier both resolutions
B,7/&T)'B&54&9'.,%,-&4&%'5&45'10%'8,%",7/&'>"690>";/4&%"6#'F\]!H',69'30%%&5.069"6#'4%&&40.'9&4&3?06'

%&5$/45'10% 704 LVW'%&50230BBH0 " 64&%38.4".,%,-&48&I65'%6&18%'40'4:&'"'68&,%'8,%" 7/&'>"690>"
1$6320p

Dataset Set Global Global Fine Fine Treetops Trees/ha
slope intercept  slope intercept
0.5m Small 0.040 0.60 0.030 0.50 1599 399.75
0.5m Mid 0.045 0.90 0.035 0.80 1557 389.25
0.5m Large 0.050 1.00 0.040 0.80 1556 389.00
1.0m Small 0.040 0.60 0.030 0.50 1427 356.75
1.0m Mid 0.045 0.90 0.035 0.80 1427 356.75
1.0m Large 0.050 1.00 0.040 0.80 1427 356.75
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!
Thinning distance

Multiple local maxima can occur within the sanogvtxegben detecting treetops
fromaCHM. To reduaduplcatedetection, some form of thinning or merging of
neighboring peaks is usually applied tmhgbai representative peak per tree.

Previous studies in indivioaséd tree analysis UsSD4R show that pest

processing of treetops, such as separation or merging of neighboisg detections
strongly dependent on the spatial resolution of the data and the forest, stand structure
and that no general standard parameter values exist (Kaartinen et al., 2012; Lindberg
& Holmgren, 2017).

Thereforehe thinnindistance was evaluated empirically for the currenAdatasets
sensitivity analysis was condisatgddistances betviegmand 1.t, wherdhe

lower bound correspexditd the pixel size of the-nggolution CHM. The analysis
was conducted separately for thresogition and leesolution CHM data.

The results showed a modest decrease in the number of detected treetops between
thinning distances of 0.5 and 0.8 m for ttesbigtion CHM (2.8%)d alearer

reduction was observed at 1Homthe lowesolution CHM, the number of

detected treetops barely chagesthe different thinning distances. The low
sensitivity for different thinning distances is likely related to the raster resolution (1

I' 1 m), where the tested thinning distances fall within a similar spatial range relative
to the pigl size and reduce the effect of the thinning.

A visual comparison of the detected treetops ferebeligihn CHM confirmed

these patternggs&s). Only small differences were observed between thinning
distances of 0.5 and 0.8 m, although the 0.5 m distance identified some additional
local maxima that corresponded to local maxima in the CHMaAileadem

reduction in the number of detected treetops was observed.

!
I"#$%&') LO-.,%"506' 01' 4%&&40.' 9&48&3?06" %&5%$/45' $5"6#' 9"A&%&64" 4:"66"6#' 9"54,63&5)" B:&' 7,3E#%0$69'

%&.%&58645'4:&'LVW="69'4:&'30/0%8&9".0"645'%6&.%&5&64'984&3489'4%&&40.5)'P,68/5'5:0>'4:"66"64#'9"54,6385'01'F  H'
G)T-=F7TH'G)"-=',69'F3H'()(-)
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Based on both the quantitative sensitivity analysis and the visual assessment, a thinnin
distance of 0.5 m was selddtedletailed results of the thinning distance sensitivity
analysis are presenteabing< 12!

Evaluation of threshold applications relative to smoothing

Two different preprocessing strategies for the CHM were cdetpareded

which stage low height values should be thresholded in relation to smoothing and how
this affected the segmentation results. In the first strategy, the height threshold was
applied after smoothing (ST), while in the second strategy it was eapplied befor
smoothing (TS). For each strategy, the entire segmentation process was subsequently
carried out, and the results were visually cqmpasyy. The comparison

showed that applying the threshold after smoothing resulted in more coherent crown
shapes and a more complete crown delineation.

This is because smoothing affects each pixelOs height value by incorporating height
values from surrounding pixels. Pixels that are just below the threshold value in the
original CHM raster may therefore have a slightly higher value after smoothing. If the
threshold is applied before smoothing, these pixels are removed immediately, which
may cause some segments to be removed. Therefore, the ST approach was selected
for further analysis.

I"#$%8&)\"5$,/'30-.,%"506'01'3%0>6'5&#-8&64,706'%&5$/45'$5"6#'4>0".%&.%03&55"6#'54%, d&#"&5"6""#:
%&50/$?706'LVW'9,4,)'F,H'B:%&5:0/9',../"&9","&%'5-004:"6#)'F7H'B:%&5:0/9',../"&9'7&10%&)5-004:"6#

The smoothing caused height values to be affected by surrounding cells. This led to
individual pixels exceeding the threshold even though their original height was lower.
To ensure that the crown segmentation was based on actual height structures, an
addiional condition was therefore introduced where a pixel was only included if it
was " 3 meters in both the smoothed and the original CHM raster. The stricter
condition constrains crown expansion and results in more spatially consistent crown
boundarig&igurel0).
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I"#$%E&G) LO-.,%"506'01'3%0>6'5&#-&64,706'$5"6#'4>0'4:%8&5:0/9'9&;6"?065)'F,H'2&#-&64,?06'$5"6#'06/<'
4:&'.0545-004:"6#'4:%&5:0/9F'-H)'F7H'2&#-&64,706">:&%&'"."+&/5',%& % &X$"%&9'40'&+3&&9'4:&'4:%&5:0/9"'6'
704:'4:&'5-004:&9',69'4:&'0%"#"6,/'LVW)

3.5 ! Classification of Scots pine trees with old - growth
structural characteristics

The clssification was based on the segmented objectsbpratricgdwn
segmentation workflamhichwere interpreted as potential tree ci9moesthe

segmentation was based solely on height variation in the CHM, some segments may
alsaepresent other elevated objects rather than aotmahsi&kering criteria
werethereforencludedo reduce the inclusion of segments unlikely to represent
individual tree crowns. The stratification procedure is described in more detail in
Sectior3.5.1 while the structural variables used for classification are further
explained in Secth.2

During the development of the classification dgpiveat evaluatesla initial
methodor identifjng combinations of structetaracteristitisat occur more
frequently than expecfécke height, crown diameterhenghtgrowthwere

initially included as classificatioableswhile flatness was later tested as an
additional varialib represent crown shapmyeverthe resulting combinations
proved too restrictive for the current dataset and only a limitfdneesbare
identified. The method required several variables to shassatiatigns
simultaneously, which substareadliged the number of retained crown segments.
LIFTwaghereforaot used in the final classification

Based on these resattisatifiegercentildased approach wsieaadppliedo

account for environmental variation by evaluating structural characteristics within
strata representing similar site conditions, rather than applying the same thresholds
across the entire study @heastrata were defined based on elevation, soil moisture

and TPRI
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To assign environmental conditions to each crowrnthmlyggmented crown
polygons wetmkedto raster datapresentinglevation arsbilmoistureThe
mean elevatiealuewas extracted for eaatwn polygounsingzonal statistics
based otne DEM rasterhese valuegrethendividednto three tertildased
classes, meaning the daitaspliinto threequagroupglow, medium, high).

Soil moistuneas linked to the crown polylgpaalculating the most frequently

occurring class within each polygon and assigning it to the respective crown. The soil
moisturelatavere classifi@ato threelassestry-mesicmesianoist andoist

wet. Topograplpositionvascalculateasing Pl based orcaculaneighborhood

with a radius#®metersThe mean TPI val@aecalculated for each crown polygon

and then dividetbithree tertildased clasdesv, medium, high).

The elevation, soil moisture and TPI classes were then combined to define the final
strata used in the classificegguiting iatotal of 27 strat&ructural variables

describing individual tcbaracteristics were calculated forreachpolygon
includingpeightheighgrowth, crown diameter and flatness

Height mwth wasalculated as the differentte 88" percentiléP5 height

between two measurement occasions and then converted to annual growth by
dividing by the number of years between acqi3itd2@24 for the high
resolutionCHM and 2012D22 for the leresolution CHMTo reduce the

influence of unrealistic values, crown polygons with negative total growth or total
growth exceeding 6 m during the study period were excluded by setting these values
to NA.The 6 m threshold was used asiarfiitering step to remove clearly
unrealistic outliens the growth estimatefore the subsequent classification
procedureFor the lowesolution dataset, this corresponds to excluding annual
growth values above 0.75 m el for the higlasolution dataset above 0.60 m

year.,

Crown diameterascalculated from the polygesbs assumimagcirculacrown
shapeCrown polygongth an area exceeding Z30eare flagged as potentially
undersegmented, as unusually large crown areas mathahdicateple
neighboring trees were merged into a single crown segment.

Flatnessascalculated as the differbangeetthe95" percentile dfeighvalues

within the crowand the mean heiglormalizetly the 95percentileCrowns
withinvalicdbr negative values were excluded from furtherAdiedygis flatness

was initially considered as a classification variable within thbapedcentile
approach, its distribution showed limited sensitivity to changes in percentile
thresholds and was therefore retained only as a fixed quabtypdtercrown
segments with unrealistic crown shapes rather than as anoiddjoatdh o
characteristics
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In addition to tteratifiegpercentibased thresholfised biological thresholds

were first applied to exclude crown polygons that did not meet basic criteria. These
thresholds included minimum leigRtmaminimum crown diameiéd.5 m

amaximum annual growftld.06 nyearl, and aninimum flatness vaifi6.08

Only crown polygons that met these criteria were retained for furtfibeaealysis.
thresholds were based on a combination of previous studies, empirical data
distributions, and sensitanglyses described in S8di@n

The selection and evaluation ci#s#icatidhresholds were also supported by
discussions with forestry experts at Skogforsk to ensure ecological relevance and
practical applicability.

Thereaftergroupspecifigpercentidbasedhresholdsvere calculated for each
stratunbased dmeight, crowdiameter arfteighgrowth. For height and crown
diametetthe 75 percentile was ussdhresholehile théd 8" percentile was used

for heighgrowth The final classification therefore combined pbaseuatiknd

fixed thresholds. The percdraged thresholds enabled relative comparisons within
strata, while the fixed thresholds ensured that all retained crown polygons met
minimum biological atrdctural requirements.

For theremainingrownsthe structural variamese compared with ¢neup
specifipercentiased thresholds for smatumFor each variable that its
respectiveriteron the crown wassiggnedne poinfThe totadcorevas then used
to classifgachcrown polygomto categories based on how ondéesra were
fulfilled A full (all three criteria fulfille®) partial {wo out of three criteria
fulfilled) andNon_candidate (zero or one criterion fulfilled)

Segments classdsedl fulhad to meet both shatifieghercentidbased and fixed
threshold$or tree height, crown diameter and gr@stimentdassified as
B_partidtad to fulfill two outtbfegpercentidased thresholdsle still meeting

the fixed threshold for the remaining variable. This ensured that all included crown
polygons fulfilled the minimum structural requirements even when not all percentile
criteria were met.

3.5.1 Strata

The previously defined strata were uamduot forocal variations site
conditiongnd topograploy groupingree crownsvith similasoil moisture,
elevation and topogiepositionThe purpose was to enable comparisons between
trees groimgunder similanvironmentabnditionandto allowthe percentile

based threshadilbe calculateelativeo ecologiclgicomparable groups.

Soil moistures an important factorfluencindree growth, survivaland the
structural developmenfooést standBrevious studlesve shown that variations
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in soil moisture can explain differences in tree height, crown diameter, and mortality
which in turaffect howtructual characterista=svelop over time (Nordin et al.,
2023) Soil moisture was therefore included as a stratificatipndoasiaple

!
I"#$%&( )'20"/'-0"54$%&-,.'01'4:&'54$9<",%&,'5:0>5'4:&'9"A&%&64'50"/'-0"54$%& '3/,55&5)'R,4,'50$%3&C'
2>&9"5:'b6"8&%5"4<'01'M#%"3$/4$%,/'23"&63&5'F2DbH)

Forest structure is influenced byreetige ansitefactors such @dsnateand

resource alability (Pretzsch et al., 20&2ce these factorayvarywith
elevatigntreegrowth andtructual characteristian alsdifferacrosslevation
gradient&srner, 2007Elevation was therefore included as a stratification variable

("#$%&() ).
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Topographic position was representedlRisinghich describes the relative
elevation of a pointatatiorio itssurroundingeighborho@weiss, 2001; De Reu
et al., 2013Y 0 determine an ajiatespatiadcale for ttamalysithe TPI radius
was evaluatiat both lowand highesolution da@tsisingadi of 10, 20, 30, 40
and 50 m.

In both datasets, pheportiorofcrowns changTPIclass decreapenpressively
withincreasing radius, frapproximateR2-23% betweetDand20 m tabout
8.58.6% between 40b0m (Table). At the same time, the correlation between
consecutivadii increased, with ta&tionshipetween 40 and 50 m being very
high (r # ®9).
B,7/&2)'L:,6#&5"6'BPN'3/,55";3,706',69'30%%&/,?06'7&4>&&6'3065&3$?78&'%, B8 0% /B46&50/$?06
9,4,5845)

Radius (m) Class change Class change Correlationlow Correlation high

low (%) high (%) (r vs previous) (r vs previous)
20 22.0 23.1 0.917 0.909
30 14.5 14.8 0.962 0.961
40 10.8 10.9 0.979 0979
50 8.5 8.6 0.987 0.987

This pattern was also visually confiiguedl3), where a radius of 10 m captured
small local variations@the strong similarity between 40 and 50 nditithitate
only minochangexccurred beyotids scal®ased on thessultswhictshowed

a similar stabilization pattern in both dateseitssf 40 nwasselectetbr the
TPIcalculation

I"#$%Q' Y N//$54%,706'4:85.,7,/'&A&34'01"'63%&,5"6#'4:&'BPN'%,9"$5'1%QE G'8@:& " #: 6 &50/$706'
LVWE'>:"/&'4:85"-"1,%"47&4>&&BG',69'TG'-'8"5$,//<'306,;%-5'4"63%&,5"6#'4:&'%, T & 069'QG'-'
%&5%$/45™6'06/<'-"60%'3:,6#&5)
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The cubffvalue$ortheelevationand TRbasedtrata erecalculategkparately

for thelow and highesolution daetdydivdingthe observed distribugioto

tertileg0234'7). The 38 and the 8percentilewereused tdefinghree relative

classes felevatioand topographic posifidrese classes were then conviimed

the soil moisture classes to create the final strata used in the classification. The
resulting cdff valuesvere saved to enstepraluciblestraificationacross

analyses asphtialesolutions.

B,7/&[ )B&IB&I7 ,5&93$40A'8,/$&5'$5&9'40'9&,;6& ' &/&8,706',69' BRI, 4,'10%'069":"#: P0&50/$?06'
9,4,5&45)'B:&'10>&%',69'$..&%BPH'30%%&5.069'40'4:&89' Z[#?.&%3&67?/&5'01'4:&'075&%8&9'
9"54%"7$?065)'

Resolution Elevation lower  Elevation upper cut TPI lower  TPI upper cut

cut-off (m) off (m) cut-off off
Low ‘ 468.449 499.508 -0.129 0.172
High ‘ 468.354 499.442 -0.013 0.186

3.5.2 Structural variables used for classification

Based on the structcinaracteristidescribenh the theetical backgroyradset

of measurable varialblasselectetb identify{Scots pine trees with old structural
characteristicEhese includeee heightgrowndiameterheight growtlgnda
measure of crown flatn€egether, thesariables descriferacteristitisat
often changs pine treaggHandegrd et al., 208%er& Larsson, 1996

Percentibbased measures of tree height are commonly usetiasddévest
analysidNgssset, 2002). Thé& pércentile (P95) weedo represent the upper

part of thererticalcrownstructurewvhile reducing sensitivity to extreme values
compared to using the maximum legitit pwth was based on differences in

P95 values between measurement occasions and converted to annual growth.
Unrealistic growth values were excluded to reduce the influence of segmentation
inconsistencies and outligne IGHM data.

Inthe classification sfeqd thresholds were apphetuding minimum height
of 12 meters and a maxiammoal growth o06myearl, to exclude uniistic
values and focus on trees with more developed structural chiEnagtemdtics.
threshold was determibaded oa sensitivity analysihaw the fixed and
percentibased threshalieracte(lablel0).
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In both datasets, all tréidsin the 7Spercentile for heigtere taller than 12 m

This indicates that the fixed threshold did not further constrain tHsapedcentile
thresholdelection butas applied as an additional constraint to ensure that trees
fulfilling other criteria, such as crown diameter and growth, also exceeded a
minimum level of structai&lelopment.

Crowndiameter was included as a structural \agigbie,commonly used in
analyses of forest structure and remotesdramsgribes the horizontal spread of
the crown (Rautiainen & Stenberg, 200&) sizis not random but is related to
thetreeGdimensions, such as height and trunk didmseteauer, 1997). Studies
show thahe average crown diamet&cfaipine isround 8 metes(Buchacher

& Ledermann, 2020) while maxicrowndianeters for freestanding treean
reachapproximately0-L3 metersBluchacher & Lederm&020;Hasenauer,
1997) which corresponds to a crown apgsoximately 930 rAassuming a
circular crowprojection

The distribution of crown diameter shows that most values are concentrated between
approximately 2 and With a gradual decrease towards larger digigeters (

14). The 78 percentile threshold of crown diaraetged betweapproximately

4.0 and 4.8 m acrosdlifferent strata

I"#$%&Q)'R"54%"7$?06'01'3%0>6'9",-&4&%">"4:'4&54&9'-"6"-$-'4:%&5:0/95'FQ)G='Q) T',69'T)G'-H)'B:&'4:%&5:0/9'
"5'5:0>6'%&/,?8&'40'4:&'08&%,/'9"54%"7$?06',69"//$54%,4&5":0>""63%&,5"6#'4:&'-"6"-$-'4:%&5:0/9'
.%0#%&55"88&/<'&+3/$9&5'4%&&5'1%0-'4:&'$.. &I, BLKEBB&HRIB?06)'

As shown ifiable8, a minimum threshold of 4.5 m resulted in a limited reduction
of the treeselected within thé"p&rcentilevheeas increasing the threshold to 5

m excluded a subs#dly larggsrgoortion. Further analy$ebled) showed that

a consideralsleare of the treexluded when increasing the threshold from 4.5 m
to 5 m still fulfilled the other classification criteria.
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This indicates that a threshold of 5 m would be overly essirigimeves many

trees with structural characteristics associated with dldiaréisgesdd 4f5 m

was therefore selectedmasre balanced lower limit, excluding the smallest crowns
while retaining the majority of relevant candidates identified by tHeapecdcentile
selection.

B,7/&")*A&34'01'9"A&%&®BI-$-'3%60>6'9",-&4&%'4:%&5:0/95'06'4: &3 &% 3&6 2R, 5&9'5&/&3706)

Threshold (m)  Trees retained Trees removed Proportion retained

4.0 ‘ 369.706 0 1.000
4.5 ‘ 336.781 32.925 0.911
5.0 ‘ 211.230 158.476 0.571

B,7/& )'c$-7&%',69'.%0.0%706'01'4%&&5'&+3/$9&9>:&6"63%&,5"6#'4:&'-"6"-$-'3%0>6'9",-&4&%'4:%&5:0/9'
1%0-'Q)T'-'40'T'-'>"4:"6'4:&'[T*.&%3&67/&'5&/&34&9'4%&&5)'B:&'4,7/&',/50'5:0>5".0>"-,6<'01'4:&'&+3/$9&9'
4%&&5'1$/;//&9'04:&%'3/,55";3,706'3%"4&%",)

Metric Trees Proportion (%)
Total removed (4.55 m) ‘ 125.551 100
Passing height criterion ‘ 31.390 25.0

Passing growth criterion ‘ 30.601 24.4

When theaméhresholdsere applied to the {m@golution dataste minimum
threshold had no efteszll trees above thé& @ércentile already exceeded 5 m.
This confirms that the percdrdaged threshaldnevas sufficient in this case.

These resulighlighthe importance of evalu#tirgghold values in relation to the
specific dataset rather than relying on preliefgtedd/alues. While crown
diameter is strongly related to tree size an(Byrchabher & Ledermann, 2020)

the analysis shows that aeofhreshold levels depend on the undetlying
distributionThe selected threskaferetherefore based on empirical observations,

to ensurthat the classification reflects the structural variation present in the data.

Crown areaasot useds an analysis varibbteas an aid to identify unreasonable
crown segmenBased on the refeeevalues abowamwn areas thetceed 30

m? mayindicateundersegmentatioparticularlyn the lowresolution dastet
Crown areealculated frosegmented crown polygeasherefore used to flag
crowns larger than m3aspotentially wlersegmented

Percentiles

Percentibbased thresholdsreused tadentify trees thagviated from the local
distributiorwithin eachtratumThe purposeasto enable a relative comparison
between treggowingunder similar environmental conditioaddition to the
fixedthethresholds usedrtaintaibiologicgdlausiltity.
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The 28 and the TSpercentilewereinitially selected based omrbepwise
percentile tables generated for all analyzednittrinldash stratypnesented in
Appendix @BndAppendix B hese levels represahietbwer and upper quartile

of the local distribution ardewsed abe starting point for parameter calibration
(FigurdLH. For variables where high values repressttotdral characteristics,
such as tree height and crown diameteY, fleec@stile asused For annual
growth where low values are charactefistiter trees, the'2percentilevas
initiallyapplied.

I"#$%&T)'R"54%"7$?06'01'F,H',66$,/'#%0>4:="F7H'3%0>6'9",-&4&%=",69'F3H'4%&&" . &J{B9'NDYF4. & "#:
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Afterthe initial classificatite selected crown segments were examined more
closelyseveral treefassified with low grogih showedrowth rates that were

too higho represent theducedrowth expectédolder treesrhisshowedhe

need for further adjustment of the growth thuestatdthe final classification.
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A more detailed sensitivity analysis was therefore conducted foatiegotgrowth
(Table10, in which both the percetidlsed antthe fixed threshold were
evaluated.ower and higher percentilere testedgether with stricter fixed
thresholds to assess how the relative and absolute definitions of low growth
interacted.
B,7/&(G)'2&65"?8"4<',6,/<5"5'01'4:&',66$,/'#%0>4:'8,%",7/&'$5"6#'.&%3&67/&'4:%&5:0/95'1%0-'4:&'(T4:'40'4:&'
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Percentile Fixed Selected by Excluded byfixed Excluded by
threshold  both threshold percentile
p15| 0.06 111,867 105,318 25,551
p15| 0.08 145,573 71,612 55,189
p20 | 0.06 122,848 166696 14,570
p20 | 0.08 163,807 125,737 36,955
p25 | 0.06 126338 235,623 11,080
p25| 0.08 177,722 184,239 23,040
p30 | 0.06 129,380 304,951 8,038
p30 0.08 184219 250,112 16,543
p35 | 0.06 132,103 374,571 5,315
p35| 0.08 187,640 319,034 13,122

The analysis showed that less restrictive combinations increased the number of
selected crown segments, while stricter combinations reduced the final selection.
Across the tested combinations, the fixed threshold had a stronger influence on the
outcome than the percehtiked threshold. Howebepercentileriterion was

retained to ensuhatannuagjrowth wastill evaluated relative to trees growing

under similar ecological conditibims each stratum.

Since the aim was to identify treegpanitbularijow annual growth, the
combinatioof the 1%Bpercentile arfiked threshold of 0.0§@arl wasselected
asthemostappropriate.
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To evaluate tlsgability of théaresholdfor tree height and crown diameter,
sensitivitgnalysiwas conductedmparinthe selecteds" percentilavith the
neighboringOth and 80th percestil@blell). The number of crown segments
within he 7675 and 780percentile intervalas almost identfcalbottthelow

and highesolution dats Thisindicates that the" fercentileepresented
balancedhidpointbetweerhess and more restrictive sekectiaivas therefore
retained.
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Resolution Variable P70 P75 P80 70075 7980
Low Height 248731 208,351 167319 40,380 41,032
High Height 450,493 375,486 300,333 75,007 75,153

Low Crown diamete 245,851 206,473 176,873 39,378 38,600
High Crown diamete 447,362 374,600 298,329 72,762 76,271

The flatness variatdes initially evaluated as a perbastle criterioAlthough

a large proportion of crown segmentstpadsastbiologicalhresholdmany
were excluded when applying the relative thresholt @ritenfi®A targeted
sensitivity analysis betwle=2% and 30 percentiles showed that only a limited
proportion ofadditionatrown segments were included imberasinghe
percentileevel Tablel?).

Thigndicatethat the flatness variable besamgestrictive as a percebtised
criteriorand that minor adjustments in the percentile level did not provide any clear
improvementThe variablevas thereforaot included as a percepdised
classification criterion and was insteiae¢d as a fixgalityfilter to exclude
structurallynredsticor excessively flat crowns.

B, 7/&(@'2%--,%<'01'4:&',6,/<5"5'10%'4:&'e,46&55'8,%",7/&'718&4>&&6'4:& @T4:',69'1G4:" . &% 3&688&"6'/0>
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Resolution Total analyzed Pass fixed Failingp25 Included Additional

crowns threshold threshold at p30 share
High ‘ 1,501,934 1,460,788 1,127,392 80,799 7.2 %

Low ‘ 824,867 788,463 617,189 41,215 6.7 %
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3.6 ! Valid ation methodology

This section describes the validation method used in the study. The validation was
divided into two partalidation ahe crown segmentation and validation of the
classification.

First, he crowrsegmentatiomasevaluated through visual comparison between
segmented crown polygonaraadthomaggenerated from UAV imagery within
selected test arddwe UAV survey was conductdtighit @litude of 65 m with

80% forward overlap and 60% side overlap betweesing#&sfdSsipported
positioning

In additionthe segmentation results were manahlbted ysuallgomparing

the segmented crowns with the orthoarakalassifying thewnsegmens

correctly segmenteshdersegmentedversegmented or missedly crows

with fully visiblesegmentwereincluded in the evaluatidndersegmesion

referredo cases whasngle segment covered multiple visually distinguishable tree
crowns while @ersegmentation referred cases whemultiple segments
represerta single crowiMissed crowmgerevisually identifiable crowns lacking

a coresponding segment. The proportion of ceagetgnted crowns was then
calculated for easfaluation area dathset.

The second partluévalidation focusedatessifiedandidateees whichwere

compared with trees of high conservation value registered during fi&lieinventory.
inventory was conducted togsitiepersonneith experienagidentifying trees

of high conservation vdie&linventoriewere carried out within selected sample

plots, where trees identified as having conservation value were positioned using GNSS
equipment and a tabkted mapping applica&mmeach recorded tree, structural
characteristics such as fire scars, dead branches, crown shape and diameter at breas
height (DBH) were documented in a field protocol.

The comparison was tesedaluate thgreement betwéles clasgficandidates
andreesf high conservation value idedtifiegthe field inventomnventoried
treedocated withincdassified candidate crown were considered correctly identified
(true positige while inventoried trees not overlapping a candidate crown were
considered missed detections (falseghggatisi@ate crowns ocatresponding

to inventoried tree®gre considered false positives. Preecatend FScore
werethen calculatedsed on these outcomes

As a complementary validation, candidate density was compared with the density of
inventoried trees of high conservation value within each inventory area. This was done
to evaluate whether areas with adegbk#yf modeidentified candidates also
corresponded to areas with a higher density of inventoried trees, rather than only
assessing individuallénes matches.
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4! Result s

This section presents the results ségimenation and classification analyses
conducted in tretudy. First, the resutfsthe watershesegmentation are
presentedollowed by the resuwfghe classificatidfinally, the results of the
validatioare presented.

4.1 ! Watershed -segmentation results

Thefirst step in the walesd segmentation was the detection of local treetops in
each CHMhis resulted1r650,154entified treetops in higgresolutio€HM
and8%,102in thelowresolutiorCHM (Figurel6), showing a clear difference
between the two datasets.

I"#$%&Z ) N9&6?;&9'4%&&40.5'7, 5&9'08'&; IH: P6&50/$706'LVW',69'HI&I0>P6&50/$?06'LVW™6',’
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Based on these detected trettepsiarkecontrolledvatershedegmeation
resultedn 1,650L12 segmented tree crowns for theesoddtion raster and
853,976 for the lowesolution rastefhis correspontls a tree density of
approximateB55 trees per hectare for thedsglutio€HMand 184 trees per
hectare for the leesolution CHM.



To handle the large data voluméjgtimesolution CHMequired substantial
computational resources and was therefore divided into tiles of 1000 x 1000 m. Out
of a total of 120 tiles, 68 contained identif@dvnegwhich shows that a large

part of the study area consists of watentslegnd open ardde number of

identified treerownger tile varied greatignging from 96 in the least dense tile

to 54,400 in the densest tile.

Thehighresolutiol©HM identifiedlmostwiceas many individual ssgments

aghe lowre®lutionCHM Differencdsetween the segmentation rasailteher
illustrated ikigure 17, kerethe samarea is shown for both rastetisehigh
resolution CHMhe cano@ppeanmsore detailed and more individual tree crowns
can balistinguished, arieashe crowns in the lo@solution appear larger and
more merged.
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4.2 | Classification results

The classification was applied to the segmented trEeecresuits are presented
below, focusing on the distribofitime classified candidates, differences between
datasets, and factors influencing the classification outcome.

4.2.1 Classification outcome

The classification results showed clear differences betweernTtidedtasets (
the highresolution dat82302 candidates were identified in catedalty A
fulfilling all criteria, and 10,928 candidates in cafegtigtfBlfilling two of the
criteria. The remainind6R,668vere classified as-camdidates, as they satisfied
only one or none of the criteria. Together, categories A and BRd@Astatited
the entire dataset.

In the lowesolution data,,&30candidates were identified in category A_full,
fulfilling all criteria, and 20,013 candidates in category B_patrtial, fulfilling two of the
criteria. The remaining 800,577 were classifiedaaslidates, as they satisfied

only one or none of the cait€ogether, categories A and B constituted 4.29% of
the entire dataset.

B,7/&(1 )'L/,55'9"54%"7$?06'10%'4RE0>"#: P6&50/$?06'9,4,5&45)'L,4&#0%<'M'%&1&%5'40'3,69"9,4&5'4:,4"
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Dataset A_full B_partial Non_candidate A + B (%)
High 32,302 10,928 1,462,688 2.87

Low ‘ 15,830 20,013 800,577 4.29

The proportion of candidates was higher irréiseliatiron dataset compaitid

the higitesolution dataseéhe lowesolution datas¢éto showed larger and more

merged crown segments, as. Observed in the segmentatioguresalts.

illustrates how the classified candidate crowns were distributed within the example
area for the two CHM resolutions. Differences in the density and spatial extent of
candidate crowgas be observed between the datasets.
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In the lowresolution daset, 5bbjects were flagggubéentially undeegmented
crowns. Of these, 11 belonged to catefydrypAo category Bartigland 35 to

the norcandidatelas¢Tableld). In the highesolution daset, narowns were
flagged g®tentiallyndersegmentday the applied filtering approach
B,7/&(Q)'c$-7&%'01'e ##&9'69'606k ##&9'07d&345"6'4:&'P6&50/$?06'9,4,5844#&9'07d&345'
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Class Not flagged Flagged
A_full 15,819 11
B_patrtial 20,008 5

Non_candidate ‘ 800,542 35
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Theabsolute numlzdrcandidate trees varied between the strata in both datasets.
the highesalition datasétigurel9), the highestbsoluteumber of candidates
occurredn the EH_mesiwist TMstratumwith 6,573 candidatees In the
lowresolution datag€igure20, the highestbsolut@umberoccurredn the
EM_dry_mesic_Tstratum with 4,524 candidate trdéswever EH_mesic
moist_TMwhich had the highest count lmghesolutiomataset, also ranked

high in the lovesolution dataset, wifB63 candidates.

I"#$%&' )'R"54%"7$?06'01'3,69"9,4&'4%&&5',3%6055'4:&' @['54%,4/68B0%?86'9,4,584) B:&'54%,4,',%&'
7,5&9'06'30-7"6,7065'01'&/&8,?06="50"/"-0"54$%&=",69'BPN'3/,5585)8B&*»5'4:&'6$-7&%'01'3,69"9,4&'
4%&&5"9&67;&9'>"4:"6'&,3:'54%,4%-)
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The results indicate ttatdidatdistributiorpatterns differetpending on the
combinations efevation, soil moisture, and H&tl example, the EH_mesic
moist_TM stratum contained the hadisedtitaumber of candidates in the high
resolution dataset, whereas othemmeicombinations contained substantially
fewer candidategkewiseboth drymesic and mesioist strata weepresented

among the most candideltgroups across different combinations of elevation and
TPl classesuggesting that single environmentatiable alone explained the
observed distribution patterns.

However, the straliffered in total area, meaning that absolute candidate counts do
not fully describe relatbamdidateccurrence. Larger strata may contain more
candidatgsartly because they cover a greater area. Therefore, candidate density,
expressed as candidagéeshectare, was also considered to provide a more
comparable measure across strata.

Overall, the density values generally supported the patterns observed in the absolute
counts, as several strata with high candidate counts also showed relatively high
candidate deres. AlthoughEH stratalid not consistentbontainthe highest

absolute candidate counts, several EH strata shaatdebohigh candidate

densitieim both datasets, particularly in theebajtition datadexactvaluegor

candidateount strata area, and candidate density are prApppleddrE and

Appendi%

These results show that candidate occurrence varied between environmental strata
and that candidate distribution was influenced by combinations of site conditions
rather than a single environmental variable.

4.2.2 Model selectivity

The scordistributioshevn inTablel5illustratebow many objects satisfied zero
to three criteria in each datesbbothdatasetsnost objectsada score of, 0
meaning that no criteria were safi$feetiighesolution dataset contained more
objectghat satisfiedl three criterjavhile the lowesolution dataset had more
objectshatsatisfietivo criteria

B,7/&(T)'R'54%"7$?08'5,75;&9'3%"4&B0%'4:&'/369":"#: P6&50/$?06'9,4,5&B5Y'530%&'%&.%&58&645'4:&'
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Dataset 0 1 2 3

High 1,455,157 777 10,928 32,302
Low ‘ 768,074 11,993 20,013 15830



!
4.2.3 Characteristics of classified trees

Theclassified trees shosade differences in height, diameteziginigrowth
(Tablel§. In both dadetscategory A_full had a higher average heigtegban
B_partialCategori fullal® had a larger avedigymetethan category B_partial
Catgory B_patrtial had a slightly higher avevegerate than category A_full in
both datasets.

B, 7/&(Z)W&,6"&"#:4='54,69,%9'9&8",?6@RD1"&"#:4'-&,6 '3%0>0",-&4&%',69&,6' ,66$,/"&"#:4
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Dataset Class Height (m) Height Crown Growth (m yearl)
SD(m) diameter (m)

High A _full 164 224 5.81 0.0349

High B_partial 13.9 1.77 5.48 0.0®4

Low A_full 167 217 7.57 0.x77

Low B_partial 15.4 2.18 6.44 0.036

Overall, trees classified as Aveltdl characterized by greater height, larger crown
diameters and lower annual lggmlith comparedth B_partiakithin both
datasetsThislowresolution datasgtowe larger average crown. Diameters
compared with the higholution dataset

4.2.4 Influence of height growth filtering and environmental
stratification

As part of the classification process, annual growth values were calculated for the
segmented tree crowns in both CHM d¥&sigimwth values were obtained for

the majority of crowns in both datasets, while crowns with negative or unrealistic
growth values were assigned missing values after filtering acwlidesefore

satisfy the growth criterion during classifidasdittering stegluenced the final
classification outcome and should be considered when interpreting the number of
crowndulfilling all criteria.

In addition to growth filtering, stratificatioappiesd to account for variation in
environmentabnditions across the study ageadescribed in Se®iénThis

resulted in 27 distinct strata based on combinations of elevaisturesaiid

TPI classdsigure21shows the spatial distribution of these strata, ilthstrating

the study area consistadcheterogenedaisdscape where different combinations

of elevation, soil moisture and topographic coeditived. This variation shows

that trees included in the classification were located under different environmental
conditions.



The stratifiedlas$icationallowed percentlbbased thresholds to be calculated
separately within each environmental group rather than applying a single threshold
across the entire study Aa. result, candidate trees were evaluated relative to
trees growing under similar site conditions, allowing structural characteristics to be
interpreted within their environmental context.
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4.3 ! Validation of the results

Figure22 shows examples of crown segmentatiofroesutie higland low
resolution CHM datasaeterlaid on th6AV orthomosaidvisual differences
between the datasets can be observed, whereefdui@@HM generally
produced segments that follingdeidual crown boundaries more clwsely.
contrast, the lekgsolution CHM maten producdéargesegments that cexder
multiplecrowns.
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In addition to the evaluation area shesen&ih, three smaller evaluation areas
were included to further assess the crown segmentation results under varying forest

conditions. These areas are presesgtad)in
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Manual evaluation of the crown segmentation showed clear idlifferences
segmentation performadoe®veen thhigh and lowesolution CHM datasets
acrosshe evaluation a&€Bablel?). In all evaluation areas, therédgghution

CHM resulted in a higher proportion of correctly segmented crowns compared with
the lowresolution CHM.

The highesolutiomataset generally produced crown segments that corresponded
more closely to individual trees, while theslawtion dataset more frequently
resulted in undsegmented crowns where neighboring trees were merged into
single segmendsidersegmentation was the dominant segmentation error across all
evaluation areas, particularly in thedolution dataset and in more structurally
complex fest condions.

Since the two CHM resolutions produced differens ofucnipen segments
within the evaluation areas, the total number of evaluated crowns differed between
the datasets.
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Area Dataset Correct Underseg Overseg. Missed Total Accuracy (%)

1 | High 45 20 0 0 65 69.2
1 Low 10 35 0 0 45 22.2
2 | High 27 16 0 0 43 62.8
2 Low 4 23 0 0 27 14.8
3 | High 22 21 0 0 43 51.2
3 Low 2 21 0 0 23 8.7

4 | High 14 18 0 1 33 42.4
4 | Low 6 17 0 2 25 24

Overall, the resukBowed differences in segmentation performanceéhbetween

two CHM resolutionshd highesolution CHIesulted in a larger number of
delineated crown segments and higher segmentation accuracy compared with the
lowresolution CHM.owersegmentation accuracies were observed in the more
structurally complex evaluation areas, particularly {retfwdution dataset.

Due to the substantidligher segmentation accuracy observed for- the high
resolution CHM, the followpngsentain of the classification validation focuses on
the highesolution dataset.



Figure24 illustrate the spatial distribution of classified candidate crowns and
inventoried trees of high conservation value within the four field inventory areas used
for validatioir€andidate crowns classified as A_full or B_partial were identified in all
inventory areadthough their abundance and distribution varied betieen sites.
inventoried trees were unevenly distributed across the areas,sigh some
containing more observations than others.
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The classification performance varied between the four inverassycareas (

Recall ranged from 0.333 to 0.571, with the highest value observed in area 2 and the
lowest in area 4. Precision was generally low across all areas, ranging from 0.083 to
0.478 indicating thatelatively largeoportion of the classified candidate crowns

did not correspond to inventoried trees of high conservation value



TheFXScore reflected this pattern, with walvese®.142 and 0.455, where

area 1 showed the higinestall balance between recall and pr¥¢ison.
aggregating all inventory areas, the model achieved an overall reaall of 0.472
precisionf 0.293and an F3core of 0.36
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Inventory area TP FP FN Recall  Precision FXScore
1 11 12 13 0458 0478 0.468
2 4 12 3 0571 023 0.348
3 1 11 1 050 0.083 0.142
4 1 6 2 0.333 0.143 0.2®
Total 17 41 19 0.472 0.293 0.362

The relatively low precision values should be interpreted withteautald, as
inventory data only incluttedsidentified as having high conservation value.
Consequently, some @iedgstandidate crowns that did not matelerdgoried

tree may still represent trees with old structural characteristics that were not recorded
during field inventory.

To complement the individuallénes validation, a derAs#tged comparison was

therefore performéak34'(/ ). The number of classified candidate psywns
hectaravas compared with the number of inventoried trees of high conservation
value pdnectaravithin each inventory area. This comparison was used to evaluate
whether areas with a higher concentration efientfietl candidates also
corresponded to areas with a higher density of inventoried high conservation value
trees.
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Inventory area  Areasize (ha) Inventoried trees / ha Candidates / ha

1 1.0 7 16
2 1.0 24 23
3 0.25 8 48
4 0.16 18.75 43.75

The densHyased comparison showed that inventory areas with higher densities of
inventoried trees generally also contained higher densities of classified candidate
crowns. Inventory area 1 had the lowest density of both inventoried trees and
classifiedandidates, while areas showed higher values for both variables
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Inventory area 2 showedicularlysimilar densities of inventoried trees and
classified candidategontrast, inventory areas 3 and 4 bigiveediensities of
classified candidates compared with inventoried trees.

Ths suggestthat the model identifies a broader see®fwith structural
characteristics associated with older forest dbaditibase recorded as trees of
high conservation value during field inventory.

As a complementary validation, a DVIS layer representing predicted forest
conservation values was visually compared with the spatial distribution of classified
candidate crowb®8/IS is a machiearnindased dataset produced by the Swedish
Forest Agency, where higher values indicate a likelimged of forest
conservation va{&ogsstyrelsen, ZDFgure5shows exampleeas with high

and low DVIS values together with the classified candidate crowns.

The observed correspondence between candidate distribution and DVIS patterns
further suppathe potentialseof the model for highlighting asigastructurally
old trees and potentially higher conservation values.
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51 Dis cussion

This chapter discusses the results of ths staliiys the strengths and limitations
identifiedn the analysis. Tiscussiasdividednto three partmain findings
methodlogy and limitations. Finally the studyOselevancen relationto
environmeat and sustainable developaspectss addressedind potential
directions for futunerk are outlined

5.1! Main findings and interpretation

The results demonstrated that spatial resolution strongly influenced both the
segmentation of individual tree crowns and the salassgieation of Scots pine

trees with oldrowth structural characteristics. Thesoyition CHM generally

improved crown delineation and enabled a more detailed representation of crown
structure, while the loesolution CHM produced a more gesecalopy
representation with greater esgfgnentation. These findings directly address the

first research question and demonstrate that spatial resolution substantially affects
both segmentatamcturacy and the interpretation of structural cracteristias

in CHMbased forest analysis.

The manual segmentation evaluatiornilfusthetetheselifferences betwdlea
datasstshowing sstantially higher segmentation accurachifgarésslution

dataset and identifyindersegmentation as the dominant error type, particularly

in structurally complex forest afé@s.suggests that higher spatial resolution
especially important in heteeogeriorest environments where crown overlap and
variation in canopy height increase the difficulty of separating indihdual trees.
resilts thereforendicate that spatial resolution influences not only the number of
detected crowns, but also how forest structure is represented and interpreted in
CHMbased analyses.

The differences segmentatioetiveen the two dsdtsalsoinfluencedhe
classification resultclear difference was that theekniution da@tresulted

in a higheproportion otlassifiedandidates compared to therdsglution
datget This maye becausthe lower resolution provides a more gederali
representation of #enopyurfaceand a higher degree of tsetpnentation
whichreduces the snsalale variations, increasitigehleoodhat a crowmlfills
multiple classificatiocriteria. In the highesolution da@ more detail and
structuralariatiorwerepreserved within each creggmenthich mahave
resukedin fewecrowndulfilling all criteria simuéansly.
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At the same tintee higiiesolutiodataetcontainedsubstantially larger number

of segmentdassified as A_ftllfilingdl three criterialhismay indicate that

higler spatiatesolutionablea morealetailed representation of crown structure
and therefoimproves the conditions for identifying trees with distinct structural
characteristicBhedifferences between theseltatherefore appedarbe related

not only to the numbeidentifie¢andidatebut alsto how crown structuvas
representeahd interpreted during the classification process

Only a limited number of potentially -sederented trees were identified and
flagged in the leesolution data. However, the subsequent validation showed that
undersegrentaion occurred in both data3étis alssuggestbat the selected
threshold of 13G,rwvhich was based on literature values for maximum crown size,
may have limited the detection ofseglemted crowns and resulteseweral
remaining unflagged creegments that were usdgmente®ince the study

area was characterizedemerally small and gjoowing trees, the applied
threshold may have been too high in relation to the local crown sizes.

The validation results further showed that precision values were generally low, while
recall values were comparatively higher. Theflektdythe difference between

the model objective and the field inventory data. The model was designed to identify
trees with structural characteristics asadattiatadtturallpld trees, whereas the

field inventory focused specifically on trees of high consenfairoexaatyte,

trees may have bielemtified as having high conservatidmasall®n features

such as fire scars or cavities, even if they lacked the larger crown dimensions or
structural characteristics targeted by theGoadefjuently, classified candidate

crowns may represent structurally old trees that were not recorded as trees of high
conservation value during the inventory

Althougtprecision values were low, the comparativehetadiraiues indicate

that a substal proportion of inventdtiees of high conservation value were still
captured by the classification. This supports the potential of the workflow as a
screening or prioritizing tool, where the objective is to identify forest areas with
higher likelihood of containing structlchltyees rather than to achieve exact
detection of every individual tree.

The densHyased/alidatiorand visual comparison with the DVISuldyer

supported this interpretation by indicating a spatial correspondence between classified
candidate crowns and areas with higher conservation values. The results therefore
support the potentiatied workflow as decision support for identifying forest areas
likely to contain structurally old trees.

To better understand theselts, the metlmbagical choices and their influence on
the outcome are discussed in the following section.



5.2 ! Metho dological discussion

Themethodological choices in thisadtadied the results at different steps in the
workflow. This section explains how parameter selection, spatial resolution and data
handling influencedlividuatree detection awlthssification adiscussebe

strengths and limitations of the method.

5.2.1 Parameter sensitivity and preprocessing

To assess the robustness of the nestiradl parameters and preprocessing steps
weretested to improve treetigpectiomndcrownsegmentation. The sensitivity

analyses showed that buffer size and the VWF filter pavdocsditsble

resultswithin the tested intervalbhereas othpreprocessing choices, such as
smoothing method, thinning distance and order of thresholding and smoothing had a
greatemfluencen thesegmentation outcome

This highlightdhe importance of carefully evaluating preprocessargl steps
parameteyettingsy CHMbased individual tdegectionas they directhfluence

both theumber adetectetreetops and the spatial delineation of crown segments.

The systematic evaluatigorepirocessirsgeps anparametesettings therefore

strengthed the robustness and reliabdftthe applied workflowlhe results

therefore demonstrate that preprocessing should not be regarded as a purely technical
step, but as a methodological component that can substantially influence both
segmentation outcomes and the ecological interpretation of the foral classificat

The influence pfeprocessirnoices wdsrther illustrated by the anabysis

thinning distandafferences betwebmning distance® &, 0.8 and 1.1 meters

produced only minor differendés ilowresolution CHM hisreflectshe raster

spatial resolution of 1 m, meaning that the tested thinning distances fall within the
size of a single piegld therefore have limited influence on the canopy
representatiom contast,the highesolution CHM showed gresstesitivity to

the thinning distze, likely because the djpetial resolution preserved more small

scale structural variation in the canopy surface.

5.2.2 Influence of spatial variation and resolution

Higher spatial resolution allows small variations in the elevation surface to be
representedgneatedetailjncreasing thedithoodhatmultipldocal maxima are

detected within the same tree cheranresulhi¢ thinning distance becomes more
important for merging nearby local maxima belonging to thensamabitfee

resolution CHM. The sensitivity analysis thaiefargyfocusedn the high
resolutionlata highlightinthat theoleof the thinning parametelosety linked

to the sptial resolution of the CHM
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In addition tepatial resolution, variation within theasaadglso influenced the
results.The number of detected treetops varied substantially between the tiles
indicatinghe presence dfoth dense forest standsramdopen areaSuch

structural variation affeetgmentatiperformancasoverlapping crowns in dense
stands makentore difficulto distinguish individual tr8dsssuggests that
segmentation performasaefluenced by local forest structure, since the same
methodological settings may perform diffieiggrtiye forest stands compared with
more open forest environments

The observed differences between the twiudiéemphasize the importance
of data quality and considiemzighout the analysaspatial resolution influences
howcanopy structuszepresenteth the highesolution CHMinerspatiadetail
improedthe separation of clospbcettees In contrastthe smoother canopy
representatiom the lowresolutionCHM may increasehe risk ofunder
segmentatipwheremultiple trees may be represbptadingle crown segment.
This pattern is consistentpuhious studies showing that sgsilation affects
the detection of individual treeDiiRbased analyfésuh&inen et al., 2012).
Howeverit should be noted that the compared datasets also differed in other aspects,
such aacquisition yeg@gint density and data sowmtiehmay have cobuied

to the observed differences.

5.2.3 Uncertainty in height growth estimation

Theestimationf heightrgwthintraducedome uncertaintythe resultas both
negative and unreahstioes were identifisi@gative growtttcurreadvherthe

heighextractetbra crown polygaras lower in the later CHM rdsten earlier
datasets

Thesedeviations can be explained by a combinagalwafd changes,
methodological limitations and differences between datasets. Intlseme cases,
original treenay haveeerfelled ofallerbetweemeasurementcasionghich

meanthat the crowsegment no longer represents the samewmser, igual

and statistical examination of the results also revealed cases where the spatial extent
of the crown segments did not correspond between tifRgyaiz§). his

highlights the importance of combining quantitative analysis with visual inspection, as
several of the identified deviations would otherwise have been difficult to detect and
interpret correctly.
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Thisissuas particularlelevant fothe highresolution CHMvhereno earlier

datasewith comparabdpatial resolution was availRieeeforeheighgrowth
wasestimatedy combining crown polyglemsredrom the 2024 higesolution

CHM with height valestractedfom the 2014 lengsolution CHM\s aesult

differences gpatial detdilrther increased the likelihood of segment mismatch and

contributed to unrealistic growth values

In addition, height was initially extracted as the maximum value within each segment,
which increased sensitivity to outliers and misfsastioesn Rigure27?, this

could lead to cases where the height from 2014 originated frotrea thferent

the one represenitedater datasets, resulting in artificially high or negative growth
values.
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To reduce thmpact of these sources of éneg3" percentile of height values
within each crown segmerst usedstead of the maximum valtl@sagproach

is less sensitive to extreme valuescamsistencies in segment delineation
Furthermore, negative total growth values and total groexteedires 6 m
over the study penwere excluded from the &nalysigss these were considered
unlikely to represent actual tree denezit

Overallthe resultdemonstrate theight growtbstimatesrehighlysensitive to

both segmetarsistencgnd differencespatial resolution between datisets.
heighgrowth was one of the variables used in the classificatiortathéss uncer

may also have influenced which trees were ultimately identified as candidates with
structural characteristics associated with older Scots pine trees.

This highlights the importance of carefully consadleadglogical choices when
usindneight growts a variable in classification, as uncergiowigs estimates
may directipfluence the classifica@saltsln addition, the generaly growth
conditions in the study area imakpretation more challengiagmathanges

in tree height over timaybe difficult to distinguish fuamations introduced by
data resolutiosggmentation and processing methods

5.2.4 Classificationapproach and methodselection

The choice of classification approach ihgubréamt influence on the final
classification outcome. LIFT was initially considered because it could identify
combinations of structveasiables that-oocur more frequently than expected.
However, in this study the method was too restrictive and resulted in very few
identified treeslhis indicates that methods requiring several strong variable
associatiossnultaneously may be less suitablbendienis to identify a broader

range of trees with suattcharacteristics associated with older Scots pine.

The percentilzased approach provided a more flexible alternative. By defining
thresholdwithin environmentdifata, the classification could account for local
variation in growing conditions rather than applying the same threshold values across
the entire study area. This was lpalgticimportant because structural
characteristics such as height, crown diarhetghgmivth may vary depending

on site conditions.

Although flatness was initially considered as a complasséitatipmariable,

it contributed less to the percdraied classification than expEotedariable

showed limited variation between percentile thresitbldeduced its usefulness

for identifying relative structural differences betweklowreest, flatness still

served an important function as a quality filter. Very low values were observed for
segments that probably did not represent tree crowns, such as roof structures or other
nonvegetation objects that were captured during thetisagRiatrtass was
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therefore retained as a fixed threshold to exclude segments with unrealistically flat
vertical structures.

The combination sifatifiegpercentildased and fixed thresholds Ieljzedte

ecological interpretation with structural realism. The percentile thresholds enabled
relative comparisons within stratdl@med trees to be evaluated in relation to

local site conditions. In conttaestiixed thresholds acted as biological, structural

and qualiselated constraints, ensuring that the selected reegmeanitsium

structural requirement$is combinatidikely increased the robustness of the
classification compared to relying solely on either absolute or relative thresholds.

At the same tinthe use of fixed thresholds may also have excltréed satne

lesstypical characteristics that could still hold ecallogicdlhe classification

should therefore be interpreted as a simplified representation of structural patterns
associated with older Scots pine trees rather than a complete identification of all
ecologically valuable individilatsreflects a broader challenge in remote sensing
based ecological classification, where complex ecological qualisdse often
approximated using a limited set of measurable structural variables.

5.2.8 Influence of stratification and environmental variables

In additioto the boice of classification method, the resuitsardheencely

how the data westeatified based on environmental vaBigdtiediying thelata
according to conditiosisch aslevatiorsoil moisture and topogcapbsition
threshold valuesuld beadapted to local variat®yevaluatingreeswithin
environmentakymilaconditiongheclassification could better account for natural
variation in productivity and stand structure.

This can be seen as a strength of the methdd;esthit resk of trees in less
productive environmeising underestimated and trees in more favorable
environmentseing overestimated due to natural differéeogisgrowth and

structure. Stratification therefore played an important role in enabling the
classification to account for varying structural conditions within the study area, which
was central to the second research question regarding the identification of structurally
old trees wier dfferent environmental conditions.

However stratificationalso contributed toa simplification of continuous
environmental gradieMariables suatelevation and topographic position were
divided into a limited number of ¢lagsels improves clarity seeptauchbility
butmayresult in similar trees being assigned to slifégeeiithey are located near
class boundarigsaddition heselectionf environmentariablesepresents
tradeoff between ecologidaitailandthe complexity of the metlasdincludg

more variablesuldincreassomplexitgndootentially leadsmabrgroups with
fewer observations.



The use of Pl asan environmentedriablerequires consideratianforest
environmentBrevious research has shown that the measuredstssisiale

and larstapeomplexityDe Raet al., 2013)neaning that different radii capture
different types of topograpari@tiorand that similar TPI values may represent
different topographic conditions depending on the surrounding Rindasape.
therefore combined with the other stratification variables rather than used as an
independent indicator, reducing the influence of this sensitivity while still accounting
for topographic variation within the study area.

The selected radius of 40 m appeared to provide a balance between capturing broader
environmental patterns and avoiding excessive influence from small local topographic
variation. Smaller radii likely reflBotestale terrain variability to a greater extent,
wheredarger radiesulted ianly minor changethe TPI classificatibonwever

the selected radmgsnainsa methodological choice that imflagncehow

topographic variatisrepresented

Finally,the cutoff values foelevationand TRbased strat@ere calculated

separately ftivelow and highesolution datats. This allowbestratificatioto

reflecthe distribution awdriabilityvithin eactiatasestrengthenirlge internal

relevancef the classificatioHowever, because the thresthads derived
independently for each datdmetesulting classificatweserelative tahe

conditions within each resolution rather than based on identical absolute thresholds.
This should be considered when comparing the resufipdistieseintions.

5.3 1 Limi tations

This study has several limitagilaned to data availability, methodological choices
and validatigmocedure3 hese limitations are discussed below.

5.3.1 Dataand practical limitations

Because the analysis relied solely -aieGiel variables, the study was limited to
structural representations of tree crowns rather than direct ecological observations.
This affects how the results should be infesprateelcologically valuable trees

may contain important biological structures that are not detectable in CHM data.



The use GHM also contributed to limitations during the classiftatturally
oldtreesand relating tlidassified candidateseesof highconservation value.
Treefhigh conservation valagbeidentified asich solely becaust&roftures

such as fire scaavitiesr dead branches, wbacinobe derived froBHMdata

As a result, some treksigh conservation value magxhdiit the structural
characteristics targeted by the classification, while trees showingrisgse charact
may not necessarilyidemtified as trees of high conservation value in the field
inventory.This highlights an important distinction between structurally derived
remote sensing indicators anébdsdd ecological assessments of conservation
value.

Another limitation related to the use of CHM is that segmentation is based on height
variation rather than object fpaesultelevated neregetation objects such as

roof surfaces may also be detected and included in the segmentation. This limitation
motivated the use of additional filteringistegaijce the inclusion of segments

unlikely to represent tree crowns.

Due to the large data voluresagustments to therkflowwerenecessaty
manag@emorysage and processmepfficientlyThisnclueddividing the dat

into smaller tilemndprocessintpemstep by sted.o improve computational
efficiengyzonal statistics were used instead of direct extraction of rastee values,
direct extraction proved todiesiderabimyore computationalgmandindhese
adjustmenenabled the analyses torbpleteavithout substantially affecting the
resultsalthough thegay in some cases influencethe levebf detail At the

same timeahis providedaluablénsights intbow large spatial datscan be
manageefficiently

Finally, determining appropriate classificeggholds was challengmghe

absence of fidddsed reference dtteeshoklwere based tme current data
distributinsand previous studidewever, structural characteristics and growth
patterns may vary between atedy depending on local environmental conditions.

In the present study areahggghgrowth was generally low, meaning that trees

with ecological value may not necessarily correspond to the structural dimensions
reported in othstudies.

Although the workflow itself is reproducible, the results highlight the importance of
adaptinfyxedthreshold values to local forest conditions within each Sindy area.
thestudy area consisted of boreal forests characterized loyw elatdedtivity

and slowtree growththe results may not be directly transferable to forest
environments with substantially different conditions or growthAlynaraics.

robust approach would therefore have included field visitg teadenith

known stretural characteristics and use these observations as a basis for selecting
locally relevafixedthreshold values.
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5.3.2 Methodological limitations

Theclassification and validation appiaohegolved methodological limitations.
The classification is based on a ysbeimthat combinegveral criteriahich
simplifiethe complex structural characteristics of tHEniseemylead to trees
that have similar relcteristics beintassified differently depending on small
variations in the variables, espsbiatiyalues are closkeadhresholonits

These uncerti@s aréurther influencdyy thesegmentation, theclassification
relieoondelineatecrown polygonsicorrectlgelimited crowns ¢harefore lead

to uncertain values for the structural variables anaffétréi®y classification
Uncertainties introduced during the segmentation step may propagate to the final
classification results.

Thedata obtainefliringfieldinventoryshowedhat most of thieldinventoried
trees that were not classifidtehyodetid nomest theheighgrowth criteon,
indicating that theighgrowth variable had a majpact on the classification
result. As discussed in SécBidhthe growth for higasolutio®HM from 2024
was calculated udwegghtvalues extracted from theré&sslution CHM from
2014, as no older dataset with equivalent resolaviaifaiias

Differences in spatial resolutibvebn these datasets may therefore have affected

the agreement between crown segments and elevalibis values. may have

contributed to some trees being excluded from the classificatiohedyiet to the

growth variable, even though they simultaneously exhibited other structural
characteristics linked to older pines. This suggests that differences in spatial resolution
between the datasets used for growth calculation may have affected the identification
of treesvith older structural characteristics.

The validation approach also involved methodological limitations related to the
reference datdhe field inventory focused on trees identified as having high
conservation value, whereas the classdicestibio identify trees with older
structuratharacteristiderived fronsrown and height variables. The validation
thereforadid not represent a direct comparison between modeled candidates and
inventoried tes. Consequentthe classified candidates considered false positive
may stillepresent trees with older structural characteristics thaegistereadt

as high conservation value trees during the.inventory
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5.4 ! Suggestions for future research

Based on the resartbthe limitations of the gttltere are several possible ways

to further develop the walktomating both segmentatonclassificatigsing

machine learning was considered as an initial direction fof tnegtndgue

to limtations in time, available reference data, and the need to first evaluate the
potential of the selected variableshbaseépproachas chosen instead.

Since several uncertainties were linked to crown delinbaiigmgaoath
estimatigrfuture researcbuld build on the workflow developed in this study by
investigating machine leabh@sgd methods for both crown segmentation and tree
classification. Such approaches poteidially improve both segmentation
consistency and the identification of structurally complex trees.

In particular, convolutional neural networks (CNNs) and instance segmentation
methods such as MasSKR may be suitable for identifying complex spatial patterns

in CHM data and delineating individual tree crowns in heterogeneous forest
environments (Katb®rn et al., 2021; Zhao et al., 2023).

An advantage of tie 6 method is that it can utiiiméctural information from
heightlag, such asCHM, to identify trees based on geometric and spatial patterns
rather than manually defined threghaidsaz et al., 2018his means tllae
rulebased classification usedisn study could potentially béaaeg or
supplemented by a -dateen method, which could contribute to a more
gener@abland scalable classification.

Future studies could also invetitigat¢éegration of multispectral or aerial image

data togethevith LiDARderived CHM data. Camniy structural and spectral
information may improve the ability to distirepgstcies, crown conditions and

other characteristics associated with older Scots pine trees. Such data integration
could further increase the potential of machineblesedirgpproaches for
identifying ecologically valuable trees in heterogenepusdoneshts.

Access to rable reference dataliateshe development and evaluation of machine
learningpased methods. Through the field validation cathededatamay
support future methodological development, includialy#tien of more data
driven approaches.
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5.5 ! Environmental and sustainability aspects

The studis relevant to the environment and sustainable dess|dpimeantio
identifyScotpine trees witthareteristics associated with older forest structures
which oftehave higecologicalalueand are important habitats for many species.
By identiipg these trees, the risk of them being felled can be reduced, which
contributes to preserving biodiverbigyresults can be usedass fdiorest
managemeplannig and nature conservation, vdealegical aspects need to be
considereat an early stagg. using spatial anabsgsemote sensing daéa,

need foextensivield inventories can be reduced, which in tontchate to

more efficiepianning ande ofesource

The studsnaycontribute to more sustainable forestry where production is balanced
against natucenservatiofhe study is therefonked to the USustaable
Developmer@oal 15Life on Landvhich aims, among other things, to conserve
forestand redudke lossf biodiversitys(obala mElen, 20@dyve althe study
contribute® the ecologichmesiornof sustainalilevelopment by suppothieg
corgevation of biodiversi#t the same time, improdedsiomaking can also

have indirect effemtissocial and economic salsitayfor exampliey facilitating

decisions and tradfsbetween productiand nature conservation, as well as by
improvinghe effieincy oforestry planning

In the long term, the method can contribute to acawiresgpproactvhere
older trees and otwatuabletructures are itiéad at an early stage, before
forestryoperationarecarriedut. This careduce the risk of biologically valuable
environments being negatively affected and facilittegratierof nature
conservation in forestry planning. In sutheaitydy shows thaatial anadgs

and remote sensing mettavdsrvassupporformoresustainable foresiviiere

both production azmhservati@f biodiversity arensidered



|
6! Conclusions

This thesisvestigated how spatial resolution in CHM data influéasesl rule
segmentation of individual tree crowns and how these segmentation results affect the
identification of Sceise trees with characteristics associated with older forest
structuressing a stratified classification approach accounting for local environmental
conditions

The validatiodemonstrated that thighresolution CHNbdroduceda higher
proportion of correctly segmented crowlessaumdlersegmentation compared
with the lowesolution CHMIheimproved separation of nearbypreaded

better conditions for ttassificatiasf trees with characteristics associated with
older Scots pine trees

Although the classification results showed limitations in identifying individual trees
with high certaintypme inventorigeées were still captured by the classification.

The methodevethelesdemonstratepeater potentitr identifying fotegands

and parts dbreststanddikely © contain structurally old tré&ther than

functioning as a precise detection tool for single trees, the model was more effective
in highlightinprest stanagth a higher probabilitcaftainingtructurally old

Scotgpine trees amdher ecologically valuable forest structures. This suggests that
the approach may serve as a valuable support tool for ddantieimgies and

identifying forest areas of potential conservation interestcabe |dogest

planning.

The stratified approachbledtructural variables to be interpreted relative to local
environmental conditioflse distribution of candidate trees across strata showed
that structurally old tree characteristics occurred under different combinations of
elevation, soil moisture and topographic cofdlienthe study area cedsist
heterogemusforest environments, applyiegsameresholds across the entire
areavould not have reflected the ecological variability betWéenstregied
approacthereforeeduced the risk of evaluating trees under unequal ecological
conditions, where structurally snuallglowegrowingreesin less productive
environmentouldstillbe identified based on their relative characteristics.

The studghowshe potential of combining LHdARved CHM data with tule

based analysis for ecological forest assessment at larger spatial scales. The result:
highlight how both spatial resolution and local environmental variation influence the
ability tadetect and interpret forest structural characteristics.

By integrating crown segmentation, structural analysis and ecological stratification,
the study contributes to the development of metbadsifhdrt more efficient
assessment of forest environments with potential ecological value.
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Although a ruleased approach was used in this study, future research could build on
the results by developing machine lpasedgnethodsldothsegmentation and
classification. Such approacdgenable more automated and generalizable
identification of trees with-growth structural characterigbagijcularly in
heterogeneous forest environni¢midield evaluation data collected during the
studycarnsupport the development and evaluation of thesamethiedsork
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Appendix A B Summary statistics for tested height
thresholds

This appendix presents summary statistics for the tested height thresholds applied to
both CHM resolutions (0.5 meter and 1.0 meter). For each threshold, the area and
proportion of the study area above the threshold are reported together with the mean
andstandard deviation of canopy height.

B,7/&M()'2$--,%<'54,?5?35'10%'4:&":"#6&50/$?06'LVW'FG) T'-H',4'9"A&%&64'4&54&9":&"#:4'4:%&5:0/95)

Threshold Area ! threshold  Proportion ! Mean height Standard
(m) (ha) threshold (m) deviation (m)
1 2117.6 0.46 8.79 4.51
2 19714 0.43 9.34 4.19
3 1882.6 0.41 9.66 4.01
4 1762.6 0.38 10.08 3.80
5 1623.5 0.35 10.56 3.57

B, 7/&M@2$--,%<'54,75?735'10%'4: & /B6&50/$?06'LVW'F()G'-H',4'9"A&%&64'4&54&9":&"#:4'4:%&5:0/95)

Threshold Area! threshold  Proportion ! Mean height Standard
(m) (ha) threshold (m) deviation (m)
1 2392.7 0.51 8.90 4.44
2 2281.5 0.49 9.26 4.23
3 2182.0 0.47 9.57 4.06
4 2027.3 0.44 10.04 3.83
5 1861.1 0.40 10.54 3.60




Appendix B B Sensitivity analysis of thinning
distance

This appendix presents the sensitivity analysis of the thinning distance parameter for
both the higland lowesolution CHM.he number of detectedidpeeand the
relativalecreasmompared to the 0.%5hmmning distanaeepresented.

B,7/&'f()'2&65"?8"4<',6,/<5"5'01'4:"66"6#'9"54,;BBE&BH&50/$?06'L VW)

Thinning distance (m) Treetops Decreasg%) vs 0.5 m
0.5 | 1,650,154 0.0
0.8 | 1,603,812 2.81
1.1 | 1,433,147 13.15

B,7/&f@)2&65"?8"4<',6,/<5"5'01'4:"66"6#'9"54,638&B0#?06'L VW)

Thinning distance (m) Treetops Decrease (%) vs 0.5 m
0.5 | 854,102 0
0.8 | 853,568 0.06
1.1 | 846,840 0.85



!
Appendix C B Segmented crowns per tile

This appendix presents the number of segmented tree crowns per 1000 x 1000 m tile
for the highesolution CHM. Tiles were processed with a 10 m overlap to reduce
edge effects but only crowns whose centroid fell within the core tile extent are
included irhe counts. Tiles without segmented crowns are excluded from the table.

B,7/&'L()'2&#-&64&9'3%0>65".&%'?/& B6&50/$?06'LVIVH

Tile X-min X-max Y-min Y-max Crowns
1 390000 391000 6851109 6852109 807
2 390000 391000 6852109 6853109 21,099
3 390000 391000 6853109 6854109 37,173
4 391000 392000 6849109 6850109 189
5 391000 392000 6850109 6851109 13,489
6 391000 392000 6851109 6852109 33,807
7 391000 392000 6852109 6853109 43,121
8 391000 392000 6853109 6854109 16,910
9 392000 393000 6848109 6849109 5,655
10 392000 393000 6849109 6850109 35,419
11 392000 393000 6850109 6851109 40,844
12 392000 393000 6851109 6852109 35,313
13 392000 393000 6852109 6853109 28,327
14 392000 393000 6853109 6854109 488
15 393000 394000 6846109 6847109 4,300
16 393000 394000 6847109 6848109 16,610
17 393000 394000 6848109 6849109 36,217
18 393000 394000 6849109 6850109 33093
19 393000 394000 6850109 6851109 28,317
20 393000 394000 6851109 6852109 34,775
21 393000 394000 6852109 6853109 46,696
22 393000 394000 6853109 6854109 28,544
23 393000 394000 6854109 6855109 27,786
24 393000 394000 6855109 6855927 3,254
25 394000 395000 6844109 6845109 96
26 394000 395000 6845109 6846109 26,318
27 394000 395000 6846109 6847109 43,799
28 394000 395000 6847109 6848109 49,373
29 394000 395000 6848109 6849109 30,749
30 394000 395000 6849109 6850109 24,784
31 394000 395000 6850109 6851109 29,962
32 394000 395000 6851109 6852109 50569




33
34
35
36
37
38
39
40
41
42
43
44
45
46
a7
48
49
50
51
52
53
54
55
56
57
58
59
60
61
62
63
64
65
66
67
68

394000
394000
394000
394000
395000
395000
395000
395000
395000
395000
395000
395000
395000
395000
396000
396000
396000
396000
396000
396000
396000
396000
397000
397000
397000
397000
397000
398000
398000
398000
398000
398000
399000
399000
399000
399000

395000
395000
395000
395000
396000
396000
396000
396000
396000
396000
396000
396000
396000
396000
397000
397000
397000
397000
397000
397000
397000
397000
398000
398000
398000
398000
398000
399000
399000
399000
399000
399000
399333
399333
399333
399333

C%

6852109
6853109
6854109
6855109
6844109
6845109
6846109
6849109
6850109
6851109
6852109
6853109
6854109
6855109
6845109
6849109
6850109
6851109
6852109
6853109
6854109
6855109
6851109
6852109
6853109
6854109
6855109
6851109
6852109
6853109
6854109
6855109
6851109
6852109
6853109
6854109

6853109
6854109
6855109
6855927
6845109
6846109
6847109
6850109
6851109
6852109
6853109
6854109
6855109
6855927
6846109
6850109
6851109
6852109
6853109
6854109
6855109
6855927
6852109
6853109
6854109
6855109
6855927
6852109
6853109
6854109
6855109
6855927
6852109
6853109
6854109
6855109

33,900
48,497
39,429
10,822
11,932
46,297
804
10,470
29,037
36,235
31,155
39,223
36,329
13,071
180
837
2,124
19,950
38657
39,815
36,753
21,974
18,532
33,445
36,453
54,399
24,905
16,053
29,748
43,748
35,771
30,366
3,669
9,018
4,071
343



Appendix D D Percentile thresholds per strata for
the high -resolution dataset

This appendix presents the -gnsappercentile values for tree height, crown
diameter and annual growth lgheesolution dataset. The values weferused
selectingercentibased thresholds.

B,7/&R()"P&%3&67/&'8,/$&5'$5&9'9$%"6# 4:%&5:0/9'3,/"7%, 706" 10%485B/$706'9,4,584)

Strata variabel n pl5 p20 p25 p30 p70 p75 p80
EH_drymesic TH | cr_dia 96819 2.19 233 246 259 391 415 441
EH_drymesic_TL cr_dia 47337 2.19 2.33 2.46 2.59 3.87 4.15 441
EH_drymesic_TM cr_dia 92486 2.26 2.39 2.52 2.65 3.83 4.03 4.3

EH_mesimoist TH|  cr_dia 14165 2.46 271 288 304 433 4.55 4.79
EH_mesimoist_TL cr_dia 59425 2.46 2.65 2.82 2.99 4.26 4.48 4.72
EH_mesimoist_TM cr_dia 145174 2.52 2.76 2.93 3.09 4.33 4.55 4.75
EH_moistvet_TH cr_dia 1,132 2.19 2.33 2.52 2.65 3.95 4.15 4.37
EH_moistvet TL cr_dia 7,274 2.19 239 259 271 415 4.37 4.62
EH_moistvet_ TM cr_dia 36301 2.19 2.39 2.52 2.71 3.95 4.15 4.37

EL_drymesic_TH cr_dia 186951 2.65 2.82 3.04 3.19 4.3 4.48 4.69
EL_drymesic_TL cr_dia 142124 271 2.93 3.09 3.24 451 4.69 4.92

EL_drymesic_TM cr_dia 64405 2.71 2.88 3.04 3.19 4.41 4.58 4.79
EL_mesimoist_TH cr_dia 4,292 271 2.93 3.09 3.29 4.58 4.75 4.95
EL_mesimoist_TL cr_dia 63773 271 2.93 3.14 3.29 4.58 4.79 5.01
EL_mesimoist_TM cr_dia 22964 2.76 2.93 3.14 3.29 4.51 4.72 4.92
EL_moistvet_TH cr_dia 325 2.26 2.52 2.65 2.76 3.94 4.07 4.27
EL_moistvet_TL cr_dia 8,152 2.26 2.52 2.65 2.82 411 4.3 4.51
EL_moiswvet_TM cr_dia 7,688 2.19 2.33 2.52 2.71 3.91 4.11 4.33

EM_drymesic_TH cr_dia 192153 2.52 271 2.82 2.99 4.15 4.33 4.55
EM_drymesic_TL cr_dia 100844 2.59 2.76 2.88 3.04 4.33 451 4.75

EM_drymesic_TM cr_dia 89248 2.52 2.65 2.76 2.93 4.07 4.3 4.51
EM_mesimoist_TH cr_dia 4,626 2.65 2.76 2.93 3.09 4.51 4.72 4.98
EM_mesimoist_TL cr_dia 62225 2.52 2.71 2.88 3.04 4.37 4.58 4.82
EM_mesimoist_TM cr_dia 33503 2.46 2.65 2.76 2.93 4.26 4.44 4.69
EM_moistvet TH cr_dia 334 2.19 2.39 2.52 2.76 3.96 4.18 4.41
EM_moistvet_TL cr_dia 9,478 2.19 2.39 2.59 2.71 4.03 4.22 4.44
EM_moisivet_TM cr_dia 8,736 2.19 2.33 2.52 2.65 3.83 4.03 4.22
EH_drymesic_TH g_ann 96819 0.12 0.15 0.19 0.22 0.38 0.39 0.41
EH_drymesic_TL g_ann 47337 0.11 0.14 0.18 0.22 0.39 0.41 0.43
EH_drymesic_TM g_ann 92486 0.11 0.15 0.19 0.22 0.37 0.39 0.41
EH_mesimoist_TH g_ann 14165 0.05 0.07 0.08 0.1 0.3 0.32 0.35
EH_mesimoist_TL g_ann 59425 0.06 0.07 0.09 0.11 0.32 0.34 0.37
EH_mesimoist_TM g_ann 145174 0.05 0.06 0.07 0.09 0.3 0.32 0.35
EH_moistvet_TH g_ann 1,132 0.02 0.03 0.03 0.04 0.09 0.1 0.12
EH_moistvet TL g_ann 7,274 0.03 0.03 0.04 0.05 0.12 0.14 0.16
EH_moistvet_TM g_ann 36301 0.02 0.03 0.03 0.04 0.09 0.1 0.12

D$



EL_drymesic_TH
EL_drymesic_TL
EL_drymesic_TM
EL_mesimoist_TH
EL_mesimoist_TL
EL_mesimoist_TM
EL_moistvet_TH
EL_moistvet_TL
EL_moistvet_TM
EM_drymesic_TH
EM_drymesic_TL
EM_drymesic_TM
EM_mesimoist_TH
EM_mesimoist_TL
EM_mesimoist_TM
EM_moistvet TH
EM_moistvet_TL
EM_moisivet_TM
EH_drymesic_TH
EH_drymesic_TL
EH_drymesic_TM
EH_mesimoist_TH
EH_mesimoist_TL
EH_mesimoist_TM
EH_moistvet_ TH
EH_moistvet_TL
EH_moistvet_TM
EL_drymesic_TH
EL_drymesic_TL
EL_drymesic_TM
EL_mesimoist_TH
EL_mesimoist_TL
EL_mesimoist_TM
EL_moistvet_TH
EL_moistvet_TL
EL_moistvet_TM
EM_drymesic_TH
EM_drymesic_TL
EM_drymesic_TM
EM_mesimoist_TH
EM_mesimoist_TL
EM_mesimoist_ TM
EM_moistvet TH
EM_moistvet_TL
EM_moisivet_ TM

g_ann
g_ann
g_ann
g_ann
g_ann
g_ann
g_ann
g_ann
g_ann
g_ann
g_ann
g_ann
g_ann
g_ann
g_ann
g_ann
g_ann
g_ann
h2024
h2024
h2024
h2024
h2024
h2024
h2024
h2024
h2024
h2024
h2024
h2024
h2024
h2024
h2024
h2024
h2024
h2024
h2024
h2024
h2024
h2024
h2024
h2024
h2024
h2024
h2024

186951
142124
64405
4,292
63773
22964
325
8,152
7,688
192153
100844
89248
4,626
62225
33503
334
9,478
8,736
96819
47,337
92486
14165
59425
145174
1,132
7,274
36301
186951
142124
64405
4,292
63773
22964
325
8,152
7,688
192153
100844
89248
4,626
62225
33503
334
9,478
8,736

0.13
0.12
0.13
0.06
0.08
0.06
0.03
0.05
0.03
0.13
0.12
0.13
0.06
0.07
0.06
0.02
0.04
0.03
5.62
5.71
5.85
6.27
6.31
6.51
5.11
55

5.19
7.6

7.75
7.84
6.64
7.26
6.76
5.08
5.77
5.27
6.9

7.04
6.86
6.75
6.64
6.37
4.88
5.42
5.24

0.15
0.14
0.15
0.07
0.1
0.07
0.03
0.06
0.04
0.15
0.14
0.16
0.08
0.09
0.08
0.03
0.05
0.04
5.97
6.03
6.24
6.77
6.81
7.09
5.4
5.87
5.53
8.53
8.61
8.81
7.33
7.91
7.3
5.29
6.24
5.64
7.39
7.52
7.29
7.29
7.13
6.82
5.18
5.79
5.55

D%

0.17
0.16
0.17
0.09
0.11
0.08
0.04
0.07
0.05
0.17
0.17
0.19
0.1

0.11
0.1

0.04
0.06
0.04
6.33
6.33
6.61
7.28
7.34
7.64
5.65
6.26
5.85
9.35
9.46
9.64
8.02
8.58
7.86
5.57
6.68

7.88
7.99
7.69
7.79
7.57
7.23
5.41
6.14
5.9

0.18
0.18
0.19
0.11
0.13
0.09
0.05
0.08
0.06
0.19
0.19
0.22
0.12
0.13
0.12
0.05
0.07
0.05
6.71
6.64

7.78
7.87
8.19
5.93
6.65
6.17
10.06
10.22
10.32
8.6
9.23
8.41
5.8
7.13
6.35
8.4
8.48
8.09
8.29
8.01
7.62
5.7
6.51
6.21

0.35
0.37
0.37
0.26
0.32
0.23
0.12
0.2
0.14
0.35
0.36
0.37
0.31
0.33
0.32
0.1
0.17
0.14
12.23
11.86
11.53
12.14
12.35
12.26
8.73
10.3
9.08
14.49
15.27
14.81
13.32
13.98
12.78
7.94
10.76
9.37
13.82
14.15
13.11
13.22
12.53
11.71
8.91
9.9
8.89

0.38
0.39
0.39
0.29
0.35
0.26
0.12
0.22
0.16
0.37
0.38
0.39
0.34
0.35
0.35
0.12
0.2
0.16
12.95
12.64
12.14
12.73
12.87
12.77
9.1
10.84
9.56
15.07
15.98
15.44
14.03
14.76
13.46
8.34
11.36
9.87
14.46
14.92
13.98
14.03
13.29
12.52
9.56
10.44
9.39

0.4
0.42
0.42
0.32
0.39

0.3
0.15
0.26
0.18
0.39

0.4
0.41
0.37
0.38
0.38
0.14
0.22
0.19
13.75
135
12.78
13.37
13.53
13.38
9.55
11.52
10.11
15.68
16.72
16.1
14.86
15.62
14.24
8.83
12.01
10.42
15.08
15.67
14.84
14.81
14.16
13.47
10.1
11.14
9.92



Appendix E B Percentile thresholds per strata for
the low -resolution dataset

This appendix presents the -gnsappercentile values for tree height, crown
diameter and annu@ighgrowth in theowresolution dataset. The values were
used for selecting percemditeed thresholds.

B,7/&%( )'P&%3&67/&'8,/$&5'$5&9'9$%"6#'4:%&5:0/9'3,/"7%, 706" THAZ0O&MD6'9,4,5&4)

Strata variabd n pl5 p20 p25 p30 p70 p75 p80
EH_drymesic_TH cr_dia 51,406 3.57 3.91 4.07 4.37 5.86 6.18 6.38
EH_drymesic_TL cr_dia 24479 3.57 3.74 4.07 4.37 5.97 6.18 6.48
EH_drymesic_TM cr_dia 46194 3.57 3.91 4.07 4.37 5.86 6.08 6.38

EH_mesimoist_TH cr_dia 8,885 3.74 4.07 4.37 4.65 6.18 6.38 6.68
EH_mesimoist_TL cr_dia 31,915 3.91 4.22 4.37 4.65 6.28 6.48 6.77

EH_mesimoist_TM cr_dia 803830 3.91 4.22 4.51 4.65 6.28 6.48 6.77
EH_moistvet_TH cr_dia 854 2.76 2.99 3.24 3.57 5.29 5.41 5.64
EH_moistvet_TL cr_dia 4,484 2.99 3.39 3.57 3.91 5.75 6.08 6.38
EH_moistvet_ TM cr_dia 24142 2.99 3.19 3.39 3.57 5.29 5.53 5.86
EL_drymesic_TH cr_dia 10265 4.22 451 4.65 4.92 6.18 6.38 6.58
EL_drymesic_TL cr_dia 77,194 4.37 4.65 4.79 5.05 6.38 6.58 6.86
EL_drymesic_TM cr_dia 34317 4.22 451 4.79 4.92 6.28 6.48 6.68
EL_mesimoist_TH cr_dia 2,633 4.07 4.37 4.65 4.92 6.48 6.77 7.05
EL_mesimoist_TL cr_dia 36208 4.22 451 4.79 5.05 6.48 6.77 6.96

EL_mesimoist_TM cr_dia 13313 3.91 4.22 451 4.79 6.38 6.58 6.86
EL_moistvet_TH cr_dia 219 2.76 3.19 3.57 3.57 5.17 5.47 5.64
EL_moistvet_TL cr_dia 4,827 3.19 3.57 3.74 4.07 5.86 6.13 6.38
EL_moiswet_TM cr_dia 4,745 2.99 3.19 3.39 3.57 5.41 5.64 5.97
EM_drymesic_TH cr_dia 10597 4.07 4.37 4.51 4.79 6.08 6.28 6.48
EM_drymesic_TL cr_dia 551557 4.07 4.37 4.65 4.79 6.28 6.48 6.68
EM_drymesic_TM cr_dia 45828 4.07 4.22 4.51 4.65 6.08 6.28 6.48

EM_mesimoist_TH cr_dia 2,828 3.91 4.22 451 4.79 6.38 6.58 6.86

EM_mesimoist_TL cr_dia 34959 3.91 4.22 451 4.65 6.28 6.58 6.77

EM_mesimoist_TM cr_dia 18924 3.74 4.07 4.22 451 6.18 6.38 6.68
EM_moistvet TH cr_dia 227 2.99 3.19 3.39 3.57 5.41 5.75 6.18
EM_moistvet_TL cr_dia 5831 2.99 3.39 3.57 3.91 5.64 5.97 6.28
EM_moisivet_ TM cr_dia 5,440 2.99 3.19 3.39 3.57 5.29 5.53 5.86
EH_drymesic_TH g_ann 51,406 0.09 0.12 0.16 0.19 0.38 0.39 0.41
EH_drymesic_TL g_ann 24479 0.09 0.12 0.15 0.19 0.39 0.41 0.44
EH_drymesic_TM g_ann 46194 0.09 0.12 0.16 0.19 0.36 0.39 0.41

EH_mesimoist_TH g_ann 8,885 0.04 0.05 0.06 0.07 0.29 0.32 0.35
EH_mesimoist_TL g_ann 31915 0.04 0.06 0.08 0.1 0.31 0.34 0.36

EH_mesimoist_TM g_ann 80830 0.04 0.05 0.06 0.08 0.29 0.32 0.35
EH_moistvet_TH g_ann 854 0.01 0.01 0.01 0.03 0.07 0.09 0.1
EH_moistvet TL g_ann 4,484 0.01 0.02 0.03 0.03 0.11 0.13 0.15
EH_moistvet_ TM g_ann 24142 0.01 0.01 0.01 0.03 0.07 0.09 0.11
EL_drymesic_TH g_ann 10265 0.1 0.12 0.15 0.17 0.35 0.38 0.41
EL_drymesic TL | g.ann 77194 0.1 012 014 016 036 039 043
EL_drymesic_TM g_ann 34317 0.1 0.13 0.15 0.17 0.36 0.4 0.42




EL_mesimoist_TH
EL_mesimoist_TL
EL_mesimoist_TM
EL_moistvet_TH
EL_moistvet_TL
EL_moistvet_TM
EM_drymesic_TH
EM_drymesic_TL
EM_drymesic_TM
EM_mesimoist_TH
EM_mesimoist_TL
EM_mesimoist_ TM
EM_moistvet_TH
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EM_moisivet_ TM
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EH_mesimoist_TH
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h2022
h2022
h2022
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h2022
h2022
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2,633
36208
13313
219
4,827
4,745
10597
55557
45828
2,828
34959
18924
227
5,831
5,440
51,406
24479
46194
8,885
31,915
80830
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4,484
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34317
2,633
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iz
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4,827
4,745
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55557
45828
2,828
34959
18924
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5,831
5,440

0.05
0.06
0.04
0.01
0.03
0.01
0.1
0.1
0.11
0.05
0.06
0.05
0.01
0.03
0.01
515
55
5.8
6.4
6.5
6.7
5.2
5.7
5.4
8.5
8.7
8.7

7.8
6.9
5.1

5.6
6.9
7.1
6.8
6.7
6.8
6.3
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5.62
5.4

0.06
0.09
0.05
0.01
0.04
0.03
0.12
0.12
0.14
0.07
0.08
0.06
0.01
0.03
0.03
5.9

5.9

6.2

7.1
7.3
5.5
6.12
5.7
9.5
9.8
9.74
7.74
8.6
7.5
5.3
6.5
5.9
7.5
7.7
7.3
7.3
7.3
6.8
5.22
6
5.8
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0.07
0.1
0.06
0.03
0.05
0.03
0.15
0.15
0.16
0.09
0.1
0.08
0.02
0.04
0.03
6.4
6.2
6.6
7.5
7.8
7.99
5.8
6.54

10.3
10.6
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8.4
9.4
8.1
5.45

6.3
8.2
8.3
7.8

7.9
7.3
5.5
6.34
6.1

0.09
0.12
0.07
0.03
0.06
0.04
0.17
0.17
0.19
0.11
0.12
0.1
0.03
0.05
0.04
6.9
6.6
7.1

8.4
8.5
6.2
6.96
6.35
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11.38
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9.07
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8.7
5.8
7.4
6.6
8.9

8.3
8.62
8.4
7.7
5.85
6.7
6.4

0.27
0.32
0.24
0.09
0.19
0.12
0.34
0.36
0.36
0.3
0.32
0.31
0.09
0.16
0.12
13.17
13
12
12.5
12.84
12.52
8.8
10.5
9.1
15.12
16.1
155
14.2
14.9
13.31
8.1
11.18
9.4
14.48
15
14.2
13.9
13.5
12.6
8.64
10.2
9

0.3
0.36
0.27
0.1
0.21
0.14
0.36
0.38
0.39
0.34
0.35
0.34
0.11
0.19
0.15
13.8
13.7
12.7
13.08
13.4
13.1
9.2
11
9.6
15.7
16.7
16
14.9
15.6
14
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Appendix F D Distribution of ¢ andidate trees and
strata area  statistics  (high -resolution )

This appendix summarizes the distribution of candidate trees across the 27 strata
derived from combinations of elevation soil moisture, and TPI classes in the high
resolution dataset. For each stratum, the number of candidates, total area (ha), and
candida density (candidates per ha) are presented.

B,7/&!( )'L,69"9,4&'4%&&'9"54%"7$?06',69',%&,'54,?5?35"109R&U206'958.4)

Strata Candidates Area (ha) Candidates per ha
EH_mesimoist_TM 6,573 180.55 36.41
EM_drymesic_TH 4,268 219.14 19.48
EL_drymesic_TL 3,514 189.7 18.52
EL_drymesic_TH 3,365 228.67 14.72
EH_drymesic_TH 3,314 98.72 33.57
EM_drymesic_TL 3,031 124.36 24.37
EH_drymesic_TM 2,942 92.7 31.74
EH_mesimoist_TL 2,691 71.71 37.53
EM_mesimoist_TL 2,166 77.78 27.85
EM_drymesic_TM 2,153 99.89 21.55
EL_mesimoist_TL 1,903 88.47 2151
EH_drymesic_TL 1,642 48.35 33.96
EM_mesimoist_TM 1,217 39.87 30.53
EL_drymesic_TM 1,181 82.07 14.39
EH_moistvet_TM 791 37.09 21.33
EL_mesimoist_TM 676 30.92 21.86
EH_mesimoist_TH 592 17.47 33.89
EH_moistvet_TL 262 8.05 32.55
EM_moistvet_TL 231 9.99 23.13
EL_moistvet_TL 184 8.96 20.53
EM_mesimoist_TH 180 6.15 29.28
EL_mesimoist_TH 122 5.9 20.68
EM_moistvet_TM 116 8.46 13.71
EL_moistvet_TM 92 7.67 11.99
EH_moistvet_TH 20 1.15 17.38
EL_moistvet_TH 2 0.32 6.18
EM_moistvet_TH 2 0.35 5.72




Appendix G D Distribution of candidate trees and
strata area statistics (low -resolution )

This appendsummarizeéke distribution of candidate trees across the 27 strata
derived from combinations of elevation, soil moisture, and TPI clagses in the
resolution dataset. For smakumthe number of candidates, total area (ha), and
candidate dengitgndidates per ha) are presented.

B,7/&0()'L,69"9,4&'4%&&'9"54%"7$?06',69',%8&,'54,?5735' 1096 &BOIS2 @64, 5&4

Strata Candidates Area (ha) Candidates per ha
EM_drymesic_TH 4,524 261.27 17.32
EH_mesimoist_TM 4,363 208.18 20.96
EL_drymesic_TH 3,391 265.04 12.79
EL_drymesic_TL 2,868 213.04 13.46
EH_drymesic_TH 2,849 117.12 24.33
EM_drymesic_TL 2,622 14491 18.09
EH_drymesic_TM 2,372 104.09 22.79
EM_drymesic_TM 2,004 112.75 17.77
EM_mesimoist_TL 1,778 91.07 19.52
EH_mesimoist_TL 1,768 82.12 21.53
EL_mesimoist_TL 1,477 101.61 14.54
EH_drymesic_TL 1,368 56.4 24.25
EL_drymesic_TM 1,100 90.43 12.16
EM_mesimoist_TM 911 46.36 19.65
EH_moistvet_TM 542 44.2 12.26
EL_mesimoist_TM 499 35.14 14.2
EH_mesimoist_TH 474 22.29 21.26
EH_moistvet_TL 184 9.55 19.27
EM_moistvet_TL 173 12.12 14.27
EL_moistvet_TL 160 10.66 15.01
EM_mesimoist_ TH 138 7.56 18.24
EL_mesimoist_TH 102 7.41 13.77
EM_moistvet_TM 86 10.06 8.55
EL_moiswvet_TM 75 9.03 8.31
EH_moistvet_TH 13 1.48 8.77
EM_moistvet_TH 2 0.44 4.6
EL_moistvet_TH 0 0.39 0




!
Appendix H b Field site photographs

Tree with cavities Tree markeadlith conservation value

Tree with dead branches Site overview

H$



!
Appendix | B Code availability

Thescripts usedtims study are avadabh publiGitHub repositary

BSremo, A., & Spik, C. (202B)AFCHMForegtnalysiComputer software].
GitHub https://qithub.com/abaremo/LiDARIMForesiAnalysis




