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ABSTRACT

Remote Sensing-Based Terrain Analysis for Timber Harvesting

Planning in Diverse Forest Environments

Sustainable mechanised timber harvesting depends on accurate terrain information
to balance operational efficiency, cost-effectiveness, machine safety, and environmental
protection. Conventional terrain classification systems (TCS) used in forestry are typically
based on stand-level descriptions, manual field surveys, and expert judgement. While ef-
fective for broad planning purposes, these approaches provide limited spatial detail, are
prone to observer bias, and are challenging to scale across large forest landscapes.

This dissertation investigates the potential of remote sensing-based terrain analysis
to quantify terrain attributes relevant for mechanised harvesting planning and to evalu-
ate their analytical reliability and operational feasibility across different forest environ-
ments, sensor platforms, and spatial scales. The research is structured around three core
terrain components underpinning established TCS frameworks: soil conditions, surface
roughness, and slope.

Using case studies based on UAV Structure-from-Motion (SfM) photogrammetry, air-
borne laser scanning (ALS), UAV LiDAR, and handheld and terrestrial laser scanning (HLS,
TLS), terrain metrics were derived and analysed in relation to (a) machine-induced soil
deformation, (b) near-ground obstacles, and (c) steepness and terrain complexity across
spatial scales.

For soil conditions, the work examined whether stump proximity and stump/root re-
inforcement proxies explain within-site variability in rut development under repeated ma-
chine traffic and evaluated models for rut-depth prediction. Models combining terrain-
derived predictors with operational variables achieved R? = 0.69-0.85 when predicting
observed rut depth across machine passes and trail configurations.

For surface roughness, the research operationalises the obstacle-based roughness con-
cept used in forestry terrain classification by combining UAV photogrammetry with deep-
learning-based obstacle segmentation. In the high-visibility study setting, this achieved a
95.6% obstacle detection rate (86/90) relative to field-marked obstacles. The work also
evaluates continuous DTM-derived ruggedness metrics as complementary layers to char-
acterise within-stand terrain variability and to assess their relationship to the obstacle-
based, class-oriented framework. TLS is also used to support near-ground obstacle map-
ping via supervised point cloud semantic segmentation.

For steepness, the analyses quantify the sensitivity of slope and terrain complexity out-
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ABSTRACT

comes to sensor type, grid resolution, and point-cloud processing choices. In this study,
fine-scale terrain features and local steepness extremes were progressively smoothed as
the grid size increased. Multi-sensor comparisons further show that slope-based category
outcomes can vary markedly with resolution, and that apparent agreement at coarse grids
can be misleading when spatial smoothing reduces the mapped extent and sometimes the
occurrence of the steepest classes.

Overall, the dissertation concludes that remote-sensing-derived terrain metrics should
be generated and interpreted with respect to specific planning objectives and operational
constraints, including survey efficiency, processing demand, cost, and data volume. The
results show that remote sensing can support a shift from stand- or polygon-level terrain
descriptors toward spatially explicit raster- and point-cloud-based terrain layers that are
more directly usable for routing, exclusion mapping, and operational planning. However,
because terrain attributes are scale- and context-dependent, stand-level TCS thresholds
require explicit translation before being applied to continuous surfaces (e.g., by defin-
ing aggregation windows, rescaling, or threshold adjustment). No single remote sens-
ing platform is optimal across all applications. Systematic comparison instead supports
evidence-based sensor and product selection that aligns analytical requirements with op-
erational feasibility. Further research should validate these terrain layers against oper-
ational outcomes (e.g., machine performance, route choices, and soil disturbance) and
develop decision-ready integration frameworks that translate multi-layer terrain informa-

tion into actionable planning guidance.



SOMMARIO

Remote Sensing-Based Terrain Analysis for Timber Harvesting

Planning in Diverse Forest Environments

La sostenibilita della raccolta del legname con sistemi meccanizzati dipende da infor-
mazioni accurate sul terreno, poiché consentono di bilanciare efficienza operativa, conve-
nienza economica, sicurezza delle macchine e tutela ambientale. I sistemi di classificazione
del terreno (terrain classification systems, TCS) utilizzati in ambito forestale si basano tipi-
camente su descrizioni a scala di popolamento, rilievi di campo manuali e giudizio esper-
to. Sebbene efficaci per scopi di pianificazione generale, tali approcci offrono un dettaglio
spaziale limitato, possono essere soggetti a bias dell’osservatore e risultano difficilmente
scalabili su paesaggi forestali estesi.

Questa tesi indaga il potenziale dell’analisi del terreno basata su telerilevamento per
quantificare attributi rilevanti per la pianificazione della raccolta meccanizzata e per valu-
tarne I'affidabilita analitica e la fattibilita operativa in diversi contesti forestali, piattaforme
sensoriali e scale spaziali. La ricerca € strutturata attorno a tre componenti fondamentali
che costituiscono la base dei TCS consolidati: condizioni del suolo, rugosita superficiale e
pendenza.

Attraverso casi studio basati su fotogrammetria Structure-from-Motion (SfM) da veico-
lo aereo senza pilota (UAV), laser scanning aerotrasportato (ALS), LiDAR da UAV e laser
scanning terrestre e portatile (TLS), sono stati derivati indicatori del terreno e analizzate
le loro relazioni con (a) la deformazione del suolo indotta dal passaggio delle macchine, (b)
gli ostacoli prossimi al suolo e (c) la ripidita e la complessita del terreno, su diverse scale
spaziali.

Per le condizioni del suolo, il lavoro ha esaminato se la prossimita ai ceppi e ai pro-
xy di rinforzo ceppo/radici spieghi la variabilita intra-sito nello sviluppo delle ormaie in
condizioni di traffico ripetuto, valutando inoltre modelli per la previsione della profondita
delle ormaie. Modelli che combinano predittori derivati dal terreno con variabili operative
hanno ottenuto valori di R? = 0.69-0.85 nella previsione della profondita osservata delle
ormaie in diversi passaggi delle macchine e in configurazioni di tracciato.

Per la rugosita superficiale, la ricerca operazionalizza il concetto di rugosita basato su-
gli ostacoli, utilizzato nella classificazione forestale del terreno, combinando la fotogram-
metria da UAV con la segmentazione degli ostacoli basata su deep learning. Nel contesto di
studio ad alta visibilita, cio ha consentito un tasso di rilevamento degli ostacoli del 95.6%
(86/90) rispetto agli ostacoli marcati in campo. Il lavoro valuta inoltre indici continui di ru-
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gosita/asperita derivati da modelli digitali del terreno (DTM) come livelli complementari
per caratterizzare la variabilita intrapopolamento e analizzarne la relazione con I'imposta-
zione basata su classi. Il TLS é inoltre impiegato per supportare la mappatura degli ostaco-
li prossimi al suolo mediante la segmentazione semantica supervisionata delle nuvole di
punti.

Per la pendenza, le analisi quantificano la sensibilita degli esiti relativi a pendenza e
complessita del terreno al tipo di sensore, alla risoluzione della griglia e alle scelte di ela-
borazione delle nuvole di punti. In questo studio, le caratteristiche del terreno a scala fine
e gli estremi locali di ripidita risultano progressivamente smussati con I'aumentare del-
la dimensione della griglia. I confronti multi-sensore mostrano inoltre che gli esiti di ca-
tegorizzazione basati sulla pendenza possono variare sensibilmente con la risoluzione, e
che un’apparente concordanza a griglie grossolane puo essere fuorviante quando lo smoo-
thing spaziale riduce I’estensione mappata—e talvolta anche 'occorrenza—delle classi piu
ripide.

Nel complesso, la tesi conclude che gli indicatori del terreno derivati dal telerilevamen-
to devono essere generati e interpretati in relazione a specifici obiettivi di pianificazione e
a vincoli operativi, tra cui l'efficienza di rilievo, la domanda di elaborazione, i costi e il volu-
me dei dati. I risultati mostrano che il telerilevamento puo supportare un passaggio da de-
scrittori a scala di popolamento o poligonale verso layer del terreno spazialmente espliciti,
basati su raster e nuvole di punti, piu direttamente utilizzabili per I'instradamento, la map-
patura di esclusione e la pianificazione operativa. Tuttavia, poiché gli attributi del terreno
dipendono da scala e contesto, le soglie TCS definite a scala di popolamento richiedono
una traduzione esplicita prima di essere applicate a superfici continue (ad es. definendo
finestre di aggregazione, riscalando gli indicatori o adattando le soglie). Nessuna singola
piattaforma di telerilevamento e ottimale per tutte le applicazioni; un confronto sistema-
tico consente invece una selezione di sensori e prodotti basata su evidenze, allineando i
requisiti analitici alla fattibilita operativa. Ulteriori ricerche dovrebbero validare questi
layer rispetto agli esiti operativi (ad es. prestazioni delle macchine, scelte di percorso e di-
sturbo del suolo) e sviluppare framework di integrazione “decision-ready” che traducano

le informazioni multi-layer in indicazioni operative utilizzabili.
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Remote Sensing-Based Terrain Analysis for Timber Harvesting

Planning in Diverse Forest Environments

Volhoubare gemeganiseerde houtontginning is afhanklik van akkurate terreininlig-
ting om operasionele doeltreffendheid, kostedoeltreffendheid, masjienveiligheid en om-
gewingsbeskerming te balanseer. Konvensionele terreinklassifikasiestelsels (TKS) wat
in bosbou gebruik word, is tipies gebaseer op standvlakbeskrywings, handmatige veld-
opnames en deskundige oordeel. Alhoewel hierdie benaderings doeltreffend is vir
breé beplanningsdoeleindes, bied dit beperkte ruimtelike detail, is dit vatbaar vir
waarnemervoorkeur/-vooroordeel en is dit moeilik om oor groot, heterogene bosland-
skappe te skaal.

Hierdie proefskrif ondersoek die potensiaal van afstandwaarneming-gebaseerde ter-
reinanalisemetodes om terreineienskappe watrelevantis vir gemeganiseerde ontginnings-
beplanning te kwantifiseer, en om die analitiese betroubaarheid en operasionele haal-
baarheid oor verskillende bosomgewings, sensorplatforms en ruimtelike skale te evalueer.
Die navorsing is gestruktureer rondom drie kernterreinkomponente wat gevestigde TKS-
raamwerke onderlé, naamlik grondtoestande, oppervlakruwheid en helling.

Met behulp van 'n reeks gevallestudies gebaseer op onbemande lugvaartuig (UAV)
Struktuur-van-Beweging (SfM)-fotogrammetrie, vliegtuiglaserskandering (ALS), UAV-
ligopsporing en afstandbepaling (LiDAR) en draagbare en terrestriéle laserskandering
(TLS), is terreinmetrieke afgelei en ontleed in verband met (a) masjiengeinduseerde grond-
vervorming, (b) naby-grond hindernisse en (c) steilheid en terrein-kompleksiteit oor ver-
skillende ruimtelike skale.

Vir grondtoestande het die studie ondersoek of boomstomp-nabyheid en boomstomp-
/wortelversterkingsproksies binne-terrein variasie in spoorvorming onder herhaalde ma-
sjienverkeer kan verklaar, en dit het voorspellingsmodelle vir spoordiepte geévalueer. Mo-
delle wat terrein-afgeleide voorspellers met operasionele veranderlikes kombineer, het
R?-waardes van 0.69-0.85 behaal vir die voorspelling van waargenome spoordiepte oor
verskillende masjienherhalings en roetekonfigurasies.

Ten opsigte van oppervlakruwheid fokus die navorsing op die operasionalisering
van die hindernisgebaseerde ruwheidskonsep wat in bosbouterreinklassifikasie gebruik
word, deur UAV-fotogrammetrie met diepleergebaseerde hindernissegmentasie te kom-
bineer. In die hoé-sigbaarheid-gevallestudie het dit 'n hindernisopsporingskoers van

95.6% (86/90) teenoor veldgemerkte hindernisse behaal. Die werk evalueer ook deur-
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lopende, DTM-afgeleide ruigheid-ruggedness-metrieke as aanvullende lae om binne-
stand-veranderlikheid te karakteriseer en om die verhouding tot die hindernisgeba-
seerde, klasgeoriénteerde raamwerk te beoordeel. TLS is verder gebruik om naby-grond-
hinderniskaartering te ondersteun deur middel van beheerde (supervised) semantiese
segmentasie van puntwolke.

Vir steilheid kwantifiseer die ontledings die sensitiwiteit van helling- en terrein-
kompleksiteit-uitkomste vir sensortipe, roosterresolusie en puntwolkverwerkingskeuses.
In hierdie studie is fynskaalterreinkenmerke en plaaslike steilheidsuiterstes progressief
uitgevlak namate die rooster growwer geword het. Multisensorvergelykings toon verder
dat hellinggebaseerde kategorie-uitkomste merkbaar met resolusie kan wissel, en dat 'n
skynbare hoé ooreenstemming by growwer roosters misleidend kan wees wanneer ruim-
telike uitvlakking die gekarteerde omvang, en soms selfs die voorkoms, van die steilste
klasse verminder.

Oor al die terreinkomponente heen toon die resultate dat afstandwaarneming ruim-
telik deurlopende terreinvoorstellings moontlik maak wat binne-stand-veranderlikheid
vasvang wat dikwels nie deur konvensionele stand- of poligon-gebaseerde klassifikasie-
benaderings opgelos word nie. Terselfdertyd wys die ontledings dat terreineienskappe
inherent skaal- en konteksafhanklik is, en dat standvlak-TKS-drempels nie direk op deurlo-
pende afstandwaarnemingsoppervlaktes toegepas kan word sonder eksplisiete vertaling
nie (bv. deur aggregasievensters te definieer, metrieke te herskaal of drempels aan te pas).

Ten slotte kom die proefskrif tot die gevolgtrekking dat afstandwaarneming-
gebaseerde terreinmetrieke gegenereer en geinterpreteer moet word in verhouding
tot spesifieke beplanningsdoelwitte en operasionele beperkings, insluitend opname-
doeltreffendheid, verwerkingsvereistes, koste en datavolume. Die resultate toon dat af-
standwaarneming 'n skuif kan ondersteun vanaf stand- of poligonvlak-terreindeskriptors
na ruimtelik eksplisiete raster- en puntwolk-gebaseerde terreinlae wat meer direk bruik-
baar is vir roetebeplanning, uitsluitingskartering en operasionele beplanning. Geen en-
kele afstandwaarnemingsplatform is optimaal vir alle toepassings nie; sistematiese ver-
gelyking maak eerder bewysgebaseerde sensor- en produkkeuse moontlik wat analitiese
vereistes met operasionele haalbaarheid belyn. Verdere navorsing behoort hierdie terrein-
lae teen operasionele uitkomste (bv. masjienprestasie, roetekeuses en grondversteuring)
te valideer en besluitgereed (decision-ready) integrasieraamwerke te ontwikkel wat veel-

vuldige terreinlae in toepasbare beplanningsriglyne vertaal.
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NOMENCLATURE

FUNCTIONS AND VARIABLES

FUNCTIONS

10)
ccc
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Ccv

Moran’s [
NMAD,

OA
OE
PEI

RMSE
RMSE,
RMSE,
RMSE,
Roughness
Slope
TCI(px)

TRI; 5
TRI, &

TWI
UE

Indicator function: equals 1 if the condition holds, else 0.

Concordance correlation coefficient (used for slope agreement/accuracy
in the feasibility trade-off figure).

Criterion importance through intercriteria correlation (objective weight-
ing method).

Coefficient of variation (dimensionless variability measure).

Global spatial autocorrelation statistic (used for clustering of canopy-
/void patterns).

Normalised median absolute deviation of elevation differences (robust
vertical-accuracy metric).

Overall agreement (%) between sensor and reference slope categories.
Overestimation error (%): proportion of pixels where s; > ;.
Processing efficiency index: raw data size divided by processing time
(e.g., GBmin~! or GB h™1).

Root mean square error (general definition).

Horizontal (planimetric) RMSE of GNSS control/checkpoints (m).
Horizontal RMSE component in the x direction when reported (m).
Vertical RMSE of elevations (m).

Local standard deviation of DTM elevation in a defined window (m).
DTM slope/gradient magnitude (reported in degrees and/or percent).
Terrain complexity index at pixel px: weighted combination of nor-
malised slope, roughness, and topographic wetness index (TWI).
Detrended TRI: residual ruggedness after removing linear dependence
on slope.

Terrain ruggedness index at resolution r and neighbourhood radius R
(m).

Topographic wetness index (unitless).

Underestimation error (%): proportion of pixels where s; < ;.
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Bj
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Ux
Pg
pr,R

FUNCTIONS AND VARIABLES

Intercept of the linear model relating TRI,. ¢ to slope,. (used for detrend-
ing).

OLS intercept in the absolute-error regression model.

OLS partial regression coefficient for predictor j in the absolute-error
regression model.

Slope coefficient of the linear model relating TRI,. ¢ to slope,. (used for
detrending).

Vertical offset/difference in elevation (m), as reported for georeferenc-
ing/validation.

Compression ratio: processed output size divided by raw data size (unit-
less).

Coefficient of variation of variable X: CVy = oy /uy.

Raw data rate: raw data volume divided by survey time (e.g., MB min™1).
Normalised topographic wetness index (TWI) at pixel px (scaled 0-1 us-
ing robust min-max, 2nd-98th percentiles).

Mean of variable X (used in CV).

Target ground-point density for UAV LiDAR thinning (pulses m™2).
Pearson correlation between slope, and TRI, k.

Standard deviation of metric k (CRITIC contrast-strength term).
Standard deviation of variable X (used in CV).

Residual (error term) at pixel i in regression models.

CRITIC contrast measure for metric k: C;, = oy Zﬁl(l — Tik)-

Pixel-wise difference between test and reference values (e.g., d; =
Zj test — Zi,ref)'

Raw data size (volume) for a dataset (e.g., GB).

— Zreference,i (IM).

Number of metrics used in CRITIC weighting (e.g., slope, roughness, to-

Vertical error at pixel i: E; = Zgensor,i

pographic wetness index (TWI)).

Metric value from the reference dataset at pixel i.

Metric value from the evaluated (test) dataset at pixel i.

Number of pixels/observations used in a computation (e.g., RMSE, OA).
33rd percentile threshold of TCI at resolution r (used to define low/mod-
erate/high classes).

67th percentile threshold of TCI at resolution r (used to define low/mod-
erate/high classes).

Neighbourhood radius used for TRI variants (m).

Raster grid resolution / cell size (m).

Reference slope category at pixel i (€ {4, B, C}).
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Si

Snorm (pX)
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proc

Zreference,i

Zsensor,i

FUNCTIONS AND VARIABLES

Normalised roughness at pixel px (scaled 0-1 using robust min-max,
2nd-98th percentiles).

Pearson correlation coefficient between metrics i and k (CRITIC).
Sensor-derived slope category at pixel i (€ {4, B, C}).

Normalised slope at pixel px (scaled 0-1 using robust min-max, 2nd-
98th percentiles).

Processing time for a workflow/dataset (e.g., minutes or hours).
Moving-window size used for local terrain metrics (e.g., 5X5 m).
CRITIC-derived weight assigned to metric k.

Weight of roughness in the TCI formula.

Weight of slope in the TCI formula.

Weight of topographic wetness index (TWI) in the TCI formula.
Reference DTM elevation at pixel i (m).

Sensor/test DTM elevation at pixel i (m).

20



FUNCTIONS AND VARIABLES

ACRONYMS, ABBREVIATIONS AND DEFINITIONS

AGL
ALOS
ALS
AR
ASPRS
ccc

CI
CMOS
CNN
CPU
CR
CRITIC
CRS
CSF
CTL
cv
DEM
DJI

DL
DSM
DTM
DTW
EOSDIS
EU
FOV
GCP
GDAL
GIS
GNSS
GPR
GPS
GPU
HLS
ICP
IQR
ISTVS
KDE
LAS

Above ground level
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Concordance correlation coefficient
Cumulative influence
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Convolutional neural network

Central processing unit
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Criterion importance through intercriteria correlation
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Cloth simulation filter
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Coefficient of variation

Digital elevation model
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FUNCTIONS AND VARIABLES

LAZ (compressed LAS LiDAR format)
Light detection and ranging

Long wheelbase

Mean absolute error

Mean absolute percentage error
Machine learning

Mobile laser scanning

Mean relative error

National Aeronautics and Space Administration
Nominal ground pressure

Normalised median absolute deviation
National terrain classification

Overall agreement

Omission error (underestimation)
Ordinary least squares
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Processing efficiency index
Random-access memory

Root area ratio

Raw data rate

Random forest
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Segment anything model
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Standard deviation
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Total sum of squares

Terrain complexity index

Terrain classification system
Terrestrial laser scanning
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UE
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ViT
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FUNCTIONS AND VARIABLES

User’s error (overestimation)
Universal transverse mercator
Vision transformer

Vector ruggedness measure

23



FUNCTIONS AND VARIABLES

DEFINITIONS

DETRENDED TERRAIN RUGGEDNESS INDEX (TRI*) A slope-adjusted ruggedness metric de-
fined as the residual component of TRI, y after removing its linear dependence on slope,.

(i.e., TRI;R), intended to isolate ruggedness not explained by slope.

OPERATIONAL FEASIBILITY The practical ability to acquire, process, manage, and apply re-
mote sensing-derived terrain data under real-world forestry constraints. In this work, it
includes survey efficiency and logistics, data availability and coverage, processing complex-
ity and computational demands, data volume and storage requirements, cost structure,
and the time and expertise needed to deliver terrain data products suitable for analysis
and decision-support. Operational feasibility is considered separately from analytical ac-

curacy.

SLOPE-BASED TERRAIN CATEGORY A categorical classification (A, B, C) derived from NTC
slope classes [1] using fixed slope thresholds (A: <30%, B: 30-50%, C: =50%), used to
represent terrain steepness and its implications for mechanised forestry operations.

TERRAIN TRAFFICABILITY The ability of terrain to support and permit vehicle movement,
i.e. whether vehicles can traverse an area without immobilisation, excessive sinkage/rut-
ting, or loss of traction. In this dissertation, terrain trafficability is treated as a coupled
terrain-vehicle property influenced by ground conditions (e.g. soil strength/support ca-
pacity and moisture state), surface roughness/obstacles, and slope, in line with ISTVS stan-
dards [2, 3].

TERRAIN COMPLEXITY INDEX (TCI) A composite, normalised index combining slope, sur-
face roughness, and topographic wetness using CRITIC weighting, designed to represent
relative terrain complexity at the pixel scale. In this study, TCI is stratified into three rel-
ative classes (low, moderate, high) using percentile-based thresholds and is intended for
comparative and scale-sensitive analysis rather than as an absolute measure of terrain dif-

ficulty.
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CHAPTER 1

TERRAIN CHARACTERISATION IN FOREST OPERATIONS

1.1 THE ROLE OF TERRAIN ANALYSIS IN MECHANISED TIMBER

HARVESTING PLANNING

Timber harvesting is a global, high-volume industrial activity, whose scale and intensity are
increasingly assessed in terms of operational efficiency and environmental footprint [4].
Global roundwood removals reached approximately 4.0 billion m3 in 2022, with industrial
roundwood production concentrated heavily in Europe and North America, accounting for
approximately 55% of this global industrial volume [5]. This reflects a long-term trend
of intensification, particularly in the European Union (EU), where roundwood production
has increased by approximately 26% since 2000 [6].

In these industrialised forestry regions, commercial timber supply relies predomi-
nantly on fully mechanised harvesting systems [7, 8], typically full-mechanised ground-
based cut-to-length (CTL) on gentle to moderate ground and cable yarding on steep ter-
rain, usually involving the extraction of whole trees, with log processing carried out at the
landing site [9, 10]. In CTL, a harvester fells, delimbs, and cross-cuts stems at the stump,
after which a forwarder transports logs to the roadside landing. Because both machines
make repeated passes within the stand, primarily along extraction trails, CTL concentrates
traffic on a limited trail network. Cable-assisted (tethered /winch-assisted) configurations
can extend the operating envelope of ground-based machines by improving traction and
stability on steeper ground [11]. Where ground-based operation remains infeasible, cable
yarding is the established alternative for slopes beyond the practical limits of conventional
systems [12, 13].

While fully mechanised CTL systems dominate in parts of Northern and Central Eu-
rope and North America, the degree of mechanisation varies widely across global forestry
regions, with many countries still relying on motor-manual and semi-mechanised systems
[14]. In Mediterranean forestry contexts, harvesting often involves mixed systems, such as
motor-manual felling combined with machine-based extraction (e.g., skidders or tractors),
reflecting the later adoption and more limited spread of fully mechanised harvesting sys-
tems [15]. Although these vehicles are often lighter than purpose-built forest machines,
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1.1. THE ROLE OF TERRAIN ANALYSIS IN MECHANISED TIMBER HARVESTING PLANNING

their environmental impact is not necessarily lower. Repeated traffic with wheeled trac-
tors can still cause substantial soil compaction and rut formation, particularly under moist
soil conditions, and the severity of disturbance is strongly influenced by terrain and soil
factors such as soil moisture, ground morphology, and traffic intensity [16, 17].

While mechanisation has enabled substantial increases in labour productivity and har-
vesting capacity [18] and, by reducing reliance on motor-manual chainsaw felling, can min-
imise operator exposure to high-risk felling conditions [19], key limitations are no longer
driven mainly by labour inputs (e.g. manual felling capacity and operator fatigue), but in-
stead by how machines interact with terrain and soil conditions. In operational terms, this
interaction is commonly framed as terrain trafficability, which refers to the ability of ter-
rain to support and permit vehicle movement, encompassing factors such as soil bearing
capacity, slope, and surface roughness, as defined in standards from the International So-
ciety for Terrain-Vehicle Systems (ISTVS) [2].

Modern forest machines are heavy, complex assets whose dynamic loading of the
ground surface affects both operability and environmental outcomes [20]. In ground-
based operations, slope gradient, surface roughness, and soil bearing capacity can there-
fore limit mobility and fuel efficiency and increase the likelihood of traction loss, vehicle
instability, and soil deformation [21, 22, 23, 24, 25]. Where these limitations confine traf-
fic to a limited and repeatedly used extraction network, cumulative machine passes can
intensify impacts on soil physical properties, leading to compaction, rutting, and erosion
[26,27].

These terrain-related constraints also have economic and safety consequences. Har-
vesting on steep or rough ground typically requires more demanding operating conditions
and specialised technology, and is often associated with reduced productivity [28] and
higher unit costs [29]. Difficult terrain can also increase the severity of machine-related
incidents [30] and elevate operator exposure to whole-body vibration during the opera-
tions [11, 31, 32]. Consequently, managers face an ongoing optimisation problem: main-
taining economic performance by maximising productive machine hours and minimising
extraction distance, since longer distances increase cycle time, fuel use, and unit costs. At
the same time, they must meet regulatory (and often certification) requirements that limit
soil disturbance (e.g., maximum allowable disturbed area and rutting thresholds) and pro-
tect site quality [33, 34]. For example, in Finland, rutting thresholds used in operational
monitoring define alogging track as damaged if it contains more than 1 m of rutting deeper
than 10 cm on mineral soils or 20 cm on peatlands [35]. These trade-offs make terrain in-
formation a prerequisite for effective planning. It is essential to identify where machines
can operate efficiently and safely, and where soil disturbance risk is likely to exceed de-
fined thresholds.

To optimise harvesting activities within these constraints, planning is typically organ-
ised within a hierarchical framework that distinguishes strategic, tactical, and operational

levels [36]. This hierarchy reflects a practical balance: long-term strategic planning over
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1.2. TERRAIN CLASSIFICATION SYSTEMS (TCS): HISTORICAL CONTEXT AND FRAMEWORK

large areas relies on aggregation and simplified representations, whereas short-term op-
erational execution requires fine-scale, spatially explicit information.

Terrain information, together with forest inventory, infrastructure, and operational
constraint data, is consumed differently at each level while consistently serving as a fea-
sibility filter. At the strategic level, terrain information supports broad operability zon-
ing and system allocation. In practice, this includes deciding between ground-based and
cable-based systems. At the tactical level, terrain information is used to translate these
constraints into stand-level layouts, such as the placement of landings and the preliminary
design of extraction networks and access. This means choosing a landing on stable ground
near the road and sketching the main forwarder trails connecting the stand to that landing,
while avoiding steep or wet areas. At the operational level, the focus shifts to short-term
routing and disturbance avoidance, where decisions must be made at the scale of individ-
ual machine passes [36].

At this point, terrain data resolution becomes critical for assessing machine trafficabil-
ity at operational scales. A single-value “steep stand” classification may be sufficient for
strategic zoning, but it can miss short slope breaks, rock outcrops, stumps, boulders, and
wet microsites that ultimately govern on-the-ground machine mobility and disturbance

risk.

1.2 TERRAIN CLASSIFICATION SYSTEMS (TCS): HISTORICAL CON-

TEXT AND FRAMEWORK

To bridge the gap between strategic zoning and operational reality, forestry developed
standardised classification systems. The origins of these approaches, however, are not
unique to forestry. The methodological foundations for general land classification were his-
torically laid in land resource survey studies and military mobility/trafficability research
[37], where approaches established the fundamental methodologies for describing terrain
in repeatable mapping units during the 1940s-1960s [38, 39]. These systems prioritised
consistency, repeatability, and applicability across large heterogeneous landscapes.
Building on these foundations, terrain classification systems emerged in forestry to
standardise the assessment of ground conditions, match equipment to site constraints,
and anticipate operational costs and environmental risks. Early forest engineering re-
search in the Nordic countries developed systematic terrain assessment methods to ad-
dress this need. Haarlaa [40] work within the Inter-Nordic Forest Terrain Classification
Project demonstrated that a small set of physical parameters, such as ground conditions,
surface roughness, and slope, could systematically predict machinery mobility, productiv-
ity, and environmental risk across sites. This approach became the template for subse-
quent national systems in Sweden, Canada, South Africaand New Zealand during the 1980s
and 1990s [1, 41, 42, 43, 44], each adapting the three-factor structure to local soil, climate

and operational contexts.
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1.2. TERRAIN CLASSIFICATION SYSTEMS (TCS): HISTORICAL CONTEXT AND FRAMEWORK

Despite these regional adaptations, national TCS implementations converge on the
same three core terrain factors: ground conditions and/or ground bearing capacity, sur-
face roughness and slope gradient, with difficulty classes defined on standardised scales.
However, the specific thresholds and measurement methods vary substantially between
systems, reflecting differences in soil types, climate, and equipment capabilities in each
region (Fig. 1.1).

1.2.1 THE THREE-PILLAR TERRAIN CLASSIFICATION FRAMEWORK

To organise these shared concepts, the three-pillar terrain classification framework for-
malises the standard three-factor structure and makes explicit how each factor constrains
operations. Each pillar corresponds to a distinct operational constraint and is measured

through regionally adapted methods.

= Ground conditions (bearing capacity) reflect soil strength under machine loads and
are strongly moisture-dependent. The same soil can shift from "good” trafficability
when dry to "poor” when saturated, with increasing water content generally reduc-
ing strength in fine-textured soils [1, 37, 45] (Fig. 1.1a). Systems operationalise this
moisture sensitivity in different ways. The South African TCS explicitly codes ground
condition for three moisture states (dry, moist, wet) using three digits (e.g., "145”),
with ratings derived from soil type and clay content and adjusted for moisture sta-
tus [1]. In the New Zealand framework, bearing capacity is measured directly using
a drop-hammer cone penetrometer and expressed as the number of blows required
to reach specified penetration depths (commonly reported to ~50 cm). Lower blow
counts indicate weaker ground (poorer bearing capacity), while higher blow counts
indicate firmer ground [45]. Field guidance notes that areas averaging fewer than
about 15 blows to ~50 cm warrant consideration of low-ground-pressure or cable
extraction options, whereas where more than 15 blows are required, ground extrac-
tion is assumed feasible (subject to soil-moisture interpretation, especially on clay
soils) [45]. The New Zealand protocol also specifies how the penetrometer read-
ings are taken (multiple readings per plot; record penetration depth if 50 cm is not
reached after 50 blows) to support repeatability [45].

In contrast, Swedish and Finnish classifications rely primarily on mapped/field-
interpreted soil-type and moisture-regime indicators rather than on routine in-situ
strength testing. At the same time, North American approaches commonly infer
ground strength from soil texture/moisture regime and site indicators, such as veg-
etation/soil associations [37, 40, 42, 43].

= Surface roughness describes micro-scale terrain irregularities, such as rocks, boul-
ders, mounds, and depressions, that influence machine travel speed, stability, and

fuel consumption [1, 11]. In the national terrain classification systems summarised
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in Fig. 1.1b, roughness is expressed (where directly comparable) as obstacle den-
sity (obstacles ha™1), but the class thresholds and descriptive labels differ between
systems. For example, both Sweden and South Africa define the lowest roughness
class as isolated terrain with < 40 obstacles ha™! and a second class spanning 40-
400 obstacles ha™! [1, 43]. Sweden then defines moderate roughness as 400-4000
obstacles ha™! and an abundant class as > 4000 obstacles ha™! [43]. South Africa
similarly uses 400-2000 obstacles ha™! for a moderately frequent class and > 2000
obstacles ha™?! for a frequent class [1]. New Zealand uses the same obstacle-density
breakpoints as Sweden (i.e., < 40, 40-400, 400-4000, and > 4000 obstacles ha‘l),
but applies different descriptive labels, with the 400-4000 range spanning slightly
uneven through uneven/rough and > 4000 classified as very rough [45]. The USA
(Maine) system shown here is not directly comparable because roughness is defined
as a matrix combining obstacle height and density rather than obstacle density alone
[42].

The operational impact of surface roughness is direct and quantifiable: rough,
obstacle-rich terrain reduces machine travel speed, increases fuel consumption and
elevates operator workload, thereby constraining which machinery types can oper-
ate effectively [11]. Across all systems, the classification principle is consistent: ter-
rain with high obstacle density and large obstacles poses the greatest impediment to
machinery mobility and typically requires either slower operation or more capable
equipment, regardless of regional context.

= Slope gradient governs machine traction, rollover risk, and the operational thresh-
old for switching from ground-based to cable or aerial extraction systems [11]. All
systems classify slope into discrete gradient classes (level, gentle, moderate, steep,
very steep), which are tied to machinery limits and safety regulations. Yet, the nu-
meric thresholds show the most significant variation between systems (Fig. 1.1c).
Swedish [43] systems define the highest slope class (class 5) as > 50%, with class 4
covering 33-50%. The South African system [1] similarly includes a > 50% upper
class. New Zealand [45] also uses > 50% as the highest class, whereas the Maine
(USA) scheme [42] uses > 45% as the upper slope class. Additionally, slope shape,
whether regular, undulating, terraced, concave, or convex, further modifies opera-
tional feasibility and safety, with convex slopes presenting elevated rollover risks
and concave configurations potentially trapping machines or severely impeding lat-
eral movement [1].

Despite this framework’s clear operational structure, traditional TCS exhibit several
practical limitations when implemented consistently across large landscapes.

29



1.2. TERRAIN CLASSIFICATION SYSTEMS (TCS): HISTORICAL CONTEXT AND FRAMEWORK

(a) Ground bearing capacity criteria

Sweden Gravel Moraine Fine sand
Soil type (dry) (dry) (moist)
South Africa Very good Good
Clay % + moisture (dry, low clay) (lowlclay)
USA (Maine) Very good Good Moderate Poor
Soil texture + moisture (coarse sand / gravel) (well drained sands) (loams / silts) (wet fule soils)
New Zealand Very good Good Average Poor Very poor

Penetrometer Hard (>50 blows) Very firm (40-50 blows) Firm (30-40 blows) Soft (15-30 blows) Very soft (0-15 blows)
Class 1 Class 2 Class 3 Class 4 Class 5
(Very good) (Very poor)
(b) Roughness class ranges (obstacles/ha)
Isolated Sparse Moderate Abundant
Sweden I -
<40 40-400 400-4000 >4000
Isolated Infrequent Moderately frequent Frequent
South Africa . ——
<40 40-400 400-2000 >2000
USA (Maine) Matrix-based (height x density)
Very even Slightly uneven Slightly uneven / Uneven / Rough Very rough
New Zealand
<40 40-400 400-4000 >4000
10! 102 103 104
Obstacles per hectare (log scale)
(c) Slope class ranges
C1 Cc2 C3 C4 C5
Sweden I —— I
0-10 10-20 20-33 33-50 >50
C1 Cc2 C3 C4 C5 cé C7
South Africa >
0-11 11-20 20-30 30-35 35-40 40-50 >50
C1 Cc2 C3 C4 C5 cé6
USA (Maine) = —>
0-2 2-8 8-15 15-25 25-45 >45
C1 C2 C3 C4 C5
New Zealand
0-10 10-20 20-33 33-50 >50
0 10 20 30 40 50 60

Slope gradient (%)

@» Sweden @D South Africa @@ USA (Maine) New Zealand

Figure 1.1: An overview of terrain classification criteria used in the four national frame-
works. Panel (a) shows ground-condition classes describing soil strength and bearing ca-
pacity; (b) shows surface roughness classes expressed as obstacle density (obstacles per
hectare; log scale); and (c) shows slope class ranges (slope gradient, %). For New Zealand,
ground bearing capacity is based on cone penetrometer resistance reported as blows to 50
cm, i.e., the number of hammer impacts (“blows”) required to drive the cone to a depth
of 50 cm (higher blow counts indicate firmer ground). The systems are based on national
terrain classification schemes for the USA (Maine) [42], South Africa [1], Sweden [43], and

New Zealand [45].

1.2.2 LIMITATIONS OF TRADITIONAL TCS

Traditional TCS approaches rely heavily on manual field surveys, visual estimation, and ex-
pertjudgement, which makes terrain mapping labour-intensive and difficult to scale across
large landscapes [1, 45, 43]. Data collection typically requires in-field measurements for
multiple terrain factors (e.g., bearing capacity via soil probing or penetrometer readings,

roughness via obstacle counts, and slope along representative baselines) [1, 45]. As a re-
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sult, terrain information is often limited to sampled transects or selected stands rather
than continuous spatial coverage [1, 43, 45].

A second limitation is spatial representation. Terrain is commonly mapped as polygons
intended to represent homogeneous units, often at scales of 100 m or larger, and assigned
a single class for each factor [1, 43]. This discretisation imposes rigid boundaries that can
mask gradual transitions and obscure operationally critical small-scale variability [1, 45].
Consequently, locally rough or weak ground may be averaged into a single class for an en-
tire polygon, despite controlling machine mobility and disturbance risk in practice [1, 45].

Finally, reliability and temporal validity present persistent challenges. Visual ratings
for roughness and slope are sensitive to observer judgement and mapping scale, requiring
substantial training and calibration to achieve consistency among operators [1, 43]. In
addition, trafficability can fluctuate with short-term changes in soil moisture and seasonal
freezing, meaning that static terrain classes may only approximate conditions at the time
of survey or mapping [1, 45]. This motivates terrain data sources that are more spatially

exhaustive, less observer-dependent, and easier to update as conditions change [1, 45].

1.3 REMOTE SENSING FOR TERRAIN DATA ACQUISITION

In recent decades, advances in remote sensing have transformed how forest terrain is
mapped and quantified, supporting a wide range of operational and ecological applications
[46, 47]. Unlike manual, unit-based mapping, remote-sensing-derived, spatially continu-
ous data enable consistent topographic products across multiple spatial scales: from re-
gional elevation models to fine-resolution datasets suitable for operational planning [48].

Platforms range from spaceborne (satellite) to airborne, unmanned aerial vehicle
(UAV)-based, and terrestrial systems, each with trade-offs in coverage, achievable reso-
lution, and performance under forest canopy [47, 49, 50, 51]. Across these platforms, sen-
sors are commonly grouped into passive (which record reflected or emitted natural radi-
ation) and active instruments (which emit their own signal and measure the return), and
this distinction strongly influences ground-surface reconstruction in forest environments
[52,53].

1.3.1 ACTIVE SENSORS

Active sensors emit energy and measure the returned signal to capture three-dimensional
geometry, most commonly as LiDAR (light detection and ranging) point clouds, which
can be processed into digital terrain models (DTMs) and, where repeat acquisitions are
available, elevation-change surfaces. In forest operations, LiDAR is widely used because it
provides spatially continuous terrain and canopy information across scales, from regional
baselines to stand-level planning layers [52, 47].

At landscape and planning scales, airborne laser scanning (ALS) provides area-wide

LiDAR point clouds and derived terrain models (DTMs) that support access and extraction
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planning and enable the derivation of susceptibility layers such as DTW (Depth-to-Water)
[54] and TWI (topographic wetness index) [55] products [35, 47, 56]. These layers are of-
ten integrated into a geographic information system (GIS) and other workflows for tasks
such as cost-surface routing and skid-trail network optimisation [57]. ALS-derived DTMs
are also widely used for wet-area and trafficability mapping to delineate moisture-prone
zones and support operational decisions [35, 47, 56]. In several EU countries, ALS also sup-
ports countrywide forest inventory and monitoring programmes, where area coverage is
typically prioritised over very high point densities. Reported specifications are commonly
around 1-4 points m~2, depending on acquisition design [47, 58].

At finer operational scales, UAV LiDAR is often a more flexible option than ALS because
it can be deployed on demand and repeated as needed to capture current site conditions.
Compared with ALS, UAV LiDAR typically delivers denser point clouds over smaller areas,
enabling a more detailed representation of microtopography for stand-level planning ap-
plications. It can capture small terrain features relevant to extraction planning, such as
local obstacles and abrupt changes in the ground surface [59]. UAV LiDAR workflows have
also been used to map post-harvest skid trails and soil disturbance using microtopographic
signatures [60].

For detailed ground-surface reconstruction and disturbance quantification, terrestrial
laser scanning (TLS) provides very dense, close-range point clouds. In forestry applica-
tions, TLS is often used as a high-accuracy reference for validating terrain products from
airborne or UAV surveys and for quantifying fine-scale surface change in disturbance stud-
ies [61, 62]. For example, TLS has been used to map the spatial variability of soil distur-
bance along skid trails [63]. However, its main limitation is limited spatial coverage rela-
tive to airborne or UAV platforms.

Handheld and mobile LiDAR (HLS) enable efficient close-range mapping in forests, with
SLAM (simultaneous localisation and mapping) commonly used to register scans when the
global navigation satellite system (GNSS) is unreliable under canopy [64]. SLAM-based
mobile scanning has been demonstrated on forest platforms to produce local 3D maps for
extracting tree positions and stem attributes, while highlighting practical requirements
such as loop closures and appropriate trajectory design to limit drift [64, 65].

Active sensing can also be integrated directly into operations through machine-
mounted LiDAR, enabling rut-depth measurement during harvesting with centimetre-level
agreement with manual reference measurements [66, 67]. Several studies further note
that terrain products and wetness mapping are most informative when combined with
dynamic predictors (e.g., hydrological modelling, weather history, and machine data) to
address temporal variability in trafficability and rut development [24, 56, 68]. The main
operational strengths and limitations of common active platforms are summarised in Ta-
ble 1.1.
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Table 1.1: Strengths and limitations of active sensing platforms for terrain acquisition in forest

operations
Platform / Typlca! strengths for forest Typical limitations / risks  Reference
operations
sensor
Coarser representation of
Rapid, large-area coverage; microtopography than
. UAV/close-range systems;
consistent DTMs for .
strategic/tactical planning; DTM quality depends on
ALS g p & ground returns and [35,47,57]
enables DTW-style wet-area . .
. ) interpolation; lower-density
screening when high-res
; products can
DTMs exist . .
miss/underestimate small
details
Smaller area per flight;
workflow depends on
Very high local detail; flexible GNSS/real-time kinematic
re-survey; strong for rugged (RTK) and/or ground control
UAV LiDAR terrain, obstacle detection, points (GCPs); high data [59]
scanning (ULS)  and stand-level terrain volumes and
modelling computing/storage demands;
higher acquisition and
processing costs
Limited spatial extent;
Very dense point clouds; time-intensive field
excellent for skid-trail deployment; extremely dense
TLS microtopography and point clouds leading to high  [63, 69]
detailed disturbance processing and storage
mapping demands; high equipment
and operational costs
Drift/registration
High point density at plot u_nc.ertalnty under canop_)y;
. . limited area coverage; higher
scale; efficient for detailed er-hectare effort: larce
Handheld, and rapid terrain mapping in pet OTh |arge [70,71,72]
o point clouds with substantial
mobile LiDAR small areas; useful where rocessing and storage
(HLS, SLAM) UAV flight is constrained p & . &
demands; equipment and
software can be costly
Mounting and
viewing-geometry
Collects rut geometry during constraints; sensitivity to
ochine.  OPeons gt ot macine ibraon and s 1
mounted LiDAR & p p »req

surveys

calibration, operational
integration, and data quality
checks
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1.3.2 PASSIVE SENSORS

Passive sensors, on the other hand, record reflected radiation (e.g. RGB imagery) and infer
surface geometry indirectly, most commonly through Structure-from-Motion (SfM) pho-
togrammetry, making them effective for post-harvest disturbance mapping where canopy
openness and ground visibility permit [52, 73]. UAV-based imagery has been widely used
for post-harvest mapping of soil disturbance, including stand-level disturbance assess-
ment and quantitative reconstruction of skid-trail deformation and rutting [70, 73, 74, 75].

In operational stand-level applications, orthomosaics and UAV-derived surface models
(DSMs) have been used to map the spatial extent of disturbances and classify their sever-
ity across harvested areas [74]. Where surface geometry can be reliably reconstructed,
UAV photogrammetry has also been used to quantify terrain deformation associated with
extraction traffic, including estimating rut depth from SfM point clouds and derived eleva-
tion surfaces [73, 75]. In steep terrain, multi-temporal workflows combining post-harvest
UAV surfaces with pre-harvest reference terrain enable direct quantification of soil dis-
placement and cut-fill changes along machine trails, linking mapped disturbance patterns
to measurable terrain change [70]. Across these studies, performance is consistently con-
ditioned by canopy openness, understorey obstruction, and image geometry, which limit
ground-surface visibility and therefore constrain where passive photogrammetric meth-
ods can provide complete and unbiased measurements [73].

At coarser scales, satellite-derived elevation products provide baseline terrain lay-
ers for regional context and broad mapping. However, their spatial resolution typically
smooths the microtopography that governs machine-terrain interaction at the scale of skid
trails, ruts, and local obstacles. This scale mismatch makes them most useful for strategic
context. In contrast, operational mobility assessment and detailed soil-disturbance map-
ping generally require finer-resolution terrain products derived from UAV and LiDAR sur-
veys [52, 47].

Nevertheless, satellite-based remote sensing (passive optical and active synthetic aper-
ture radar, SAR) is widely used in forest operations for repeatable, large-area monitoring
and inventory support. Multi-temporal observations can be used to update forest informa-
tion systems with layers such as forest/non-forest, forest type, tree species distribution,
and stand development stage. However, mapping performance depends strongly on the
availability of imagery within appropriate phenological windows [76].

Open-access satellite data streams, such as Sentinel optical and SAR, and ALOS PALSAR
(Phased Array type L-band Synthetic Aperture Radar) type SAR, have also been combined
with machine-learning workflows to map forest structure variables (e.g., height, basal area,
biomass proxies) at management-relevant resolutions, with demonstrated benefits from
fusing optical indices, textures, and multi-frequency SAR features [77]. In operations over-
sight, satellites are commonly used for change detection and compliance monitoring, for
example, to identify harvesting activity and delineate affected areas, leveraging repeat re-
visit and synoptic coverage [78]. For post-harvest soil-impact screening at broader scales,
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coarse-to-moderate-resolution satellite imagery, such as Sentinel-2, has been evaluated
alongside other readily available image sources for detecting extraction-related track pat-
terns. However, reliability remains site- and visibility-dependent compared with higher-
resolution UAV products [50].

1.3.3 TERRAIN METRICS FOR FOREST OPERATIONS

Regardless of the sensor or platform, remote sensing data used for terrain analysis are
typically processed into gridded elevation surfaces, such as DSMs and DTMs, and, when
image-based workflows are used, orthomosaics provide additional visual interpretation
and feature mapping.

From these products, raster layers and terrain metrics are typically derived and used
across application domains (e.g., geomorphology, where DTMs and related indices sup-
port landslide modelling and terrain-stability assessment) [79]. In forest operations, they
are most commonly used to quantify deformation linked to soil disturbance, characterise
surface roughness or ruggedness using continuous indices, and represent steepness and
broader terrain complexity for planning and trafficability [52, 47].

1.3.3.1 SOIL DEFORMATION AND RUTTING

Ruts develop when wheel or track loads (and associated shear stresses under traction,
braking, and turning) exceed the soil’s bearing capacity, leading to plastic deformation
and displacement of the upper horizons. Because rutting can impair machine mobility
and access, alter surface hydrology and connectivity, and increase erosion and sediment-
transport risk, it is widely used both as an environmental-impact indicator and as a prac-
tical quality-control variable in mechanised harvesting [47].

In Nordic practice, this operational relevance is reflected in monitoring frameworks
that treat rut-depth thresholds as triggers for operational adjustments, such as re-routing
traffic, adding slash, or postponing forwarding, and in decision-support efforts that aim to
identify wet or weak areas before machines enter them [47, 80]. From a terrain-analysis
perspective, rut-risk mapping is often framed as a soil-moisture-susceptibility problem, in
which topographic indices approximate zones of water accumulation and shallow ground-
water.

Two widely used metrics are the TWI and depth-to-water (DTW). TWI is a steady-state
wetness proxy based on upslope contributing area and local slope [55]. DTW estimates
the vertical distance from the terrain surface to the nearest mapped surface-water feature
along a flow path, with low DTW values indicating locations more likely to be wet and weak
[54]. In trafficability mapping, DTW is commonly thresholded to delineate potentially sen-
sitive soils (e.g. using DTW < 1 as a nominal “wet/sensitive” class) [47]. However, em-
pirical evaluation shows that DTW performance can be site-dependent and should not be
treated as a stand-alone predictor. In a survey of 16 Swedish clear-cuts, severe rutting (ruts
deeper than 10 cm) was significantly associated with soil bearing-capacity class and traffic
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intensity. In contrast, cartographic DTW alone was not significant in the pooled analysis.
Nevertheless, DTW added value when interpreted jointly with soil information for road
extraction and planning [80].

Additionally, an increasing portion of the work has evaluated remote sensing as a
means of objectively measuring rut depth and mapping rutting extent and severity. UAV-
based photogrammetry and close-range 3D reconstruction can capture rut geometry with
centimetre-level agreement relative to field measurements under favourable visibility con-
ditions [70, 73, 74, 81]. For example, close-range photogrammetry reproduced rut depth
with a root-mean-square error (RMSE) of a few centimetres (2.07-3.84 cm across profiles).
[t supported volumetric disturbance estimates along short trail segments [70]. UAV pho-
togrammetry similarly enables continuous spatial profiling of ruts. However, accuracy
depends on acquisition design and rut morphology. A drone-based study reported high
agreement with manual measurements (R? of 0.77-0.83) and noted underestimation at
higher flight altitudes, as well as practical failure modes such as water-filled ruts [82]. In a
skidding-operation case study, UAV-based rut estimation was reported with a mean abso-
lute percentage error (MAPE) of 16.86% [75]. Beyond post-harvest UAV surveys, machine-
mounted LiDAR has been tested as an in-operation monitoring option, producing rut-depth
estimates with RMSE < 3.5 cm when validated against manual reference measurements
[66]. Together, these approaches provide spatially explicit deformation metrics that can
support post-harvest assessment and, notably, help validate terrain-based trafficability in-
dicators used in planning [47, 74].

1.3.3.2 SURFACE ROUGHNESS AND TERRAIN RUGGEDNESS

Terrain roughness in forestry can be represented in two conceptually different ways. In
traditional TCS, roughness is commonly described as an obstacle-based property, charac-
terised by the frequency and height of discrete impediments such as rocks and boulders
[1, 43]. In contrast, DEM-based indices such as the terrain ruggedness index (TRI), vector
ruggedness measure (VRM), and area ratio (AR) represent continuous measures of surface
variability computed from elevation neighbourhoods, rather than explicit obstacle counts.
Because these approaches quantify different aspects of the ground surface, they are not di-
rectly interchangeable, and DEM-based ruggedness indices are sensitive to analysis scale
(neighbourhood size and DEM resolution) and to slope-related effects [83, 79].

Given this conceptual mismatch, recent work has also begun to bridge these concepts
by using high-resolution UAV terrain surfaces to automate obstacle-focused roughness
mapping that aligns with the logic of traditional, obstacle-based roughness classes [83]. In
parallel, other studies treat ruggedness indices as general-purpose descriptors of surface
complexity and show that their outputs are strongly shaped by methodological choices,
including the input elevation model, raster resolution, and neighbourhood definition [79].

However, recent methodological work shows that widely used DEM-based metrics, es-
pecially TRI, can be strongly influenced by local slope (and may behave like a slope proxy
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on smooth but inclined surfaces) unless slope/trend effects are explicitly addressed [84].
Accordingly, index choice and parameterisation should be matched to the operational ques-

tion and mapping scale.

1.3.3.3 STEEPNESS AND TERRAIN COMPLEXITY

Steepness is a fundamental factor in forest operations because it affects traction, stabil-
ity, and the practical applicability of different extraction systems. In steep terrain, con-
ventional ground-based systems are often constrained to lower slopes, while cable-based
systems become the dominant option as gradients increase. For example, steep-slope oper-
ations in mountainous regions are strongly associated with cable yarding, and commonly
cited safe operating ranges for standard ground-based systems are typically below about
30-40% slope [12]. Empirical studies of cable extraction in southern Italy illustrate the
steep context in which cable systems are applied, with reported average slopes frequently
exceeding 50% and ranging from 59% to 78% across study sites [13].

In terrain modelling, steepness is typically represented as slope derived from DTMs.
It is often combined with complementary descriptors such as curvature, local relief, and
wetness/flow-related indices in GIS-based suitability and planning workflows. The useful-
ness of slope products is scale-dependent: higher-resolution DTMs better capture short,
steep segments and slope breaks that can control route feasibility, whereas coarser DEMs
smooth these transitions, potentially misrepresenting critical sections for machine routing
and constraint mapping [85]. In operational decision support, slope layers are therefore
used together with other mapped constraints, particularly wet-area/trafficability prox-
ies such as DTW/TWI-type indices, because steepness interacts with soil moisture and
bearing capacity in shaping machine performance and rutting risk [47, 56]. Recent work
further emphasises the importance of combining terrain morphology with time-varying
drivers (e.g., weather history and modelled soil moisture) and operational data streams to
improve the explanation of performance variation in mechanised CTL systems [36].

Collectively, these terrain metrics describe how the ground surface responds to ma-
chine loading (deformation and rutting), how uneven or rugged it is at operational scales,
and how steepness and terrain complexity constrain the choice and performance of har-
vesting systems [52, 47]. Yet, their reliability and operational usefulness depend strongly
on sensor type, ground visibility, and analysis scale, as well as on how well DEM-based
indices capture the constructs embedded in traditional terrain classification systems
[79, 84, 83]. These dependencies motivate a structured evaluation of remote sensing-
based terrain analysis across the three terrain pillars, together with an assessment of the
practical trade-offs (survey effort, processing demands, and data quality) that determine

whether these methods are feasible in forest operations.
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1.4 RESEARCH AIMS AND OBJECTIVES

1.4.1 OVERALL RESEARCH AIM

The primary aim of this research was to evaluate the potential of remote sensing-based ter-
rain analysis to objectively quantify terrain attributes relevant to timber harvesting plan-
ning, and to assess their reliability across different forest environments, sensors, and spa-
tial scales.

The three-pillar TCS framework provides the conceptual structure of the thesis, where
each pillar is addressed through a dedicated study in a distinct forest environment
(Fig. 1.2).

1.4.2 SPECIFIC RESEARCH OBJECTIVES

RO1 (soil conditions): To quantify terrain attributes governing machine-terrain interac-
tion, with particular emphasis on ground conditions and surface deformation, using

high-resolution remote sensing and field-referenced data.

RO2 (surface roughness): To develop and evaluate remote sensing-based methods for de-
riving surface roughness and ground-level obstacle information consistent with ter-
rain classification system concepts, and to generate spatially explicit roughness prod-

ucts for use in mechanised harvesting planning.

RO3 (steepness and terrain complexity): To assess how sensor type, spatial resolution, and
terrain complexity influence DTM-derived terrain representation and slope metric
accuracy, and to evaluate how these effects propagate into slope-based terrain cate-

gorisation across sensors and spatial scales.

RO4 (operational feasibility): To evaluate the operational feasibility of different remote
sensing platforms and terrain data products in forestry applications, considering sur-
vey efficiency, processing demands, data volume, cost structure, and logistical con-

straints.

1.4.3 RESEARCH QUESTIONS

The following research questions operationalise these objectives and guide the thesis

structure.

RQ1 (soil conditions): To what extent can remote sensing-based terrain analysis quantify
ground conditions and surface deformation, and support modelling of machine-soil

interaction responses in forest operations?
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RQ2 (surface roughness): To what extent can remote sensing-based terrain analysis de-
rive operationally meaningful surface roughness and obstacle metrics that are con-
sistent with established TCS concepts under challenging site conditions?

RQ3 (steepness and terrain complexity): How do sensor type, spatial resolution, and ter-
rain complexity affect DTM-derived terrain representation, slope estimation, and the

consistency of slope-based terrain categorisation?

RQ4 (operational feasibility): What practical constraints and trade-off affect the opera-
tional feasibility of different remote sensing platforms and terrain data products?

1.4.4 RESEARCH SCOPE AND LIMITATIONS

This dissertation focuses on the application of active and passive remote sensing technolo-
gies for high-resolution terrain characterisation in the context of forest operations. The re-
search is based on case studies from three distinct forest environments: boreal peatlands
in Finland, a post-fire commercial pine plantation in South Africa, and mixed mountain
forestin Italy.

The scope of the research is delimited as follows:

= Forest machinery: The analysis focuses on terrain interactions (trafficability, ob-
stacle traversability, and soil deformation) specific to ground-based CTL machinery.
While the resulting high-resolution terrain models could also inform other harvest-
ing systems, the mobility constraints analysed here are specific to ground-based

wheeled and tracked machinery.

= Remote sensing sensors: The research primarily evaluates UAV-based photogram-
metry (SfM) and LiDAR-based (ALS, UAV LiDAR, TLS and HLS) platforms. A NASA
satellite-derived DEM is included only in a limited comparative context. Beyond this
baseline, other satellite-based remote sensing products and SAR approaches are not

analysed.

= Terrain attributes: Terrain analysis focuses on the three core components com-
monly used in TCS: soil conditions (expressed through surface deformation and
bearing-capacity proxies), surface roughness (ground-level obstacles), and slope gra-
dient (examined primarily from a methodological perspective rather than direct traf-
ficability modelling).

The study has several limitations that should be considered when interpreting the re-

sults:

« Integrated decision-support and performance modelling: The research evalu-
ates terrain attributes and terrain classifications as planning-relevant inputs. It does
not, however, develop an integrated operability model or optimise harvesting pro-

ductivity, fuel/energy consumption, or machine routing and extraction layout.
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= Operational integration: The analysis is based on survey-grade datasets used for
planning and post-processing. Real-time, machine-mounted sensing (e.g., onboard
cameras or SLAM-based systems) and integration with machine control data (e.g.,
controller area network (CAN) bus) for in-operation terrain assessment are not eval-
uated.

= Economic evaluation: Operational feasibility is assessed in terms of survey effort,
data volume, and processing requirements. A formal economic or financial cost-
benefit or return-on-investment analysis, including detailed expenses, labour time,

transport, and field logistics, is therefore outside the scope of this study. .

« Soil properties and proxies: Direct, systematic laboratory analysis of soil physical,
chemical, or biological properties is not undertaken, and no comprehensive geotech-
nical testing campaign is implemented. Ground conditions are instead represented
through surface deformation and terrain-based proxies (and, where available in in-
dividual case studies, in situ strength indicators such as shear vane measurements)
rather than complete geotechnical soil-strength characterisation.

- Temporal limitations: Analyses represent conditions at the time of data acquisition
and were conducted primarily under snow-free conditions. Seasonal effects (e.g.,
frozen soils, snow cover) and time-varying soil moisture and trafficability dynamics

are not modelled explicitly.

= Model generalisability: Machine learning workflows were developed and validated
using site-specific training data. Therefore, the transfer to other forest types, terrain

conditions, or sensor configurations may require additional training or recalibration.

1.5 OVERALL WORKFLOW

Building on the three-pillar structure outlined above, Fig. 1.2 summarises how the individ-
ual studies connect through a common methodological workflow, from data acquisition
and terrain product generation to cross-sensor evaluation and operational feasibility as-

sessment.

1.6 THESIS OUTLINE

The thesis is organised around the three core terrain classification pillars (ground con-
ditions, surface roughness, and slope/steepness), with each analytical chapter addressing
one pillar (or its extension) and contributing to an integrated workflow and feasibility eval-

uation.
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‘ Terrain analysis for timber harvesting planning ‘

‘ The three-pillar framework |
Study area ¢ i
Pillar 1 Pillar 2 Pillar 3
SOIL CONDITIONS SURFACE ROUGHENSS ‘ STEEPNESS and COMPLEXITY ’
(Chapter 2) (Chapters 3 & 4) (Chapter 5)
‘ Boreal forested peatland ‘ Pine plantation ‘ Mountain mixed forest
(Finland) (South Africa) (Italy)
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Elevation change comparission Semantic segmentation Multi-sensor DTM alignment
Stump influence modelling Point cloud classification Ground point classification
Soil strength estimation Obstacle detection & quantification Terrain complexity indexing (TCI)
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|
\ 4

DISCUSSION and CONCLUSION
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Figure 1.2: An overview of the overall research workflow connecting remote sensing tech-
nologies, terrain classification pillars, processing methods, and operational feasibility as-
sessment.

= Chapter 1 introduces the research context, the terrain classification framework, the
role of remote sensing in terrain data acquisition, and the study’s aims, scope, and
structure.

« Chapter 2 investigates the first pillar, ground conditions, by modelling machine-
induced soil deformation and the mitigating effect of root reinforcement in peatland
forests.

= Chapter 3 addresses the second pillar, surface roughness, by developing a UAV pho-
togrammetry workflow to detect and classify individual obstacles in post-fire terrain.

= Chapter 4 extends the surface-roughness analysis by evaluating high-density TLS
data to detect obstacles under canopy cover (preliminary results).
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Chapter 5 focuses on the third pillar, steepness and terrain complexity, by comparing
multi-sensor data (ALS, UAV LiDAR, HLS, SfM) to assess accuracy and classification

reliability in steep mountain terrain.

Chapter 6 synthesises the operational feasibility of these methods, evaluating the
trade-off between data quality and volume, survey effort, and processing require-

ments.

Chapter 7 discusses the broader implications of the findings for forest operations

and future research directions.

Chapter 8 provides the final conclusions and summarises the research contribu-

tions.
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CHAPTER 2

MODELLING MACHINE-INDUCED SOIL DEFORMATION IN
FOREST SOILS USING STUMP PROXIMITY AND MACHINE
LEARNING

2.1 ABSTRACT

Soil deformation is a key challenge in sustainable timber harvesting, particularly in low-
bearing-capacity environments. In mechanised forestry, this issue is particularly pro-
nounced in peatlands, where rutting results from displacement and root shearing within
the soft, organic substrate. Although tree roots are known to reinforce soil, the role of
stump-root systems in mitigating rut formation remains underexplored. This study investi-
gates the influence of stump presence on rut depth using UAV-based digital terrain models
(DTMs), manual field measurements, spatial modelling, and machine learning techniques.
Unmanned Aerial Vehicle (UAV) rut depth measurements were first compared with manual
data, showing slightly lower values in deeper ruts, particularly in curved trails, with aver-
age discrepancies of around 3 cm. Statistical analysis confirmed that cumulative stump in-
fluence significantly reduced rut depth, with a small to medium effect in straight trails (£2 =
0.04-0.20) and a moderate to significant impact in curved trails (2 = 0.02-0.32). Machine
learning models achieved high predictive accuracy (R? = 0.69-0.85), identifying stump-
related variables and soil shear modulus as key predictors of rut formation. These findings
underscore the importance of incorporating stump-root reinforcement into forest plan-
ning to optimise machine path selection and minimise soil disturbance. Future research
should refine species-specific reinforcement models and explore advanced root mapping
techniques, such as ground-penetrating radar (GPR), to enhance decision-support tools for

sustainable forestry.

2.2 INTRODUCTION

Forests are a key source of renewable resources, essential for timber production and eco-
nomic sustainability [87, 88]. The increasing demand for sustainably sourced timber has
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intensified efforts to optimise wood mobilisation while ensuring long-term ecological bal-
ance [89, 90]. In many parts of Northern Europe, the Baltic states, and Russia, a substan-
tial share of timber production takes place on organically rich soils, including peatlands,
which are widespread across these regions and characterised by high organic matter con-
tent [91].

These ecosystems are known for their high carbon storage capacity and waterlogged
conditions [92], which pose unique challenges for timber production. Historically, peat-
lands have often been managed through drainage to increase forest productivity and tim-
ber supply, thereby supporting tree growth and facilitating easier harvesting processes
[93]. Itis estimated that approximately 15 million hectares (Mha) of peatlands have been
drained for forestry purposes in the temperate and boreal regions, with about 10 Mha in
the Baltic Sea Region (Finland, Sweden, Estonia, Latvia, Lithuania, and parts of Russia)
alone [91, 94]. For instance, in Finland, peatlands cover approximately 8.8 Mha, accounting
for 33% of forestry land, with slightly more than half (4.6 Mha) being drained for forestry.
These drained peatlands contribute significantly to timber production, accounting for 25%
of the total annual stem volume increment of 104 Mm3, with a mean annual increment of
4.6 m3 ha~! [95]. The share of managed peatland forests is highest in southern and eastern
Finland, where 88-90% of the peatland area has been drained, compared to just to 23% in
Lapland [93].

Despite their economic importance, drained peatlands pose significant challenges for
forestry operations due to their distinctive physical and ecological characteristics, includ-
ing low bulk density and high porosity [96]. Unlike mineral soils, peatlands are composed
primarily of accumulated organic material, formed over thousands of years under water-
saturated, oxygen-poor conditions [94]. This results in a multi-layered structure, typically
consisting of a surface layer (acrotelm) that is up to several decimeters thick. This layer is
porous and highly permeable to water, containing living mosses, roots, and decomposing
organic material. The deeper or sub-surface layer (catotelm) consists of variably decom-
posed, waterlogged peat with very low shear strength [94, 97, 98].

Peat deposits vary in thickness, with boreal forested peatlands typically having an
organic layer exceeding 30 cm [94, 98, 99]. As the peat depth increases, its bearing ca-
pacity decreases, making the soil highly susceptible to deformation under external loads
[22, 100]. When heavy forestry machinery operates on these soft, saturated soils, the high
ground pressure, combined with low structural integrity, leads to soil displacement, com-
paction, and rut formation [101]. These disturbances are particularly severe under poor
trafficability conditions, where repeated machine passes may further destabilise the peat
[26, 49, 102], leading to long-term soil degradation, hydrological disruption, and reduced
tree growth.

Research has shown that rut formation is strongly influenced by soil strength, traffic
frequency, and trail design, with deeper ruts forming as shear strength decreases and the

number of machine passes increases [103, 104, 105]. Forwarders equipped with wider
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trails or additional wheels help mitigate rut depth by distributing ground pressure more
effectively. For instance, trials with 700 mm wide tyres showed a significant reduction in
rut depth compared to 600 mm configurations under equivalent loads [106].

However, while they reduce rutting during the early machine passes, rut formation
continues to progress with repeated traffic, particularly on soft soils, where continued
compaction and displacement occur [107, 108]. Trail design also plays a role, as wider
trails (6 m) allow operators to avoid deepening existing ruts, though further widening be-
yond this offers little additional benefit [103]. Furthermore, modern forwarders are more
favourable in minimising rut formation compared to lighter forwarders from the 1980s,
likely due to the use of bogie axles in the front and improved trail design, which helps dis-
tribute weight more effectively and reduce soil pressure [101].

In recent years, to enhance insight into soil disturbance caused by forestry machinery,
numerous studies have explored the application of remote sensing techniques, particularly
UAV-based photogrammetry and machine learning. Drone-based measurements provide
highly accurate rut depth estimates that closely match manual measurements while en-
abling large-scale, efficient assessments [82]. Deep learning (DL) applied to UAV imagery
achieved 79.5% accuracy in detecting ruts, with the highest precision for severe rutting
[109]. Additionally, Depth-to-Water (DTW) maps help predict rut severity, with 71% of
severe ruts occurring in areas with DTW values below 1 m [23].

While these advances in remote sensing improve the ability to monitor rut formation,
they do not address the underlying factors that influence soil resistance to deformation.
One critical but often overlooked aspect is the role of root systems in reinforcing soil
mechanical strength. Roots improve soil stability through tensile resistance, root-soil in-
terlocking, and mechanical support, which together increase shear resistance, distribute
stress, and bind soil particles [110, 111, 112]. These factors directly influence the soil’s
shear modulus, which quantifies its resistance to deformation, which determines its struc-
tural integrity and ability to resist rut formation [113]. Because roots contribute to shear
strength, they also play a fundamental role in soil reinforcement, with their effectiveness
depending on factors such as root density, root distribution, and tensile strength [114].

These characteristics differ among tree species and soil types, resulting in variations
in root reinforcement values [115]. In boreal forests of Finland, Sweden, and the Baltic
states, the dominant species, Scots pine (Pinus sylvestris) and Norway spruce (Picea abies),
both contribute to soil reinforcement, but in different ways. Scots pine typically develops
a deep root system with strong tap roots, improving stability in mineral soils. However, on
wet peatlands, it may also adopt a shallower root structure. Norway spruce, on the other
hand, has a shallower, plate-like root system that reinforces the upper peatlayer [115, 116].

Root reinforcement is typically evaluated using empirical or mechanistic models that
assess the contribution of roots to soil stability [114]. Most studies in recent decades have
followed the approach of [117] and [118], which treat root bundles as adding cohesion

to the soil. These models require parameters such as root tensile strength, root area ratio
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(RAR), and root distribution, which are obtained from field and laboratory tests [114, 119].
At the same time, advanced models such as the root mundle model with Weibull survival
(RBMw) [112] and RootMap [114] improve predictions by incorporating progressive root
failure. They primarily focus on slope stability and do not account for the influence of
stump roots on soil response to machine traffic.

Some studies have attempted to quantify the spatial effects of stump-root systems
[120] and have found that stumps reduce variability in rut depth along skidding trails.
However, comprehensive spatial modelling approaches remain underdeveloped, and no
existing model fully integrates stump-root reinforcement, soil properties, and machine
loading into a predictive model. There is a clear need for predictive tools that support
machine path planning, enabling managers and operators to avoid high-risk areas and min-
imise soil disturbance. Improved management strategies are also essential for optimising
forestry operations on sensitive soils.

This study aims to address that gap by developing a spatially explicit model that in-
tegrates stump locations and characteristics, soil and environmental parameters, and
machine-induced depth values. Specifically, this study aims to (a) evaluate the accuracy
of UAV-based digital terrain models (DTM) by comparing them with manual rut depth
measurements and (b) develop a spatial decay model that interpolates stump diameter
and root reinforcement effects over distance. Additionally, the study utilised a machine-
learning model to assess key predictors of rut depth and to evaluate how stump-related
variables influence soil deformation in straight and curved trail configurations. By further
integrating this approach with DTW maps, the model could improve decision-making in

drained peatlands, reducing the environmental impact of forestry operations.

2.3 MATERIALS AND METHODS

This chapter quantifies machine-induced rutting on peatland soils and evaluates the ex-
tent to which stump-root systems reduce soil deformation. Methods combine UAV pho-
togrammetry (multi-pass DTMs), manual rut-depth measurements, stump mapping, spa-
tial stump-influence modelling, and Random Forest prediction. The workflow includes two
linked components: (1) validation of UAV-derived rut depth against manual measurements

and (2) rut-depth prediction from soil, machine, and stump-derived predictors (Fig. 2.1).

2.3.1 STUDY AREA

The research was conducted in a peatland area near Tiilikkala in the municipality of
Rautavaara, Northern Savonia, Finland (61° 32’ 0” N, 26° 50’ 0” E, UTM zone 35N) (Fig.
2.2). The Rautavaararegion is generally flat, with elevations ranging from sea level to about
100-200 meters above sea level. The landscape is primarily natural, with vast peatlands,
extensive forests, and numerous lakes, including the nearby Lake Pielinen [97].
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Figure 2.1: Workflow for rut-depth mapping and modelling. (A) Field and UAV data collec-
tion; (B) trail configurations; (C) machine passes; (D) UAV processing and terrain products
(point clouds, DTMs, orthomosaics) and DTM differencing; (E) response (rut depth from
DTM differencing) and predictor variables (field/machine and stump-derived). The work-
flow produces two main outcomes: (1) validation of UAV-derived rut depth against manual
measurements using accuracy metrics and (2) Random Forest rut-depth prediction (10-fold
cross-validation) and spatial prediction maps.

Theregion is characterised by a cold-temperate climate with pronounced seasonal vari-

ability. Winters are long, cold, and snowy, while summers are mild and short. The average

annual temperature is around 2 to 4°C, with January the coldest (-10 to -15°C) and July the

warmest (15 to 20°C). Rainfall is relatively evenly distributed throughout the year, averag-

ing approximately 600-700 mm [121].

The study site is a mixed stand dominated by Scots pine (Pinus sylvestris) and Norway

spruce (Picea abies). Peat depth in the area averages 149 cm, with a moisture content of
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approximately 86 %, The groundwater depth is relatively shallow, averaging approxi-
mately 29 cm.
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Figure 2.2: Study area in a peatland near Tiilikkala, Rautavaara, Northern Savonia, Finland.
The figure displays straight and curved sections of Track 1 after the third machine pass. The
left panel shows the site location, while the middle and right panels present orthomosaics
of the track. Red dots indicate manual rut depth measurements along the wheel ruts (blue
polygons), and green dots mark tree stumps. This setup was used consistently across all
five tracks.

2.3.2 FIELD DATA COLLECTION

The study area comprises five test trails, each with two configurations - straight and curved.
In this context, the term “trail” refers to the machine’s travel path, including both the left
and right wheel ruts formed by the forwarder. The straight trails were 20 meters long and 4
meters wide, while the curved trails, also 4 meters wide, had a 20-meter radius and formed
a 90° turn. The trails were carefully designed to enable forwarders to transition smoothly
between straight and curved configurations without causing sharp turns or damaging the
paths. To keep the soil and tree roots within the test trails undisturbed, the trails were
prepared in advance using a harvester operating outside the test areas. Felled trees were
processed away from the trails to avoid creating slash mats.

Five different forwarder models were tested, each equipped with a specific track config-

uration suited to the conditions. These forwarders were consistently used in both straight
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and curved configurations. The forwarders included - the Ponsse Elk with along wheelbase
(LWB), the older generation Ponsse Elk with Fomatec tracks (EFwo), the older generation
Ponsse Elk with Fomatec tracks and add-on track shoes (EFw), the Ponsse Buffalo with
KOPA high flotation tracks (Kopa), and the Ponsse Elk 10W with Olofsfors mixed tracks
(E10W). The data used in this study were initially collected as part of a previous investiga-
tion on rut formation in peatlands [105]. For detailed specifications of the machines used,
please refer to the original study.

UAV-based data collection was conducted at the same experimental sites during the
same 2019 field campaign, alongside manual rut depth measurements. UAV images were
captured immediately before and after each machine pass, ensuring that all data sources
reflect the same site conditions. As a result, no temporal changes needed to be considered
between the different data collection methods.

The machine test mass includes the estimated load and the manufacturer-specified
mass of the forwarder and tracks. The forwarder was loaded with approximately 5,100
kg of pulpwood, each piece averaging 4.56 meters in length. This load size, selected by
the forwarder operator during the initial test, was chosen to enable three to four passes
per trail with minimal risk of bogging down. Consequently, the forwarder completed the
planned number of passes on each trail.

Rut depth was measured after each forwarder pass using a horizontal laser level and
a surveyor’s measuring rod. Measurements were taken at specific points along both the
right and left wheel ruts, generally spaced every 2-3 meters across the trails. A total of 198
measurements were collected - 126 from straight sections and 72 from curved sections,
with the difference reflecting variations in trail length. Since straight sections were longer,
they naturally yielded more total measurements. These measurements were distributed
across all test trails to ensure a representative assessment of rut depth variability in both
configurations. To maintain consistency, measurement points were marked on the peat
surface using spray paint. This ensured that we recorded new data at the exact locations
throughout the passes.

Rut depth was measured at the deepest point, typically within a track-shoe depression
in the peat. Additionally, peat moisture content (W ., %wgt) was recorded for each trail
and configuration as a site-specific parameter. Shear modulus (Gy,j, kPa), measured with
a spiked shear vane [113], was also recorded at each measurement point. Nominal ground
pressure (NGP) was determined based on the machine’s technical specifications and de-
pended on both the contact area and the machine’s weight. The front and rear track sec-
tions were reported separately to account for variations in load distribution. For further
analysis, the average (NG P ea,) and maximum (NG P,,,,) NGP values were used to charac-
terise the machines’ technical specifications. Three passes, each defined as a single traver-
sal of the machine in one direction, were conducted on trails 1, 3, and 4, while trails 2 and 5
underwent four passes. A fourth pass was not performed at all sites because the peat had

reached its strength limit.
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2.3.3 UAV DATA COLLECTION AND PROCESSING

Drone flights were conducted using the DJI Phantom 4 Pro (model: FC6310), flying at alti-
tudes around 30-35 meters, capturing images over the same trails before the operations
and immediately after each machine pass. A total of fifty ground control points (GCPs)
were recorded using a Real-Time Kinematic Global Navigation Satellite System (RTK-GNSS)
device. Each trail configuration had at least three GCPs, with an average of 56 images cap-
tured per area.

The RGB images and GCPs were processed in Agisoft Metashape Professional [122]
to generate an initial point cloud dataset for each trail and its configurations. Agisoft
Metashape combines Structure-from-Motion (SfM) and photogrammetric stereo-matching
algorithms to reconstruct 3D models from unordered, overlapping imagery. The workflow
included image import, alignment, georeferencing, and optimisation, followed by the gen-
eration of an initial point cloud. The GCPs were used to refine camera positions and im-
prove georeferencing accuracy.

All point clouds were then exported in .LAS format for further processing. To ensure
precise alignment across datasets, point clouds from each trail and pass were manually
aligned in CloudCompare using the “Align Two Clouds” tool. Atleast seven point pairs were
selected for point cloud registration, with the initial pre-operation dataset serving as the
reference for aligning all subsequent point clouds. Fine registration using the iterative clos-
est point (ICP) algorithm was subsequently applied to further improve dataset alignment
[123].

To remove irrelevant vegetation, point clouds were classified using the cloth simula-
tion filter (CSF) in CloudCompare [124]. The filtering parameters, such as cloth resolu-
tion (1.5), maximum iterations (1000), and classification threshold (0.5), were determined
through trial and error to separate ground points from vegetation best while preserving
terrain features. The aligned and classified point clouds were then reimported into Ag-
isoft Metashape, where orthomosaics were generated for each trail and configuration. Only
points classified as ‘ground’ were used to create a digital terrain model (DTM) at a resolu-
tion of 0.03 meters. Finally, all DTMs and orthomosaics were exported in GeoTIFF ( tif)

format.

2.3.4 RUT DEPTH ANALYSIS

To quantify elevation changes caused by each machine pass and assess the accuracy of UAV-
based rut depth measurements, we used DTMs to compute elevation differences between
passes. These changes were determined by subtracting the DTMs generated after each
machine pass (DTM1, DTM2, DTM3, DTM4) from the initial DTM (DTMO), captured before
operations for all trail configurations.

To evaluate the accuracy of the UAV depth measurements, we compared 198 manual

reference points, as described in Section 2.3.2, with the mean DTM value within a 10 cm
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buffer around each point. Accuracy was assessed separately for each pass and each trail to
ensure consistency across different configurations. We then calculated error metrics, in-
cluding the mean absolute error (MAE) (Eq. 2.1), root mean square error (RMSE) (Eq. 2.2),
relative RMSE (RMSE%) (Eq. 2.3), and the standard deviation of differences (SD) (Eq. 2.4).

n
1 A
MAE = = 3" |y - i (2.1)
i=1
1 n
RMSE = |~ " (; = 1) (2.2)
i=1
RMSE
RMSE% = | —— | x 100 (2.3)
n
1 2
SD = |—— Z (0= 90 - 4] (24)
i=

In equations (2.1-2.4), y; are the observed (manual) values, y; are the predicted (UAV-
derived) values, n is the number of observations, y is the mean of the observed values, and
d is the mean difference (y;—¥;). All statistical analyses and visualisations were performed

using Python 3.12.

2.3.5 TREE STUMP INFLUENCE AND SOIL PROPERTIES

2.3.5.1 TREE STUMP MAPPING

This study analysed tree stump positions and processed DTMs before and after each ma-
chine pass, along with manual measurements, to assess the influence of tree root systems
on rutting. For each parameter described below, a corresponding raster map was created
at a 0.03 m resolution, aligned with the DTM for each trail configuration. Wheel ruts in
these areas were manually digitised, and all DTMs and other raster layers were clipped
using these polygons. Only the pixels within these polygons were used in further analysis,
ensuring that we focused specifically on machine-induced rutting effects.

To obtain precise locations, tree stumps within each trail and their configurations were
manually identified using orthomosaics. Each orthomosaic was clipped using a 6-meter
buffer around the trail centerline to define the mapping area. We assumed a 6-meter buffer
was sufficient to capture all relevant stumps that could potentially influence rut formation
within the affected soil zone. This area was then manually mapped to identify stump loca-
tions. A polygon was then created for each stump to define its boundaries, and the diameter

was calculated by finding the largest distance between its vertices (Eq. 2.5).
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d = max (v = )2 + (v, = y)?) (25)

Equation (2.5) defines d as the largest distance between any two vertices, and (x;, y;)
and (x5, y,) as the coordinates of any two vertices of the polygon. We also generated cen-
troid points for further impact assessment. The summary of diameters across all sites and

trails is presented in Fig. 2.6.

2.3.5.2 PEAT STRENGTH ESTIMATION

Peat soils exhibit highly variable bearing capacity, influenced by moisture content. In this
study, peat strength refers to the unconfined compressive strength of peat and was esti-
mated based on existing guidelines from plate loading tests, which reflect the unconfined
compressive strength of peat under deformation conditions [125].

In dry conditions, peat strength typically ranges from 40 to 70 kPa, while in moist con-
ditions, it decreases to between 10 and 40 kPa [125]. The peat’s moisture content on the
site averaged 86% (%wgt), ranging from 84% to 89% based on field measurements. To
align the peat strength with the specific moisture levels of each trail, we estimated the

peat strength (Speac) for each pixel using the following formula:

Speat = 40 — 3 X (Wpear — 85) (2.6)

where ¢, is the estimated peat strength (kPa), and W ¢, is the peat moisture content
(%wgt)- In this formula, the base strength is 40 kPa at a moisture level of 85%. The strength
increases to approximately 42 kPa at the lowest recorded moisture level of 84%, while it
decreases to approximately 27 kPa at the highest recorded moisture level of 89%.

2.3.5.3 DISTANCE TO THE STUMP

The influence of stumps on soil stability diminishes with distance [114]. To quantify this
effect, we used an exponential decay model to represent the cumulative influence of mul-
tiple stumps (Fig. 2.3). While exponential decay models are widely used in environmental
and geomechanical studies to describe processes such as root reinforcement decay and
soil production [126], to our knowledge, they have not yet been explicitly applied to un-
derstanding the role of stumps in rut formation.

The modelled influence follows an exponential decline, with the effect strongest near

the stump and gradually decreasing with distance (Eq. 2.7).

I(d) = e7kd (2.7)

I(d) is the influence at a distance d, d is the distance from the centre of the stump to
the centre of the pixel being evaluated in m, and k is the decay constant that controls how
quickly the influence diminishes. A higher k value indicates a rapid decline in influence,

while a lower k value means the influence extends over a broader area.
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We determined the decay constant (k = 0.3) by evaluating a range of candidate values
(k = 0.1,0.2,0.3,0.4,0.5,1.0) in an iterative manner. The selected value was chosen to
achieve a realistic balance between the influence range and decay rate, ensuring that the
influence extends spatially in a reasonable manner without exaggerating its effect.

To determine the distance from the stump to the centre of each pixel d, we used the
Euclidean distance equation (Eq. 2.8).

distance = \/(xpixel - xstump)z + (ypixel - ystump)2 (2-8)

In this case, Xsyymp and Ysyump are the coordinates of the stump’s centroid, Xpiel, Vpixel
are the coordinates of the centre of each pixel in the raster.

Given that larger stumps have a more substantial influence due to more extensive root
systems, we adjusted the function to include stump diameter as a scaling factor (Eq. 2.9).

1(d,D) = (1 +a- DD ) celd (2.9)

D is the stump diameter, D, is the average diameter of all stumps, and « is a scaling
constant controlling the effect of stump diameter on influence.
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Figure 2.3: Visualisation of distance-based stump influence. (a) Influence of a single stump
(A) modelled using an exponential decay function. (b) Cumulative influence using the same
exponential decay function from multiple nearby stumps (A, B, C).

To account for overlapping influences from multiple stumps, the cumulative influence
(CI) at each pixel (Fig. 2.3) was calculated as the sum of the adjusted influences from all
nearby stumps (Eq. 2.10). This cumulative effect aims to replicate actual environmental
conditions, where multiple tree root systems often interact, creating an interlinked net-
work that improves soil stability [127].
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cl = Z I(d, D) (2.10)

In Eq. (2.10), I(d, D) is the influence of an individual stump at a distance d from the
pixel, scaled by the stump’s diameter D. CI represents the cumulative influence at each
pixel, calculated by summing contributions from all stumps. Stumps with D > D, have a
scaling factor greater than 1, increasing their influence; those with D < D, have a scaling
factor less than 1, reducing their impact. This summation accounts for the overlap of the

root systems and their combined effects.

2.3.5.4 ROOT REINFORCEMENT MODELING

To estimate root reinforcement in our study, we used a simplified interpolation and curve-
fitting method based on the findings of [114]. That study reported maximum reinforce-
ment values for Norway spruce (Picea abies) at specific distances from the tree trunk,
grouped by stump diameters of 20, 40, and 60 cm. We expanded on this data by interpo-
lating reinforcement values at 50 cm intervals. Using the interpolated values, we applied
a reverse sigmoidal function (Eq. 2.11) to create smooth curves for each stump diameter
group. The reverse sigmoidal function, in this case, captures the natural decline of root
support, being most robust near the stump and gradually declining outward. This resulted
in specific equations for each group (Eq. 2.11, Table 2.1). The general function is defined
as Eq. 2.11.

L

RRV(X) = m

(2.11)

RRYV is the root reinforcement value (kPa) at a given distance x from the stump, where
x is measured in m. L is the maximum reinforcement level derived from the data (kPa), k
controls the steepness of the curve, x, is the distance at which the curve has an inflection
point, x is the distance from the stump to the pixel being evaluated.

These coefficients were then applied iteratively to each digitised stump across the study
area, considering the stump diameter, the distance from the stump centre to the centre of

each pixel (Eq. 2.8), and the coordinates of each pixel.

Table 2.1: Logistic curve coefficients for different stump diameters.

Diameter class (cm) L (kPa) k X
20 21.09 -1.006 2.61
40 45.16 -1.046 3.74
60 79.55 -1.016 4.01

Specific parameters (Table 2.1) were used to compute the reinforcement value for each

pixel based on its distance from the stump, following a sigmoidal decay curve. The influ-
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ence radius was guided by the approach described in [114], which relates stump diam-
eter to the extent of root reinforcement, with distances indicating where reinforcement
approaches zero (RRV = 0). For areas where the reinforcement effect of multiple stumps
overlapped, we summed the reinforcement values to account for the combined effect. This
was done by iterating over each stump, applying the logistic function within its influence
radius, and accumulating the values in an RRV raster. The resulting RRV raster values were
normalised to the 0-100 scale using Eq. (2.12), yielding a root reinforcement map that re-
flects the combined spatial influence of all stumps across the study area.

. Rfinal - Rmin

Ryorm = 100 (2.12)

Rmax - Rmin
Rginq represents the summed reinforcement values, and R,;, and R, are the mini-

mum and maximum reinforcement values across the study area.

2.3.6 STATISTICAL ANALYSIS

To evaluate how tree stumps influence rut depth, we categorised CI values within each trail
and configuration into five groups: "very high”, "high”, "moderate”, "moderately low”, and
"low”. Areas classified as "very high” contained dense, large stumps, exerting a strong in-
fluence, whereas "low” areas had fewer stumps and less impact. The categorisation was
based on the distribution of CI values, which were grouped using natural breaks identi-
fied in the histogram and kernel density estimation (KDE) plots. These breakpoints were
chosen to represent shifts in the data, ensuring each group captured a distinct range of
influence.

The data were first tested for normality using the Shapiro-Wilk test across straight
and curved configurations. Since the results indicated a non-normal distribution, we used
the Kruskal-Wallis test to assess whether rut depth significantly differed among distance
groups within each pass and trail configuration. If p < 0.05, then at least one distance
group had a significantly different rut depth. If p > 0.05, we concluded that rut depth did
not vary substantially across distance groups within that configuration. Due to the large
and uneven sample sizes across distance groups, we used balanced random subsampling
to ensure fair statistical comparisons and mitigate potential large-sample biases. To addi-
tionally assess the stability of our samples, we repeated the Kruskal-Wallis test across five
independent iterations, each using a new random subsample from the dataset.

To determine the effect size of rut depth variations, we computed epsilon-squared (£2)
(Eqg. 2.13) as a measure of effect size for the Kruskal-Wallis test. This metric helps deter-
mine the proportion of variance in rut depth explained by distance groups, with values
above 0.06 indicating a moderate effect and values above 0.14 (Table 2.2) suggesting a

strong influence of stump presence on rut depth formation [128, 129].

€2 = (2.13)
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where, H is the Kruskal-Wallis test statistic, and N is the total number of observations.
A small effect size might suggest a significant but weak influence of stump proximity
on rut depth. In contrast, a large effect size would indicate that stump proximity has a

substantially greater impact on rut formation.

Table 2.2: Effect size (£2) interpretation thresholds for the Kruskal-Wallis test.

Effect size Threshold (£2)
Small €2 >0.01and < 0.06
Medium €2 >0.06and < 0.14
Large £ >0.14

2.3.7 MACHINE-LEARNING FOR DEPTH PREDICTION

To evaluate how well rut depth can be predicted using soil properties, stump influence, and
environmental factors, we implemented a Random Forest (RF) model. Machine learning
algorithms identify complex spatial and non-linear relationships between inputs and tar-
gets that traditional statistical methods often fail to capture. For instance, RF constructs
multiple decision trees and combines their outputs for more reliable predictions [130]. We
employed an RF model to predict rut depth based on soil properties, stump presence, and
other factors. The model used only pixels with DTM-derived depth values below zero as
the dependent variable (Y), while soil, environmental, and machine parameters served as
independent variables (X) (Table 2.3).

The selection of RF was based on the data distribution and the complexity of the pre-
dictor variables. Kolmogorov-Smirnov tests and skewness analyses indicated that the key
variables (CI, RRV, and SM) were highly skewed, thereby rejecting the normality assump-
tion required for linear regression. Additionally, RRV and CI follow logistic and exponen-
tial decay, both of which introduce nonlinearity and interaction effects.

The model was trained separately for each pass over various datasets, including (a)
the full or combined dataset as well as separate datasets for (b) straight and (c) curved
trails. We tuned the RF hyperparameters to improve model accuracy using Randomized-
SearchCV [131]. The final configuration used was nNegtimators = 200, maxgeps, = None,
MiNsamples_split = 5,and MiNgamples_Jeaf = 1-

Feature importance scores were initially determined using the RF model, after which
recursive feature elimination (RFE) was utilised to refine the model for both straight and
curved trail configurations, as well as for the combined dataset. This process iteratively
removes the least essential features while maintaining predictive performance. The final
model retained the top three features ranked by importance. A separate RF model was
trained for each configuration and pass.

The data were split into 70% training and 30% testing sets for each pass, and the

model’s performance was evaluated using R-squared (Eq. 2.14) scores on both sets.
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Table 2.3: List of dependent (Y) and independent (X) variables

Variable Description Units

Y Rut depth (RD) m

X Root deinforcement value (RRV) arbitrary units
X, Cumulative distance from the stump (CI) arbitrary units
X5 Moisture-dependent peat strength (Speat) kPa

X4 Shear modulus (G;1) kPa

X5 Maximum NGP (NG P,.x) kPa

Xe Mean NGP (NG P nean) kPa

S = 9)°
Z?:l (yi - 5’)2

where, n is the number of data points, y; is the actual value of the i-th data point, y; is

R2=1- (2.14)

the predicted value of the i-th data point; y is the mean of the actual values (y = % Z?ﬂ vi),
Z?zl (y; — }“ll-)z is the residual sum of squares (SSR), Z?:l (y; — )7)2 is the total sum of
squares (SST).

Additionally, ten-fold cross-validation was performed on the complete dataset for each
pass to assess model stability. While the same data points may appear in both training and
validation sets across different folds, each fold was strictly separated, ensuring that no data
point was used for both training and testing within the same fold. The best-performing
model was selected based on the highest average R? (Eq. 2.14).

To demonstrate the model’s performance, we applied the best-performing Random For-
est configuration to a synthetic spatial dataset comprising simulated shear modulus values
and randomised tree-stump distributions. Shear modulus values were generated by ran-
domly placing control points across the area and interpolating them over a grid using cubic
interpolation to create a continuous surface. Tree stumps were also randomly distributed,
with diameters ranging from 10 to 40 cm and a minimum spacing of 2 m between them (60
stumps in total). To simulate more natural clustering, each stump’s diameter was averaged
with those of nearby stumps. The key predictor variables identified in the model analysis
were used to generate corresponding pixel-wise input datasets. The trained model was
then applied to this synthetic area, and the predictions were visualised as a contour map.
The input raster grid resolution was initially set to 0.03 m and subsequently resampled to

0.5 x 0.5 m for visualisation.
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2.4 RESULTS

2.4.1 RUT DEPTH ANALYSIS

The average rut depth across all trails and configurations was 15.5 cm for manual measure-
ments and 12.5 cm for UAV measurements, with standard deviations of 7.6 cm and 8.3 cm,
respectively. Both datasets showed variation in rut depth across trails and configurations,

with differences influenced by the number of passes (Table 2.4).

Table 2.4: Summary statistics of manual and UAV measurements across passes. Each value
represents the overall statistic, with values in parentheses indicating the straight (first) and
curved (second) configurations.

Mean Mean SD SD MAE RMSE RMSE
(manual) (UAV) (manual) (UAV) (cm) (cm) (%)
11.1 10.6 5.9 5.3 2.2 3.0 26.5
Pass1 (113,107) (109,99) (64,48) (59 40) (1.8,28) (24,36) (214, 34.1)
Passzy 150 14.1 6.6 6.0 23 3.1 20.8
(14.9,15.1) (13.5,15.0) (7.2,55) (64,50) (2.0,27) (2.6,3.8) (17.5,25.3)
19.3 17.6 7.3 7.0 2.7 3.5 18.3
Pass3 (192,195) (17.6,17.7) (7.8,63) (7.7,57) (24,31) (3.0,42) (159,218)
passa . 205 19.8 7.6 6.8 3.3 4.2 20.3
(20.6,20.2) (19.8,19.9) (8.1,6.6) (69,67) (27,42) (34,52) (16.5,25.7)
Total 15.5 12,5 7.6 8.3 2.5 3.3 24.9

For manual measurements, rut depth ranged from -8 cm (N = 4) to 41 cm, with nega-
tive values due to upwelling or measurement difficulties near stumps. UAV measurements
followed a similar trend but ranged from 0 cm to 40 cm, showing slightly lower values for
deeper ruts, particularly on curved trails (Fig. 2.4). Across passes, UAV consistently mea-
sured lower rut depths than manual measurements. In Pass 1, the UAV underestimated by
0.5 cm (10.6 cm vs. 11.1 cm), with the gap increasing slightly in later passes. In Pass 4, the
UAV measured 19.8 cm compared to 20.5 cm manually, maintaining a consistent underes-
timation trend. Measurement variability also increased as ruts deepened. SD remained
similar in early passes (5.9 cm manual and 5.3 cm UAV in Pass 1) but showed a slight de-
crease in UAV measurements in later passes (7.6 cm manual and 6.8 cm UAV in Pass 4).
The UAV underestimation was more consistent along straight trails, but greater variability
was observed in curved trails, where the SD was 8.1 cm for manual measurements in Pass
4, compared to 6.7 cm for UAV.

Rut depth increased from Pass 1 to Pass 4, as expected, with each pass further compact-
ing the soil and increasing rut formation. This effect was more pronounced on curved trails,
where lateral forces exerted by the machine contributed to deeper ruts by both compacting
and displacing the soil. These trends were consistent with findings in the same study area
[105]. The boxplots in Fig. 2.4 illustrate this pattern, showing that straight trails exhibited
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lower rut depths than curved trails in both manual (Fig. 2.4a) and UAV-derived (Fig. 2.4b)
measurements.

While both methods captured the overall trend of rut formation, differences in accuracy
were observed. Manual measurements (Fig. 2.4a) showed a broader distribution of rut
depths, particularly in the earlier passes, while UAV measurements (Fig. 2.4b) followed a
similar pattern but with consistently lower values.
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Figure 2.4: Descriptive statistics of manual and UAV rut depth measurements. (a) Boxplot
of manual rut depth measurements by trail type (straight and curved). The box shows the
1st (25%) and 3rd (75%) quartiles, while the whiskers represent data within 1.5 times the
interquartile range (IQR). The red dashed line represents the mean rut depth of 13.2 cm
across all manual measurements. (b) Boxplot of UAV rut depth measurements by trail type
(straight and curved). The same style as (a), with the red dashed line representing the mean
rut depth for UAV measurements of 12.9 cm across all UAV measurements.

Measurement errors increased as passes progressed. The MAE increased from 2.2 cm
in Pass 1 to 3.3 cm in Pass 4, while RMSE increased from 3.0 cm to 4.2 cm (Fig. 2.5). RMSE
was highest in curved trails, reaching 5.2 cm in Pass 4 compared to 3.4 cm in straight trails,
highlighting the UAV’s difficulty in capturing the full depth of irregular ruts. SD for both
manual and UAV measurements increased with each pass, showing greater variability in
rut formation as deeper ruts developed due to soil displacement and compaction. Several
outliers (>30 cm) were observed, primarily on curved trails, where machine-induced lat-

eral displacement resulted in more uneven rut profiles.

2.4.2 TREE STUMP INFLUENCE AND SOIL PROPERTIES

Tree stump diameters ranged from 5.4 cm to 30.0 cm, with fewer stumps at the extreme
ends of this range. The average diameter was 22.5 cm, with a standard deviation of 8.1
cm, indicating moderate variation. In total, 269 stumps were analysed. Fig. 2.6 shows the
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Figure 2.5: Scatterplot of manual and UAV measurements for Pass 1 to 4 (a-d). The blue
line represents the regression line, while the red dashed line indicates the 1:1 reference line.
The mean absolute error (MAE) and root mean square error (RMSE) are provided in cm for
each pass.

distribution of stump diameters across different trails and configurations with consistent
median values. No significant differences were observed between straight and curved trail
configurations, and the overall average diameter remained stable across all trails.

Peat moisture content averaged 86% across all trails, ranging from 84% to 89%, with
higher moisture levels observed on curved trails. The estimated peat strength (Table 2.5)
varied accordingly, ranging from 35.0 to 42.6 kPa on straight trails and 27.0 to 37.7 kPa on
curves, indicating weaker soil conditions and higher susceptibility to rutting in curved sec-
tions. The shear modulus of the peatland top layer exhibited significant variability, with
values ranging from 30.8 to 383.4 kPa on straight trails, while curved trails showed consid-
erably lower stiffness, ranging from 23.9 to 138.3 kPa (Table 2.5).

To illustrate how stump presence and terrain changes interact spatially, Fig. 2.7
presents UAV-derived elevation differences (a-c), calculated as the difference between the

60



2.4. RESULTS

40 A 45 -
(a) (b) .
35 1 i N
35 - A ]
30 - =30 P Pl
E301 [l T
s x| [MEwcRARC
g = =
5. 20 8 201 m I 1 Lu 1
o 15 - g 15 - o oo L
= 8 10 P oo
&) T P+ P4
10 4 5 4 [1 Straight L4 -
5 - [ Curved
09 - Mean (total)
0 T T T T T T T T 1 —5 T T T T T
0 5 10 15 20 25 30 35 40 45 1 2 3 4 5
Diameter (cm) Track

Figure 2.6: Descriptive statistics of tree stump diameters (cm) from digitised polygons.
The histogram (a) shows the diameter distribution in cm. The boxplot (b) displays average
diameters by trail and configuration (straight or curved), with boxes representing the in-
terquartile range (IQR) and whiskers extending to the 95% quantiles. The line inside each
box is the median, and the red dashed line indicates the overall mean diameter.

Table 2.5: Summary of peat moisture, peat strength, and shear modulus by configuration.

Configuration Peat moisture (%) Peatstrength (kPa) Shear modulus (kPa)
Min Max Mean Min Max Mean Min Max Mean

Straight 841 86.7 852 350 426 393 352 3834 86.3
Curved 857 893 870 270 378 340 239 1383 51.8

post-pass DTM and the pre-operation DTM, alongside the cumulative stump influence map
(d) for one representative straight trail. Areas with stronger cumulative influence, typically
near larger or clustered stumps, tend to align with zones of reduced rutting, suggesting a
local stabilising effect.

2.4.3 STATISTICAL ANALYSIS

To assess how stump presence influenced rut formation, rut depth values were analysed
across the five CI groups (very high, high, moderate, mod-low, and low) (Table 2.6). The
Shapiro-Wilk test indicated a non-normal distribution for both straight (W =0.97, p <.05)
and curved (W = 0.93, p <.05) configurations. Therefore, the Kruskal-Wallis test was per-
formed to compare the rut depth across influence groups. Results showed significant dif-
ferences in rut depth among influence groups across all passes and configurations (p <
0.05) (Table 2.7). To ensure fair statistical comparisons and mitigate bias arising from un-
equal sample sizes, balanced random subsampling (n = 5000 per group) was used. The
Kruskal-Wallis test was repeated across five independent iterations using different ran-
dom subsamples, confirming that results remained stable. These results are presented in
Table 2.7.

The H-statistic from the Kruskal-Wallis test measures rank-based differences between
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Figure 2.7: Elevation change maps derived from UAV-based digital terrain models (DTMs)
for one experimental trail (straight configuration). Panels (a-c) show elevation differences
after Passes 1, 2, and 3, respectively, calculated as DTM after each pass minus the initial
pre-operation DTM. Panel (d) shows the cumulative stump influence (CI), computed from
stump diameters and proximity using the methodology described above.

groups, with higher H-values indicating bigger differences among the CI groups. For
straight trails, the H-statistics ranged from 94.61 (Pass 1) to 280.79 (Pass 4), with Pass
4 showing the highest value, indicating bigger differences between the groups. This sug-
gests that, during Pass 4, rut depth differed significantly among CI groups, indicating that
stump presence was associated with spatial variation in rutting intensity. For curved trails,
the H-statistics ranged from 74.71 (Pass 1) to 524.38 (Pass 4), with similarly significant
differences in rut depth across influence groups, especially in Pass 4. This indicates that
stump presence affects rut depth across both trail types, but the effect is stronger in curved
sections, possibly due to terrain differences.

The epsilon-squared values indicate that stump presence has a moderate to large effect
on rut depth in curved trails, with medium effects observed in straight trails, especially in

Pass 4. For straight trails, the &2 values ranged from 0.04 to 0.20, indicating a small to
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Table 2.6: Summary statistics of rut depth by cumulative influence (CI) groups and config-
urations. Values represent median, mean, and standard deviation (SD) in centimetres.

Influence group Configuration Median Mean SD

Straight 14 15 9
Low
Curved 18 19 11
Straight 14 15 9
Mod-Low
Curved 16 18 11
Straight 14 15 8
Moderate
Curved 14 15 10
) Straight 13 14
High
Curved 12 13
. Straight 9 12
Very High
Curved 9 10

Table 2.7: Kruskal-Wallis test for depth variations among cumulative influence (CI) groups
by trail configuration and pass. The Epsilon-squared (£2) column is colour-coded to reflect
effect strength: light grey for small, light blue for medium, and deeper blue for large effects,
as defined in Table 2.2.

Configuration Pass H-statistic p-value &2

1 94.6 <0.05 0.06
) 2 219.0 <0.05 0.07
Straight
3 119.2 <0.05 0.04
4 280.8 <0.05 @ 0.20
1 74.7 <0.05 0.02
2 397.2 <0.05 0.10
Curved
3 334.9 <0.05 0.09
4 524.4 <0.05 @ 0.32
Overall 1701.27 <0.05 0.07

medium effect size. Pass 4 had the highest effect size (¢2 = 0.20), suggesting that the
influence of stumps on rut depth was most pronounced in this pass. For curved trails, the
£2 values ranged from 0.02 to 0.32, showing a similar pattern. Pass 4 again had the highest
effect size (¢2 = 0.32), which is considered a medium to significant effect, indicating a
substantial impact of stump presence on rut formation in curved trails.

The results are further visualised in Fig. 2.8, which presents boxplots of rut depth
across influence groups for each pass and configuration. The plots show a consistent trend:
rut depth is lowest in areas with high stump presence (very high CI) and increases with dis-

tance from stumps (low CI).
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Figure 2.8: Boxplots showing rut depth (in cm) distribution across CI influence groups for
each pass and trail configuration. The upper plot represents the straight trail.

2.4.4 ML FOR DEPTH PREDICTION

After training the model to predict rut depth, the RF models identified and ranked the most
influential predictor variables. The results show that cumulative stump influence, root re-
inforcement value, and shear modulus were the top three predictors across all trail con-
figurations (combined, straight, and curved datasets). These features were consistently
ranked highest by the RF model and selected by RFE. In contrast, moisture-dependent peat
strength, along with mean and maximum NGP, had minimal contribution across all config-
urations (Fig. 2.9).

A detailed analysis of feature significance across various trail setups shows distinct
patterns. In the combined dataset (Fig. 2.9a), RRV (0.394) and CI (0.384) contributed al-
most equally to rut depth prediction, with RRV slightly outperforming CI. Gi.,; was the
third most important feature but had a much lower score (0.109), indicating a weaker in-
fluence. For straight trails (Fig. 2.9b), RRV (0.429) and CI (0.419) recorded their highest
importance scores, reinforcing their dominant role in rut formation. In contrast, G.,; had
minimal influence (0.094), while the remaining features had negligible impact. In curved
trails (Fig. 2.9¢c), RRV remained the most influential predictor (0.421), but CI's importance
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slightly declined (0.358). Interestingly, G,.,; played a greater role (0.146), suggesting that
variations in shear modulus may be more influential in curved terrain, where soil resis-

tance dynamics are likely to differ from those in straight trails.

g Grail Z 0.109 Z 0.094 @ 0.146
E Speat ] 0.078 ] 0.032 ] 0.036
NGPrean ] 0.027 ] 0.013 J 0.021
NGPiax } 0.006 ]0.013 } 0.019 [==] RFE Features
0.0 0.2 0.4 06 0.0 0.2 0.4 06 0.0 0.2 0.4 0.6
Feature importance score (RF)
(a) Combined (b) Straight (c) Curved

Figure 2.9: Feature importance results using the Random Forest (RF) model, where the
analysed features are CI (cumulative influence of the stump based on distance from the
stump), RRV (root reinforcement value), G; (shear modulus in kPa), Spe,c (moisture-
dependent peat strength), NGP (mean nominal ground pressure from front and rear in kPa),
and Max NGP (maximum nominal ground pressure in kPa). The graph is divided by trail
configuration into three categories: combined, straight, and curved, with the line pattern
indicating the three most important features identified through Recursive Feature Elimina-
tion (RFE).

[t is important to note that both RRV and CI were derived using similar approaches,
as they both incorporate stump diameter and distance to the stump as key inputs. Due
to their conceptual similarities, they exhibited a strong correlation, with R? = 0.76. How-
ever, they capture different aspects of the influence of stump roots on soil stability. There-
fore, both were retained for further model training, as feature importance analysis con-
sistently ranked them among the top predictors across all setups. Model performance
tests showed that removing CI led to a 78.6% reduction in predictive accuracy, whereas
removing RRV led to an 80.8% reduction, highlighting their contributions to model per-
formance. RF performs best when it can leverage non-linear relationships and feature in-
teractions. Removing one feature limits the model’s capacity to detect threshold effects in
RRV, which indicate root strength, and to account for distance-decay effects in CI, where in-
fluence decreases with distance. This means that features provide important information
to the model. Therefore, RRV, CI, and G,;; were used for further model training (Fig. 2.9).

The dominance of RRV and CI across all configurations suggests that stump presence
plays an essential role in soil stability and rut formation. The more substantial influence
of Gy, in curved trails implies that shear modulus variations have a greater effect on rut
formation when the machine path is nonlinear. The negligible impact of peat strength,

NGPean, and NGP,,,, suggests that nominal ground pressure alone may not sufficiently

65



2.4. RESULTS

explain rut formation, reinforcing the need to include root-related features for more accu-

rate predictions.

Table 2.8: RF results presented as average performance metrics from 10-fold cross-
validation by configuration and pass, with training and testing dataset sizes indicated in
thousands of pixels (Kpx).

Configuration Pass Train size Testsize  R? (train) R? (test)
(Kpx) (Kpx)

1 160.5 40.1 0.96 0.69

) 2 160.6 40.1 0.96 0.74
Straight

3 172.7 43.1 0.97 0.77

4 74.2 18.5 0.96 0.74

1 238.6 59.6 0.96 0.75

2 2269 56.7 0.97 0.81
Curved

3 200.6 50.1 0.98 0.85

4 84.3 211 0.97 0.82

1 399.1 99.7 0.96 0.73

) 2 387.5 96.8 0.97 0.80

Combined
3 373.3 93.3 0.98 0.83
4 158.6 39.6 0.97 0.79

To further validate the RF model, 10-fold cross-validation was performed across dif-
ferent configurations (Fig. 2.10), and the results are summarised in Table 2.8. The model
demonstrated high predictive capability, with training R? values consistently above 0.96
across all configurations, and test R? values varying across different trail types. The model
achieved a test R? ranging from 0.73 to 0.85 in the combined dataset, indicating good gen-
eralisation across all trail types. On straight trails, lower test R? values (0.69-0.77) indicate
that the model performed worse at predicting rut depth than on curved trails. The highest
test R? values (0.75 to 0.85) were observed in curved trails, indicating better predictive
accuracy in these conditions (Fig. 2.10).

The lower R? values in straight trails may be due to repeated passes over the same
trail, leading to progressive displacement and surface-layer compaction, making rut for-
mation less sensitive to individual predictor variables. Repeated traffic in straight paths
compresses the same area, leading to increasingly uniform soil resistance and reduced
variability in rut depth. Conversely, curved paths exhibit greater variability due to un-
even soil compaction and lateral displacement pressures. On curved trails, the turning
motion of the steel trails can induce lateral displacement and localised shear stresses in
the soil, particularly when differential lock is engaged. This creates uneven loading and in-
creased soil deformation, contributing to greater variability in rut development, which the

model captures more effectively. This can result in greater variability in rut development,
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Figure 2.10: RF model validation performance across configurations using 10-fold cross-
validation, illustrating the R? scores obtained for different configurations (straight, curved,
combined). (a) displays the mean R? scores for each configuration, with error bars rep-
resenting one standard deviation. (b) Combines a boxplot and swarmplot to visualise the
distribution of individual R? scores across all folds. The boxplot highlights key statistical
measures, including the interquartile range (IQR), whiskers that cover 95% of the data, and
the median, indicated by a solid black line.

which the model captures more effectively. Additionally, the higher importance of Gi,; in
curved trails suggests that soil resistance plays a more significant role in non-linear ma-
chine routes. The relationship between vehicle dynamics and soil characteristics is more
complex in curved configurations, resulting in stronger correlations between G.,; and rut
development than in straight paths.

The RF model trained on observed rut depths was then applied to a synthetic spatial
dataset composed of randomly distributed stumps and a simulated shear modulus map.
The results showed that areas with smaller stumps generally had deeper predicted rut
depths, while areas with larger and denser stumps showed shallower predicted depths
(closer to 0 cm) across all three passes (Fig. 2.11a-c). This pattern also aligns with the
model’s feature importance results, where RRV and CI were identified as the most influ-
ential predictors (Fig. 2.9). Larger stumps likely indicate stronger, more extensive root
systems, which help stabilise the soil and reduce deformation. Predicted rut depth also in-
creased progressively with each machine pass, especially in areas with fewer stumps and
lower shear strength. While the results are based on synthetic input data, they demon-
strate how spatially explicit rut depth modelling can support forest operations planning.
By identifying areas at greater risk of soil disturbance, managers can optimise machine

routes, minimise long-term impacts, and support more sustainable harvesting practices.
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Figure 2.11: Spatial visualisation of shear modulus and predicted rut depth (cm) across
multiple passes using a Random Forest (RF) model. Figure (a) presents a synthetic shear
modulus map (in kPa) generated from randomly placed control points and interpolated
across the area, overlaid with synthetic tree stumps (red dots). Figure (b-d) shows pre-
dicted rut depth values (for Passes 1, 2, and 3) using root reinforcement value (RRV), cumu-
lative influence (CI), and shear modulus (Gy.,j) as predictors. The colour bar at the bottom
represents the stump diameter (cm) and applies only to the red stump symbols. Each pass
visualises rut depths alongside stump locations.

2.5 DISCUSSION

This study investigated the role of tree stumps in rut formation on peatland soils, combin-
ing UAV-based and manual rut-depth measurements, statistical analysis, spatial modelling,
and machine-learning techniques. The findings confirm that stump presence contributes
to soil stability and mitigates machine-induced deformation. Rut depths were shallower
near stumps, with the influence gradually weakening with distance. The impact of stumps

was most significant in curved trails, where lateral soil displacement was greater, with ef-
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fect sizes ranging from small to large (2 = 0.02-0.32). Stump-related variables (CI and
RRV) and SM were among the strongest predictors of rut depth. Machine learning mod-
els incorporating stump effects demonstrated strong predictive accuracy (R? = 0.69-0.85)
in both straight and curved trails. These findings underscore the importance of consider-
ing stump presence in forest operations to improve machine path planning and support
sustainable management. When used alongside DTW maps, these models could improve
decision-making, minimise soil disturbance and reduce the environmental footprint of
forestry activities.

The study first compared UAV-based and manual rut depth measurements to assess
their correspondence. UAV-derived data provided consistent, high-resolution information
and captured the same rut formation trends as manual measurements. Slightly lower val-
ues were observed in deeper ruts, particularly on curved trails and in later passes, with
average differences of approximately 3 cm and maximum deviations of 3.3 cm. These dif-
ferences likely reflect how each method interacts with the terrain more than inherent mea-
surement inaccuracies. UAV-derived rut depths were extracted by averaging DTM values
within a 10 cm area around each manual point, which may smooth out localised extremes.
Moreover, photogrammetric models often define the ground surface at the top of low veg-
etation, such as moss and blueberry shrubs. At the same time, manual measurements
are taken directly at the peat surface, potentially penetrating slightly into the soft, satu-
rated peat, especially under wet conditions. This difference in reference level and surface
interaction likely contributes to the observed discrepancies. Other contributing factors
may include minor georeferencing offsets, interpolation limitations, and post-processing
smoothing in photogrammetry software. In straight trails, where rut formation was more
uniform, UAV and manual measurements agreed more closely. The higher RMSE (3.3 cm)
and RMSE% (24.9%) observed in curved trails likely reflect a combination of these method-
ological factors and do not necessarily imply a systematic UAV bias.

Statistical analysis confirmed that cumulative stump influence significantly affected rut
depth, with a small to medium effect in straight trails (2 = 0.04-0.20) and a moderate to
significant impact in curved trails (2 = 0.02-0.32). The greater effect on curved trails is
likely due to machines pressing down and pushing soil to the sides, causing greater soil
displacement and deeper ruts. In these conditions, stumps can help stabilise the soil, pos-
sibly preventing excessive movement and reducing rut depth. In straight trails, the effect of
stumps was smaller but still significant, as rut formation was primarily driven by vertical
compression with less influence from lateral soil shifting.

This aligns with the feature importance scores and RFE analysis from the RF model,
which identified stump-related variables (CI, RRV) and SM as the most influential predic-
tors of rut depth. In contrast, NGP and peat strength did not significantly influence model
performance. While these factors are generally crucial for rut formation, they were treated
as site-specific constants, limiting their relevance to actual conditions. The varying £? val-

ues could also be explained by the way Cl and RRV were modelled. These variables assume
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a uniform reduction in stump influence with distance, whereas rut depth typically exhibits
a different pattern, being shallowest near the edges and deepest at the centre. When a
stump is located to the side of a rut, CI and RRV decrease steadily, but rut depth first de-
creases toward the middle and then increases again. This inconsistency likely contributed
to the lower effect sizes observed in some passes.

Another consideration is how the machine’s weight distribution influences rut depth
between the left and right wheel paths. Although left and right rut depths were mea-
sured separately, our model treated rutting as a combined process, modelled as a func-
tion of distance to the stumps. In practice, wheels may sink unevenly, especially when one
side passes over a stump, leading to an asymmetric weight distribution and rut formation.
When a stump lies directly in the wheel path, it acts as an obstacle the machine must climb
over, often causing deeper ruts just before and after the stump due to increased resistance
and slippage. Meanwhile, the opposite wheel is subjected to a higher wheel load, further
contributing to the asymmetry in rut depth. Future studies could explore this by incorpo-
rating left- and right-rut depth averaging or a weight distribution model.

The RF models achieved high predictive accuracy (R? = 0.69-0.85), with better per-
formance on curved trails than on straight trails. This was unexpected as straight trails
were assumed to have more predictable rut patterns. However, the consistent rutting in
straight trails made it harder for the model to detect subtle variations. In contrast, the
greater variability in curved trails, likely due to lateral soil displacement, provided more di-
verse data for training, improving model performance. The model’s application to the syn-
thetic dataset showed that the predicted rut depth was generally shallower in areas with
larger stumps and higher root reinforcement (Fig. 2.11). Rut depth increased with each
simulated machine pass, especially in zones with fewer or smaller stumps. However, the
pattern was not always consistent. Some areas with dense or larger stumps still showed
deeper predicted rutting. This highlights the importance of how input parameters like RRV
and CI are calculated and suggests that further refinement and customisation of these vari-
ables are needed. Nevertheless, these spatial predictions could support forest planning
by identifying high-risk areas, optimising machine routing, and reducing long-term site
disturbance.

Prior studies [73, 132] on UAV-based rut depth measurements have demonstrated the
effectiveness of aerial photogrammetry in detecting soil deformations. However, they have
also noted a slight underestimation of deeper ruts in complex terrain conditions [82]. Stud-
ies on machine-induced rutting emphasise the role of equipment design and soil properties
in determining rut depth. Forwarder configuration, bogie tracks, and soil shear strength
significantly affect rut formation, with heavier machines and wet conditions leading to
deeper ruts [101, 105]. While these studies highlight the influence of machine and soil
parameters [102], they often overlook stump-root systems as a natural mitigation factor.

Therole of tree roots in soil stabilisation has been widely studied, with research demon-

strating that root systems contribute significantly to mechanical reinforcement, particu-
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larly on unstable or sloped terrain [114]. Similarly, studies on slope stability [112, 127]
have demonstrated that tree roots increase shear strength and reduce lateral soil move-
ment. This may explain why stumps exert a greater influence on rut depth in curved trails,
where lateral soil displacement is greater.

While the stabilising effect of roots has been well documented, fewer studies have ex-
amined how stump-root systems affect soil deformation during forestry operations. [120]
found that stump-root systems significantly reduced rut depth, with effects strongest
within 0.5 to 1.5 meters from the stump. This supports the idea that stumps serve as natu-
ral reinforcements, with their impact gradually diminishing with distance [114]. However,
previous studies have not incorporated spatial modelling to quantify these effects across
larger areas, leaving a gap in understanding how stump influence varies across different
terrains and machine traffic patterns.

While this study offers valuable insights, some limitations should be noted. UAV-based
measurements, though effective, underestimated deeper ruts, particularly on curved trails,
likely due to averaging within the 10 cm buffer and interpolation errors. Future research
could enhance accuracy by incorporating LiDAR to capture fine-scale variations in rut
depth.

The study’s focus on a single peatland site may limit the generalizability of the results.
Peat soils have unique properties, such as high organic content and water saturation, which
may not be representative of mineral soils or drier forest conditions [94, 96, 98]. Expand-
ing research to include diverse soil types and forest ecosystems would be necessary for
broader applicability and to determine whether stump effects vary across ecological con-
ditions.

Another limitation concerns the modelling of parameters (CI, RRV). In this study, we
employed simplified spatial modelling techniques using UAV data and other parameters to
quantify the effect of stump presence on rut formation. We assumed that reinforcement
strength decreases gradually with increasing distance from the stump [114]. Although this
offers a more straightforward way to represent root-soil interactions, it fails to accurately
capture the spatial arrangement of root systems. Under real-world conditions, root expan-
sion is inconsistent, varying by species, soil type, and tree age. Roots do not grow uniformly
in every direction [115], suggesting that presuming a consistent, symmetrical decrease in
reinforcement around the entire stump may lead to some level of overgeneralization. Also,
calculating actual root reinforcement values is highly complex and typically requires exten-
sive fieldwork and laboratory tests to measure parameters such as root tensile strength,
root area ratio (RAR), soil shear strength, and root distribution [114, 119, 133]. Although
our method establishes a useful experimental baseline, it may not fully capture the unique
root architectures across species or the mechanical characteristics of specific root systems.
Future studies might improve model precision by developing species-specific constants
for root reinforcement assessments, particularly for economically significant species like

Scots pine and Norway spruce. This could be accomplished by integrating field-based root
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mapping, which could help create species-specific root spread patterns. Techniques such
as ground-penetrating radar (GPR) have already been successfully employed in ecological
and geotechnical studies to identify and visualise three-dimensionally shallow and deep
tree root systems [134].

The stabilising influence of stumps on soil support, particularly in reducing rut for-
mation, highlights their critical role in sustainable forest operations. By incorporating
stump-related variables into predictive models, forest managers can improve rut depth
forecasting, optimise operational planning, minimise soil disturbances, and improve both
economic and ecological outcomes. These models can help identify optimal skid trails and
areas to avoid, reducing unnecessary machine movement and lowering the risk of damage
to machinery. This approach could also improve planning efficiency and reduce opera-
tional costs. However, as the current approach to root reinforcement modelling remains
simplified, improvements are necessary. These advancements will contribute to more sus-
tainable forest management practices that balance operational efficiency with ecological

preservation.

2.6 CONCLUSION

This study demonstrated that stump presence plays an essential role in reducing rut for-
mation on peatland soils, with effects varying by trail configuration. Using UAV-based mea-
surements, statistical analysis, spatial modelling, and machine learning, we highlight the
role of biological reinforcement in mitigating soil deformation induced by machines. The
RF model identified stump presence, reinforcement effects, and shear modulus as key pre-
dictors of rut depth, demonstrating the combined impact of biological and mechanical soil
properties.

Integrating stump influence into rut depth prediction models can improve machine
path planning and soil conservation in peatland forestry. However, site-specific conditions
and simplified reinforcement modelling suggest that species-specific constants and ad-
vanced mapping techniques, such as GPR, could improve accuracy. Future research should
refine root reinforcement models, integrate high-resolution root mapping, and expand to
diverse soil types to improve predictive accuracy and support sustainable forest manage-
ment.

2.7 DATA AVAILABILITY

The datasets generated and analysed in this study are available in the University of Padova
Research Data repository athttps://researchdata.cab.unipd.it/1722/.

The corresponding published paperis availableathttps://www.sciencedirect.com/
science/article/pii/S15637511025001916.
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CHAPTER 3

TERRAIN ROUGHNESS MAPPING USING UAV
PHOTOGRAMMETRY

3.1 ABSTRACT

In forestry, assessing and navigating the terrain is crucial for operational efficiency. Ter-
rain trafficability, the capacity to support vehicle passage, affects machinery movement
and soil health. While soil’'s weight-bearing ability is crucial, terrain classification is equally
essential for defining an area’s characteristics. This study automates terrain-roughness
estimation from UAV imagery to generate high-resolution roughness maps. We used
deep learning for object segmentation, followed by point-cloud classification and ground-
roughness quantification. Manual field measurements validated the segmentation results,
while manipulating the obstacle dataset tested the sensitivity of the roughness algorithm.
In addition, drone-derived digital terrain models (DTMs) were used to calculate the terrain
ruggedness index (TRI), vector ruggedness measure (VRM), and area ratio (AR) for com-
parison. Obstacle segmentation achieved 95.6% accuracy, while height estimation had an
RMSE of 2.6 cm and an MRE of 11.4%. Manipulation of the data set demonstrated the
method’s responsiveness to changes in obstacle density and height. The trends in TRI and
AR values (rho = 0.63,p < 0.05) and (rho = 0.67,p < 0.05) indicate that the method
classifies areas similarly to TRI and AR. In contrast, VRM (p = 0.24, p = 0.13) did not align
well with the roughness method. This study highlights the potential to automate and im-
prove roughness assessment, thus enhancing operational efficiency and allowing more ac-
curate adjustments to performance expectations and cost estimates in forest operations.

3.2 INTRODUCTION

Heavy machinery, such as harvesters and forwarders, is essential in forestry, and their
performance depends heavily on soil bearing capacity [135]. Trafficability, defined as the
soil’s ability to support machinery [2], is critical for ensuring efficient operations. In re-
cent decades, the widespread adoption of powerful, large-scale forestry machinery for log-

ging operations and transportation in industrial wood procurement [35, 136] has high-
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lighted the growing need for a deeper understanding of terrain trafficability. Trafficability
is often categorised by soil type, moisture conditions, surface characteristics, and seasonal
variations [49, 137]. Poor trafficability can lead to delays and increased operational costs,
and cause environmental damage, such as soil compaction and rutting, which affect tree
growth and disrupt water management [47].

Beyond the soil’s ability to support machinery, trafficability also includes navigability,
the ease with which vehicles can traverse the terrain. Factors such as surface roughness
and physical obstacles play a critical role in vehicle performance [11, 138]. To address
these challenges, TCS have been developed to evaluate and categorise forest land accessi-
bility, enabling more efficient forest operations [1]. TCS is a tool that helps forest managers
evaluate terrain characteristics, plan budgets, control costs, and allocate machinery to the
most suitable locations for forest operations. This classification depends on three key fac-
tors: a) ground conditions, which include the soil’s bearing capacity, which is influenced
by soil type and moisture; b) ground roughness, referring to obstacles such as rocks and
depressions; and c) slope condition, classified according to the gradient and topographic
form of the terrain [1]. These factors provide valuable information on the terrain and sup-
port effective operational planning. For example, assessing ground conditions can help
determine whether the soil can support heavy machinery without causing damage, while
evaluating slope conditions ensures that steep areas are navigable or avoided for safety.

In recent decades, several TCSs have been developed to systematically assess these fac-
tors [1, 41, 44, 40, 43]. These approaches are generally categorised into two main types:
descriptive and functional classifications. Descriptive classifications group sites based on
physical features such as soil moisture, bearing capacity, slope, and roughness. This ap-
proach focuses on classifying the terrain based on the characteristics of the permanent
site rather than the type of machinery used. By relying on natural features, it remains
adaptable to new harvesting equipment and eliminates the need for repeated evaluations
[40].

In contrast, functional classifications evaluate the terrain’s suitability for specific types
of machinery, directly addressing the practical needs of forest operations [42]. Tradition-
ally, these assessments have been performed manually, which requires expertise and ex-
perience to evaluate factors such as slope, ground roughness, and soil conditions on large
plots of at least 100 square metres [1]. Although effective, this method faces several chal-
lenges, including inconsistencies in observer skill, subjective judgment, and the time re-
quired to collect the data [1, 40]. In addition, the manual nature of these assessments
makes them inefficient for large-scale forest operations and can delay crucial decision-
making.

Terrain roughness has been the focus not only in forestry but also in various other disci-
plines, where its definition and application often vary across contexts. In disciplines such
as geomorphology, road surface assessment, and ecology, roughness is typically described

as a measure of surface complexity, quantifying elevation variability or surface uneven-
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ness [139, 140, 141, 142]. Metrics such as the vector ruggedness measure (VRM) [143],
terrain ruggedness index (TRI) [144], and local elevation deviations are frequently used
to quantify roughness in studies of landslides [141], natural hazards, and landform clas-
sification [79]. Typically, these metrics are derived from digital elevation models (DEMs)
and provide a generalised understanding of terrain characteristics.

In forestry and rural landscapes, terrain roughness is critical for road conditions and
wheel rutting, which is caused by vehicle traffic on soils with low bearing capacity or high
moisture content. Rutting can alter hydrology, compact the soil, and hinder vegetation
growth [145]. Furthermore, road surface roughness can significantly influence vehicle per-
formance and fuel consumption, with studies showing a 107% increase in fuel consump-
tion between the highest and lowest road quality classes [146]. Terrain roughness is also
an important indicator of ecological complexity. Areas with high roughness are often as-
sociated with increased species richness and biodiversity hotspots, reflecting the diverse
habitats and environmental gradients created by varied topography [147].

Advances in technology, such as UAVs (unmanned aerial vehicles) and LiDAR (light de-
tection and ranging), have enabled more efficient and scalable methods for assessing ter-
rain characteristics [46, 47]. In the past decade, UAVs have become increasingly common
for assessing soil conditions and roughness, providing cost-effective alternatives to tra-
ditional ground-based methods [52]. UAV photogrammetry has been used effectively to
quantify soil surface roughness from UAV-derived DEMs [48]. Additionally, UAV datasets
have been used to compute TRI and VRM at flight altitudes ranging from 20 to 360 me-
tres, indicating that higher-resolution digital terrain models (DTMs) retain more detailed
surface-roughness information [148]. Furthermore, UAVs have supported multi-scale anal-
yses of terrain roughness to improve natural hazard modelling. For example, DSMs derived
from UAV photogrammetry and LiDAR data in the European Alps have accurately described
terrain characteristics such as slope gradients, surface roughness, vegetation cover, and
channelised flow paths, all of which are critical for hazard prediction [79]. Despite the
effectiveness of UAVs in many applications, they often struggle to capture detailed surface
information, whereas LiDAR technology offers a distinct advantage [26, 49]. LiDAR, includ-
ing ALS (airborne laser scanning) and TLS (terrestrial laser scanning), has been effectively
used to assess and predict terrain conditions. ALS has been utilised in Finland to evalu-
ate terrain trafficability, thereby identifying areas at risk of soil compaction from vehicle
traffic [49]. In another study, Vega et al. [26] employed ALS to collect elevation data in
northwestern Spain and developed a modular terrain model to assess daily variations in
machine-specific forest soil trafficability. Wallin et at. [149] utilised high-resolution air-
borne LiDAR data from the SCA Laxsjo digital test site in Sweden to develop a model capa-
ble of predicting terrain traversability with 90% precision. Their work focused on three
critical performance metrics - target speed, energy consumption, and acceleration, key fac-
tors in vehicle efficiency and environmental impact.

TLS, on the other hand, has been used for more localised applications, such as eval-
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uating soil surface roughness by capturing high-resolution, two-dimensional data and
analysing the influence of scan positions on the roughness indices [150]. It has also been
used in geohazard mapping, including slope stability assessments and landslide potential
analysis [151]. Dynamic maps integrating hydrological models and sensor data have been
applied in Finnish forests to predict trafficability and mitigate environmental impacts, such
as soil rutting [56]. Another approach involves using GIS-based models and depth-to-water
maps to improve trafficability assessments [47, 152]. However, a crucial factor to consider
is that the high costs of TLS and LiDAR technology, in general, can limit their use in smaller-
scale studies or budget-constrained projects.

Although these methods are effective in many cases, deep learning can improve these
processes by automating tasks and improving object identification. A key aspect of deep
learning is segmentation, which enables the extraction of more detailed and accurate infor-
mation from images. In segmentation, each pixel in an image is assigned to a specific region
based on the algorithm’s parameters, thereby simplifying the scene’s complexity. Recent
advances in deep learning models have achieved high accuracy in analysing visual content.
For example, models like SAM (SegmentAnything) achieve high accuracy and exhibit zero-
shot generalisation to unfamiliar objects and images. SAM uses the bision transformer
(ViT) architecture, originally designed for image classification. ViT processes images in
patches and employs self-attention mechanisms to capture long-range relationships.

Additionally, ViT has shown strong performance in semantic segmentation tasks, en-
abling visual elements to be grouped according to segmentation parameters without re-
lying on predefined classes [153, 154, 155]. However, despite these advances, the appli-
cation of such techniques to automate terrain classification within the TCS framework re-
mains limited. Furthermore, while terrain roughness has been widely studied, research
has often been application-specific, with fewer studies focusing specifically on roughness
within TCS, particularly regarding ground conditions, slope, and detailed terrain charac-
teristics outlined in the national TCS [1].

Recognising the importance of such data, our study aims to automate terrain roughness
assessment using UAV imagery, specifically in a post-fire area of the Jonkershoek timber
plantation, South Africa. By leveraging the unique surface conditions of the experimental
site, we aim to develop and validate a method for generating high-resolution roughness
maps at a granular 3x3-metre scale. The primary objective is to demonstrate how UAV-
derived data can streamline and improve traditional, labour-intensive terrain classification
approaches, which currently rely on manual evaluation. Although we acknowledge some
limitations, we also outline plans to improve the method’s broader applicability.

3.3 MATERIALS AND METHODS

This section describes the materials and methods used to derive grid-based terrain rough-

ness classes from UAV RGB imagery, including field data collection, photogrammetric re-
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construction, obstacle detection, roughness classification, and statistical comparison with
established terrain metrics. An overview of the general processing workflow is provided
in Fig. 3.1.
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Figure 3.1: Workflow used to derive grid-based roughness classes from UAV RGB imagery.
SfM outputs (orthomosaic, DTM, and point cloud) support SAM-based obstacle segmenta-
tion, with the obstacle circumference derived from polygons and the obstacle height ex-
tracted from the normalised point cloud. Field measurements are used to validate obsta-
cle metrics, and resulting roughness classes are compared with DTM-derived indices (TR,
VRM, AR).

3.3.1 STUDY AREA

The research was conducted in a post-fire area within the Jonkershoek timber plantation
in the Western Cape province of South Africa (33°58'19.61”N, 18°56°42.24"W; UTM32S
(Fig. 3.2). The region experiences a Mediterranean climate characterised by warm, dry
summers and cool, wet winters [156]. These climatic conditions, along with elevated sum-
mer temperatures and regular south-easterly winds during summer and fall, create a high
fire risk. In addition, warm and dry winds in spring further increase the likelihood of fire
outbreaks [157, 158].
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The chosen study area was affected by a forest fire that significantly altered vegetation
and terrain characteristics. It is now characterised by sparse or no vegetation and a rocky
surface with rocks of varying sizes. Conventionally, the site would have been harvested
motor-manually, with tree lengths extracted by a cable skidder. Using this controlled post-
fire setting as a baseline, our objective is to also adapt these applied methods for future
studies in more complex environments, such as areas with partial or full canopy closure.
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Figure 3.2: Study site and plots along with measurement methodology. (a, b) The study
sites with triangular plots are located in the Western Cape province of South Africa. (c-e) De-
tailed views of the measurement plots show manually measured obstacles (green squares)
and triangular measurement areas (blue dashed lines). Obstacle measurements were sys-
tematically recorded along three transects forming triangles at the centre of each plot: plot
1(T1,T2,T3), plot 2 (T4, T5, T6), and plot 3 (T7, T8, T9). Site 1 is later used for roughness
estimation.

3.3.2 FIELD AND UAV DATA COLLECTION

A single field campaign was conducted to collect ground-truth field data from two study
sites, covering approximately 0.75 hectares. The first study site, which covered 0.5
hectares, contained two triangular plots (Fig. 3.2a), while the second site, measuring 0.25
hectares, consisted of one triangular plot (Fig. 3.2b). Across the three triangular plots, 90

obstacles (rocks) were selected and marked for identification in drone imagery (Fig. 3.2).

78



3.3. MATERIALS AND METHODS

The obstacles were marked with spray paint to enhance their visibility in the drone or-
thophotos. Their locations followed a sequential pattern along predefined transect lines,
starting at the triangle’s corner and continuing along its sides. This arrangement enabled
accurate reconciliation of their measurements during analysis.

The selected obstacles were measured in circumference and height using a field mea-
suring tape. Measurements were systematically recorded along these predefined transect
lines within each study plot. The transects varied in length between plots, averaging 13.5
minplot1(T1,T2,T3: 15.2m,13.6 mand 11.8 m; Fig. 3.2c), 8.9 min plot 2 (T4, T5, T6: 9.7
m, 7.3 m, and 9.7 m; Fig. 3.2d), and 14.5 m in plot 3 (T7, T8, T9: 13.6 m, 12.9 m, and 17.2
m; Fig. 3.2e). The triangular layout was designed to capture variations in obstacle size and
distribution across the study area, ensuring a representative sample of the rocky environ-
ment. Most obstacles along designated transects were measured, and each was assigned
a unique identifier. This included a "transect ID’ to identify the measurement line and an
‘obstacle ID’ to reference each obstacle. Table 3.1 summarises the obstacle measurements

within the surveyed plots.

Table 3.1: Summary of obstacle measurements by site

Number of
Plot measured Circumference (cm) Height (cm)

obstacles

Min Max Mean Min Max Mean

Plot 1 36 50 410 179 5 75 27
Plot 2 35 60 315 167 4 68 25
Plot 3 19 72 770 243 11 74 30
Total 90 50 770 187 4 75 27

The primary objective of this study was to automate the estimation of ground rough-
ness and to define a corresponding methodology. Manual field measurements collected
during the field campaign primarily served as benchmarks for validating a deep learning
segmentation algorithm, which is crucial for obstacle detection. These data help evaluate
and improve the algorithm’s accuracy in surface-roughness estimation, thereby reducing
reliance on traditional, labour-intensive methods.

During the same field survey, three drone flights were conducted under clear skies -
one for each triangular plot - to capture high-resolution images of the study area. A D]I
Mavic Pro drone equipped with a DJI FC220 camera was used to collect data. To achieve
fine resolution, the drone was operated at low altitudes of 6 to 10 metres above ground
level, maintaining an image front overlap of 80% and a side overlap of 70% for complete
coverage and data accuracy. In total, 90, 78, and 45 images were captured for plots 1, 2,

and 3, respectively.
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The collected images were processed to generate orthomosaics and dense point clouds.
Since plots 1 and 2 were located close together (Fig. 3.2a), they were processed as a single
unit to cover a larger area. In contrast, plot 3, being farther away, was processed inde-
pendently (Fig. 3.2b). Image preprocessing was performed using Agisoft Metashape Pro-
fessional [122], which employs Structure from Motion (SfM) and photogrammetric stereo-
matching techniques to reconstruct 3D models from unordered but overlapping images.

For spatial alignment, we used a straightforward approach based on global position-
ing system (GPS) information embedded in the RGB image metadata, without integrating
ground control points (GCPs). Instead, the data were processed in a local coordinate sys-
tem. After image alignment, three fixed corner points of each triangular plot were manu-
ally assigned as markers, and field-measured distances between them were used to apply
a scale constraint in the XY dimensions. Since there was no altitudinal difference among
these points, the Z dimension was assumed to be consistent within the study area. This
ensured that the objects in the orthomosaic were correctly scaled relative to their actual
size.

Although this approach provided sufficient data for method development, it comes
with trade-offs, particularly regarding absolute elevation accuracy and potential system-
atic errors or shifts in the final orthomosaic or DTM. To assess the reliability of the Z dimen-
sion and achieve the highest possible precision, we conducted a preliminary test in a small
area within the study site to obtain the most precise height data. We used 67 manually
measured obstacle heights as benchmarks and compared them with those derived from
the drone-generated point cloud under different processing settings. This comparison en-
abled us to evaluate the effects of various quality settings and depth-filtering techniques
in Agisoft Metashape Professional on the results. We tested all combinations of quality set-
tings (high, medium, and low) and depth filtering modes (aggressive, moderate, and mild)
[122].

To quantify these differences, we calculated the mean relative error (MRE), SD, and
RMSE (Egs. 3.1-3.3) for the manual and predicted heights across multiple configurations
(e.g., aggressive depth filtering and medium-dense point-cloud generation settings).

n

MRE = 120 z b ~ T"‘ (3.1)
i=1 L

Sp = \/Z(Pi —Z;i — D)? (3.2)

RMSE = Z(PiT_Ti)z (3.3)

where D is the mean of the differences between the predicted heights P; and the actual
heights T;. P; represents the predicted heights from the drone, T; represents the actual
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heights from manual measurements, and n is the number of measurements.

Point clouds were exported in standard .las format, and both a DTM and an orthomosaic
image were produced with a very high resolution of 0.05 metres, determined by the aver-
age ground sampling resolution of the source photos. The final products, the DTM and the
orthomosaic, were exported as .tif files. Consequently, dense point cloud data were utilised
to extract the heights of the segmented obstacles.

All roughness estimation processes and analyses were coded in Python, integrating
tools such as LAStools [159] and FUSION/LDV [160], and were executed automatically
within the Python environment. UAV image processing and point cloud generation were

performed using Agisoft Metashape Professional software [122].

3.3.3 OBSTACLE SEGMENTATION

While traditional remote sensing segmentation methods rely on pixel- or object-based ap-
proaches, they often struggle with the complexity of modern applications [161]. In this
study, we focused on achieving high-quality segmentation of complex surface structures.
We employed the SAM (Segment Anything) deep learning framework for its simplicity,
computational efficiency, and competence in detailed instance segmentation [155]. We
used SAM to segment and extract obstacle polygons, which were subsequently used for
point cloud classification and surface-roughness estimation. Several preprocessing steps
were performed to ensure accurate segmentation. Orthomosaic was segmented into 2560-
pixel tiles with 20% overlap (512 pixels).

Additionally, the overlap helps prevent gaps in feature recognition across the dataset.
We implemented the segment-geospatial (samgeo) framework using the ViT_H (vision
transformer-huge) model. This model processes images as sequences of patches, enabling
it to capture global dependencies and details across the image through self-attention mech-
anisms. Known for its ability to identify fine-grained details, the ViT_H model effectively
detects subtle features in high-resolution imagery [153, 154]. We further fine-tuned the
SAM model to adapt it to our specific dataset. This process involves adapting a pre-trained
model to new data, thereby improving its ability to handle the unique characteristics of
our dataset. By manually annotating 145 images in our custom dataset using the LabelMe
tool [162], we created 458 initial segmentation masks. Each image mask file was encoded
as a binary image: pixels with value 0 indicate no object, and those with value 255 indicate
object presence. After deriving bounding boxes from the segmentation masks, we imple-
mented a class to manage this dataset. This class simplifies handling input images and
masks, pairing them for further processing. Following this setup, we trained our model
and periodically saved its state. To achieve optimal results, we employed a systematic trial-
and-error approach to refine the model’s parameters, thereby enhancing its predictive per-
formance on our specific dataset. We then applied the trained model to raster tiles for
segmentation, converting the results into shapefiles for further analysis across the study
area. Each shapefile contained separate polygons for each identified feature. To ensure
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high-quality segmentation results, incomplete polygons at tile borders in the overlapping
zones between adjacent tiles were automatically removed using a custom Python script.
Additionally, redundant features, such as small polygons or elongated polygons repre-
senting burned logs, were automatically removed from the entire obstacle dataset. This
approach allowed us to preserve all relevant obstacles while removing incomplete or ir-
relevant features. Due to the complex terrain, the segmentation algorithm occasionally
captured features other than the target, such as low vegetation. We applied an RGB colour
threshold to refine our results and exclude areas with green foliage. This threshold was de-
fined by manually selecting 100 polygons of green vegetation and extracting their RGB val-
ues to represent a range of RGB combinations. This range was then applied to the dataset
to filter out vegetation, and the resulting filtered dataset was manually reviewed to ensure

accuracy.

3.3.4 POINT CLOUD CLASSIFICATION

We used polygons detected by the model to clip point clouds into ground and non-ground
points using the FUSION/LDV PolyClipData function, ensuring the separation of relevant
terrain features. To further refine this classification and address missed obstacles, we ap-
plied LAStools lasground with the “-nature” and “-fine” parameters, optimised through trial
and error and visual inspection. We employed lasZlas to filter newly classified ground
points, which were merged with the original ground points using lasmerge, resulting in
a more accurate and refined ground point cloud. This enhanced ground point cloud was
classified as Class 2 using lasclassify. Non-ground points were merged with the original ob-
stacle polygon-clipped point cloud and classified as Class 0. Both ground and non-ground
point clouds were then merged for comprehensive analysis. Finally, we used lasheight to
remove noise below -0.1 meters and above 10 meters and to normalise the point cloud for
heights above the ground surface. The lasheight tool normalises the point cloud by sub-
tracting the digital terrain model (DTM) elevation from each point’s elevation. Tiling with

LAStools lastile ensured manageable data sizes throughout the process.

3.3.5 OBSTACLE-BASED ROUGHNESS MAPPING

3.3.5.1 TERRAIN CLASSIFICATION AND ROUGHNESS ASSESSMENT

Traditionally, roughness assessment is conducted visually on larger plots of at least 100
square meters [1]. To improve precision, we refined the terrain classification method by
applying it to smaller 3 x 3-meter cells, enabling more detailed assessments that can later
be scaled up or down. In this case, the 3 x 3-meter grid provides a practical starting point
for assessing terrain roughness, identifying obstacles, and computational efficiency. It ap-
proximates navigation conditions for forest machinery but does not necessarily represent
the minimum space required for manoeuvrability. The classification outcome is a grid-

based roughness map, in which each 3 x 3-meter cell is assigned a roughness value.
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The terrain analysis involves two key metrics: obstacle height, derived from the .las
point cloud data, and obstacle frequency, determined from the spatial distribution of ob-
stacles represented as polygons. Stumps and logging residue, which will degrade over time,
are not counted as obstacles in the context of a descriptive terrain classification.

Within each 3 x 3-meter grid cell, every obstacle is classified according to established
rules. Fig. 3.3 visually represents this process. The logic evaluates each feature based
on its height and proximity to nearby obstacles, determining whether it is a significant or

insignificant obstacle, according to specific thresholds and spatial rules.

Rocks, stones and boulders
I

Greater than 0.1 m in height?

Is Dlz - edge 0fH> 2h?

¢ No
Ish>H/4?

l i Yes
No Yes
Y

Count larger obstacle.
Do not count smaller
obstacle

Count both as separate <
obstacles

Figure 3.3: Flowchart for obstacle counting based on height and proximity. The diagram
presents the decision-making process for classifying obstacles (rocks, stones, and boul-
ders), where h is the height of a small obstacle, H is the height of a large obstacle, s is a
small obstacle, L is a large obstacle, D is distance, D,_; is the distance from the center of the
small obstacle to the center of the large obstacle, and Dy ; edge of 1, IS the distance from the
center of the small obstacle to the edge of the large obstacle.

3.3.5.2 OBSTACLE COUNTING

The classification begins by assessing each obstacle’s height and assigning it to a height
class according to predefined limits. Obstacles are categorized into four groups: H20 (
0.10-0.29 m), H40 (0.30-0.49 m), H60 (0.50-0.69 m), and H80+ (= 0.70m) [1]. Obsta-
cles less than 0.1 meters are considered insignificant and excluded from further analysis.
Initially, the dataset contained 8936 segmented obstacles. Applying the height-based fil-
tering criteria reduced the number of obstacles to 4246 for further analysis. The overall
statistics of the obstacle dataset showed that the average obstacle height is approximately
31 cm, with a range of 10-120 cm (Table 3.2).
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For those exceeding the 0.1-meter threshold, a proximity buffer equivalent to their
height was created around each obstacle’s centroid. This buffer helps check for nearby
obstacles. Any obstacle without neighbours in this buffer is counted as a separate obsta-

cle.

Table 3.2: Summary of obstacle height statistics for the original dataset, categorised by
height class (H20, H40, H60, H80+).

Height class Count Mean (cm) Min (cm) Max (cm)

Total 4254 31 10 120
H20 3169 16 10 30
H40 722 38 30 50
H60 263 59 50 70
H80+ 92 89 70 121

For each smaller obstacle within the proximity buffer of a larger one, we measure the
distance from the smaller obstacle’s centre to the edge of the larger obstacle’s buffer. If
this distance exceeds twice the height of the smaller obstacle, it is counted separately for
surface roughness. If not, we compare their heights: if the smaller obstacle’s height is
less than a quarter of the larger one, it is not counted separately to prevent skewing the
roughness assessment. Otherwise, both are counted independently. Finally, obstacles are
categorised into frequency classes based on height and average distances, calculated using

Delaunay triangulation.

3.3.5.3 OBSTACLE CLASSIFICATION

Due to the dimensions of the 3 x 3-meter grid cells, we refined the original frequency es-
timation system, which was initially designed for larger areas and calculated per hectare.
Applying these hectare-based thresholds directly to a 3 x 3-meter grid is impractical, so
we derived new thresholds proportional to the smaller grid size.

As described by Erasmus [1], the original classification system defines four frequency
classes based on the distance between obstacles and the number of obstacles per hectare.
Obstacles are considered isolated when the distance between them is > 16.0 m, with < 40
obstacles per hectare. The infrequent class applies to distances of > 5.0 m and < 16.0 m,
with 40 to < 400 obstacles per hectare. Obstacles are moderately frequent when distances
range from > 2.2 m to < 5.0 m, at densities of 400 to 2000 obstacles per hectare. Obsta-
cles are considered frequent when the distance between them is < 2.2 m, with > 2000
obstacles per hectare.

Due to its practicality, a 3 x 3-meter grid was chosen as the basis for refining these
frequency classes, with a 9 m? area. The scale factor was extracted by dividing the area of
a hectare by the area of the 3 x 3 meter grid (Eq. 3.4).
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Aunit
12

where A ;; is the area of the standard unit (e.g., 10, 000 m? for a hectare) and [ is the side

SF =

(3.4)

length of the grid in meters. Using this SF, we reduced the number of obstacles per hectare
to a9 m? area (Table 3.5).

We used the lower quantile (Q1), median (QZ2), upper quantile (Q3), mean, and SD
from the rescaled values to establish obstacle frequency thresholds. Q1 and Q2 capture
the lower tail of the distribution, ensuring that lower-frequency classes are well-defined.
Q3, combined with the mean and SD, captures the upper end, accounting for higher vari-
ability and defining moderately frequent and frequent classes (Table 3.5). This ensures
that the obstacle density remains consistent with the original classification and applies to
smaller areas.

To accurately identify cells with large obstacles and avoid misclassification, we as-
signed weights to each grid cell based on obstacle height and the area they occupied within
each cell (Eq. 3.5). The weights were defined as follows: H20 (1.0), H40 (1.2), H60 (1.5),
and H80+ (2.0) and calculated using the following formula:

Whe = OChe X Wpe X Ape (3.5)

where W), . is the weighted obstacle count for height class hc, 0Cj,. is the obstacle count
for height class hc, wy,. is the weight assigned to height class hc, and A4, is the area occu-

pied by obstacles of height class hc, in m2.

Table 3.3: Adjusted obstacle incidence classification for a grid size of 3x3 meters.

Original

Category rescaled value Calculation Adjusted
5 value
(per 9 m~)
Isolated 0.036 Q1 + mean 0-1
Infrequent 0.36 Q2 + mean 2-3
Moderately frequent 1.8 Q3 + mean 4-6
Frequent 2.7 Q3 +std >7

To address edge effects, we employed a shifted-window approach by shifting the grid
by half the cell size in the positive and negative X (right and left) and Y (up and down)
directions to create overlapping regions (Fig. 3.4). This method allows handling obstacles
on the boundaries of grid cells. We calculated the frequencies for each cell in the original
and shifted grids. We then overlaid the grids to determine the final frequency for each 3 x
3 m cell. A rule was applied to determine the frequency value (the most common value, or

the highest value if multiple values are equally common).
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Figure 3.4: Shifted-window approach to reduce obstacle edge effects. (a) Offsets of
(Ax,Ay) = (+1.5m,—1.5m) and (b) (Ax,Ay) = (—1.5m,+1.5m). Base window size is
3x3m.

3.3.5.4 ROUGHNESS CALCULATION

To classify ground roughness within each cell, we use a tabulated method that integrates
obstacle-frequency and obstacle-height classification. Starting with the smallest height
class, the process moves horizontally across a structured table, adjusting from H20 to H80+
(Table 3.4). This systematic approach ensures all relevant data are considered, providing
a quantitative classification from “smooth” to “very rough” and avoiding the subjectivity of
visual evaluations.

To test the algorithm’s sensitivity, we conducted a series of tests by systematically ma-
nipulating the obstacle dataset. We aimed to understand how the algorithm responds to
changes in the dataset. To simulate environments with varying densities, we randomly re-
moved 25% and 75% of the total number of obstacles. To evaluate the impact of larger
obstacles, we removed all obstacles below the median height (0.44 m) + 1 SD (0.16 m) (Ta-
ble 3.5). This approach helped evaluate the potential to automate the classification process

and assess performance.

3.3.6 SLOPE CLASS CALCULATION

Slope class values are extracted based on the drone-derived DTM. The Sobel operator,
which approximates the gradient of the image intensity function, is again used for this cal-
culation. Slope classes are then categorised into the predefined classes (Table 3.6).

While slope classification can include categories based on slope shape (e.g. regular, un-
dulating, terraced, concave, convex) [1], this study did not use this classification. Instead,

the slope was calculated from a drone-derived DTM with a 1 m resolution and was classi-
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Table 3.4: Ground roughness classification based on obstacle height classes and frequency
(H20, H40, H60, H80+ indicate height classes in cm) based on [1].

Roughness class No.

H20 H40 H60 H80+ (description)
Infrequent [solated Isolated Isolated 1 (Smooth)
Moderately No other classes represented 1 (smooth)
frequent

SRR Infrequent Isolated I[solated 2 (slightly uneven)
frequent
Frequent No other classes represented 2 (Slightly uneven)
Frequent Moderately Infrequent [solated 3 (uneven)

frequent

Moderately Moderately Moderately Infrequent 4 (rough)
frequent frequent frequent
Frequent Frequent Infrequent Infrequent 4 (rough)

All surfaces with ground roughness more difficult

than that of Class 4

5 (very rough)

Table 3.5: Obstacle count and percentage of the original dataset under different scenarios

Scenario

Obstacle count

% of original

(a) Original dataset

(b) Random removal I

(c) Random removal II

(d) Height-based removal (= 0.60 m)

(e) Height increased by 16%

4246
3184
1061
202

4246

100%
75%
25%
5%
100%

Table 3.6: Slope class categories and designations (based on Erasmus [1]).

Class Slope Designation
range (%)

1 0-11 Level

2 >11-20 Gentle

3 > 20-30 Moderate

4 > 30-35 Steep 1

5 > 35-40 Steep 2

6 > 40-50 Steep 3

7 > 50 Very steep

fied into slope classes only. This served as complementary data.
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3.3.7 STATISTICAL ANALYSIS

We used high-resolution drone-derived DTM data to extract statistics on a 3 x 3-meter cell
grid. Using a DTM with a 1-meter resolution, we calculated the TRI, VRM, and AR (Table
3.7). For each 3 x 3-meter grid cell, we computed the mean of the 9 underlying 1-meter
cells to obtain metrics. This approach allowed us to compare our roughness values with
established terrain metrics. We aimed to determine whether these algorithms produce

similar results and evaluate whether these metrics are comparable in describing terrain

roughness.
Table 3.7: Overview of terrain roughness algorithms and key references
Surface roughness algorithm  Abbreviation Reference
Terrain ruggedness index TRI Riley et al. (1999) [144]
Vector ruggedness measure VRM Sappington et al. (2007) [143]

Area ratio AR Hobson (1967) [163]

We tested the normality of each variable using the Shapiro-Wilk test. The null hypoth-
esis of normality was rejected at p < 0.05. We used the Spearman correlation coefficient
(Eq. 3.6) to assess the relationships among the variables.

6 d?
nn? —1)

where d; is the difference between the ranks of corresponding values, and n is the number

p=1- (3.6)

of observations.

P-values were calculated to determine the statistical significance of the relationships
between variables. To ensure comparability of the metrics for plotting, we normalised the
TRI, VRM, and AR values using min-max normalisation. This technique scales the data to
the [0, 1] range. The normalisation was performed using the following formula (3.7).

/ X - Xmin
x= Xmax - Xmin (3.7)
where X is the original value, X ,,;, is the minimum value in the dataset, and X, is the

maximum value in the dataset.

3.4 RESULTS

3.4.1 FI1ELD AND UAV DATA PROCESSING

Data from a preliminary test to extract the most precise data from drone images show that
higher-quality settings in point-cloud configurations consistently result in lower measure-
ment errors, with MRE, SD, and RMSE decreasing as quality increases. The test evaluated
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all combinations of four quality settings (ultra-high, high, medium, and low) and three
depth-filtering modes (aggressive, moderate, and mild) (Table 3.8). The test results, as
shown in (Table 3.8), suggested that combining ultra high quality settings with aggressive
depth filtering provided the most accurate height measurements, with an MRE of 14.4%
(3.3 cm), SD of 3.2 cm, and RMSE of 4.0 cm. RMSE and MRE generally decrease as settings
move toward higher, more aggressive configurations, suggesting that these settings are
more effective at minimising measurement errors. The RMSE trends across the quality-
filtering combinations are summarised in Fig. 3.5. For visual context, Fig. 3.5 includes a

10 cm horizontal reference line to aid interpretation.

Table 3.8: Point cloud quality and depth-filtering combinations with associated error met-
rics.

Quality Depth filtering MRE (%) SD (cm) RMSE (cm)

Aggressive 14.4 3.2 4.0
Ultra high Moderate 24.3 3.4 6.2
Mild 28.7 4.2 7.0
Aggressive 34.0 7.2 10.7
High Moderate 33.4 5.7 9.3
Mild 31.8 5.7 9.2
Aggressive 42.7 7.5 13.0
Medium Moderate 42.7 7.6 13.1
Mild 419 8.0 13.3
Aggressive 50.0 8.5 15.5
Low Moderate 51.0 8.8 15.9
Mild 49.7 8.6 15.5

Based on these results, the ultra-high-quality settings were selected for subsequent
analyses. The resulting point clouds had an approximate density of 8,000 points m~?, sup-
porting more precise estimation of object heights across a range of sizes.

3.4.2 SEGMENTATION PERFORMANCE

The SAM algorithm segmented 86 out of 90 marked obstacles across three study sites,
achieving a 95.6% detection rate. The four undetected obstacles, ranging in height from
4 to 15 cm and in circumference from 50 to 110 cm, were likely missed due to complex
terrain and dense coverage in the drone imagery.

For the 86 segmented obstacles, the manually measured heights were compared with
those derived from the drone’s .las point cloud data. Fig. 3.6 presents the comparison
across three study sites. The regression analysis yields an R? of 0.97, indicating that the
model explains most of the variability. However, the model underestimates heights, with a
mean difference of -2.0 cm (-7.9%) and a standard deviation of 2.6 cm. The RMSE is 2.6 cm
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Figure 3.5: Root mean square error (RMSE) across point-cloud quality levels and depth-
filtering settings. Points indicate mean RMSE values, error bars represent +1 standard de-
viation, and dashed lines connect transitions between quality levels. Vertical separators
delineate quality groups (low, moderate, high, ultra-high). The horizontal dashed line indi-
cates a 10 cm reference threshold used for visual comparison. LQ, MQ, HQ, and UHQ denote
point-cloud generation settings in Agisoft Metashape corresponding to low, medium, high,
and ultra-high quality, respectively.

(10.3%), suggesting modest errors in height predictions. The MRE of 11.4% indicates the
average prediction error relative to the actual values. Fig. 3.6(b) shows that predictions
are slightly less than the actual values. Predicted heights are closer to actual values for
smaller heights, and the underestimation decreases as the actual height increases.

The circumference analysis revealed significant differences between the actual and
predicted values. Although the high R? of 0.83 indicates a strong linear relationship, the
results require careful interpretation. The RMSE value of 73.4 cm (27.3%) and a signifi-
cant mean difference of 52.4 cm (19.5%) indicate significant prediction errors. The model
tends to overestimate circumferences, particularly for larger actual values. While most
data points lie within one SD, there are more outliers compared to the height difference
plot, indicating higher variability in prediction errors. This issue arises mainly from the al-
gorithm’s tendency to merge closely spaced obstacles into a single detected object, leading

to increased circumference measurements.

3.4.3 OBSTACLE-BASED ROUGHNESS MAPPING

Fig. 3.7 shows a distribution of roughness classes across the study area using the original
obstacle dataset. The detailed section on the right shows a close-up of a 4x4 cell grid, with
each cell measuring 3x3 meters. This grid highlights detected obstacles and their heights
in centimetres, with rougher areas containing taller obstacles. The grid-based approach
classified the terrain into five roughness classes. The spatial distribution of these classes

indicates heterogeneity, with most areas very rough or rough.
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Figure 3.6: Comparison of manually measured and predicted heights and circumferences
using drone-derived point cloud data. (a) Linear regression plot for height measurements,
where black squares represent data points, the solid blue line indicates the regression fit,
and the grey dashed line denotes the 1:1 perfect agreement; (b) difference plot for height
measurements showing the mean difference (solid blue line) and +1 standard deviation
(blue dashed lines); (c) linear regression plot for circumference measurements with the
same symbology as in (a); (d) difference plot for circumference measurements showing
the mean difference (solid blue line) and +1 standard deviation (blue dashed lines).
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Figure 3.7: Ground roughness classification using the original obstacle dataset. The left
map shows the study area’s ground-roughness classification using the original set of ob-
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Two levels of random obstacle removal were tested to assess the impact on roughness
estimation: 25% (Fig. 3.7b) and 75% (Fig. 3.7c). With 25% of the data removed, rough-
ness classification remains stable, retaining recognisable patterns. However, removing
75% of the data leads to significant changes in classification performance, indicating the
method’s sensitivity to data density. Height-based removal (Fig. 3.7d) eliminates smaller
obstacles, leading to a smoother terrain with fewer rough areas. Manipulating obstacle size
and distribution affects roughness estimation. Increasing obstacle size generally leads to
higher roughness classification, whereas removing or reducing significant obstacles yields
smoother terrain.

To address height-detection errors, an additional test increased each obstacle’s height
by 14.4%. This adjustment resulted in slightly higher roughness classification in some
areas (Fig. 3.7d), but the overall roughness distribution remained consistent with the orig-

inal dataset.

3.4.4 STATISTICAL ANALYSIS

The results show that TRI (p = 0.63, p < 0.05) and AR (p = 0.67, p < 0.05) exhibit
the strongest correlations with the calculated roughness, indicating a moderate positive
relationship. In contrast, VRM (p = 0.24, p = 0.13) shows a weaker correlation (Ta-
ble 3.9). TRI measures the elevation difference between a centre cell and its surrounding
cells, whereas AR is the ratio of surface area to planar area, indicating deviation from a flat
plane. The higher correlations between TRI and AR and the calculated roughness likely
reflect their sensitivity to elevation differences and surface complexity. In contrast, VRM
measures the variability in slope and aspect, making it less sensitive to vertical changes.
This could explain why VRM has a weaker correlation with calculated roughness. It might
also suggest that the variability obtained by VRM does not align well with the roughness
method used in this study.

Table 3.9: Spearman correlation coefficients (p) and p-values for mean TRI, VRM, and AR
in relation to calculated roughness.

Metric Spearman correlation p p-value

TRI 0.63 <0.05
VRM 0.24 0.13
AR 0.67 <0.05

Fig. 3.9 indicates that TRI values increase with higher roughness values. The broader
spread of TRI values across higher roughness categories indicates variability in terrain fea-
tures, suggesting that areas classified as higher roughness (e.g., 4 and 5) exhibit a broader
range of TRI values. AR values also increase with higher roughness categories. This trend

occurs because AR focuses on the surface’s complexity. As the terrain becomes rougher,
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the surface area increases due to greater irregularities, potentially leading to higher AR
values. In contrast, VRM exhibits a weaker correlation with roughness and does not show

an apparent increase across roughness categories.
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Figure 3.9: Comparison of normalised TRI, VRM, and AR metrics across calculated rough-
ness values. The calculated roughness values are labelled as follows: 1 - smooth, 2 - slightly
uneven, 3 - uneven, 4 - rough, and 5 - very rough.

3.5 DISCUSSION

The primary objective of this study was to automate terrain roughness estimation and gen-
erate roughness maps for a highly uneven area, using the Jonkershoek timber plantation
as the experimental site. While previous research has widely explored methods for sur-
face roughness estimation and characterisation [141, 150, 79], the term “roughness” has
been used in various ways, each study offering unique insights. Research has examined soil
erosion, landform changes, and terrain features, including road roughness. This study ad-
dresses that gap by utilising UAV-derived data and image segmentation to quantify terrain
roughness based on the established TCS by [1].

Key findings from this work demonstrate that the SAM algorithm segmented 95.6% of
marked obstacles across three study sites, with the model generally providing good pre-
dictions of obstacle heights. However, it tends to underestimate heights, with a mean
difference of -2.0 cm (-7.9%) and a MRE of 11.4%. This MRE is slightly lower than that
obtained from point cloud software comparisons (14.4%) (Table 3.8). While further re-
search is needed to address potential sources of these errors, such as limitations in pho-
togrammetric image processing, insufficient GNSS-located GCPs, or terrain complexity, the

model’s performance for height prediction remains promising. In contrast, circumference
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predictions showed greater variability, with an RMSE of 73.4 cm (27.3%) and a mean dif-
ference of 52.4 cm (19.5%), primarily due to the segmentation algorithm merging closely
spaced obstacles into a single object. Fine-tuning the segmentation algorithm, such as ad-
justing proximity settings or employing advanced methods, such as convolutional neural
networks (CNNs), could help the model more effectively distinguish nearby objects and
reduce errors in circumference predictions.

The original obstacle dataset (Fig. 3.7) provided a detailed roughness map, serving as a
baseline for comparison. Reducing dataset density highlighted the method’s sensitivity to
obstacle density: fewer obstacles yielded smoother terrain classifications. When reducing
the dataset by height, the algorithm detected changes and identified areas with sparse yet
high-obstacle density.

A test was conducted by increasing the obstacle height by 14.4% above the average es-
timation error to determine its effect on roughness classification. While the visual compar-
ison suggested higher roughness classifications in some areas, the results did not change
significantly, likely because the classification thresholds changed only slightly. Most obsta-
cles remained within the H20 height class, where a 14.4% increase was insufficient to shift
many observations into a different class. In addition, the offset moving-window approach
may have redistributed and averaged the effects of the height increase across overlapping
cells, further reducing its influence on the final roughness classification. The offset moving-
window approach recalculates roughness on overlapping grids by applying half-cell offsets
in both x and y directions (Fig. 3.4). This ensures that obstacles near cell edges in one grid
are also included in neighbouring calculations in the offset grid. Roughness values from
the overlapping grids are then averaged, thereby smoothing localised changes in obstacle
height and reducing their impact on the final classification.

A comparison between calculated roughness values and established metrics showed
that TRI and AR have a stronger relationship with calculated roughness than VRM does.
VRM'’s lower correlation may indicate that its three-dimensional orientation data does not
align well with the roughness method used in this study. Conversely, the higher correla-
tions for TRI and AR suggest these metrics better capture aspects of terrain roughness re-
lated to elevation differences and surface complexity. However, averaging roughness met-
rics to 3 x 3 meters likely influenced the results, as these metrics are sensitive to fine-scale
terrain variations. Arecent study by [46] found that TRIand VRM can yield different results
depending on scale and resolution. Despite the terrain’s complexity, 3 x 3 meters may be
too large for the fine details these metrics aim to capture, leading to averaged metric values.
While the correlations between TRI and AR with calculated roughness are moderate, they
suggest that these metrics capture key aspects of terrain roughness. Further research is
needed to better understand the relationship between these metrics and calculated rough-
ness, potentially by exploring different scales, resolutions, and terrain types. Overall, the
trend in TRI and AR values supports our roughness classification, indicating that we detect

rougher areas. However, the variability within the values suggests that while our classifi-
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cation is generally effective, these metrics may capture finer-scale terrain features more
accurately.

The study acknowledges several limitations. While orthomosaic offers a clear view
of the terrain in our case, detecting obstacles under dense canopies remains challeng-
ing. UAV imagery is advantageous due to its availability, ease of data collection, and cost-
effectiveness, making it useful for open landscapes and sparsely vegetated areas. How-
ever, in forest environments where canopy cover reduces visibility, technologies such as
TLS, ALS, and mobile LiDAR can provide significantly higher resolution and greater under-
canopy data coverage [164]. Although these technologies are becoming more accessible,
their high costs and specialised equipment requirements still pose barriers to widespread
use. This study establishes a UAV-based roughness estimation approach as a cost-effective
alternative to LiDAR, providing a baseline methodology for future refinement. Drones offer
a straightforward, cost-effective, and accessible means to assess terrain roughness, serving
as a practical starting point before integrating more complex and expensive technologies
such as LiDAR. However, to improve roughness estimation in dense environments, future
research should explore point cloud classification methods that leverage DEMs and high-
quality point clouds from TLS or ALS. Given LiDAR'’s ability to penetrate canopy and pro-
vide high-resolution ground-level detail, integrating it into roughness estimation would
improve its applicability across a broader range of environments. This would also enable
more accurate obstacle detection and extraction.

Advanced deep-learning algorithms trained specifically for terrain and obstacle detec-
tion, though requiring substantial training data, could also be applied to high-resolution
point clouds. Previous studies have explored the use of PointNet++ and other deep
learning techniques to classify forest attributes and to provide accurate tree-structure in-
formation. For instance, PointCNN achieved up to 87.0% accuracy using LiDAR points,
laser intensity, and multispectral features for tree detection and canopy cover estimation
[165, 166]. Combining UAV and TLS data for estimating forest tree metrics was also evalu-
ated by [138], achieving 97.8% accuracy for diameter at breast height and total tree height
estimates for broadleaf trees. A similar approach could also be applied to terrain features.
Including slope, soil moisture, and roughness measurements in a TCS could provide a bet-
ter understanding of surface conditions. While slope and its shape can be extracted from
point clouds, soil moisture estimation often requires satellite or other remote sensing data.
Using Sentinel-1 and Sentinel-2 data with deep learning models has been effective for es-
timating soil moisture, achieving high correlation (0.80) and low RMSE (0.04 m) [167].

A further limitation of this study relates to the representativeness and diversity of the
training data used to adapt the segmentation workflow. Although the obstacle detection
approach was based on a pre-trained SAM model, it was customised using a relatively lim-
ited number of manually labelled samples collected under specific site conditions. Con-
sequently, segmentation performance may be constrained when applied to environments

that differ substantially from the experimental setting and may also be influenced by image-
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acquisition characteristics, such as illumination, shadowing, sensor angle, and flight timing.
These sources of variability can affect feature extraction and classification performance.
Expanding the training dataset to include a broader range of terrain types, vegetation
structures, and acquisition conditions would improve model robustness and transferabil-
ity across environments that require such adaptation.

The next step is to combine point cloud data with deep learning to improve terrain-
roughness assessment. Expanding the study from the experimental setup to forest envi-
ronments will help generalise the method. A key area for future development is the ability
to perform roughness estimation in real or near real time to support operational decisions,
such as pre-harvest planning, route optimisation, and transportation. Current efforts focus
on using TLS as a proxy for machine-mounted sensors and on adapting the existing rough-
ness estimation methodology to use LiDAR data rather than UAV imagery. Additionally,
using accurate GCP placement and positioning will be crucial for ensuring data reliability
and geospatial alignment. This would improve accuracy, adaptability, and real-time ter-
rain analysis.

However, scaling this method to larger and more complex areas introduces additional
challenges. Processing high-resolution point clouds over large spatial extents can be com-
putationally demanding. It may benefit from high-performance computing resources (e.g.,
increased RAM and, depending on the workflow, GPU acceleration) to support efficient
point-cloud generation and analysis. Workflow optimisations such as tiling, batching, and
parallel processing are therefore essential to maintain practical runtimes. In addition to
computational efficiency, transparent and automated classification workflows are needed
to streamline data processing and improve scalability across diverse datasets and acquisi-
tion methods.

In addition to computational efficiency, transparent and automated classification work-
flows are required to streamline data processing and ensure scalability across diverse

datasets, regardless of the data-collection method.

3.6 CONCLUSION

This study has shown that UAV imagery can be used to automatically assess and categorise
terrain surface roughness, creating detailed roughness maps. The algorithm adapted well
to changes in obstacle height and incidence, highlighting the potential of using remote or
proximally sensed point clouds, regardless of their origin, to describe and characterise ter-
rain. Furthermore, our findings suggest that, although TRI and AR metrics exhibit similar
trends with our calculated roughness values, they may not capture roughness in the same
way. These metrics reflect key aspects of elevation and surface complexity, but their vari-
ation with elevation may differ from the patterns observed with our method.

Future research could focus on using point cloud data to provide more robust three-

dimensional insights and improve terrain feature detection. Fully automating a TCS that in-
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cludes roughness, slope, and soil moisture can enhance decision-making in forestry and en-
vironmental management. This automation would not only improve terrain assessments
but also help set realistic expectations for extraction performance and costs, thereby im-
proving operational efficiency. Additionally, incorporating more datasets and applying
these classifications to trafficability and forestry path planning could further streamline

operations and reduce costs.

3.7 DATA AVAILABILITY

The datasets generated and analysed in this study are available in the University of Padova
Research Data repository at https://researchdata.cab.unipd.it/1723/.

The corresponding published paper is available at https://www.tandfonline.com/
doi/full/10.1080/14942119.2025.24800009.
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CHAPTER 4

DETECTING GROUND-LEVEL OBSTACLES USING
HIGH-DENSITY POINT CLOUD

4.1 ABSTRACT

Reliable identification of near-ground obstacles is critical for terrain characterisation
and trafficability assessment in forest operations, particularly in environments where
canopy cover limits aerial observation. This chapter investigates the feasibility of detect-
ing ground-level obstacles using high-density terrestrial laser scanning (TLS) point clouds,
with emphasis on point-level semantic separability rather than object-level quantification.
Using a post-fire plantation environment as a test case, TLS data were manually annotated
into three operationally relevant classes: ground, low vegetation, and rock, and used to
train a supervised semantic segmentation model based on the PointNet++ architecture.
Model performance was evaluated on spatially independent test blocks using standard
point-wise accuracy and intersection-over-union metrics. The effect of including TLS in-
tensity as an additional input feature was also assessed. Results show that high-density
TLS data enable consistent semantic separation of near-ground classes, with global accu-
racies of approximately 0.87-0.90 and mean IoU values of 0.76-0.78 on held-out test data.
Incorporating intensity information yielded modest but systematic improvements across
all classes, particularly for discriminating rock surfaces from surrounding terrain. Low
vegetation remained the most challenging class, reflecting structural heterogeneity and
diffuse boundaries with adjacent surfaces. The findings demonstrate that TLS provides
sufficient geometric detail to support supervised segmentation of ground-level obstacles
under sparse-canopy conditions. However, the analysis is limited to a single high-density
TLS dataset and focuses on segmentation feasibility rather than full-scene inference or
obstacle-level validation. The chapter therefore serves as an experimental and exploratory
step toward integrating TLS-based obstacle mapping with the UAV-based roughness as-
sessment presented in Chapter 3, highlighting both the potential and current limitations

of point-cloud-based approaches for near-ground terrain characterisation.
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4.2 INTRODUCTION

Forests are complex and dynamic environments in which terrain variability poses chal-
lenges for both operational planning and machine-based tasks. Terrain features, such as
slope variation, surface roughness, and dense vegetation, can significantly affect machine
stability, limit accessibility, and increase operational risk. In fact, terrain-related limita-
tions are among the primary factors contributing to delays, increased fuel consumption,
and equipment wear in forestry operations. Studies have shown that factors such as steep
slopes [86, 146], saturated soils [168], and rough trail surfaces [146, 169] can significantly
reduce machine productivity, increase energy demands, and accelerate wear. In some
cases, fuel use has been observed to increase by more than 100% under extreme terrain
conditions [146], highlighting terrain as one of the most influential variables in forestry op-
erations. Quantifying these characteristics is therefore essential for effective operational
planning, risk mitigation, and trafficability assessment.

Historically, terrain accessibility has been evaluated using terrain classification sys-
tems (TCS), which categorise land based on key physical features [1, 41, 43, 40, 44]. Typ-
ical TCS frameworks combine a) ground conditions related to soil bearing capacity and
moisture, (b) ground roughness associated with discrete obstacles such as rocks or depres-
sions, and (c) slope and topographic form [1, 41]. While effective for operational decision-
making, these assessments are often performed manually and rely on expert judgement,
making them time-consuming, subjective, and difficult to standardise across spatial scales
[1].

To reduce subjectivity and improve spatial detail, recent research has explored auto-
mated terrain evaluation using remote sensing products such as UAV photogrammetry
and surface models. In Chapter 3, UAV-derived data were used to approximate roughness-
related components of TCS with high spatial resolution. However, UAV and image-based
approaches remain constrained in densely forested environments where canopy occlusion
limits ground visibility and reduces the reliability of near-ground obstacle detection.

From an operational perspective, discrete ground-level obstacles such as rocks, boul-
ders, and dense low vegetation can have a disproportionate impact on machine mobility,
stability, and energy demand. Obstacles obscured beneath shrubs or regenerating vegeta-
tion can induce vibration, slippage, or route deviations and may increase fuel consumption
and operational costs. Reliable mapping of near-ground obstacles therefore remains a key
gap in terrain characterisation in forest environments with limited visibility.

LiDAR-based sensing provides a robust alternative for capturing 3D terrain structure
under vegetation. In particular, terrestrial laser scanning (TLS) offers very high point den-
sity and near-surface geometric detail, enabling improved representation of rocks, stumps,
shallow depressions, and microtopography compared with aerial or image-based methods
[61, 170]. TLS has been widely applied in forestry to characterise both above- and below-

canopy structure, including understorey complexity and microtopographic surfaces that
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are difficult to observe with nadir-view remote sensing [171]. TLS-derived surface prod-
ucts have also been used to quantify terrain deformation and fine-scale changes in rough-
ness caused by forest operations. For example, millimetre-level surface change and volu-
metric metrics have been reported for skid-trail disturbance and degradation [169].

For mobility and routing applications, TLS has also been used to derive near-ground
obstruction metrics [62], quantifying near-ground obstruction density and height using
voxel-based occupancy derived from TLS, demonstrating that low vegetation can substan-
tially influence traversability predictions and that TLS can serve as a high-detail reference
for evaluating coarser LiDAR-based terrain products.

Atthe same time, advances in point-cloud-based machine learning have enabled seman-
tic segmentation directly on irregular 3D point clouds. Deep learning architectures such
as PointNet++ [172] and RandLA-Net [173] can assign point-wise labels while preserving
fine-scale geometric structure, and these approaches are increasingly adopted in forestry
LiDAR research. Recent work has focused on general forest-scene understanding across
sensors and forest types, including semantic separation of foliage, wood, ground, and lower
vegetation using dedicated deep learning frameworks [174]. In parallel, the availability
of large annotated benchmark datasets has accelerated method development and compa-
rability, for example, the ground-based SegmentedForests dataset (>920 million labelled
points across multiple forest plots and sensors) [175] and the FOR-instance UAV laser
scanning benchmark for semantic and instance segmentation [176]. These developments
demonstrate that deep learning segmentation of forest point clouds is now feasible at scale.
However, most efforts focus on forest structural components (e.g., stems, crowns, foliage/-
wood separation) rather than on discrete ground-level obstacles [177]. The applicability
of these methods to near-ground obstacle detection remains underexplored, particularly
in environments where low vegetation obscures rock surfaces and class boundaries are
diffuse.

This chapter explores the feasibility of detecting ground-level obstacles from high-
density TLS point clouds using supervised semantic segmentation. Building on the limi-
tations identified in Chapter 3, where UAV-based approaches were constrained by canopy
obstruction and limited near-ground visibility, the study evaluates whether TLS provides
sufficient detail to separate three operationally relevant classes: rock, low vegetation, and
ground in a post-fire forest environment.

The analysis is preliminary and focuses on class-level separability and the practical
performance of a baseline segmentation pipeline, including the contribution of TLS inten-
sity as an additional input feature. Rather than detailed obstacle reconstruction or direct
quantification of trafficability, the emphasis is on segmentation performance and inter-
pretability as a first step toward applications such as machine route planning and terrain
assessment, where near-ground obstacles can affect delays, fuel consumption, and operat-

ing costs.
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4.3 MATERIALS AND METHODS

This section describes the materials and methods used to evaluate ground-level obstacle
separability from high-density TLS point clouds, including TLS acquisition, preprocessing
and georeferencing, manual annotation, data augmentation, supervised semantic segmen-

tation with PointNet++, and evaluation on spatially independent test blocks (Fig. 4.1).
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Figure 4.1: Experimental workflow for ground-level obstacle detection using high-density
TLS data. TLS point clouds and reference targets are used for scan registration and geo-
referencing, followed by block extraction. Point-cloud blocks are manually annotated into
terrain classes and split into training and test subsets, with data augmentation applied ex-
clusively to the training data. Semantic segmentation is evaluated under two alternative
input feature configurations (XYZ and XYZ + intensity) using an identical PointNet++ archi-
tecture, and performance is assessed on the held-out test set.

4.3.1 STUDY AREA

The study was conducted within the Jonkershoek timber plantation in the Western Cape
province of South Africa (33’19.61” S, 18’42.24” E). The study site is the same post-fire plan-
tation landscape described in Chapter 3. The region has a Mediterranean climate with hot,
dry summers and mild, wet winters [156], and a high incidence of wildfires, particularly
between December and May [157, 158].
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A few years before this study, a forest fire substantially altered the site’s vegetation
structure. During data collection, vegetation remained sparse, dominated by shrubs ap-
proximately 1.5 to 2 m tall, with exposed rocks of varying sizes across the terrain. Un-

der typical pre-disturbance conditions, the stand would have been harvested using motor-

manual felling, with tree-length extraction by cable skidder. Field conditions are illustrated
in Fig. 4.2.

Figure 4.2: Overview of the study area located in a post-fire pine plantation landscape in
the Jonkershoek Nature Reserve, Western Cape, South Africa. (a-b) Typical terrain and veg-
etation conditions during data collection, showing exposed rocks and dense low-vegetation
regeneration. (c) The RIEGL VZ-2000i terrestrial laser scanner used in this study.

4.3.2 TLS DATA COLLECTION

TLS data were acquired using a RIEGL VZ-2000i, a time-of-flight terrestrial laser scanner
designed for long-range, high-density 3D mapping. The instrument provides a 360° hor-
izontal and 100° vertical field of view and records dense point returns suitable for near-
ground terrain characterisation (Table 4.1). The TLS instrument used is shown in Fig. 4.2c.

The data were collected during two field campaigns in April and May 2025. The April
2025 campaign covered the area corresponding to Plots 1 and 2 (Chapter 3; Fig. 3.2), while
the May 2025 campaign covered the area corresponding to Plot 3 (Chapter 3; Fig. 3.2).

Scans were acquired from tripod-mounted positions spaced approximately 15 m apart,
with a consistent scanner height of 2 m. Multiple overlapping scan positions were used to
increase point density and reduce occlusions caused by rocks and low vegetation. In total,
27 scan positions were acquired during the April 2025 campaign and 30 scan positions
during the May 2025 campaign.

A total of 13 ground control points (GCPs) were surveyed using a high-precision GNSS
receiver and a Trimble TSC3 controller. These GCPs were used as control targets for sub-
sequent georeferencing of the registered TLS point clouds.
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Table 4.1: Technical specifications of the RIEGL VZ-2000i terrestrial laser scanner.

Parameter Value

Field of view (FOV) 360° (H) x 100° (V)
Resolution 7201 x 2082 scanlines
Maximum range 2000 m

Scan time 29 s per scan

Beam divergence 0.3 mrad

Measurementrate 1.2 MHz (up to 14,992,482 points per scan)

Wavelength Infrared
Accuracy 5 mm
Repeatability 3 mm

4.3.3 TLS PREPROCESSING AND GEOREFERENCING

All TLS scans were processed using RIEGL RiSCAN PRO v2.20.1 [178]. Each scan position
was processed individually and exported in LAS format. The LAS files were then imported
into CloudCompare for preprocessing and georeferencing. In CloudCompare, scan posi-
tions from each campaign were merged into a single point cloud scene using the Merge
multiple clouds tool.

The merged point cloud was georeferenced using the surveyed GCPs. An initial coarse
alignment was performed using the CloudCompare Align two point clouds tool based on
manually selected corresponding GCP locations. The alignment was subsequently refined
using iterative closest point (ICP) registration. The final point clouds were referenced to
the WGS 84 / UTM Zone 32S coordinate system. To reduce isolated outliers, the CloudCom-
pare noise filter was applied with a radius of 0.5 m, removing points with insufficient local

neighbourhood support.

4.3.4 MANUAL ANNOTATION AND CLASS DEFINITION

Following preprocessing and georeferencing, the TLS point cloud was spatially subset into
six non-overlapping blocks of 35 m X 35 m distributed across the scanned area. Blocks
were selected to capture representative variability in terrain and vegetation conditions
and to maximise scene diversity for subsequent analysis.

Manual annotation was performed in CloudCompare using the Segment tool. Within
each block, points belonging to individual features were interactively segmented and as-
signed to one of three classes: rock, low vegetation, and ground. Segmented objects belong-
ing to the same class were merged into a single class-specific point cloud (i.e., one cloud
containing only rock points, one containing only vegetation points, and one containing only
ground points).

A categorical label was then stored in the CloudCompare Classification scalar field us-
ing Add Classification SF, with class codes assigned as rock = 1, low vegetation = 2, and
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ground = 3. Finally, the class-specific point clouds were merged back into a single labelled
point cloud using the Merge two clouds tool, preserving the Classification field for subse-
quent model development and evaluation. All annotations were performed by the author

to ensure consistent interpretation of class boundaries.

4.3.5 DATA AUGMENTATION STRATEGY

To increase the amount of labelled training data and improve robustness to sampling vari-
ability, data augmentation was applied to the manually annotated TLS blocks. All augmen-
tations preserved the original class labels. Transformations did not alter the class iden-
tity of points (ground, low vegetation, rock). However, it introduced additional geometric
variability expected in TLS acquisitions, such as differences in scene orientation, local mea-
surement noise, and partial occlusion.

Four augmentation operations were applied (Table 4.2): random rotation around the
vertical axis, additive jittering noise, axis flipping, and random point dropout. The result-
ing augmented point clouds were used as additional training samples in the supervised
semantic segmentation experiments described in the following subsection. Augmentation
was implemented in Python, and the augmented point clouds were exported to LAS format

for subsequent model training.

Table 4.2: Point cloud data augmentation strategies with their purposes, key parameters,
and implementation notes.

. Number of
No. Augmentation Purpose Key parameters .
variants
Introduces
orientation

angle: Random in

1 Z-axis rotation Variapility by _ [0, 360] degrees 6 variants per scene
rotating the point
cloud around Z.
Adds noise to std=0.01,

. . simulate clip=0.05 6 jittered versions

2 Jittering . .
measurement (Gaussian noise, per scene
inaccuracies. clipped)
Mirrors scenes

P flip_x, flip_y: 3 versions: flipX,
3 Axis flipping Zl(oerslg Xand/orY True,False flipy, flipXY

Simulates occlusion  dropout_rates={0.1, Applied globally

4 Point dropout or incomplete data. 0.2, 0.3, 0.5} (not per class)

4.3.6 SUPERVISED SEMANTIC SEGMENTATION FRAMEWORK

Supervised semantic segmentation was performed to classify TLS points into three classes:

ground, low vegetation, and rock. Model development and experiments were conducted in
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MATLAB R2025b (MathWorks) [179]. All model training and evaluation were performed
on a workstation with the technical specifications listed in Table 4.3.

Table 4.3: Technical specifications of the workstation used for experiments.

Parameter Value

CPU Intel Xeon W-2295, 18 cores / 36 threads
GPU NVIDIA RTX 4000 Ada Generation
Dedicated GPU Memory 20 GB

Total Available GPU Memory 83.6 GB (including 63.6 GB shared)
System RAM 128 GB DDR4

The PointNet++ architecture [172] was used as the baseline model for its ability to learn
hierarchical features directly from unordered point clouds. The network was trained using
manually annotated TLS blocks (Section 4.3.4) and augmented samples (Table 4.2).

Each point was represented by its 3D coordinates (X, Y, Z). Two input configurations
were evaluated: (a) geometric features only, using (X,Y,Z), and (b) geometric features
plus TLS intensity, using (X,Y, Z,I), where I denotes the recorded return intensity. This
comparison was included to assess whether intensity provides complementary informa-
tion for separating near-ground classes beyond that provided by geometry alone, while
holding all other settings constant.

To provide a fixed-size input to PointNet++, each training and test sample was con-
structed by sampling a fixed number of points per block (e.g., N, = 8192 points). Un-
classified points (label 0) were excluded from training and evaluation.

The six labelled 35 m X 35 m blocks were split at the block level to avoid spatial leak-
age: four blocks were used for model training and two blocks were held out for evaluation.
Data augmentation was applied only to the training blocks to generate additional training
samples. No augmentation was applied to the held-out evaluation blocks.

Model training was run for up to 200 epochs. An early stopping criterion was applied to
prevent overfitting, terminating training when validation performance did not improve for
a predefined number of consecutive epochs. The complete set of training hyperparameters
is reported in Table 4.4.

4.3.7 EVALUATION METRICS

Model performance was evaluated on the held-out test blocks using standard point-wise
classification metrics. Overall performance was assessed using global accuracy (GA;
Eqg. 4.1), mean accuracy (MA; Eq. 4.2), mean intersection over union (M-IoU; Eqg. 4.3), and
weighted IoU (W-1oU; Eq. 4.4). Per-class performance was evaluated using per-class accu-
racy (A.; Eq. 4.5) and per-class loU (IoU.; Eq. 4.6) for the ground, low vegetation, and rock
classes.
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Table 4.4: Training hyperparameters and optimisation settings used for PointNet++ model
training in MATLAB R2025b (MathWorks) [179]

Setting Value
Optimizer Adam
Initial learning rate 5x10~*
L2 regularization 0.01
Max epochs 200
Mini-batch size 32
Shuffle every epoch
Learning-rate schedule piecewise
Learning-rate drop factor 0.5
Learning-rate drop period 20 epochs
Gradient decay factor (5;) 0.9
Squared-gradient decay factor (5;) 0.999
Execution environment auto (CPU/GPU)
Checkpointing enabled (saved during training)
Training monitoring training-progress plot
% TP,
GA = N (4.1)
1
MA=2 ) 4. (4.2)
c
1
M-IoU = Ez loU.. (4.3)
c
W-loU = Z (%) loU,. (4.4)
Cc
TP,
A, = —TPC TFN, (4.5)
TP,
loU, = (4.6)

- TP.+FP.+FN,
Here, c indexes the classes and C is the total number of classes. TP,, FP.,and FN,. denote
the numbers of true positives, false positives, and false negatives for class ¢, computed from
point-wise comparisons between predicted and reference labels. N is the total number of

evaluated points, and n. is the number of reference points belonging to class c.
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4.4 RESULTS

44,1 LABELLED TLS DATASET

The manually annotated dataset consisted of six non-overlapping TLS blocks of 35 m X
35 m distributed across the study area. The labelled point cloud comprised more than 16
million points, classified into three classes: rock (Class 1), low vegetation (Class 2), and
ground (Class 3).

Across the six labelled blocks, the mean point density was approximately
11 700 points m~2. Class-specific mean densities were highest for rock surfaces (approxi-
mately 6 100 points m~2), followed by low vegetation (approximately 4 100 points m~2),
and ground (approximately 1 500 points m™2).

Fig. 4.3 illustrates the relative class composition of each labelled block. Rock points ac-
counted for the majority of the total point count in most blocks, whereas the proportions
of low vegetation and ground varied substantially across plots, reflecting spatial hetero-
geneity in terrain structure and obstacle distribution.

100 -

80 1

60

40

Percentage (%)

53.4% 55.1%

20 1

Plot 1 Plot 2 Plot 3 Plot 4 Plot 5 Plot 6 Average
Plot
W Rock (Class 1) N Vegetation (Class 2) I Ground (Class 3)

Figure 4.3: Class composition of the manually annotated TLS blocks. Bars show the per-
centage of points assigned to ground, low vegetation, and rock for each labelled block; the
final bar indicates the mean class distribution across all blocks.

In addition to geometric density and class composition, the labelled dataset also exhib-
ited class-dependent TLS intensity behaviour. Fig. 4.4 shows intensity distributions for
manually annotated points by class. Rock and ground have higher central intensity values

than low vegetation, although the distributions overlap substantially.
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Figure 4.4: TLS intensity distributions for manually annotated points belonging to (a) rock,
(b) low vegetation, and (c) ground classes. Distributions are derived only from labelled TLS
blocks. Dashed and dotted vertical lines indicate the mean and median intensity values,
respectively.

4.4.2 EFFECT OF TRAINING DATA AUGMENTATION

Data augmentation substantially increased the amount of labelled training data by gener-
ating multiple transformed variants of each manually annotated TLS block (rotation, jitter-
ing, flipping, and point dropout), while preserving the original class labels. As a result, the
total number of labelled points used for training increased from 16.3 million to 478.4 mil-
lion (= 29x). Mean point density increased from 11,724 to 12,893 points m™2 (~ +10%),
indicating a modest densification of the training data after augmentation and preprocess-
ing.

Class-specific point densities changed after augmentation, with rock remaining nearly
unchanged (=9.3%), low vegetation increasing moderately (=+8.8%), and ground increas-
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Table 4.5: Overall segmentation performance for XYZ vs. XYZ+intensity (higher is better).
Absolute improvement is reported as A (XYZ+] — XYZ), with relative improvement in paren-

theses.

Input Global acc. Mean acc. Mean loU Weighted IoU
XYZ 0.87 0.87 0.76 0.77
XYZ+intensity 0.90 0.90 0.78 0.78

Improvement (A) +0.03 (+3.33%) +0.03 (+3.25%) +0.03 (+3.50%) +0.01 (+1.17%)

ing substantially (%+35.9%). This indicates that augmentation increased the effective
training data volume and shifted the class density distribution toward the ground, in addi-

tion to introducing geometric variability relevant to TLS acquisition conditions.

4.4.3 SEMANTIC SEGMENTATION PERFORMANCE

Table 4.5 summarises test-set semantic segmentation performance for the two input fea-
ture configurations (XYZ vs. XYZ+intensity). Using only XYZ coordinates, the PointNet++
model achieved a global accuracy of 0.87 and a mean IoU of 0.76. When TLS intensity was
included as an additional input feature, performance improved consistently across all ag-
gregate metrics, with global accuracy increasing to 0.90 and mean IoU to 0.78.

Per-class performance metrics are reported in Table 4.6. Ground points were classi-
fied with the highest accuracy, reflecting the relatively planar and continuous nature of the
ground surface. Rock classification benefited most from the inclusion of intensity informa-
tion, with IoU increasing from 0.79 to 0.82. Low vegetation exhibited the lowest accuracy
and IoU across both feature configurations, consistent with its structural variability and
diffuse boundaries with adjacent classes. Fig. 4.5 shows representative point-wise predic-
tions produced by the PointNet++ model, illustrating spatially coherent class regions and

the separation between ground surfaces, rocks, and low vegetation.

Figure 4.5: Example semantic segmentation results produced by the PointNet++ model
using XYZ coordinates. Ground points are shown in yellow, low vegetation in cyan, and rock
in purple. Panels (a) and (b) show two representative viewpoints illustrating the spatial
coherence of predicted classes and the separation between ground surfaces, rocks, and low
vegetation.

110



4.5. DISCUSSION

Table 4.6: Per-class loU for XYZ vs. XYZ+intensity (higher is better). Improvements are A
(XYZ+] — XYZ) with relative improvement in parentheses.

Rock Vegetation Ground
IoU (XYZ) 0.79 0.76 0.72
IoU (XYZ+]) 0.82 0.79 0.78

Improvement (A) +0.03 (+3.77%) +0.03 (+3.58%) +0.06 (+8.07%)

4.5 DISCUSSION

This chapter evaluated the feasibility of separating ground, low vegetation, and rock
classes from high-density TLS point clouds using a baseline supervised semantic segmenta-
tion workflow. Results obtained on held-out test blocks indicate that point-level semantic
separation is achievable under the investigated post-fire conditions, with global accuracy
of approximately 0.87-0.90 and mean IoU of approximately 0.76-0.78. Visual inspection of
predicted segmentation maps further indicates spatially coherent class regions, suggesting
that TLS-based semantic segmentation can capture meaningful near-ground terrain struc-
ture at local scales.

Including TLS intensity as an additional input feature led to consistent, though moder-
ate, performance improvements across all evaluated metrics. Class-wise intensity distri-
butions derived from the labelled data show shifts in central tendency between rock and
ground relative to low vegetation, which provides a plausible explanation for the observed
performance gains when intensity information is available. However, the substantial over-
lap between class distributions indicates that intensity (Fig. 4.4) alone does not provide a
robust decision rule and should be interpreted as complementary to geometric informa-
tion rather than as a standalone discriminator.

A further consideration is the transferability of intensity as an input feature. TLS in-
tensity is typically instrument- and acquisition-dependent and can vary with range, in-
cidence angle, and scanner settings. Without explicit radiometric normalisation or cali-
bration, intensity-driven performance gains observed in this dataset may not generalise
across campaigns or sensors. Future work should therefore document the intensity pre-
processing and evaluate whether the improvements persist across different acquisition
geometries and platforms.

Although intensity improved segmentation performance, further gains are likely to
be achieved by enriching the input representation with explicit local geometric descrip-
tors. While PointNet++ can learn geometric patterns directly from raw coordinates, provid-
ing neighbourhood-based shape features may improve separability in near-ground scenes
characterised by diffuse boundaries, occlusions, and mixed returns. Potential descriptors
include verticality, planarity, curvature or normal change rate, and eigenvalue-based fea-
tures derived from the local covariance structure of neighbouring points.

This is consistent with prior LiDAR literature, which shows that neighbourhood-based
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eigenvalue and normal-derived descriptors can be strongly discriminative when raw XYZ
data alone is insufficient. For example, [180] developed an automated TLS leaf-wood sep-
aration workflow that explicitly computes multiple eigenvalue-based geometric features
from local neighbourhoods and uses them for point-wise classification. In a related TLS
tree-structure pipeline, [181] similarly relies on multi-scale neighbourhood features de-
rived from local covariance eigenvalues, including linearity and planarity, and a normal-
based verticality measure, noting that the apparent geometric character of points (linear,
planar, volumetric) can change with neighbourhood scale.

Eigenvalue-based features have also proved helpful for point cloud classification be-
yond individual trees. [182] tested a set of covariance-derived descriptors (e.g., omnivari-
ance, eigenentropy, planarity, sphericity, surface variation, anisotropy, linearity, and verti-
cality) and used class-wise histograms to identify features that best separate vegetation
from terrain, finding evident differences for measures such as eigenentropy and omni-
variance. These results align with expected near-ground class geometry, where ground
points are usually locally planar with stable normals, low vegetation shows more vari-
able normals and vertical structure, and rock surfaces often have stronger curvature and
anisotropy around edges and boulder faces. Adding a small set of such neighbourhood-
based descriptors alongside XYZ and intensity may therefore help reduce confusion be-
tween low vegetation and rock in partially occluded areas.

However, the experimental setup also has several significant limitations. All results are
derived from a single high-density TLS dataset (mean approximately 11,700 points m~2)
acquired in a post-fire plantation environment. Model performance under lower point
densities (e.g., 1,000-3,000 points m‘z), different acquisition geometries, or alternative
platforms such as mobile or airborne laser scanning (MLS/ALS) remains untested. Conse-
quently, the reported metrics should be interpreted as a site- and sensor-specific feasibility
demonstration under favourable acquisition conditions, and practical adoption would re-
quire evaluation across multiple sites and sensors to assess robustness and generalisation.

This limitation is consistent with broader observations in the forestry LiDAR literature.
Arecentreview of Al methods for terrestrial point clouds [183] notes that many deep learn-
ing studies rely on very dense TLS data, and that models trained under such favourable
conditions may not transfer directly to sparser ALS point clouds unless density effects are
explicitly addressed (e.g., through downsampling experiments or multi-density training).
At the same time, emerging benchmark studies indicate that deep learning methods can
remain competitive across a range of airborne point densities. For example, the FGI-EMIT
benchmark for individual tree segmentation from multispectral ALS [184] reports that
deep learning approaches outperform traditional unsupervised baselines across multiple
density levels. However, segmentation quality degrades as density decreases. Taken to-
gether, these findings suggest that extending the present near-ground classification work-
flow to lower-density airborne or mobile LiDAR is a plausible direction, but it would re-

quire systematic evaluation across varying point densities, forest types, and sensor config-

112



4.5. DISCUSSION

urations before conclusions about operational applicability can be drawn.

A second limitation concerns the size and representativeness of the labelled dataset.
Training and evaluation were performed on six manually annotated blocks, with only two
blocks held out for testing. Although the block-level split reduces spatial leakage, the lim-
ited number of independent test blocks restricts conclusions about variability across ter-
rain conditions. It increases sensitivity to the particular train-test partition. Expanding
the number and diversity of labelled blocks would be necessary to better characterise per-
formance variability and robustness across heterogeneous near-ground conditions.

Manual annotation introduces an additional source of uncertainty, especially near the
ground where class boundaries in TLS data are inherently fuzzy. In these zones, low veg-
etation often partially occludes rocks, and many points sit at class interfaces with mixed
returns, so a single “correct” label is not always well-defined. As a result, some apparent
misclassification in point-wise error maps may reflect uncertain or inconsistent reference
labels rather than genuine model failure. This problem is not unique to the present dataset
and has been recognised in recent TLS annotation workflows [175, 185]. Beyond forestry
TLS, work on implicitlabel noise in semantic segmentation [186] similarly shows that even
carefully curated datasets can contain hidden noise arising from ambiguous boundaries,
occlusion, and annotator variability.

Class imbalance is also relevant for interpreting performance metrics. Because class
proportions vary across blocks and rock often dominates the point count, weighted met-
rics may be disproportionately influenced by the majority classes. It can mask poorer per-
formance on minority or boundary-dominated classes, such as low vegetation. Reporting
per-class performance, as done here, is therefore essential, and future evaluations could
incorporate boundary-focused analyses to better characterise errors at class interfaces.

Additionally, although data augmentation increased the volume of training samples, it
did not increase true environmental diversity. Rotations, jittering, and point dropout can
improve robustness to sampling artefacts and partial occlusion, but they do not substi-
tute for additional sites, vegetation types, terrain forms, or rock morphologies. As a result,
observed performance may still be dominated by site-specific structure despite extensive
augmentation. A more diverse labelled dataset would therefore be required to support
model development aimed at broader operational deployment and to evaluate transfer-
ability across forest conditions.

Several practical deployment aspects also remain untested. Evaluation was performed
on pre-defined blocks rather than on continuous full-scene inference. Operational map-
ping would require applying the model over large areas using tiling and overlap strategies,
which can introduce edge effects and spatial inconsistencies at tile boundaries. Demon-
strating full-scene prediction and post-processing for spatial consistency would therefore
be necessary to assess practical mapping behaviour beyond block-level metrics. In addi-
tion, computational performance was not evaluated. Operational deployment would re-

quire assessing runtime, memory requirements, and scalability to larger scenes or near-
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real-time data streams from mobile platforms.

Finally, although point-wise metrics indicate semantic separability, they do not directly
translate into obstacle-detection performance at the object level. Operational use would
require converting predicted labels into discrete obstacle objects (e.g., through polygoni-
sation) and validating detection rates, size estimates, and positional accuracy against in-
dependent field measurements. Without object-level evaluation, the relationship between
segmentation metrics and trafficability-relevant obstacle metrics remains unresolved.

Taken together, these limitations indicate that the present work should be interpreted
as experimental and exploratory rather than as an operational solution for forest appli-
cations. The workflow demonstrates that near-ground semantic separation from high-
density TLS point clouds is feasible under favourable conditions, but the practical useful-
ness of the approach for routine forest operations remains untested. In particular, ques-
tions related to generalisation across sites and sensors, robustness under lower point den-
sities, full-scene mapping behaviour, object-level obstacle detection, and integration with
operational data streams have not yet been addressed.

Nevertheless, the results provide a proof of concept by illustrating how rich geometric
and radiometric (intensity) information contained in point clouds can be exploited to char-
acterise near-ground terrain structure. As more diverse labelled datasets become available
and as feature representations and validation strategies mature, similar workflows could
be adapted to more operational settings, such as machine-mounted or vehicle-based Li-
DAR systems used in forest harvesting and planning. In this sense, the chapter provides
methodological insight rather than a deployable tool. It helps clarify both the potential and

current limitations of point-cloud-based approaches for supporting forest operations.

4.6 CONCLUSION

This chapter demonstrated the feasibility of supervised semantic segmentation for separat-
ing three near-ground terrain classes - rock, low vegetation, and ground, from high-density
TLS point clouds, achieving encouraging performance on spatially independent test blocks.
Including scanner-recorded intensity provided a consistent, though moderate, improve-
ment across aggregate metrics, indicating that intensity can complement geometric cues
in complex near-ground scenes. However, low vegetation remained the most challenging
class due to occlusion and diffuse boundaries, and the substantial overlap in class-wise
intensity distributions limits the use of simple intensity thresholds.

The results should be interpreted as an experimental proof of concept based on a single
high-density TLS dataset. Future work should (a) evaluate generalisation across multiple
sites, sensors, and point densities, (b) demonstrate full-scene inference with strategies to
reduce tiling artefacts, and (c) move beyond point-wise metrics by extracting and validat-
ing obstacle objects against independent field measurements to assess operational rele-

vance for trafficability assessment.
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4.7 DATA AVAILABILITY

The corresponding paper is currently in draft form and will be submitted to a scientific

journal in April 2026.
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CHAPTER 5

TERRAIN COMPLEXITY ASSESSMENT IN MOUNTAIN
FORESTS USING MULTI-SENSOR DATA

5.1 ABSTRACT

Accurate digital terrain models (DTMs) are fundamental for terrain analysis in steep for-
est environments, yet their reliability depends strongly on sensor type, ground-point den-
sity, and spatial resolution. This study evaluates how DTMs derived from airborne laser
scanning (ALS), unmanned aerial vehicle (UAV)-borne light detection and ranging (LiDAR),
handheld LiDAR (HLS), and UAV photogrammetry (SfM) perform in a steep, closed-canopy
mountain forest. Full-density UAV LiDAR served as the internal reference. At plot scale
(0.5-4 m grids), vertical deviations were quantified and related to terrain and canopy char-
acteristics using slope, raster-based roughness, topographic wetness index (TWI), and
a composite terrain complexity index (TCI) used to stratify terrain into three variability
classes. Atstand scale (0.5-30 m grids), the influence of sensor choice, LiDAR ground-point
density, and grid resolution on slope statistics, slope-category aggregation, and terrain-
variability metrics was assessed. HLS and UAV LiDAR provided the most consistent terrain
representation under canopy, ALS showed moderate performance, and UAV SfM exhibited
large canopy- and terrain-dependent deviations. Terrain roughness was the strongest pre-
dictor of elevation error across sensors. Coarser grid resolutions progressively smoothed
steep terrain, substantially reducing the mapped extent of high-slope categories. LiDAR
DTMs gridded at 2-4 m with approximately 5-10 ground points m~2 achieved ~90% agree-
ment with the reference while limiting data volume. Overall, the results demonstrate how
sensor characteristics and spatial resolution influence raster-derived terrain indicators
and provide methodological guidance for selecting DTM specifications for terrain analy-

sis in complex forest environments.

5.2 INTRODUCTION

Mountain forests cover over 9 million km? of the Earth’s surface, representing about 23%

of global forest cover [187]. They provide essential ecosystem services, including carbon
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sequestration, biodiversity conservation, and watershed protection. Within this context,
European mountain forests cover approximately 41% of the continent’s mountain area and
serve as a vital timber resource, particularly in Central and Southern Europe [187, 188].
Yet steep and rocky terrain makes mechanised harvesting both technically demanding and
environmentally sensitive, and forest operations in these landscapes depend heavily on
detailed terrain information to select appropriate machinery, design safe extraction routes,
minimise soil disturbance, and manage costs and productivity [21, 23, 22, 24].

The relationship between terrain steepness and machine operability is well estab-
lished. Conventional cut-to-length (CTL) harvesters and forwarders are generally con-
strained below about 30-40% slope by traction and stability limits [12], and safety guid-
ance commonly applies similar thresholds when manufacturer limits are unknown [189].
Empirical evidence shows, however, that machines may exceed these nominal limits un-
der specific configurations: wheeled machines with traction aids can reach ~45%, self-
levelling tracked systems 60%, and winch-assist systems 75-85% [11]. In very steep ter-
rain, harvesting often shifts to manual felling and cable-based extraction, with cable yard-
ing frequently applied on slopes exceeding 50% [13]. Reliable, spatially explicit slope in-
formation is therefore essential for selecting extraction systems and planning operations
in mountain forests.

Slope information is increasingly derived from remote sensing, which provides spa-
tially continuous terrain surfaces over large areas more efficiently than field-based survey-
ing [190, 191]. Remote sensing data are typically processed into gridded elevation prod-
ucts: digital surface models (DSMs) represent the uppermost surface, including canopy
and built structures, while digital terrain models (DTMs) describe the bare-earth surface
beneath vegetation. In image-based workflows, orthomosaics provide complementary vi-
sual context for terrain interpretation.

However, DTMs are only as reliable as the underlying ground observations and inter-
polation methods used to produce them. In steep, closed-canopy mountain forests, veg-
etation limits ground visibility, steep slopes amplify minor elevation errors into larger
slope errors, and terrain complexity introduces microtopographic variability that is eas-
ily smoothed at coarser grid resolutions. As a result, DTMs from different sensors and
processing choices can differ substantially, and these differences propagate into derived
terrain metrics used in operational planning.

A range of remote sensing platforms is available for terrain mapping in forest opera-
tions, each entailing distinct trade-offs in coverage, point density, and performance under
canopy [49, 52, 47]. Airborne laser scanning (ALS) provides efficient large-area coverage
and is widely used as a planning baseline, supporting the derivation of DTMs and suscep-
tibility layers such as depth-to-water (DTW) and topographic wetness index (TWI) for ac-
cess and trafficability planning [55, 54, 57, 35, 56]. Its representation of fine-scale terrain
structure depends strongly on ground-return density and interpolation, with typical na-

tional survey specifications of roughly 1-4 points m~2 [47, 58].
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UAV LiDAR can deliver denser point clouds over smaller areas and better capture com-
plex terrain, making it well-suited for operational planning that requires greater detail. It
can be deployed on demand and repeated as needed to reflect current site conditions, mak-
ing it more flexible than scheduled ALS campaigns for stand-level planning [192]. Com-
pared with typical ALS specifications, UAV LiDAR usually provides substantially higher
point densities, enabling more detailed representation of microtopography and small ter-
rain features relevant to extraction planning [59, 60].

Handheld and mobile LiDAR (HLS and MLS) can provide very dense local mapping un-
der canopies, where other sensors fail to capture sufficient ground returns, and GNSS is
unreliable. However, these systems cover only limited areas and are susceptible to regis-
tration drift. Typically relying on SLAM (simultaneous localisation and mapping) to regis-
ter scans in GNSS-denied forests [193, 65, 64], they require sensible trajectories and loop
closures to keep drift low; when these conditions are not met, accumulated errors can dis-
tort terrain geometry and reduce the reliability of derived metrics for operational planning
[194].

UAV photogrammetry using structure-from-motion (SfM) can perform well where the
ground is visible, but in closed-canopy forests, it often reconstructs canopy surfaces or in-
fers incomplete ground geometry, limiting its suitability for DTM generation [52, 50, 53].
In open or post-harvest conditions, however, passive UAV imaging can be effective for dis-
turbance mapping: orthomosaics and surface models derived from SfM have been used
to delineate soil disturbance extent, reconstruct skid-trail deformation, and estimate rut
depths from elevation differences [70, 73, 74, 75]. Across all these applications, perfor-
mance is strongly conditioned by canopy openness, understorey obstruction, and image
geometry.

Beyond slope, terrain assessment in forest planning often considers surface rugged-
ness to describe spatial variability in terrain form at scales relevant for route design.
In gridded DTMs, this is commonly quantified using the terrain ruggedness index (TRI),
which summarises local elevation variability within a neighbourhood [144], and raster
roughness metrics that compute the maximum elevation difference between a central pixel
and its surrounding neighbours [195]. Both metrics represent statistical variation in the in-
terpolated terrain surface and describe geomorphometric variability rather than the phys-
ical presence of ground obstacles in terms of traditional terrain classification systems [43],
so their operational interpretation depends on spatial scale, data resolution, and planning
context.

These metrics are inherently scale-dependent and may partly reflect slope trends
rather than slope-independent irregularity. Recent work has highlighted the need to in-
terpret TRI-type metrics with caution on inclined terrain and, where appropriate, to apply
detrending to isolate slope-independent variability better [79, 84]. These considerations
are especially relevant in mountain forests, where steepness and microtopography interact

and where sensor-dependent DTM characteristics propagate into both slope and rugged-
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ness descriptors used in forest planning.

Despite the widespread use of remote-sensing-derived DTMs in forest planning, there
remains limited empirical guidance on how sensor choice, ground-point density, and grid
resolution influence the reliability and comparability of raster-derived terrain indicators in
steep, closed-canopy mountain forests. While operational planning at tactical and strategic
scales often relies on aggregated terrain summaries (e.g., mean slope or dominant terrain
class) [43], these indicators are mathematically derived from underlying spatially explicit
raster data. Consequently, their stability depends on how terrain variability and extreme
values are represented, or smoothed, across spatial resolutions.

The aim of this study is therefore to evaluate how sensor characteristics and spatial
resolution influence the reliability and aggregation behaviour of raster-derived slope and
terrain-variability metrics in forest-planning contexts. Specifically, the study examines (a)
the consistency of elevation surfaces and derived terrain metrics across ALS, UAV LiDAR,
HLS, and UAV SfM DTMs, (b) the sensitivity of slope and roughness metrics to grid reso-
lution and LiDAR ground-point density, and (c) how these differences propagate into ag-
gregated slope-based categories used to summarise steepness conditions. By analysing
the full data pathway from sensor acquisition to metric aggregation, this work provides
methodological guidance for interpreting remote-sensing-derived terrain products in com-

plex forest terrain.

5.3 MATERIALS AND METHODS

This section describes the multi-sensor datasets and processing steps used to generate
DTMs and terrain metrics, evaluate DTM vertical accuracy, and assess how sensor type,
ground-point density, and grid resolution affect slope-based terrain mapping in steep,

closed-canopy forest terrain. An overview of the workflow is provided in Fig. 5.1.

5.3.1 STUDY AREA

The study was conducted in a mountain forest region near Cesuna, located on the Asiago
Plateau in the Veneto region of northeastern Italy (Fig. 5.2). The area is characterised by
steep and complex topography, with elevations ranging from approximately 1050 m to
1300 m above sea level. Slopes vary considerably across the landscape, typically ranging
between 15% and 30%, with localised areas exceeding 35%. The terrain includes rocky;,
uneven ground.

Forest cover is dominated by European beech (Fagus sylvatica) and Norway spruce
(Picea abies), forming a mostly closed canopy. The understorey is dense, and ground visi-
bility is limited. Previous forest operations in this area were carried out in less-steep sec-
tions using conventional CTL equipment, whereas steeper zones required winch-assisted

harvesting.
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Figure 5.1: Overview of the multi-sensor workflow used to derive terrain metrics, evaluate
DTM accuracy, and develop recommendations for terrain mapping in steep, forested terrain.
UAV LiDAR (underlined) is used as the reference DTM for all accuracy and slope-class anal-
yses.

5.3.2 DATA ACQUISITION AND PRE-PROCESSING

Four remote sensing techniques - ALS, UAV LiDAR, UAV SfM photogrammetry, and hand-
held LiDAR, were applied to characterise terrain and its complexity within the study area.
The following subsections describe the acquisition details and characteristics of each
dataset.

5.3.2.1 ALS pATA

ALS data in the Cesuna area was acquired in 2021 by Terna Driving Energy S.p.A. and sub-
sequently shared with the Veneto Region (Regione del Veneto). According to Terna’s pub-
lic reports [196, 197], the acquisition involved helicopter-based LiDAR inspections using
RIEGL VUX-1LR and/or VUX-120 sensors or equivalent instruments. The mission config-
uration indicates a wide-area “blanket” survey, typically conducted at high altitudes (sev-
eral hundred metres above ground level, AGL) in a systematic grid pattern, consistent with
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Figure 5.2: Study area overview. (a) Location of the study site in northeastern Italy. (b)
Regional context within the Veneto region, showing Cesuna on the Asiago Plateau. (c) UAV-
derived orthomosaic with the locations of four 30x30 m handheld LiDAR plots, including
plot corners (yellow), centres (orange), and ground control points (GCPs, blue diamonds).
(d) DTM-derived elevation map of the same area, illustrating the steep terrain across plot
locations.

regional-scale blanket survey practices.

The delivered data set consisted of LAZ tiles georeferenced in EPSG:32632 (WGS 84 /
UTM zone 32N), with a nominal point density of approximately 1 to 4 points m2. The data
were provided as classified point clouds. The classification followed the standard ASPRS
scheme, distinguishing ground, low- and high-vegetation, and building classes [198]. De-
tailed flight parameters, such as precise altitude and overlap, were not documented in the

final technical report.

5.3.2.2 UAV LIDAR pATA

UAV LiDAR data was collected in June 2025 using a DJI Matrice 300 RTK UAV equipped with
a DJI Zenmuse L2 sensor. The survey was carried out at an average altitude of 55 m and a
speed of 4.8 metres per second (m/s), covering approximately 5.4 hectares (ha). The mis-
sion was planned and initiated on-site using the DJI Pilot 2 app. Data were georeferenced
in real-time via the UAV’s onboard RTK GNSS, which received correction signals from an
Emlid Reach RS2+ base station. The base accessed a regional GNSS correction service to
improve absolute positioning accuracy. In addition, seven ground control points (GCPs)
were distributed across the survey area using black-and-white ~70x70 cm panel markers
(Fig. 5.2). Their positions were measured with an Emlid Reach M2 rover connected to the
same RS2+ base station, with points recorded via the Emlid Flow app.
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The raw data were recorded in DJI proprietary formats (.LDR, .LDRT, .RPOS, .MRK, .RTK,
.RPT) and subsequently processed in D]I Terra (v4.5.0) [199], where the GCPs were used as
accuracy and control check points to obtain a classified LAS point cloud, a digital elevation
model (DEM), a digital surface model (DSM), and an orthomosaic.

To enable analyses of how ground-point density affects terrain-mapping performance,
the full-density UAV LiDAR point cloud was systematically thinned using the FUSION/LDV
ThinData function [160]. Five downsampled datasets were generated at target ground-
point densities of 1, 5, 10, 20 and 30 pulses m~2. Thinning was performed with a 25 m?
cell size (5%5 m), following FUSION/LDV recommendations, and multiple random seeds
(option /rseed) were used to ensure that independent subsets of points were maintained

ateach density level. Each run produced a thinned LAS file with the specified target density.

5.3.2.3 UAV SFM PHOTOGRAMMETRY DATA

RGB imagery was collected during the same flight as the UAV LiDAR data, covering approx-
imately 5.4 ha. In this case, only RGB images were used for photogrammetric processing.
The images were collected using the DJI Zenmuse L2 RGB camera module, mounted on a DJI
Matrice 300 RTK drone. The camera features a 20 MP 4/3" CMOS sensor with a global me-
chanical shutter, allowing distortion-free image capture during motion. The images were
acquired at approximately 2.3 cm/px and saved as high-quality JPGs with embedded GPS
metadata.

All images were processed with Agisoft Metashape Professional (v2.2.0) [122], using
the same GCPs used in the UAV LiDAR workflow to ensure consistent georeferencing. The
photo alignment was performed with high accuracy, using a keypoint limit of 150,000 and
with adaptive camera model fitting enabled. The dense point cloud was generated from
depth maps using high-quality and moderate depth filtering. The resulting photogram-
metric output included a dense point cloud, a high-resolution orthomosaic, and a DEM.

The point cloud derived from this processing was used in further terrain analysis.

5.3.2.4 HANDHELD LIDAR pATA

Handheld LiDAR scanning (HLS) data was acquired using the STONEX X120GO scanner, a
mobile 3D mapping device capable of real-time data acquisition and post-processing via
the GOapp/GOpost software [200]. The system operates with 16 laser channels and has
an approximate field of view of 360° X 270°. It achieves a vertical resolution of up to 6 mm
in controlled environments, scanning at 320,000 points per second.

Four rectangular forest plots (20 x 20 m) were surveyed by walking a series of parallel,
back-and-forth transects at a constant pace, ensuring complete ground coverage within
each plot and a buffer zone around each plot. Due to the scan path and the buffer margin,
the effective area per plot was approximately 30 X 30 m (~ 0.16 ha). For plot layout, the
plot centre was first established in the field, and then the four corners of the 20 X 20 m
square were determined using compass bearings and distance measurements (10 m from
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the centre in cardinal directions). To ensure visibility of the reference corner points in the
LiDAR scans, expanded polystyrene spheres (white, ~20 cm diameter) were mounted on
magnetised 1 m poles placed at the four corners (Fig. 5.3). The positions of these corner
markers were measured with an Emlid Reach M2 rover. Each scan lasted 13-15 min at a
slow walking pace (= 1.0-1.3 m s~1), with total point densities of 50-70 x 10% points m~?,
estimated as total points divided by the 2-D convex-hull footprint of the point cloud.

Figure 5.3: Examples of ground control and reference targets used in the study. (a) UAV
ground control marker (~70%70 cm black-white panel) used for georeferencing UAV LiDAR
and photogrammetry; (b) expanded polystyrene sphere (~20 cm diameter) mounted on a
magnetised 1 m pole, placed at the corners of HLS plots for GNSS positioning; (c) corner-
sphere target as captured in the handheld LiDAR point cloud.

During acquisition, HLS point clouds were recorded in a local frame. Georeferencing
to EPSG:32632 (UTM zone 32N) was done in CloudCompare using GNSS-measured corner
markers as control points and the Align tool (point-pairs picking) with at least four corre-
spondences. The precision of the control points varied by plot, particularly under canopy
(Table 5.7). To ensure consistent inter-dataset registration, each HLS cloud was addition-
ally aligned with the UAV LiDAR reference as described in Section 5.3.3.1 through the same
Align tool (point-pairs picking) tool followed by the iterative registration of the closest point
algorithm (ICP).

5.3.3 GENERAL PROCESSING STEPS

An overview of the multi-sensor workflow is provided in Fig. 5.1. All processing was organ-
ised at two spatial scales. At the plotlevel, analyses were restricted to the four 30 m X 30 m
reference plots (Fig. 5.2) where all high-resolution datasets overlap (ALS, UAV LiDAR, UAV
SfM and HLS). At the stand level (the full ~5.4 ha UAV LiDAR footprint), coarser grid sizes of
10 and 30 m were also considered to assess how resolution affects slope-based terrain cat-
egorisation and terrain ruggedness patterns (Fig. 5.1). The following subsections describe
each processing step in detail.
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5.3.3.1 CROSS-DATASET ALIGNMENT

To minimise residual offsets and ensure consistent spatial registration prior to accuracy
and terrain-metric comparisons, we adopted the UAV-LiDAR point cloud as the reference
dataset. ALS, UAV SfM, and HLS products were rigidly aligned to the UAV-LiDAR data in
CloudCompare. We first applied the Align (point pairs picking) tool using at least seven well-
distributed point pairs, then refined the transformation using iterative closest point (ICP)
while fixing the scale to 1.0. For each registration, we recorded CloudCompare’s quality out-
puts, including the ICP final RMS (root-mean-square of residual distances after alignment)
and the scale setting. These RMS values quantify the relative registration error between
the aligned dataset and the UAV-LiDAR reference.

5.3.3.2 GROUND CLASSIFICATION

After alignment, all point clouds (ALS, HLS, UAV LiDAR, UAV SfM, and all thinned UAV Li-
DAR datasets) were classified with LAStools lasground64 using -wilderness (step=3),
-ultra_fine (8 substeps for steep terrain), -all_returns, and -compute_height [159].

The outputs were normalised to the ASPRS classes (ground = 2). For denser HLS plots,
an additional pass with CloudCompare’s cloth simulation filter (CSF) [? ] was applied
(Scene = steep slope, cloth_resolution = 0.95 m, max iterations = 1000, classification thresh-
old = 0.025) to remove residual vegetation points and improve ground classification. The
parameters were selected through trial and error and vary with the area’s terrain and
canopy conditions.

Furthermore, to characterise canopy cover and ground exposure across plots, we pro-
cessed non-ground (canopy) and ground full-density UAV-LiDAR returns with FUSION/LDV
ReturnDensity (default settings) on a 0.5 m grid. The tool outputs a raster of return den-
sity at the specified resolution and a binary mask layer indicating canopy presence, with
pixels coded as 1 for canopy and 0 for no canopy. In this case, the UAV LiDAR dataset was
used, as it reflects the latest canopy conditions and provides robust spatial positioning via
RTK GNSS and GCPs.

Void proportion, defined as the percentage of pixels with zero ground returns, indicates
areas where the laser failed to penetrate the canopy to the ground. Spatial clustering of
void pixels was quantified using Moran'’s I statistic [201], a global spatial autocorrelation
index ranging from —1 (dispersed) to +1 (clustered). Values near +1 indicate clustered

voids typical of dense canopy conditions.

5.3.3.3 DTM GENERATION

The classified ground points were converted to raster DTMs using the FUSION/LDV
GridSurfaceCreate tool. GridSurfaceCreate constructs a gridded surface by averaging
the elevations of points within each cell and interpolating across empty cells [160]. No

median or mean smoothing filters were applied to preserve fine-scale detail.
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Overlap points were excluded using the /ignoreoverlap parameter. Raster hole filling
was restricted with conservative radii to limit spatial smoothing (units are cells; default is
99). These settings reduced artefacts in thinned datasets while still avoiding small gaps.
Specific fill-distance parameters were selected through trial and error and adjusted based
on grid resolution and data density.

In addition to the point cloud-derived DTMs, we incorporated the publicly available
NASA DTM raster product covering the study area [202]. The corresponding DTM tile was
reprojected to UTM zone 32N and aligned to the UAV LiDAR reference grid using nearest-
neighbour resampling. The NASA DTM was used at its native 30 m resolution for the slope-

class comparison, without any additional downscaling or smoothing.

5.3.3.4 TERRAIN METRIC COMPUTATION

All DTMs were aligned to the UAV LiDAR reference grid to ensure identical pixel origin,
extent, and CRS. Raster alignment and clipping were performed in a QGIS Python environ-
ment combining native GDAL, SAGA GIS, and QGIS algorithms. A custom function handled
reprojecting, snapping to the reference grid, and ensuring consistent spatial registration.

For plot-level analysis, all DTMs at resolutions of 0.5, 1, 2, and 4 m were clipped to the
30%30 m plot boundaries (Fig. 5.2), with plot boundaries buffered by 1 pixel to avoid edge
artefacts. For stand-level analysis, terrain metrics were computed on the full ~5.4 ha UAV
LiDAR footprint without clipping, allowing examination of broader spatial patterns across
the entire surveyed area.

Four terrain metrics that are widely used in forestry and forest operations studies
[195, 152, 203, 204, 24] were considered: slope, surface roughness, TWI and terrain
ruggedness index (TRI). At the plot level, slope, roughness and TWI were computed to
characterise surface complexity. At the stand level, slope and TRI were used to examine
broader spatial patterns of terrain classification and ruggedness. The computational defi-
nitions and parameters for all metrics follow [205, 195, 55, 206, 207] and are detailed in
Table 5.1. All metrics were derived with GDAL and SAGA GIS.

The output of this workflow consisted of (a) plot-level rasters of slope, roughness and
TWI for all high-resolution sensors (ALS, UAV LiDAR, thinned UAV LiDAR, UAV SfM and HLS)
at 0.5, 1, 2 and 4 m, and (b) stand-level rasters of slope for ALS, UAV SfM, full-density and
thinned UAV LiDAR and the NASADTM at 0.5, 1, 2, 4, 10 and 30 m, together with stand-level
TRI rasters for the full-density UAV LiDAR at the same resolutions (Fig. 5.1). For statistical
analyses, raster values were exported as tabular data, with each pixel represented by a row
and each metric by a column, grouped by sensor, spatial scale (plot or stand) and resolu-
tion. These tabular datasets were then used to compute pixel-wise accuracy statistics for
each metric and sensor, to derive the TCI, and to analyse slope/TRI relationships across

resolutions.
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Table 5.1: Raster-based terrain metrics applied to sensor-derived DTMs. At the plot level,
metrics were computed for ALS, UAV LiDAR (full and thinned), UAV SfM and HLS at grid
resolutions of 0.5, 1, 2 and 4 m. At the stand level, slope was derived for all DTMs covering
the full survey area (ALS, UAV LiDAR, thinned UAV LiDAR, UAV SfM and the NASA DTM), and
TRI was computed from the full-density UAV LiDAR DTM at 0.5, 1, 2, 4, 10 and 30 m.

Metric Description Ref. Units Res. Parameters Software

Slope Gradient magnitude [205] ° 0.5, 1, 2,4, Perpixel SAGA GIS
of DTM. Low: gentle; (deg) 10,30 m
high: steep terrain - %

TRI (raw)  Terrain ruggedness [195] m 0.5, 1, 2,4, Square GDAL,
index: SD of eleva- 10,30 m window SAGA GIS
tion in a moving with radii
window; combines 2, 4, 6 m
steepness and micro- (three
relief variants)

Roughness Local SD of elevation [195] m" 0.5 1, 2, Window: GDAL
in 5X5 m window. 4 m 5%X5m
Low: smooth; high:
rough/rocky

TWI Topographic wetness [55, —* 0.5, 1, 2, Flow dir: SAGAGIS
index. Low: dry 206, 4m D8
ridges; high: wet 207]
valleys

" Roughness units are based on the input DTM. Since the DTM is in metres, roughness is expressed in
metres (m).

" TWI is a unitless index representing relative wetness potential computed from upslope contributing
area and local slope.

5.3.4 STATISTICAL ANALYSIS

5.3.4.1 TERRAIN COMPLEXITY EVALUATION

To quantify and stratify terrain complexity within the four study plots (Fig. 5.2) for sub-
sequent analyses, we developed a simple terrain complexity index (TCI) based on terrain
metrics calculated from the data. Four external datasets were used, representing diverse
terrain conditions across multiple study regions (Table 5.2), to determine the weights of
the objective metric. For each sensor and spatial resolution, terrain metrics were derived at
the pixel scale, providing comprehensive sets of slope, roughness, and TWI values. All met-
rics for these datasets were computed following the same processing pipeline described
in Sections 5.3.3.2, 5.3.3.3, and 5.3.4.1.

To ensure balanced and representative sampling across all terrain types, from flat to
steep and smooth to rugged, a stratified sampling approach was applied. Within each ex-
ternal dataset, pixels were first sorted by slope values and divided into quantile bins, effec-
tively grouping pixels from very flat to very steep. An equal number of pixels were sampled

from each bin within each external study area, and terrain metrics were extracted at these
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Table 5.2: Description of reference study sites, data collection sensors, landscape, and op-
erational context used for weight calculation with the CRITIC algorithm. All datasets were
collected by the authors and used solely to estimate metric weights.

Dataset Location Sensor Vegetation Terrain Operations
Steep, Mechanised
DS1 (Pan- Paneveggio, Spruce- high-relief, harvesting is
eveggio) Trentino- UAV LiDAR dominated rough; feasible but
&8 Alto, Italy forest highest constrained by
elevation. slope
Mechanized
Very steep, operations
Mixed highly rocky;  possible only on
]()Csezsuna) 5232?:'Ita1 UAV LiDAR spruce-beech  second gentler sections;
iy forest highest rockiness and
complexity slope limits
mobility
Jonkershoek Pine . . .
Nature plantations; Very rocky Historically
DS3 Reserve area affected surface: motor-manual
(Jonker- ’ TLS by recent fire ’ felling; cable
Western . moderate . .
shoek) with skidder extraction
Cape, South slopes .
Africa sparse/no typical
cover
: Gentlest and Convent.lonal
Sabie, Pine M mechanized
DS4 (Sabie) Mpumalanga, UAV LiDAR . ’ harvesting and
. plantations wetness . .
South Africa : extraction widely
highest

feasible

locations. This method prevented any single region or extreme terrain type from dominat-
ing the analysis.

The sampled pixel data were normalised using robust min-max scaling (2nd to 98th
percentiles) to exclude extreme outliers. Subsequently, the objective metric weights were
derived using the CRITIC (criterion importance through intercriteria correlation) algo-
rithm. The CRITIC method assigns weights to criteria based on two components: the stan-
dard deviation (contrast strength) of each metric and its correlation independence with
other metrics. It was selected because it objectively derives weights based on both the
variance (contrast strength) and the independence of each metric. Formally, the weight

W, for the metric k is calculated as:

Ck
m

where Cj, = 0y Zﬁl(l —Tjk) is the contrast measure for the metric k, gy, is the standard

deviation of the metric k, 1y, is the Pearson’s correlation coefficient between the metric i
and k, and m is the total number of metrics. Metrics with high variability and low cor-
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relation with other metrics receive higher weights. The weighted combination of slope,
roughness, and TWI was used to compute the TCI for each pixel. The TCI was calculated
according to Eq. 5.2.

TCI(px) = Ws X Sporm (PX) + Wy X Ryorm (pX) + wi X TWI o (PX) (5.2)

where wg, w,,, and w; are the CRITIC-derived weights of Eq. 5.1, and S;orm, Rnorm, @and
TWI,,,m are the normalised slope, roughness and TWI values, respectively, scaled from 0 to
1 using min-max scaling (2nd to 98th percentiles). Since all metrics were normalised, the
resulting TCI ranges from 0 (lowest complexity) to 1 (highest complexity). This weighted
index was then applied to the four study plots.

TCI classes were defined using global tertiles of the UAV LiDAR-TCI as the overall refer-
ence, with the distribution pooled across all plots at each resolution. For each resolution r,
the 33rd and 67th percentiles of TCI, denoted Pg) and Pg), were computed from all pixels
at that resolution and applied as fixed thresholds to every plot to define low complexity
{TCI < P3(g)}, moderate complexity {P3(? < TCI < Pé;)}, and high complexity {TCI > Pe(;)}
classes (Table 5.3).

Table 5.3: Interpretation of terrain complexity classes derived from UAV LiDAR. Classes
are defined by global tertiles (P53, Pg7) of the TCI across all plots and resolutions, and are
summarised in terms of typical terrain conditions and indicative operational implications
based on slope, surface roughness, and TWI, under the assumption that increasing terrain
complexity generally requires progressively more specialised harvesting and extraction sys-

tems.
Class TCI range Terrain summary Indicative operational
requirements
Low TCI < P33 Gentle, smooth, and easily Standard CTL systems;
accessible terrain conventional ground
operations
Moderate P33 < TCI < Pg; Mixed conditions with Cable-assist systems or
intermediate accessibility specialized equipment
and variable terrain recommended
features
High TCI > Py Steep and irregular Winch or cable-based
topography requiring extraction systems
specific handling and required

safety considerations

5.3.4.2 VERTICAL AND METRIC ACCURACY

To first evaluate vertical accuracy at the plot level, the DTMs of ALS, HLS, and UAV SfM
were compared against the UAV LiDAR reference for each plot and spatial resolution
(0.5, 1, 2, and 4 m). The accuracy assessment followed the ASPRS guidelines for eleva-
tion data [208], using two metrics: root-mean-square error (RMSE, the primary ASPRS-
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recommended measure) and normalised median absolute deviation (NMAD,, robust to
outliers). For each plot and resolution, elevation differences were calculated at the pixel

level as d; = z; o5t — Z; rer- The accuracy metrics are defined as in Egs. 5.3 and 5.4.

n
1
RMSE = [ " (1 st — i ) (53)
i=1
NMAD, = 1.4826 - med (|d; — med(d)|), (5.4)

where d; is the difference in the evaluated metric (e.g., elevation, terrain metric) at pixel
i, n is the total number of pixels, m; (s and m; ¢ are the metric values from the evaluated
and reference datasets, respectively. For vertical accuracy, d; = Z; test — Z; rer- The notation

med(x) denotes the median value of x.

5.3.4.3 TERRAIN-DEPENDENT ERROR MODELLING

To examine how local terrain properties and canopy cover influence DTM accuracy at the
plotlevel, we modelled absolute vertical error (E;) at the pixel scale. For the non-reference
sensors (ALS, HLS, UAV SfM), errors were related to terrain metrics (slope, roughness, TWI)
and canopy cover, and were computed relative to the full-density UAV LiDAR DTM.

For each sensor (ALS, HLS, UAV SfM) at each resolution (0.5, 1, 2 and 4 m), we computed
absolute vertical error at each pixel as described in Eq. 5.5.

|Ei| = |Zsensor,i - Zreference,il (5-5)

where E; is the absolute vertical error at pixel i (m), Zgepsor,; is the elevation from the
test sensor at pixel i, and Z eference,; 1S the elevation from the reference dataset at pixel i.
These errors were then regressed against the three terrain metrics extracted from the UAV
LiDAR DTM using a moving 5X5 m focal window centred on each grid cell (Fig. 5.4). The
window size was selected to generate many pixel-level terrain measurements within each
plot, rather than a single averaged value, and to resolve local variation in terrain-error

relationships.

|E;| = Bo + P1 - Roughness; + B, - Slope; + f5 - TWI; + ¢, (5.6)

where f, is the intercept, ; are partial regression coefficients representing the rela-
tionship between terrain metric j and error, and ¢; is the residual.

Separate ordinary least squares (OLS) models were fitted for each sensor-resolution
combination, with standard errors clustered at the plot level to account for spatial depen-
dence. In addition to terrain metrics, the local canopy cover fraction was calculated for the
same 5X5 m windows by averaging the binary canopy mask (1 = canopy, 0 = open) within

each grid cell, yielding pixel-level canopy values for all plots and resolutions. To assess how
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(a) Right and down (b) Leftanup
(1-cell focal-window shift) (1-cell focal-window shift)

5m

Focal-window shift direction (5x5 m)
[ Right (+X) 1 Down (=Y) [0 Left (=X) [0 Up (+Y)

Figure 5.4: Focal moving-window approach for pixel-scale terrain characterisation. A5 m
x 5 m neighbourhood is sequentially centred on each grid cell and shifted across all cardinal
directions (panels (a), right/down; panel (b), left/up). At each position, roughness, slope,
TWI, and canopy coverage are extracted from the window.

canopy cover relates to DTM error, |E;| was also regressed and correlated with the local
canopy fraction, allowing the influence of tree cover and open ground on DTM accuracy to
be distinguished.

Model outputs include coefficient estimates (f;) quantifying the partial change in ab-
solute error per unit change in terrain metric j, p-values testing the null hypothesis that
B; = 0 (a = 0.05), and the coefficient of determination (R?), representing the proportion
of error variance explained.

5.3.4.4 SLOPE-BASED CATEGORY AGREEMENT

To evaluate how DTM differences propagate into derived terrain information, we quan-
tified agreement in slope-based terrain categories derived from each DTM with the full-
density UAV LiDAR reference across the survey area of ~5.4 ha. All slope values (reference
and sensors) were first classified into NTC slope classes 1-7 based on the thresholds de-
scribed in [1]. To link these classes to typical system choices in steep-terrain harvesting,
the seven NTC slope classes were then aggregated into three slope-based terrain categories
A, B, and C, as described in Table 5.4.

For each sensor-resolution combination, the reference and sensor-slope-based cate-
gories (A, B, C) were compared pixel by pixel. Agreement was quantified using three sum-
mary metrics: overall agreement (OA), underestimation (UE), and overestimation (OE), as
defined in Egs. 5.7-5.9 and summarised in Table 5.5.

n
1
oA =~ Z 1(s; = ;) X 100, (5.7)
i=1
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Table 5.4: Slope-based terrain categories (A, B, C) derived from NTC slope classes [1] and
typical machinery operating limits reported in the forest operations literature [209, 189]

Cat. NTC Slope

class range class

Terrain

Operational interpretation and equipment

A 1-3 <3

0% Gentleto Wheeled cut-to-length systems generally feasible;
moderate conventional ground-based harvesting suitable

Steep

50%

C 6-7 =5

without assistance

Winch-assisted or specialised ground-based
systems often required; tracked machines or
cable-assist tethered equipment

0% Very steep Cable-based or non-mechanised extraction usually

preferred; ground-based harvesting marginal or

infeasible
1 n
UE = ;Z 1(s; < ) X 100, (5.8)
i=1
n
OF = %Z 1(s; > ;) X 100, (5.9)
i=1

where r; and s; are the reference and sensor terrain categories at pixel i (r;,s; €

{A, B, (C}), n is the total number of pixels, and 1(-) is the indicator function, which returns

1 if the stated condition is true and 0 otherwise.

Table 5.5: Summary metrics for evaluating agreement between reference and sensor-
derived slope-based terrain categories. Three primary metrics quantify overall and direc-
tional misclassification.

Metric type Abbr. Definition and interpretation

Overall OA (Eq.5.7) Percentage of pixels assigned to the same category as the

agreement reference DTM. Provides overall classification accuracy
across classes A, B and C.

Underestimation UE (Eq.5.8) Percentage of pixels assigned to a lower category than the
reference (e.g. reference B mapped as A). Indicates
systematic underestimation of slope and associated
operational constraints.

Overestimation = OE (Eq.5.9) Percentage of pixels assigned to a higher category than

the reference (e.g. reference A mapped as B or C).
Indicates systematic overestimation of slope and
associated operational constraints.

To complement the slope-category agreement analysis with a practical consideration

of data handling, total data volumes were quantified for each sensor-resolution combina-
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tion included in the stand-level analysis (ALS, UAV SfM, full-density UAV LiDAR, all thinned
UAV LiDAR datasets, and the NASA DEM). For each DTM, the total file size (MB) of all associ-
ated outputs, including the point cloud (.las), DTM rasters (.asc and .tif), and derived slope
raster (.tif), was summed and normalised by the mapped area (ha) to obtain a data-volume
metric expressed in MB ha™!. Values were computed consistently across resolutions (0.5,

1,2, 4,10, and 30 m) using identical file formats and compression settings.

5.3.4.5 SLOPE AND TRI ACROSS SCALES

Slope is the primary variable used to define the slope-based terrain categories (A, B, C), but
itdoes not distinguish between smooth and highly irregular surfaces. TRI is therefore often
used in conjunction with slope to assess trafficability and operational hazards in steep-
terrain forestry. To understand how these metrics interact across the range of resolutions
relevant for harvest planning, slope and TRI were derived from the full-density UAV LiDAR
dataset at grid sizes of 0.5, 1, 2, 4, 10 and 30 m. For each grid size, TRI was computed
for three square neighbourhood radii (2, 4 and 6 m), yielding TRI, ,, TRI, 4, and TRI, ¢
variants that represent progressively broader terrain context (Table 5.1). In what follows,
TRI denotes the original (raw) TRI values before detrending.

For each combination of grid size r and TRI radius R, the Pearson correlation coefficient

between slope (%) and TRI was calculated as described in Eq. 5.10.

Prr = cor(sloper7 TRIryR)7 (5.10)

Statistical significance was tested using two-sided p-values under the null hypothesis
of no linear association (Hy: p, g = 0). Due to the large number of pixels, almost all corre-
lations were statistically significant (p < 0.001). Interpretation therefore focuses on the
effect sizes p; r and their change with resolution rather than on p-values. To quantify how
variability changes with grid size, we computed the coefficient of variation (CV) for slope
and each TRI variant (Eq. 5.11).

To quantify how variability changes with grid size, we computed the coefficient of vari-
ation (CV) for slope and each TRI variant (Eq. 5.11).

CVy = U_X7 (5.11)
Hx

where uy is the mean and oy is the standard deviation of variable X (either slope or
TRI). Because TRI partly reflects slope, we further derived a detrended TRI that isolates
ruggedness independent of mean slope. For each resolution and TRI radius, we fitted a

simple linear model described in Eq. 5.12.

TRL g = ar g + ,BT,R -slope,. + & g, (5.12)

where a,  is the intercept, f; r is the slope coefficient and ¢,  is the residual error.
Detrended TRI was then defined as Eq. 5.13.
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TRI; g = &g, (5.13)

where TRI; r Is the detrended terrain ruggedness index (the residual component). This
quantity captures the portion of terrain ruggedness that is independent of slope, i.e. local
elevation variability that the background slope at that grid size cannot explain.

Correlation and coefficient-of-variation analyses were then repeated for both raw TRI
(TRI, g) and detrended TRI (TRI;,R) across all resolutions, allowing comparison of how
slope-dependent and slope-independent ruggedness behave at different grid sizes. In ad-
dition, to illustrate ruggedness differences within machine-relevant slope categories, raw
and detrended TRI were examined within the 30-50% slope band (slope-based class B),
and their distributions and relationships with slope were visualised using scatter plots and
histograms.

5.4 RESULTS

5.4.1 TERRAIN COMPLEXITY CLASSES

The TCI was computed from slope, roughness, and TWI, and the study plots were stratified
into three complexity classes: low, moderate, and high. CRITIC-derived weights for the
three metrics varied only slightly across four resolutions (Table 5.6). External reference
datasets consistently indicated TWI as the dominant component (weights 0.465-0.498),
whereas slope and roughness had similar, smaller contributions (0.246-0.273). The rel-
ative stability of weights is consistent with a terrain-complexity structure at resolutions
of 0.5 m to 4 m. This indicates that observed differences in TCI classes across resolutions

reflect scale effects in the terrain metrics rather than changes in metric weighting.

Table 5.6: CRITIC-derived weights for slope, roughness, and TWI at four plot-level spatial
resolutions (0.5, 1, 2, and 4 m), based on four external reference datasets. These weights
are used to calculate the terrain complexity index (TCI; Eq. 5.2) by combining normalised
slope, roughness, and TWI values.

Resolution Slope Roughness TWI

0.5m 0.257 0.246 0.498
1m 0.261 0.251 0.488
2m 0.265 0.256 0.478
4 m 0.263 0.273 0.465
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5.4.2 GEOREFERENCING AND VERTICAL ACCURACY

Field GNSS control included seven UAV LiDAR GCPs (RMSE, = 0.02 m, RMSE, = 0.01 m)
and sixteen HLS plot-corner markers (RMSE, = 0.01-0.39 m, RMSE, = 0.01-0.52 m),
with larger errors in plots 3-4, which were characterised by dense, closed canopy, leading
to degraded GNSS visibility and reduced ground returns (Table 5.7). UAV LiDAR georefer-
encing in DJI Terra produced control-point RMSE, = 0.02-0.05 m, checkpoint RMSE, =
0.07-0.09 m, and a mean vertical offset AZ ~ —0.01 m (SD 0.02 m). UAV SfM checkpoints
had RMSE, = 0.37 m (SD 0.25 m). Post-registration RMS residuals in CloudCompare were
0.07-0.09 m for HLS to UAV LiDAR and 0.37 m for ALS to UAV LiDAR, with scale deviation
< 0.01 (Table 5.7).

DTM vertical accuracy relative to the UAV LiDAR reference (Fig. 5.5) varied systemat-
ically by sensor, canopy condition and terrain complexity. HLS exhibited the lowest and
most stable errors across resolutions (RMSE, 0.18-0.33 m; NMAD 0.07-0.31 m), with lit-
tle sensitivity to TCI class. ALS performed moderately well, overlapping the upper range
of UAV LiDAR in open to moderately closed canopy, but errors increased in dense canopy
(RMSE, 0.54-0.65 m; NMAD 0.31-0.35 m), with slightly higher values in high-complexity
terrain (up to 0.55 m in high TCI vs 0.45 m in low TCI). UAV SfM was strongly canopy- and
terrain-dependent, with extreme errors in dense plots (RMSE, up to 6.66 m; NMAD up to
2.77 m) and consistently higher errors than ALS even in open subsets (e.g. 0.91-3.18 m
across TCI classes). For HLS and ALS, grid resolution (0.5-4 m) had negligible influence
on RMSE, and NMAD (variation < 0.15 m), whereas for SfM, coarser grids (2-4 m) some-
times reduced extremes in dense plots (e.g. 2.45 m vs. 6.66 m in plot 3) but occasionally
amplified errors in open areas, indicating resolution-dependent rasterisation artefacts in

sparse point clouds.

5.4.3 ERROR SENSITIVITY

Pixel-wise analysis relating absolute vertical errors to terrain metrics (roughness, slope,
TWI) and canopy cover revealed that local terrain complexity explains a significant portion
of the variance in DTM error across sensors and resolutions (18-38%, Table 5.8). Among
these metrics, roughness emerged as the strongest and most consistent predictor, with
coefficients ranging from +0.02 to +0.16 m of error increase per unit of roughness, espe-
cially pronounced for lower-point-density sensors such as ALS and UAV SfM. Slope and
TWI effects were generally smaller and less consistent across sensors and resolutions. HLS
showed near terrain-independent accuracy, likely due to its ultra-dense point clouds (~14
pts/m?) providing comprehensive ground coverage, resulting in negligible roughness ef-
fects (+0.01-0.04 m) (mostly statistically non-significant). Notably, errors increased by
only about 2.1 times from open to dense canopy plots (0.12-0.25 m), suggesting that posi-
tioning uncertainty and SLAM drift, rather than terrain complexity, primarily drive error

in dense forests for HLS.
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Table 5.7: Georeferencing and registration metrics in the UAV LiDAR reference frame. Ab-
solute checkpoint accuracy is reported for UAV LiDAR. SfM figures correspond to abso-
lute photogrammetric checkpoint errors from Agisoft Metashape using independent check-
points. HLS and ALS entries are relative post-registration residuals to UAV LiDAR (point-
pairs preregistration + ICP; 3D RMS, scale deviation in parentheses where applicable). Rel-
ative figures are not independent absolute accuracies.

Dataset Description Metric Error (m)
GNSS GCPs (7)°  Field-measured RMS error - RMSE;, / RMSE,” 0.02 /0.01
GNSS control
accuracy
HLS GNSS GCPs  Plot-level GNSS RMS error - RMSE,, / RMSE ;"™ 0.01-0.39/
(16)° accuracy 0.01-0.52
Plot 1 (4)° 0.01/0.01
Plot 2 (4)° 0.11/0.12
Plot 3 (4)" 0.33/0.52
Plot 4 (4)" 0.34 /0.24
UAV LiDAR (DJI  Absolute Control point RMSE; (GNSS GCPs 2-5) 0.02-0.05
Terra) checkpoint
accuracy
(vertical-only)
Checkpoint RMSE; (GNSS GCPs 6-7) 0.07-0.09
Altitude difference (AZ) -0.05/+0.03
Mean vertical offset ~0.01 (SD =
0.02)
UAV SfM (Agisoft Absolute Checkpoint RMSE;, / RMSE, 0.37 /0.25
Metashape) checkpoint
accuracy
(independent

checkpoints n=3)

Post-registration RMS (3D) to UAV

HLS — UAV Relative LiDAR (point-pairs + ICP; scale 0.07-0.08
LiDAR registration to UAV deviation) (<0.01)™
(CloudCompare) frame
Plot 1 (4)" 0.07 (<0.01)
Plot 2 (4)" 0.09 (<0.01)
Plot 3 (4)° 0.08 (<0.01)
Plot 4 (4)° 0.08 (<0.01)
Post-registration RMS (3D) to UAV
ALS - UAV Relative LiDAR (point-pairs + ICP; scale 0.37 (<0.01)™
LiDAR registration to UAV deviation)

(CloudCompare) frame

* Number of ground control points measured.

* RMSE}, and RMSE, denote horizontal (planimetric) and vertical components of survey accuracy,
respectively.

™ Post-registration RMS (3D) = RMS point-to-point distance after point-pairs + ICP
(CloudCompare), combining X-Y-Z. Parentheses report scale deviation.
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Figure 5.5: Vertical accuracy metrics of DTMs derived from ALS, HLS, and UAV photogram-
metry (SfM) for four study plots, two canopy conditions (open and canopy), and three ter-
rain complexity index (TCI) classes (low, moderate, and high), evaluated at four raster reso-
lutions (0.5, 1, 2, and 4 m). Errors are computed relative to full-density UAV LiDAR-derived
DTMs. Panels show (a) root mean square error of elevation (RMSE,) and (b) normalised
median absolute deviation (NMAD). Lower values indicate higher accuracy.

Conversely, UAV SfM exhibited extreme terrain sensitivity, with roughness coefficients
5 to 23 times higher than ALS (+0.20-1.61 m per unit roughness) and strong correlation
with canopy cover (R? = 0.51) dominating over terrain effects (R? = 0.31). In the densest
canopy plot (99% canopy coverage), SfM errors increased to 6.66 m at 1 m resolution, 7.3
times higher than in open plots (0.91 m). Coarser grids (4 m) mitigated SfM errors some-
what (2.45 m) but not enough to make SfM suitable for forest terrain mapping. These pat-
terns reflect fundamentally different acquisition mechanisms. ALS and HLS compensate
for terrain complexity through continuous sampling, whereas SfM’s sparse, canopy-limited
sampling yields high interpolation errors in complex terrain.

Spatial analysis of canopy and ground-return distributions (Moran’s [ = 0.75-0.90) re-
vealed highly clustered ground-return voids under dense canopies, confirming that canopy
structure drives error distribution and creating systematic mapping challenges in densely
vegetated plots (Fig. 5.6).
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Table 5.8: Terrain predictors of DTM vertical error (absolute error regression): coefficients
(per unit increase in terrain metric) and variance explained (R?) for each sensor (ALS, HLS,
SfM) and spatial resolution (0.5, 1, 2, 4 m). Slope coefficients are expressed per 1% increase

in slope gradient.

Res. Sensor R? R? p sb p TWIC p ME (m) n pixels
ALS 0.18 +0.16 ok +0.001 o +0.03 * 0.35m 14,620
0.5m m/unit m/% m/unit
HLS 0.15 +0.01 ns +0.001 * +0.01 ok 0.19m 14,620
m/unit m/% m/unit
StM  0.19 +0.30 *x +0.001 ns +0.12 * 0.65m 14,620
m/unit m/% m/unit
ALS 0.18 +0.07 ok +0.001 * +0.00 ns 0.31m 3,765
1m m/unit m/% m/unit
HLS 0.26 +0.01 ns +0.001 *x +0.01 ns 0.19m 3,765
m/unit m/% m/unit
StM  0.31 +0.73 ok +0.011 ns +0.61 Bk 3.02m 3,765
m/unit m/% m/unit
ALS  0.22 +0.02 ok +0.001 ns -0.08 #* o 0.23m 1,078
om m/unit m/% m/unit
HLS 0.38 +0.02 ns +0.000 ns +0.01 ns 0.23m 1,078
m/unit m/% m/unit
StM  0.36 +0.20 R +0.010 ok +0.47 * 1.82m 1,078
m/unit m/% m/unit
ALS  0.23 -0.15 * +0.013 * -0.05 * 0.26 m 270
4m m/unit m/% m/unit
HLS 0.19 +0.04 ns +0.014 ns +0.02 ns 0.25m 270
m/unit m/% m/unit
StM  0.32 +1.61 * -0.079 * -0.05 ns 0.56 m 270
m/unit m/% m/unit

2 Roughness (R): m DTM error per 1-unit increase in roughness.

b Slope (S): m DTM error per 1% increase in slope gradient.
¢ Topographic wetness index (TWI): m DTM error per 1-unit increase in TWI.

ME: mean error.

Significance: ***p < 0.001, **p < 0.01, * p < 0.05, ns = not significant.

5.4.4 SLOPE CATEGORY AGREEMENT

Fig. 5.7 illustrates how grid resolution alters stand-level slope statistics and the compo-
sition of slope-based categories derived from the full-density UAV LiDAR DTM. From 0.5

m to 30 m, the median slope decreases by about 6-7 percentage points and the 90th per-

centile by approximately 20 percentage points, indicating that coarser grids smooth out

local steepness extremes. Consequently, the steepest category C (=50%) declines from

one-fifth to almost zero, while gentle-to-moderate category A (<30%) expands from just
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Figure 5.6: Spatial distribution of canopy and ground-return density across the four ref-
erence plots derived from UAV LiDAR (0.5 m grid resolution). The panels (a-d) show
canopy-return density, expressed as the number of LiDAR returns per 0.5 m cell, together
with canopy cover (%) and Moran’s I, which quantifies spatial autocorrelation of canopy

presence (values near 1 indicate strong spatial clustering, values near zero random distri-
bution).

over half to more than 90% of the area. This indicates that grid resolution alone can sub-

stantially alter the mapped extent of slope categories within a stand, independent of the
underlying terrain.
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Figure 5.7: Effect of grid resolution on slope statistics (a) and terrain category composi-
tion (b) derived from full-density UAV LiDAR. Panel (a) shows median, mean, and 90th-
percentile slope gradients across resolutions from 0.5 m to 30 m. Panel (b) displays the
proportional area of three slope-based terrain categories: A (<30%), B (30-50%), and C
(=50%).

To assess how closely the sensor-derived DTMs reproduce the UAV LiDAR-derived
slope-based categories, we compared sensor-based categories A, B and C with the UAV
LiDAR reference at each grid size (Fig. 5.8). OA increased systematically with coarsening
grid size for all sensors (Fig. 5.8a). At 0.5 m, ALS and UAV SfM agreed with the reference
for only about 55-65% of pixels, whereas thinned UAV LiDAR DTMs agreed with the refer-
ence for roughly 65-75% of pixels. By 2-4 m, OA had increased to approximately 75-95%,
with the highest values for LiDAR thinnings at 10-30 pts m~2. At the coarsest resolutions
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(10-30 m), LiDAR-based DTMs achieved OA above 90%, whereas the NASA DEM at 30 m
reached about 80-85%. However, these high values reflect the absence of very steep cate-
gory C terrain.

The direction of misclassification showed clear patterns across sensors (Fig. 5.8b,c). At
fine grids (0.5-2 m), ALS and especially UAV SfM exhibited relatively high overestimation
and underestimation, with both UE and OE often exceeding 10-20%. Thinned LiDAR prod-
ucts showed much smaller directional errors, typically in the single-digit range by 2-4 m.
Category-specific accuracies confirmed that category A was consistently mapped most re-
liably across sensors and resolutions, while category C had the lowest agreement, partic-
ularly for ALS and UAV SfM at 0.5-2 m. Accuracy also varied with TCI, with lower OA and
higher UE/OE in high-TCI areas compared with low-TCI terrain.

In terms of terrain representation, this indicates that if fine-scale (0.5-2 m) per-pixel
A/B/C categories are required, both sensor choice and LiDAR ground-point density be-
come critical. If coarser grids (4-10 m) are used, ALS and relatively sparse LiDAR data
agree well with the UAV LiDAR reference. However, this agreement partly reflects the
smoothing of many very steep patches visible at finer resolutions. Because these accura-
cies are obtained from terrain products with very different data and processing require-
ments, it is also important to compare the data volume associated with each sensor-
resolution combination.

5.4.5 DATA VOLUME OF DERIVED TERRAIN PRODUCTS

Fig. 5.9 summarises the data volume of terrain products for each sensor-resolution combi-
nation, expressed as MB per hectare of point clouds, DTMs, and slope rasters. For ALS, data
volumes remain below 1 MB ha~! across all grid sizes, and the NASA DEM at 30 m is sim-
ilarly lightweight (about 1.1 MB ha™1). Thinned UAV LiDAR products span a wider range,
from approximately 0.2-0.3 MBha™! (1 pt m~2 at 2-30 m grids) up to roughly 6-7 MB ha?!
(30 pts m~2). UAV SfM is consistently the heaviest dataset among the tested products at
around 34 MB ha™?!, whereas full-density UAV LiDAR products are by far the largest, ap-
proaching 300 MB ha™? irrespective of grid size, because the point cloud dominates total
file size.

At the stand scale considered here, LiDAR grids of 2-4 m with ground-point densities
of approximately 5-10 pts m~2 provided a balanced representation of terrain information
relative to data volume. These configurations showed high agreement with the UAV LiDAR
slope-based categories (OA =~ 90% or higher, with low UE/OE) while keeping data volumes
on the order of 2-3 MB ha™}, substantially lower than UAV SfM and orders of magnitude
smaller than full-density UAV LiDAR. ALS and the NASA DEM yield very lightweight prod-
ucts in terms of MB ha™! but represent a smoother version of steep terrain and, at fine

grids, show lower agreement and higher misclassification of steep categories.
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Figure 5.8: Slope-class agreement with the full-density UAV LiDAR reference across sen-
sors and grid resolutions. Heatmaps show (a) overall accuracy (0OA, %), (b) overestima-
tion (user’s error, UE, %), and (c) underestimation (omission error, OE, %) of aggregated
slope-based categories A (<30%), B (30-50%), and C (=50%). Rows correspond to sensors
(ALS, UAV SfM, and UAV LiDAR thinned to target ground-point densities of 1, 5, 10, 20, and
30 pts m~2, denoted UAV-L 1 to UAV-L 30, and the NASA DEM) and columns to DTM/slope
raster resolutions from 0.5 to 30 m.

5.4.6 SLOPE AND TRI ACROSS SCALES

Because slope-based terrain categories (A, B, C) do not differentiate between smooth and
highly irregular surfaces, slope was complemented with the TRI. Correlation analysis for
the full-density UAV LiDAR DTM showed that raw TRI with small neighbourhoods (R =
2 m) is very strongly associated with slope (p = 0.9) across grid sizes from 0.5 to 4 m
(Fig.5.10a). For larger windows (R = 4-6 m), the correlation with slope remains moderate
to high at fine resolutions but declines at coarser grids (10-30 m), where TRI becomes
increasingly dominated by broader-scale slope trends. These results indicate that mapping
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Figure 5.9: Data volume of derived terrain products (MB ha™1) by sensor (rows) and DT-
M/slope raster resolution (columns). Cells show total file size per hectare of the corre-
sponding point cloud (.las), DTM (.asc, .tif), and slope raster (.tif). UAV LiDAR datasets
labelled 1, 5, 10, 20, and 30 correspond to point clouds thinned to 1, 5, 10, 20, and 30
points m~2, respectively. Colours are mapped using a logarithmic (log;,) colour scale for
visualisation; values shown (labels/units) are the original, untransformed values.

both slope and raw TRI with small neighbourhoods largely reproduces the same terrain
information.

To obtain a more slope-independent measure of terrain variability, a detrended TRI
was calculated as the residual after removing the linear dependence of TRI on slope. The CV
curves (Fig. 5.10b) show that both slope and raw TRI lose variability as resolution coarsens,
with the strongest decline between 4 m and 30 m. At 30 m resolution, TRI variability is
very low, indicating that contrasts in surface ruggedness are largely smoothed out. In con-
trast, the detrended TRI retains greater variability. It shows weaker correlation with slope,
particularly at finer resolutions and intermediate neighbourhood sizes, where it begins to
represent a distinct dimension of terrain variability rather than a simple proxy for slope.

To further examine this relationship, TRI behaviour was analysed within slopes of 30-
50% (category B). Within this interval, raw TRI remained strongly coupled with slope
(Fig. 5.10a), with higher slopes generally corresponding to higher TRI values and points
clustering near the 1:1 line in the raw-detrended comparison. After detrending, this de-
pendence was largely removed, and the distribution of values expanded vertically, cover-
ing a wider range of TRI values for the same slope interval (Fig. 5.11a). The correlation
between raw and detrended TRI decreased (R = 0.46, R? = 0.21), indicating that de-
trended TRI captures a component of terrain variability that is not directly explained by
slope.

The histograms in Fig. 5.11b further illustrate this contrast. Detrended TRI shows a
broader distribution and higher maximum values than raw TRI (up to ~3.0 compared with
~1.3), indicating improved discrimination between smoother and more irregular terrain
within category B. Mean values of raw and detrended TRI are similar, but detrending ex-

pands the upper tail of the distribution, separating more rugged locations from relatively
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Figure 5.10: Resolution dependence of slope and ruggedness metrics. (a) Pearson corre-
lation between slope and TRI-based metrics across resolutions, including mean slope. (b)
Coefficient of variation (CV) of slope and TRI-based metrics across resolutions.

smooth surfaces within the same slope interval. As a result, detrended TRI provides addi-
tional information beyond slope and raw TRI alone, allowing steepness and local surface
irregularity to be represented as partially independent terrain descriptors.
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Figure 5.11: Effect of detrending on terrain ruggedness index (TRI) for areas with 30-
50% slope (slope-based category B). (a) Relationship between raw TRI and detrended TRI;
points are coloured by local slope (%). The dashed red line indicates the 1:1 line (x = y).
(b) Histograms of raw TRI and detrended TRI, showing the distribution of values before and
after detrending. Summary statistics (min, max, mean) are shown in the legend.

5.5 DISCUSSION

This study evaluated how DTMs derived from multiple remote sensing platforms (ALS,
UAV LiDAR, HLS, and UAV photogrammetry) influence the reliability and scale dependence

142



5.5. DISCUSSION

of slope and raster-based terrain-variability metrics in steep, closed-canopy mountain
forests. By comparing vertical accuracy, terrain-dependent error patterns, and resolution
effects on slope-category agreement, the analysis clarifies how sensor characteristics and
grid resolution propagate into terrain indicators commonly used in forest-planning con-
texts.

The results indicate that HLS and UAV LiDAR provide the most consistent terrain rep-
resentation under closed-canopy conditions. In contrast, UAV SfM exhibits substantially
larger vertical deviations and stronger sensitivity to canopy cover and terrain complex-
ity. Furthermore, LiDAR-derived DTMs gridded at 2-4 m resolution with 5-10 ground
points m~2 produced stable slope-category outcomes while maintaining manageable data
volumes, suggesting a practical balance between terrain representation and implementa-
tion feasibility at the stand scale.

In this context, grid resolution and ground-point density determine the extent to which
terrain detail is captured and smoothed before slope and terrain metrics are computed. Be-
cause stand-level terrain summaries (e.g., dominant slope category or mean slope) are de-
rived mathematically from raster data, their stability depends on how fine-scale variability

and extreme values are preserved or smoothed during interpolation and resampling.

SCOPE OF INTERPRETATION

[t is important to clarify the scope of these findings. This study does not model machine
trafficability, predict operational productivity, or quantify obstacle-based roughness in the
traditional operational sense [43]. Instead, it evaluates how sensor choice and spatial res-
olution influence raster-derived terrain indicators that underpin slope-based terrain sum-
maries in forest-planning contexts.

Even when operational decisions rely on aggregated stand-level descriptors, those de-
scriptors are derived from spatial terrain data, and their stability depends on how terrain
variability is represented and aggregated. The present results, therefore, address the reli-

ability of the terrain-information pipeline rather than direct operational outcomes.

SENSOR PERFORMANCE AND ERROR MECHANISMS

Vertical deviations relative to UAV LiDAR were smallest for HLS, moderate for ALS, and
largest for UAV SfM. These patterns are consistent with previous multi-sensor compar-
isons, which show that active LiDAR generally outperforms passive photogrammetry un-
der forest canopy conditions [210, 164]. SfM errors increased in dense stands, confirming
that reliable terrain modelling in closed-canopy forests requires sufficient ground visibil-
ity.

Elevation errors were not spatially random but systematically related to terrain and
canopy structure. Terrain roughness explained the largest share of elevation deviation, fol-

lowed by slope and TWI, indicating that irregular micro-relief and limited ground returns
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increase interpolation uncertainty. As a result, the largest deviations occurred in steep,
rough, closed-canopy areas, conditions where terrain representation is also most challeng-
ing. These patterns suggest that DTM reliability varies with terrain conditions and should

be interpreted stratified rather than assumed to be uniform across entire stands.

RESOLUTION, SCALE-MATCHING, AND PRACTICAL FEASIBILITY

In forestry terrain analysis, slope, roughness, and ruggedness describe related but scale-
dependent properties of a continuous terrain surface. Slope represents the background
terrain inclination, whereas roughness and ruggedness describe local elevation variability
superimposed on it. Their expression depends strongly on spatial scale: fine grid reso-
lutions preserve small-scale variability, whereas coarser grids smooth it and increasingly
absorb it into broader slope trends. In this study, roughness and ruggedness are analysed
strictly as geomorphometric indicators derived from gridded DTMs and therefore repre-
sent statistical surface variability rather than explicit measurements of individual physical
obstacles as defined in traditional object-based roughness classification systems [1].

Grid resolution substantially influenced slope statistics and aggregated terrain sum-
maries. Median slope decreased by 6-7 percentage points between 0.5 m and 30 m reso-
lution, while the 90th percentile declined by approximately 20 percentage points. Conse-
quently, the mapped extent of the steepest category (Category C, = 50%) decreased from
about 20% at fine resolution to nearly zero at coarse resolution, indicating strong smooth-
ing of local extremes. At the stand scale, grids of 2-4 m combined with 5-10 ground points
m~2 achieved approximately 90% overall agreement relative to full-density UAV LiDAR,
while maintaining limited underestimation of steep terrain. Coarser grids (10-30 m) also
showed high agreement, but partly because critical steep segments were smoothed away,
whereas very fine grids (0.5-1 m) were more sensitive to local artefacts in slope estimation.

The 30 m NASA DTM was included as a widely available baseline for broad strategic
screening. However, the results demonstrate that 30 m products, in general (including re-
sampled UAV LiDAR and ALS DTMs), are not a reliable substitute for stand-level slope map-
ping in complex terrain, as they systematically suppress localised steep segments relevant
to tactical terrain interpretation.

Beyond slope alone, terrain representation can be improved by incorporating surface
irregularity metrics. Raw TRI was almost perfectly correlated with slope (r = 0.98)
and therefore contributed little independent information. Detrended TRI reduced this
coupling (r < 0.5), enabling clearer separation of slope-independent surface variability.
Similar slope-ruggedness coupling issues have been documented in geomorphometric re-
search, where residual and slope-independent ruggedness metrics were developed to iso-
late local terrain variability [79, 84, 211]. These findings support the use of detrended
TRI as a slope-independent geomorphometric descriptor of terrain variability in forest
environments. Combining slope metrics with slope-independent ruggedness metrics can

therefore provide a more complete representation of terrain variability.
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PRACTICAL IMPLICATIONS FOR FOREST OPERATIONS

These findings support a tiered and resource-efficient approach to terrain mapping for
forest-planning applications in mountain forests. In practice, terrain conditions in oper-
ational planning are often summarised using aggregated stand-level descriptors such as
dominant slope categories or mean slope values. However, these summaries are derived
from spatially explicit raster terrain data, and their stability therefore depends on how ter-
rain variability is represented in the underlying DTM.

For stand-level terrain characterisation where slope-category delineation is required,
LiDAR-derived DTMs provide the most reliable representation of terrain conditions. The
moderate-density specification identified here (5-10 points m~2 gridded at 2-4 m) cap-
tures relevant slope patterns while keeping data volume and processing demands man-
ageable, making it suitable for deployment across larger management areas.

In contrast, ALS and global 30 m terrain products remain useful for broad strategic
screening and landscape-level terrain overview but tend to under-represent local steep-
ness in complex mountain terrain. Consequently, they should not be relied upon alone
for stand-scale slope-category mapping. Integrating slope maps with slope-independent
ruggedness metrics, such as detrended TRI, can further improve terrain description by

highlighting surface variability that is not captured by slope categories alone.

METHODOLOGICAL CONSIDERATIONS AND LIMITATIONS

This work is based on a single, relatively small study area in a mixed spruce-beech forest
in the Italian Alps. The site presents highly challenging operational conditions, with steep
slopes, rocky terrain, and a dense, closed canopy, where terrain complexity strongly influ-
ences machine mobility, safety, and harvesting costs [212, 209]. While such conditions
may amplify modelling errors relative to gentler terrain, they also represent contexts in
which accurate DTMs are most consequential for planning and risk assessment. Even so,
differences in terrain morphology, soils, and canopy structure in other regions may affect
both absolute error levels and relative sensor performance, so the results should be tested
in simpler stands and landscape contexts before generalisation.

UAV LiDAR was treated as the reference surface, although it is not error-free. GNSS con-
trol under open conditions achieved centimetre-level accuracy, and D]I Terra processing
produced low checkpoint errors. However, all other datasets (ALS, HLS, and SfM) were
subsequently registered to the UAV LiDAR frame, introducing co-registration uncertain-
ties of approximately 0.07-0.09 m for HLS and 0.37 m for ALS. Consequently, the reported
RMSE, and NMAD,, values represent relative deviations from the UAV LiDAR surface rather
than absolute terrain error. Small spatial misalignments may therefore propagate into lo-
cal slope estimates when raster products are compared. In addition, GNSS positioning
under dense canopy degraded to several decimetres for HLS plot corners, highlighting a

common limitation of forest GNSS positioning.
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Further uncertainty arises from ground classification and surface interpolation. Al-
though consistent filtering parameters were applied, differences in sensor geometry, point
density, and canopy structure influence how ground and non-ground returns are separated
[213, 214, 215]. Low vegetation, woody debris, or rocks may therefore be classified as
ground in one dataset but removed in another, producing local elevation differences that
propagate into derived terrain metrics. All high-resolution DTMs were also interpolated
using a single mean-based method. While this approach isolates sensor and sampling ef-
fects for comparison, mean-based interpolation can oversmooth sharp terrain features and
is more sensitive to residual non-ground points and data gaps than adaptive interpolation
methods [216, 165,217, 160].

Additional limitations relate to the derived terrain indicators and their interpretation.
The TCI weights were derived from external reference datasets rather than site-specific
calibration, and the tercile-based thresholds are therefore best interpreted as comparative
descriptors for stratifying terrain variability rather than universal operational breakpoints.
Likewise, the slope-based terrain categories (A, B, C) represent simplified terrain descrip-
tors. Actual machine mobility depends on additional factors not represented in the terrain
model, including soil bearing capacity, soil moisture, surface cover, and operator practices.
Furthermore, the results were not validated against observed machine behaviour such as
slip events, winch usage, productivity, or soil disturbance.

The present analysis, therefore, focuses on how sensor choice, point density, and spa-
tial resolution influence the representation and aggregation of raster-derived terrain met-
rics, rather than directly predicting operational outcomes. Future research should link
these terrain descriptors to observations from active forest operations to quantify how
DTM resolution and terrain smoothing translate into operational performance and risk.

Key priorities for future work include: (a) extending the analysis to a wider range of for-
est types and terrain conditions, (b) testing alternative ground-filtering and interpolation
methods in complex forests, (c) quantifying acquisition and processing costs for different
sensor-resolution combinations, and (d) validating terrain descriptors against machine-

based observations of mobility, safety, and soil disturbance.

BROADER IMPLICATIONS AND FUTURE DIRECTIONS

Despite these limitations, the results demonstrate that in steep, closed-canopy mountain
forests, LiDAR-derived DTMs with moderate ground-point densities and appropriately se-
lected grid resolutions can provide stable terrain descriptors for stand-scale slope cate-
gorisation. Combining slope with slope-independent ruggedness metrics offers a more
complete representation of terrain variability in forest-planning contexts.

However, these raster-derived geomorphometric indicators complement rather than
replace traditional terrain classification systems used in forest operations, which incor-
porate field-based assessments of obstacles, soil bearing capacity, and surface conditions.
While geomorphometric metrics describe spatial variability in terrain form, operational

146



5.6. CONCLUSION

terrain classifications integrate additional physical and mechanical constraints that influ-
ence machine performance.

Future research should extend this work by linking raster-derived terrain descriptors
to observations from active forest operations. Integrating terrain metrics with machine-
based data, such as routing behaviour, slip events, productivity variation, or soil distur-
bance, would allow a more direct evaluation of how DTM resolution and sensor character-
istics influence operational outcomes.

Further developments could also explore the integration of geomorphometric terrain
descriptors with soil- and moisture-related indicators (e.g. depth-to-water indices, soil
maps, or seasonal moisture proxies) to better represent the combined factors influencing
machine mobility. Finally, multi-site validation across contrasting forest types and terrain
morphologies would help assess the transferability of the recommended sensor and reso-

lution specifications under different operational conditions.

5.6 CONCLUSION

This study evaluated how sensor type, ground-point density, and grid resolution influence
DTMs and raster-derived terrain metrics in steep, closed-canopy forest terrain. Using full-
density UAV LiDAR as an internal reference at plot and stand scales, HLS provided the most
accurate local benchmark, with low and relatively stable vertical deviations across terrain-
complexity classes. ALS showed moderate performance, with errors increasing in steeper
and rougher terrain and under dense canopy. At the same time, UAV SfM exhibited sub-
stantially larger canopy- and terrain-dependent deviations, indicating limited suitability
for bare-earth modelling in comparable forest conditions.

At the stand scale, grid resolution strongly influenced slope statistics and slope-
category aggregation. Coarsening from 0.5 m to 30 m progressively smoothed steep ter-
rain and nearly eliminated the steepest category (Category C, = 50%), altering slope dis-
tributions and masking local terrain extremes. LiDAR DTMs gridded at 2-4 m with ap-
proximately 5-10 pts m~2 achieved high (~ 90%) agreement with full-density UAV LiDAR-
derived slope categories while substantially reducing data and processing demands.

Raw TRI at fine resolution was strongly coupled with slope, whereas detrended TRI cap-
tured additional slope-independent surface variability. Combining 2-4 m LiDAR-derived
slope categories with detrended TRI therefore provides a consistent geomorphometric
framework for representing both steepness and local surface variability within forest ter-
rain.

Overall, the results demonstrate that terrain indicators used in forest-planning con-
texts are sensitive to sensor characteristics and spatial resolution. Even when planning re-
lies on aggregated stand-level terrain summaries, those summaries depend on how terrain
variability is represented and processed at the raster level. This study therefore provides

methodological guidance for selecting sensor-resolution combinations that yield stable,
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comparable terrain descriptors in complex mountain forests.

5.7 DATA AVAILABILITY

The corresponding paper is currently in draft form and will be submitted to a scientific

journal in April 2026.
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CHAPTER 6

DATA FEASIBILITY AND OPERATIONAL
CONSIDERATIONS

Beyond technical accuracy, the use of remote sensing in forest operations also depends
on practical factors such as hardware needs, processing complexity, data volume, costs,
and time efficiency [218, 219, 220]. These aspects are often treated separately rather than
synthesised into a single framework in the remote sensing and forestry literature, yet they
are critical for practitioners when choosing and implementing sensor systems. This chap-
ter briefly examines the operational feasibility of different sensor platforms and deploy-
ment scenarios in forest operations. It considers survey efficiency, processing and compu-
tational requirements, data storage and management, cost structures, and logistical and
other operational constraints, to support more informed decisions about which remote
sensing technologies to use.

In this chapter, feasibility refers to the practical ability to acquire, process, manage,
and apply remote sensing-derived terrain data under real-world forestry constraints. It is
treated separately from analytical accuracy and evaluated using indicators of survey effi-
ciency, processing demand, data volume and storage, cost structure, and operational con-
straints, such as logistics and weather.

6.1 SURVEY EFFICIENCY AND DATA COLLECTION EFFORT

Survey efficiency and data-collection effort, which determine how quickly data can be col-
lected across an area, fundamentally shape project feasibility, timelines, and overall cost-
effectiveness [221, 222]. Different sensor systems generate data at vastly different rates
and require distinct field-deployment strategies. Therefore, understanding these differ-
ences is essential for practitioners selecting appropriate technologies for specific opera-
tional contexts.

To explore these feasibility trends within the scope of this work, an additional set of
data-feasibility metrics was compiled for one of the study sites described earlier, where
four remote sensing technologies were applied (see Chapter 5). The comparison of these
four sensor approaches clearly illustrates the efficiency differences (Table 6.3). On the

same forest site (~5.44 ha), UAV LiDAR and photogrammetry each required ~39 minutes
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of field acquisition, whereas handheld LiDAR (HLS) needed 41 minutes to survey only four
small plots (0.36 ha total). In contrast, the ALS data used here were acquired as part of
a broader airborne campaign covering a ~2X2 km tile (~400 ha) and were subsequently
clipped to 5.44 ha for analysis. Therefore, the ALS acquisition time is not directly compa-
rable to that of on-demand UAV or terrestrial surveys.

At operational scales of 100-200 ha, ALS typically offers substantially higher area cov-
erage per unit time than UAV-based LiDAR or photogrammetry, and substantially higher
efficiency than terrestrial methods. This speed advantage, however, comes at the cost
of lower ground-point density (and often reduced under-canopy detail) compared with
UAV and handheld systems, which can provide denser local measurements but require
markedly greater field time and processing effort to cover the same area.

Plot-level studies of terrestrial methods show similar patterns. Piermattei et al. [223]
compared low-cost terrestrial SfM photogrammetry, TLS, and conventional manual inven-
tory on the same forest plots and found that, while SfM can match TLS and manual mea-
surements in field time under favourable conditions, its efficiency drops sharply in com-
plex terrain. Its processing times can extend to many hours per plot, making routine oper-
ational use challenging. Similarly, Pavelka et al. [220] concluded that conventional terres-
trial approaches, such as TLS, are 'practically unusable’ for extensive operational forestry
inventories due to cumulative effort and logistical hurdles. At the same time, mobile and
unmanned systems were presented as “economically and operationally attractive” alterna-

tives due to their rapid data acquisition and manageable processing demands.

6.2 PROCESSING DEMANDS AND COMPUTATIONAL REQUIRE-

MENTS

The computational demands of different remote sensing systems present another signifi-
cant constraint for remote sensing projects. Because hardware and computational require-
ments often scale more than linearly with dataset size and output resolution, they become
critical factors in infrastructure investment and project scheduling [? ]. Processing fre-
quently represents the operational bottleneck, the slowest step that determines the over-
all project timeline. Understanding processing requirements early in project planning is
therefore essential.

This challenge is compounded by the rapid growth of remote sensing data over the past
few decades. A global example is NASA's Earth Observing System Data and Information
System (EOSDIS), which currently adds on the order of > 100 terabytes (TB) of Earth ob-
servation data per day to its archives. Industry and agency summaries suggest that, when
commercial operators and multiple space agencies are included, global remote sensing
systems collectively generate data volumes on the order of several hundred terabytes per
day [224, 225, 226]. This expansion is driven by improvements in sensor resolution and

revisit frequency, as well as by the expansion of open-access data-sharing initiatives. At
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the scale of forestry and agriculture, UAV- and LiDAR-based remote sensing have likewise
moved from niche applications to mainstream tools over the past decade, with a rapid in-
crease in published studies and widespread use for forest inventory, biomass estimation,
and canopy mapping [218, 227]. Such volumes and complexities place remote sensing
firmly within the domain of Big Data, where data-intensive workloads often exceed the
capacities of conventional desktop computing environments [224, 228].

While these figures refer to large-scale archives, similar computational constraints
were evident even in the relatively small, routine field surveys considered in this thesis.
At our study site (Chapter 5), peak hardware usage and processing time were recorded for
three operational workflows: UAV LiDAR data processed in D]I Terra [199], UAV RGB im-
agery processed in Agisoft Metashape Professional [122], and HLS scans acquired with the
STONEX X120GO and processed in the vendor software GO Post [200]. All datasets were
processed on the same high-end workstation equipped with an Intel Xeon W-2295 CPU
(18 cores/36 threads), an NVIDIA RTX 4000 Ada GPU, and 128 GB of RAM, with specifica-
tions well beyond typical entry-level systems recommended for remote sensing workloads
[122, 200]. Nevertheless, all three workflows saturated CPU capacity (100% utilisation),
with GPU load peaking at up to 100% and RAM usage reaching 83% (Table 6.1).

Table 6.1: Peak hardware usage recorded during dataset processing for a mountain forest
study site near Cesuna on the Asiago Plateau (Veneto, northeastern Italy). Values are ex-
pressed as percentages of system capacity on a workstation equipped with an Intel Xeon
W-2295 CPU (18 cores/36 threads), an NVIDIA RTX 4000 Ada GPU, and 128 GB of RAM.

Software CPU peak RAM GPU load mf:lgry Processing time (see Table
(V) 0, 0,
(%) peak (%) peak (%) peak (%) 6.3)

DJI Terra 100 58 100 94 35 min [6.4 min/ha]

Agisoft
Metashape ), 89 26 78 6h (360 min) [66.2 min/ha]

Profes- '

sional

GO Post ~5h 40 min (340 min) (~85
(STONEX) 100 >4 > 81 min/plot) [944 min/ha]’

Photogrammetric processing proved considerably more RAM-intensive than LiDAR
workflows in our case study. The SfM workflow in Agisoft Metashape Professional reached
a peak RAM usage of 89 % of system memory (approximately 114 GB), compared with
58 % (around 74 GB) for UAV LiDAR processing in D]I Terra and 54 % (around 69 GB) for
HLS processing in GO Post (Table 6.1). Sustained CPU utilisation during the main recon-
struction steps was also markedly higher for the SfM workflow than for handheld LiDAR
processing (approximately 70 % vs 25 %), highlighting that dense image matching and
point cloud generation can drive prolonged high-load periods on the workstation. These

patterns are consistent with other studies, where high data volumes from under-canopy
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UAV photogrammetry, and high-density TLS or UAV LiDAR point clouds lead to long pro-
cessing times and intensive data management, which in turn limit how many plots or flights
can be handled operationally in a given campaign [223, 229, 230].

Similarly, processing times varied widely between workflows, ranging from about
35 minutes for the UAV LiDAR dataset processed in D]I Terra to approximately 6 hours
(around 85 minutes per plot) for HLS with manual registration and refinement (Table 6.1,
6.3). Although these absolute runtimes are specific to the high-end workstation config-
uration used in this study and will vary with hardware, software versions, and parame-
ter choices, they indicate the magnitude of differences that can arise between workflows
in practice. This dramatic spread underscores that hardware configuration, software se-
lection, and data preprocessing can significantly affect processing timelines and overall

project feasibility.

6.3 DATA VOLUME AND STORAGE CONSIDERATIONS

Beyond acquisition and processing, the volume of data generated and stored represents
another critical operational constraint. Data volumes generally increase with point den-
sity and output richness, directly affecting field data handling, storage infrastructure, and
downstream processing capacity.

The rate at which raw data is generated during field surveys has immediate practical
consequences for field operations. In the Cesuna study (Chapter 5), raw data-generation
rates ranged from 0.01 GB min~! (ALS) to 0.42 GB min~! (HLS), representing roughly an
order-of-magnitude difference between airborne and handheld acquisition. In practice,
this means ALS-style datasets are typically straightforward to store, duplicate, and transfer
in the field. In contrast, handheld workflows can generate large volumes rapidly, making
high-capacity storage media (e.g., external SSDs) and disciplined backup routines essential.

For handheld surveys in particular, data protection becomes part of survey design. Be-
cause acquisition may be time-intensive and plots may be difficult to revisit, immediate
duplication (e.g., two independent copies on-site) or a consistent end-of-day transfer pro-
tocol can be as operationally critical as the scanning itself.

The transition from raw to processed data introduces another layer of complexity. In
the Cesuna study, raw data volumes ranged from 0.34 GB for ALS (clipped to the study area)
to 17.3 GB for HLS, while processed outputs ranged from 0.04 GB for ALS to 27.3 GB for UAV
SfM (complete Agisoft Metashape Professional project; Table 6.3). To compare workflows
more systematically, two indicators were derived for each sensor: (a) the raw data rate
(RDR), defined as total raw data volume (GB) divided by total survey time (min), yielding
GB min~?, and (b) a compression ratio (CR), defined as output data size divided by raw
data size (unitless).

In our case, RDR values ranged from 0.01 GB min~?! (ALS) to 0.42 GB min~! (HLS), re-

flecting the much higher data-generation rate of handheld surveys. Compression ratios
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also varied strongly between methods. ALS showed the lowest CR (~0.13), indicating a
substantial reduction from raw data to final products, whereas HLS showed the highest
CR (~0.68), meaning that most of the raw volume carried through into processed outputs
(Table 6.3). UAV LiDAR and UAV SfM fell between these extremes. Together, RDR and CR
highlight that sensor choice directly translates into storage requirements and processing
workload, even within the same forest site.

Overall, robust field-side data protocols (redundant storage, routine integrity checks,
and secure transfer to office infrastructure) are most critical for high-volume methods,
where data loss would be costly or impossible to recover.

6.4 COST STRUCTURE AND ECONOMIC FEASIBILITY

Sensor choice ultimately depends on weighing costs and benefits, including equipment
purchase, processing infrastructure, field staff, and per-hectare project costs [220, 231].
The economics of remote sensing technologies have shifted dramatically over the past
decade. Ten years ago, a widely used drone such as the DJI Phantom 3 Professional re-
tailed for around €1,399 in Europe (2015), dropping to €1,199 by 2016 [232]. Today,
entry-level drones such as the D]I Mini series are available for approximately €299. At
the same time, advanced consumer models range from €799 to €1,129, making these plat-
forms broadly accessible [232, 233]. Although advanced UAV platforms and LiDAR pay-
loads remain costly, drone-based LiDAR systems typically represent a substantial invest-
ment (often in the five-figure range), depending on sensor specifications and whether in-
tegrated GNSS/IMU components and software are included. Nevertheless, compared with
earlier generations of crewed airborne LiDAR surveying, these systems are now more ac-
cessible for stand-scale operational deployments.

Despite declining hardware prices, project budgets are increasingly dominated by soft
costs, such as personnel time, data processing, and analysis [220, 234, 235]. Inflation and
rising wages in the geospatial sector have increased labour costs in recent years [236, 237],
making workforce and training costs among the most important financial considerations
for remote sensing operations at all scales.

One such training, crucial for forestry and other remote sensing research projects, is
obtaining the necessary drone pilot certification, which requires candidates to complete
comprehensive theoretical and practical training, often at significant expense. In the EU,
basic drone licences generally cost between €96 and €330, while advanced operator train-
ing can range from €1,000 to over €2,450 depending on the level and country [238]. The
process is time-intensive and often includes both theoretical and practical exams, with pro-
ficiency requirements in some cases on par with those for pilots of manned aircraft. For
example, in South Africa, intensive drone pilot training overlaps with modules from com-
mercial aircraft courses, with total costs reaching around €2,000 [239, 240].

When considering the technology itself, the principle is usually quite simple: the choice
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of sensor or platform must align with the project’s scale and objectives [220, 221, 241].
Notably, the cost per hectare, which reflects both equipment and operational expenses,
varies significantly with the total area surveyed [231, 241].

Cost-efficiency changes non-linearly with survey extent because both airborne and UAV
surveys include fixed “entry” costs (e.g., planning, mobilisation, permits, and processing
setup) that are amortised over larger areas [242]. A practical illustration is provided by
the For.Mo.Vi. cost assessment, which reports indicative market-based cost comparisons
(derived from interviews with practitioners and intended as order-of-magnitude guidance
rather than absolute price references) for multiple platforms across 1-1000 ha scenarios.
For the specific comparison of airborne LiDAR versus UAV multi-rotor in an “ideal forest
area” scenario, the report notes that UAV multi-rotor is more economical up to ~200 ha,
costs are broadly comparable between ~200 and ~550 ha, and above ~550 ha airborne
LiDAR becomes on average more economical per hectare (Table 6.2). This supports the
general principle that platform choice is scale-dependent, while the exact breakpoints de-
pend on site logistics, survey specifications, and local cost structure.

Table 6.2: Comparative cost efficiency of UAV multi-rotor versus airborne LiDAR surveys
across different forest area extents, based on operational assessments in the For.Mo.Vi.
project [242].

Survey extent (ha) Cost efficiency comparison Preferred platform

< 200 ha UAV multi-rotor has lower setup UAV Multi-rotor
costs and is typically more economi-
cal per hectare

200-550 ha Costs are broadly comparable; choice Case-dependent
depends on specific site logistics and
data needs

> 550 ha Airborne LiDAR fixed costs are amor- Airborne LiDAR
tised; becomes more economical per
hectare

At our study site (Chapter 5), both total cost and surveyed area showed considerable
variation across sensing technologies. Table 6.3 presents key feasibility parameters from
four remote sensing methods, illustrating dramatic differences in per-hectare costs, data
size, processing time, and software requirements. In this case, HLS was more than 60 times
as expensive per hectare as ALS and over 13 times as expensive as UAV LiDAR. UAV pho-
togrammetry and LiDAR delivered intermediate costs, remaining several times above the
traditional ALS approach but still far less expensive than handheld solutions. Additionally,
these advanced platforms generated far larger and denser data outputs, enabling richer
analysis but also introducing new challenges for data processing and storage.

In contrast to the market-based contracting scenarios summarised in [242], the per-
hectare values in our case study should be interpreted as indicative, because ALS data were
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acquired as part of a larger-area campaign and clipped to the study site, whereas UAV and

handheld datasets reflect on-demand deployments.

Table 6.3: Detailed comparison of survey, data size, and processing metrics by method.

Metric / ALS (2022) UAV LiDAR UAV SfM HLS
method
Platform Helicopter LiDAR DJI Matrice 300 DJI Matrice 300 STONEX X120GO

RTK + Zenmuse L2

RTK + Zenmuse L2
RGB (20 MP, 4/3”
CMOS)

Survey area (ha) ~400 ha (one2x2  ~5.44 ~5.44 4 plots (~0.36 ha)
km tiles); 5.44 ha
clipped for analysis

Survey time ~16 min [0.08 ~39 min [7.2 ~39 min [7.2 ~41 min (avg. 9.5
min/ha] min/ha] min/ha] min/plot) [all: 114

min/ha]?

Raw data size
(Draw)

0.34 GB (full)
[0.00084 GB ha™]

8.9GB[1.63 GB
ha™1]

5.4 GB (images)
[0.99 GB ha™*]

17.3 GB (all), ~3.9
GB (plot) [all: 48.1

GBha™ ]!
Raw data rate 0.01 GB min™? 0.23 GB min™? 0.14 GB min™? 0.42 GB min™!
(RDR)*
Processing time  ~120 min [0.6 35 min [6.4 6 h (360 min)? ~5h 40 min (340
(Tproc) min/ha] min/ha] [66.2 min/ha] min) (~85
min/plot) [944
min/ha]?
Output data size  0.036 GB (clipped) ~48.5GB (all) ~27.3 GB (full ~25.5 GB total
[0.007 GB ha™!] [8.92 GB ha™!] Agisoft project?) (~6.4 GB/plot?)
[5.02 GB ha™*] [70.8 GB ha™*]
Used for 0.036 GB [0.007 7.7 GB[1.42 GB 19.3GB (HQ) [3.55 ~15.65 GB total

analysis (point
cloud size)

GB ha™]

ha™1]

GB ha™1]

(~3.91 GB/plot)
[43.5 GB/ha (based
on ~0.36 ha)]'

Processing 0.0014 GB min™! 0.254 GB min™? 0.015 GBmin™? 0.051 GBmin™?
efficiency index  [0.084 GB h™1] [15.2 GB h™1] [0.90 GB h~1] [3.06 GBh™1]
(PEI)®

Compression 0.128 0.184 0.198 0.680

ratio (CR)®

(continued on next page)
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Table 6.3 continued from previous page

Metric / ALS (2022) UAV LiDAR UAV SfM HLS

method

Software used — DJI Terra Agisoft Metashape = GOapp + GOpost
Professional

License — 2.070 3.184 Included

Sensor price (€) n/a (notdisclosed; =~ 27,0307 ~ 13,5008 ~ 26,000°

quote required)

Total cost (€) n/a ~ 29,100 ~ 16,684 ~ 26,000
[5,352€/ha]’ [3,317€/ha]® [72,222€/ha]®

1 For handheld LiDAR, four plots cover 0.36 ha; therefore, per-ha values are based on small plot extrapolation.

2 Includes aligned images, dense cloud, DTM and GCP references.

3 Includes export as raw point cloud (.las), point cloud with dense optimisation (.las), and odometry data (.txt).

4 Raw data rate (RDR) = Total raw data (GB) / Total survey time (min).

5 Processing efficiency index = Total raw data size (MB) / Processing time (min).

6 Compression ratio = Output data size (MB) / Raw data size (MB).

7 DJI Matrice 300 RTK base platform (source: https://store.dji.com/), DJI Zenmuse L2 LiDAR payload (source:
https://store.dji.com/), DJI BS65 charging station (source: https://gpsglobalsolutions.com/).

8 Source: https: //gpsglobalsolutions.com, https://www.agisoft.com/buy/licensing-options/.

9 Source: https://shop.motmould.com/en/303-stonex-x120go-slam-laser-scanner.html.

Most UAV LiDAR, photogrammetry, and handheld systems rely on specialised, vendor-
specific software, such as D]I Terra for UAV LiDAR and Agisoft Metashape Professional for
photogrammetry, to process their proprietary raw data (Table 6.3). Licensing these pro-
grams typically costs between €2,000 and €3,000, with pricing models ranging from an-
nual subscriptions to one-time purchases. The need for dedicated software not only in-
curs significant expense and operational complexity but also limits data compatibility and
cross-platform data exchange. As such, technology selection has significant implications
for project budgets, data richness, and workflow flexibility in forestry mapping. Under-
standing this complete cost structure, beyond just sensor hardware, is critical for practi-
tioners making decisions about remote sensing technology.

6.5 LOGISTICS AND OPERATIONAL CONSTRAINTS

Beyond sensor acquisition and personnel costs, logistics play a crucial role in the feasibility
and environmental footprint of remote sensing operations [243, 244]. Transporting large
sensors and battery systems, such as the DJI Matrice 300 RTK and Zenmuse L2 LiDAR, re-
quires specialised cases and often multiple vehicles for field campaigns. For example, the
battery station for the Matrice 300 RTK can weigh up to 8.4 kg when empty and over 15 kg
when fully loaded, resembling a thick suitcase and substantially increasing transportation
energy use and emissions [245], as well as the personnel transported to field sites. Recent

EU reports highlight that transport logistics, including vehicle use and fuel consumption,

156



6.6. WEATHER AND SEASONAL CONSTRAINTS

can significantly contribute to the carbon footprint of field operations [243, 244]. However,
the full environmental impact, including field transportation emissions, increased fuel use,
and the energy required for charging large battery systems, remains poorly studied in the
current remote sensing literature. As these logistical demands grow with larger platforms,
there is a clear need for further research into their sustainability and environmental foot-

print.

6.6 WEATHER AND SEASONAL CONSTRAINTS

Different sensors have distinct weather tolerances that affect project planning and time-
lines. ALS operations require cloud cover <10% and wind speeds <12 m/s [246]. UAV
systems typically cannot operate above 10 m/s wind or during precipitation [247]. HLS
is not directly weather-dependent, but becomes logistically constrained during wet condi-
tions. Terrain accessibility, wet vegetation, and muddy ground significantly reduce survey
efficiency. This means that, for time-critical projects, weather risk can also influence tech-

nology choice.

6.7 AN EXPLORATORY FEASIBILITY FRAMEWORK

To illustrate feasibility trade-offs in a transparent and reproducible manner (rather than
proposing a generalised cost model), we computed three exploratory feasibility indices
from Table 6.3: an operational feasibility index, a hardware-cost feasibility index, and an
overall feasibility index. Equal weights are used as a transparent baseline. Alternative
weightings would be appropriate under different stakeholder priorities.

Operational feasibility was quantified from three lower-is-better metrics expressed per
hectare: survey time (Tsyvey), processing time (7o), and processed output data volume

(Dyut)- Each metric was transformed using reverse min-max normalisation,

Xmax — Xj
Sx) =—7"—",

Xmax — Xmin

where x,;, and x,,, are the minimum and maximum values of metric x across the sen-
sor workflows compared in Table 6.3. Because min-max normalisation is sensitive to the
range of values in the comparison set, the resulting indices should be interpreted as rel-
ative within this case study rather than as transferable absolute scores. The operational

feasibility index was then computed as the arithmetic mean:

1
Fop,i = § (S(Tsurvey,i) + S(Tproc,i) + S(Dout,i)) .
Hardware-cost feasibility was computed analogously from hardware cost (Cy,,):
Fcost,i = S(Chw,i)a
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and overall feasibility was defined as the average of operational and cost feasibility:

1
Foverall,i = E (Fop,i + Fcost,i)-

Accuracy was assessed using the median slope concordance correlation coefficient
(CCC) at 1 m resolution relative to a high-density UAV LiDAR reference dataset. The ref-

erence was assigned a score of 1.0, and other sensors were scaled accordingly:

_ CcGy
~ Cce,

A=1, A

Because ALS hardware/acquisition costs were not available as a citable figure for the
third-party campaign data used here, ALS is shown only for accuracy and operational met-

rics and is excluded from the hardware-cost and overall feasibility indices (Fig. 6.1).

6.8 SYNTHESIS AND KEY MESSAGE

Data feasibility encompasses far more than sensor accuracy. This chapter examined five
interdependent operational factors: survey efficiency, processing demands, data volume,
costs, and logistics, to understand why technology selection cannot be reduced to a single
metric. No universally optimal platform exists, and research on these operational dimen-
sions remains limited. This gap highlights the need for practical feasibility frameworks
that support technology selection in forest management.

Our case study demonstrates this principle concretely. Processing time, personnel de-
mands, logistical complexity, and weather robustness often prove equally or more con-
straining than nominal equipment cost. A technology may appear inexpensive but become
infeasible if it generates data that requires extensive processing, specialised software, or
operational effort beyond available resources. Fig. 6.1 shows that no platform ranks first
across all dimensions. UAV SfM photogrammetry performs well operationally but is less
robust under dense canopy where image matching and ground visibility degrade. HLS
achieves high local accuracy but is constrained by slow survey rates and extensive pro-
cessing demands. ALS is efficient for large-area planning, but lower ground-point density
reduces under-canopy accuracy relative to denser systems.

Sensor selection should therefore be tailored to the operational context. For large-
area strategic planning (> 200 ha), ALS offers cost-effectiveness and rapid coverage. At
stand-to management-unit scales (10-100 ha), UAV systems balance speed, accuracy, and
cost. For detailed plot-level assessment (< 10 ha), handheld LiDAR provides the high-
est accuracy but requires extended field and processing time. The underlying trade-off is
inescapable: practitioners must balance area coverage, time-to-result, required accuracy,
processing capacity, budget, and operational constraints, including weather and logistics.

Future research should develop practical decision tools that integrate survey time, pro-

cessing requirements, storage needs, and total project costs across diverse forest types
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Figure 6.1: Accuracy and proof-of-concept feasibility trade-offs across sensor platforms
(Cesuna). Bars show slope accuracy (median CCC at 1 m; relative to UAV LiDAR). Lines show
feasibility indices (0-1): operational feasibility combines per-ha survey time, processing
time, and output data volume (reverse min-max); hardware-cost feasibility reflects relative
hardware affordability where citable prices were available; overall feasibility is the mean of
operational and cost indices. ALS cost was not citable for the third-party campaign dataset,
so ALS is excluded from the cost and overall indices (N/A) but retained for accuracy and
operational metrics. The table reports the per-ha inputs.

and regulatory contexts. Such frameworks would enable forest managers to estimate fea-

sibility and costs prior to platform selection, thereby reducing procurement errors and
improving technology adoption.
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CHAPTER 7

DISCUSSION

The primary aim of this research was to evaluate the potential of remote sensing-based ter-
rain analysis for objectively quantifying terrain attributes relevant to mechanised harvest-
ing planning, and to assess their reliability and operational feasibility across contrasting
forest environments, sensor types, and spatial scales.

To provide a coherent conceptual foundation, the dissertation adopts the three core
components of terrain classification systems (TCS) as an organising framework: soil condi-
tions, surface roughness, and slope [42, 43]. Each pillar was addressed through a distinct
empirical study: stump influence and root reinforcement as proxies for ground support
and deformation response (Chapter 2), obstacle detection for roughness estimation (Chap-
ters 3, 4), and the influence of sensor choice and spatial resolution on DTM-derived slope
and terrain-complexity metrics (Chapter 5).

Collectively, these studies demonstrate that remote sensing enables quantitative eval-
uation of machine-induced surface deformation (e.g., rut depth), surface roughness,
steepness, and terrain complexity, and can support proxy-based assessment of ground-
condition variability. However, the accuracy and interpretability of derived metrics re-
main context-dependent, varying with sensor characteristics, spatial resolution, process-
ing choices, and underlying terrain complexity and vegetation conditions.

The remainder of this chapter relates the findings to the three terrain pillars (Sec-
tion 7.1), synthesises them into a planning-oriented framework (Section 7.1.4), and dis-
cusses methodological, operational, and feasibility implications (Section 7.2). It concludes
by clarifying the scope of validation (Section 7.3), outlining limitations and uncertainty
(Section 7.4), and proposing future research directions (Section 7.5).

7.1 QUANTIFYING THE FUNDAMENTAL TERRAIN ATTRIBUTES

7.1.1 SOIL CONDITIONS: MODELLING THE IMPACT OF ROOT REINFORCEMENT

In several operational terrain-classification and planning frameworks, ground conditions
are represented as polygon-level attributes, including soil type and moisture-related in-
dicators [1]. However, this approach can overlook spatial variability at fine scales, par-

ticularly in soft soils, where localised reinforcement from root systems can significantly
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alter the soil response to machine loading. Direct measurement of soil strength remains
challenging using remote sensing alone because the controlling properties are largely sub-
surface.

Chapter 2 investigated whether tree stumps and their associated root networks could
serve as quantifiable proxies for relative ground-support capacity. By integrating UAV-
derived DTMs and stump locations into a spatial decay model, the study achieved R? values
of 0.69-0.85 for observed rut depths across different machine passes and trail configura-
tions. The key finding was that higher cumulative stump influence was associated with
lower rut depth (i.e., reduced deformation), indicating that stump proximity is a relevant
explanatory factor alongside soil moisture and texture when evaluating site trafficability
for machine operations.

In operational planning, terrain-derived wetness indicators (e.g.,, DTW, TWI) are widely
used in the literature and in operational mapping to identify areas with elevated rutting
risk [23, 109]. The present results suggest that adding a stump/root proxy can improve
within-stand differentiation of rutting susceptibility in contexts similar to those of this
study by accounting for local reinforcement effects. Practically, this supports a more de-
tailed within-stand delineation of zones with lower rutting susceptibility and could be in-
corporated into routing decisions in peatlands when combined with wetness information.

However, several limitations constrain the current formulation and its transferability.
First, the root influence variables (CI, RRV) were modelled as exhibiting a simplified, sym-
metric decay with distance from the stump [114]. In reality, root systems are typically
anisotropic or direction-dependent, with architecture shaped by species, stand age, soil
properties, and site-specific environmental gradients [115]. On sloped terrain, root sys-
tems often exhibit asymmetric development, with stronger anchorage on the downslope
side and preferential lateral growth influenced by slope aspect and prevailing wind direc-
tion [248, 249]. This anisotropy means that the actual zone of root reinforcement may
be elliptical or directionally biased rather than radially symmetric [114]. Consequently,
the simplified circular-buffer assumption used here may underestimate reinforcement in
some directions and overestimate it in others.

Although recent TLS-based quantitative structure models have enabled detailed al-
lometric relationships between stump diameter, root system volume, and linear root
length for conifer root systems in boreal forests [250], such formulations remain largely
species-specific. They are not yet parameterised in terms of distance from the tree or the
soil-displacement zone relevant to machine-soil interaction. Moreover, empirical studies
of coarse root architecture across Norway spruce, Scots pine, and birch demonstrate sig-
nificant variation in radial spread, branching intensity, and rooting depth between species
and sites [115], underscoring the need for spatially explicit root architecture models that
can be coupled with terrain and trafficability assessments.

In addition, although the developed model successfully predicts rut depth as a mechan-

ical outcome, it does not account for the long-term biological consequences of soil defor-
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mation. These include changes in soil structure, aeration, and hydrology that can alter root
functioning, tree stability, and stand resilience over time. Deep rutting can severely restrict
root aeration, increase mechanical impedance, and impair natural drainage [251, 252], al-
though growth responses to such soil deformation vary considerably among tree species
and soil textures [253]. Additionally, mechanical damage around stumps may increase
their exposure to pathogens, which can reduce stump vitality and resprouting, as shown for
aged oak coppice where stump infection risk depends on cut quality [254, 255]. While this
study treats stumps solely as mechanical anchors, future research should examine whether
traffic also compromises their biological function.

In relation to RO1 and RQ1 (Chapter 1), the results indicate that remote sensing-
derived terrain products can (a) capture spatial patterns of surface deformation at
extraction-trial scales and (b) support modelling of machine-soil response when combined
with operational variables and stump/root reinforcement proxies. In practical terms, this
enables relative rutting-susceptibility mapping and within-stand delineation of higher-
and lower-risk zones for routing and mitigation. At the same time, the approach remains
context dependent. Transfer beyond the study conditions requires recalibration and ad-
ditional validation across soil types, moisture states and seasons, and machine configura-

tions.

7.1.2 SURFACE ROUGHNESS: DISCRETE DETECTION VERSUS CONTINUOUS MET-
RICS

Beyond bearing capacity and soil conditions, machine mobility is strongly constrained
by surface roughness in many operational contexts. However, formalising roughness for
remote-sensing-based terrain products is not always straightforward for two related rea-
sons: (a) in forestry, roughness is often expressed as obstacle frequency aggregated over
plot- or polygon-scale mapping units, which must be reformulated when roughness is rep-
resented at pixel resolution; and (b) the meaning of ‘roughness’ differs between forestry,
geomorphometry and other fields [139, 140, 141, 142, 143, 144], with forestry framing
roughness as discrete, mobility-limiting obstacles [1, 43] rather than continuous surface
texture. Roughness is also formalised in the road-engineering and forest-road literature
as road-surface roughness, which is used to characterise ride comfort, vibration exposure,
and maintenance needs on unpaved and forest roads [256, 257].

In remote sensing, roughness is often computed as the statistical texture ofa DTM [142].
However, this creates a practical disconnect for forestry applications because standard
ground-filtering and DTM interpolation are designed to remove or smooth “non-ground”
objects, thereby suppressing or attenuating near-ground objects and microtopographic
features (e.g., boulders or small terrain depressions) that act as mobility-limiting obsta-
cles.

Chapters 3 and 4 used the post-fire landscape as a ‘textbook’ setting to implement the

TCS obstacle-based definition of roughness, using UAV photogrammetry combined with
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image-based instance segmentation to delineate discrete obstacles. This unobstructed
visibility enabled an obstacle-detection rate of 95.6% relative to field observations. Im-
plementing the classification at 3 x 3 m resolution then exposed a key scaling limitation:
hectare- or polygon-based obstacle-frequency rules cannot be applied directly at the pixel
level, where cells typically contain either zero or one obstacle. This required reformulat-
ing the original counting logic into a local density representation. This rescaling can in-
troduce inconsistencies relative to the original plot-based rules, and the thresholds and
aggregation logic should therefore be refined and tested further in future studies.

Nevertheless, this reformulation still allowed the production of an initial spatial rough-
ness map that represents obstacle-based roughness as a continuous surface. Additionally,
these results were compared with conventional roughness metrics derived from DTMs
(e.g., TRI), which describe continuous elevation variability rather than discrete obstacles.
The comparison indicated that the two approaches can align in capturing broad patterns
of uneven terrain. However, they diverge in their meaning and sensitivity because DTM-
based metrics are influenced by ground filtering and interpolation and may not preserve
individual obstacles. Thus, even when TRI (or related indices) correlates with obstacle-
based roughness, it should be interpreted as a different roughness construct than the
obstacle-frequency concept used in forestry TCS.

Chapter 5 used continuous DTM-based metrics (including TRI) in closed-canopy forest
terrain, where discrete obstacles are challenging to observe reliably from remote sensing.
In this setting, TRI is a practical descriptor of surface variability, but it reflects broader
terrain form rather than obstacle impediments. Raw TRI was also strongly coupled with
slope at the analysed scales, so it often conveyed similar information to slope. This aligns
with geomorphometry work cautioning that some “roughness” indices can mainly reflect
steepness unless they are interpreted carefully or detrended [84]. Therefore, roughness
metrics should be interpreted in terms of the construct they actually represent (obstacles
vs continuous undulation) and the mapping scale. Under canopy, DTM metrics are often
the most practically available option. Obstacle-based roughness, however, requires work-
flows that preserve and classify near-ground objects (e.g., point-cloud-native approaches)
rather than standard ground-only DTMs.

Referring to RO2 and RQ2 (Chapter 1), the results show that remote sensing can quan-
tify surface roughness in two distinct, construct-specific ways. Where ground visibility
is high, UAV photogrammetry combined with instance segmentation can operationalise
the obstacle-based roughness concept used in forestry TCS and support spatially explicit
roughness mapping at planning-relevant scales. However, translating plot- or polygon-
based TCS counting rules into raster products requires explicit aggregation logic, and the
resulting class outcomes are therefore scale-dependent. In closed-canopy conditions, dis-
crete obstacle roughness cannot be assumed to be observable from airborne products. In-
stead, roughness mapping must either shift to DTM-derived surface-variability constructs

or use point-cloud-native approaches (e.g., TLS) for near-ground object separation. Conse-
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quently, transferability depends primarily on visibility conditions, the roughness construct
required by the decision task, and the chosen spatial support.

7.1.3 STEEPNESS AND TERRAIN COMPLEXITY: THE INFLUENCE OF SENSOR

AND RESOLUTION

Slope is a primary terrain constraint for mechanised harvesting because it affects machine
stability and influences the feasible range of harvesting systems. In practice, slope infor-
mation is often obtained from field-based estimates along representative transects or from
mapped raster layers, and then summarised into stand- or polygon-level descriptors such
as dominant slope class, mean slope, or a min-max range [1]. This type of summarisation
can under-represent short, steep segments and local variations that are operationally im-
portant for routing and safety [11].

Chapter 5 showed that this under-representation becomes more pronounced as DTM
resolution coarsens, because microtopography is progressively smoothed and the mapped
extent of the steepest classes is reduced. Across resolutions, degrading the DTM from 0.5 m
to 30 m reduced the mapped extent of the steepest slope classes (e.g., = 50%), potentially
under-representing localised features most relevant for stability and exclusion planning.
This highlights a practical advantage of remote sensing for safety-oriented planning: slope
can be represented as a spatially explicit constraint layer rather than a single descriptive
stand attribute. In planning terms, the key question shifts from "what is the stand or site
slope?” to "where are the local steep segments that require avoidance, alternate routing, or
a different harvesting system?” [11].

Chapter 5 also showed that sensor type, LiDAR ground-point density, and grid resolu-
tion jointly control how reliably slope classes are represented under closed canopy. For
slope-based terrain mapping, intermediate grid sizes (e.g., 2-4 m) combined with interme-
diate ground-point densities provided a practical compromise between preserving local
steep segments and keeping data volumes manageable for operational use.

Preserving this local detail becomes critical when the objective shifts from general plan-
ning to detailed environmental mitigation. The loss of micro-topography at coarser reso-
lutions can obscure the specific local slope breaks and channels that organise water flow.
If the goal is to prevent gully erosion on steep terrain, planners need to resolve these small
flow paths to place water bars and other measures effectively, a level of detail that can
be provided by high-resolution digital elevation models (DEMs) and, in some cases, TLS
surveys [258, 259]. Therefore, while coarser resolution may suffice for general layout and
system allocation, higher-resolution data becomes essential when detailed mitigation plan-
ning is required.

A key limitation of this study is that the analysis is based on a single, relatively small,
steep, and densely forested study area. This represents a highly complex terrain setting in
which slope and microtopography most strongly influence equipment choice, operational

safety, and harvesting costs. Additional uncertainty arises from point-cloud processing
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steps, especially ground classification and interpolation under canopy, where sensor char-
acteristics and processing workflows can differ in how rocks, low vegetation, and gaps are
handled, and these differences propagate into slope and ruggedness layers. Future studies
should test transferability in simpler stands and across different forest types, and quantify
the robustness of the results to alternative processing settings. These limitations also clar-
ify a practical point for operational use: the “right” sensor, point density, and grid resolu-
tion depend on the application. Across all three terrain pillars (Chapters 3, 4, 5), if derived
from remote sensing, it is essential to specify which features must be captured, at what
accuracy, and at what spatial support, and then choose data specifications accordingly.

In relation to RO3 and RQ3 (Chapter 1), the results show that slope and terrain-
complexity layers derived from DTMs are not directly comparable across sensors and
scales under closed canopy. Terrain representation and slope-category outcomes depend
on canopy penetration (and thus ground-point availability), the spatial support of the
grid, and processing choices in ground classification and interpolation. Consequently,
slope-based terrain categories are comparable only when the source sensor, point-density
regime, grid resolution, and workflow are explicitly specified and when thresholds are ap-
plied with a stated spatial support. Finally, the work shows that ruggedness metrics, such
as TRI, are strongly coupled to slope at relevant scales, so the interpretation of terrain
complexity should explicitly distinguish slope-dependent from slope-independent surface
variability (e.g., through detrending) when ruggedness layers are used alongside slope for
planning.

To orient the cross-pillar synthesis, Table 7.1 summarises the empirical chapters by

terrain pillar, sensor platform, spatial support, and the main derived outputs.

7.1.4 SYNTHESIS ACROSS PILLARS: FROM TERRAIN LAYERS TO PLANNING DE-
CISIONS

Overall, the empirical studies organised around the three terrain pillars demonstrate that
remote sensing enables a shift in terrain assessment from stand-level descriptors toward
spatially explicit constraint mapping. Rather than characterising a forest stand by a sin-
gle slope class, roughness category, or soil type, the three pillars (soil conditions, surface
roughness, and steepness) can be represented as continuous or categorical raster layers
that explicitly show where operational constraints occur. This changes how terrain infor-
mation can be used in mechanised harvesting planning.

Across the studies, each pillar captures a distinct, complementary mechanism affecting
machine mobility. Soil-condition proxies delineate areas with elevated deformation risk
and areas where root reinforcement reduces rutting susceptibility (Chapter 2). Rough-
ness can be mapped as obstacle density in open terrain where obstacles are directly de-
tectable using UAV photogrammetry (Chapters 3), and, where airborne visibility is limited,
through direct near-ground obstacle detection in TLS point clouds (Chapters 4). Under
closed-canopy conditions where discrete obstacles cannot be reliably delineated, rough-
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Table 7.1: Overview of data sources, sensors, and analytical tools used across the empirical

studies.
Chap. Pillar Sensor(s) Scale Key outputs Software / tools Primary
purpose
DTM, elevation
change maps, Agisoft Rut-depth
Ch.2 Soil UAV StM ~cm- stump locations, Metashape, modelling &
conditions dm CIL, RRV, shear Python (RF) proxy evaluation
modulus rasters
DTM, Agisoft
orthomosaic, TRI, Metashape, Obstacle-based
Ch.3 Surface UAV SfM cm- VRM, AR, Python, SAM DL  roughness
roughness m obstacle framework, mapping
instances ArcGIS Pro, QGIS
Near-ground
Semantically CloudCompare; obstacle
Ch.4 Surface TLS mm- classified point MATLAB; detection and
roughness cm clouds PointNet++ model
development
DTMs, slope, LAStools,

FUSION/LDV, Scale & sensor
GDAL, Python, sensitivity
ArcGIS Pro, QGIS

Ch.5 Slope & ALS, UAV 0.5- roughness, TRI
complexity LiDAR, SfM, 30m rasters, TCI

HLS, NASA
DEM
Data volumes Operational
Ch-6 Feasibility Al o ine tin Logs, scripts feasibility
processing times analysis

ness can also be represented as terrain surface variability derived from DTMs (Chapter 5).
High-resolution slope layers identify short, steep segments that are essential for machine
stability and for selecting a harvesting system (Chapter 5).

Considered jointly, these layers support a planning perspective that differs from
polygon-based terrain classification. Therefore, instead of asking “what is the dominant
terrain/slope category of this stand?”, the relevant question becomes “where do local com-
binations of wet ground, roughness, and steepness necessitate avoidance, mitigation, or an
alternative harvesting system?”. A broadly trafficable stand may still contain short, steep
banks or obstacle clusters that constrain routing. In contrast, some soft-soil areas may re-
main operable where stump density provides local reinforcement, particularly when con-
sidered together with wetness indicators.

In this sense, remote sensing does not replace established terrain concepts, but refines
them by explicitly representing within-stand variability. The three pillars function as com-
plementary constraint layers that can be queried at decision-relevant scales: at strategic
scales for system allocation and access planning, and at tactical or operational scales for
corridor selection, machine routing, and the identification of local exclusion or mitigation

requirements.
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At the same time, the interpretation of these layers depends on sensor characteris-
tics, grid resolution, and processing choices. Because mapped constraints are scale- and
method-dependent, terrain products should be selected to match the planning task. In
practice, this requires specifying which constraints must be represented, at what spatial
scale, and with what acceptable uncertainty, and then selecting sensors and processing
workflows that meet those requirements. Table 7.2 summarises the main practical impli-

cations of this synthesis by linking each TCS pillar to suitable sensing approaches, the dom-

inant scale dependencies, and key feasibility constraints.

Table 7.2: Synthesis of the TCS pillars used in this work with respect to suitable sensing
approaches, scale dependencies, and feasibility considerations for mechanised harvesting

planning.
Terrain Primary sensing Key scale dependencies  Feasibility
pillar approaches considerations
Soil UAV Effective at fine scales for ~ Requires field calibration;
conditions photogrammetry relative rutting risk; moderate data volume;
requires recalibration limited transferability
across soils, seasons, and  without site-specific data
machines
Surface UAV Obstacle-based methods High data volume for
roughness photogrammetry sensitive to visibility; point-cloud methods;
(open terrain); TLS DTM metrics capture obstacle detection
/ mobile LiDAR broader surface constrained by vegetation
(near-ground variability and canopy
obstacles);
DTM-derived
metrics
Slope and HLS; UAV LiDAR; Strongly ALS and public NASA DEM
terrain UAV-SfM (only resolution-dependent; are efficient at large
complexity =~ where ground fine-scale steep segments  scales; SfM performance

visibility is
sufficient); ALS,
national DEMs for
broad-scale
screening

lost at coarse grids;
processing choices
(ground classification/in-
terpolation) affect local
extremes

depends on ground
visibility and can be
sensitive to
canopy/vegetation;
higher-resolution
products increase
processing, storage, and
turnaround time
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7.2 IMPLICATIONS

7.2.1 METHODOLOGICAL IMPLICATIONS: SCALE, CONSTRUCTS, AND COMPARA-
BILITY

One of the main findings across this research is that mapped terrain attributes are strongly
scale- and support-dependent. Traditional manual classification typically summarises ter-
rain attributes at stand- or polygon-scale, which can obscure fine-scale variability. In con-
trast, remote sensing products show that derived attributes, such as roughness indices and
slope gradients, vary with the spatial resolution and the neighbourhood over which they
are computed. Chapter 5 demonstrated that coarsening the analysis grid from 0.5 m to
30 m systematically smoothed out micro-topography, substantially reducing the represen-
tation and extent of the steepest and roughest features.

Beyond grid resolution, DTM-derived terrain metrics are also sensitive to point-cloud
processing choices, particularly ground classification and interpolation under canopy, be-
cause these steps determine which near-ground features are retained or smoothed. As
a result, reproducible terrain products require documenting not only resolution but also
sensor type, point density, filtering/classification settings, and the terrain-metric defini-
tion and parameterisation (e.g., neighbourhood window, detrending).

This has important methodological implications. It suggests that slope and roughness
products are not unique, and they depend on the chosen spatial support, metric defini-
tion, and processing workflow. Instead, the appropriate resolution depends on the deci-
sion question. For strategic planning (e.g., road network layout), coarse-resolution ALS
products at metre-scale resolution (e.g., 2-10 m) may be sufficient and computationally
efficient. For tactical routing, where short steep banks or local obstacles determine traffi-
cability, higher-resolution data (< 1 m) from UAVs or TLS may be required. Consequently,
terrain classification protocols should move away from fixed labels, such as "slope class
3”, toward scale-explicit metrics that state the resolution at which the attribute was de-
rived. Accordingly, terrain layers should be accompanied by metadata that specifies spa-
tial support (grid resolution and aggregation window), processing workflow, and an un-
certainty indicator (e.g., expected error range or confidence class), so that planners can
judge whether differences between areas reflect real terrain variation or artefacts of scale
and processing.

A further challenge is comparability with established forestry TCS products. TCS frame-
works were developed for plot- or polygon-based assessments in which slope, roughness,
and ground conditions are summarised into discrete classes using field observations or ag-
gregated counting rules. Remote sensing, however, produces spatially continuous raster
layers at resolutions often much finer than the original TCS mapping units, making it gen-
erally difficult to apply TCS rules directly at the pixel level without reformulation. This in-

compatibility is most apparent for roughness and slope. In TCS, roughness is commonly ex-
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pressed as obstacle frequency per unit area [1], whereas raster products represent either
local obstacle density (when obstacles can be detected) or continuous surface variability.
Likewise, stand-level slope classes derived from aggregated statistics can under-represent
short but operationally critical steep segments. Applying TCS thresholds directly to pixels
can therefore lead to different class assignments and reduced comparability with legacy
terrain maps. Importantly, the correlation between different roughness layers (e.g., obsta-
cle density and TRI) does not imply construct equivalence, because the layers may respond
to distinct physical features and processing steps.

To maintain conceptual continuity while exploiting the advantages of raster data, a
translation rather than a replacement approach is required. In practice, this involves de-
riving terrain attributes at a resolution matched to the planning task and then aggregating
raster values back to decision-relevant units using explicit, documented rules. For exam-
ple, obstacle-based roughness can be represented as the local obstacle density within a
moving window, approximating the spatial support of the original TCS assessment. Under
this framework, raster terrain products are used to derive familiar TCS-style classes in a
more spatially explicit way, rather than replacing existing classification systems. Similarly,
pixel-based slope can be summarised at the polygon level using explicitly defined statistics
(e.g., proportions above an operational threshold or quantiles) rather than relying solely
on the mean slope.

7.2.2 OPERATIONAL IMPLICATIONS FOR HARVESTING PLANNING

The results of this work present several practical implications for the use of terrain infor-
mation in mechanised harvesting planning. First, in soft-soil settings (including peatland
contexts), soil-condition assessment can be refined beyond stand-level soil maps by com-
bining wetness indicators with spatial proxies linked to vegetation structure (e.g., stump/-
root influence). This can improve within-stand differentiation of relative deformation sus-
ceptibility and support extraction planning in conditions similar to those studied here.

Second, roughness products should be selected and interpreted according to the con-
struct required by the decision task. In open or disturbed sites with high ground visibility,
obstacle-based mapping from UAV photogrammetry (Chapter 3) can represent TCS-style
roughness and achieved high detection accuracy in this study. Under closed canopy, where
airborne visibility is limited, near-ground obstacle mapping is more appropriately derived
from point-cloud-native approaches (e.g., TLS segmentation; Chapter 4), whereas DTM-
derived indices (e.g., TRI) provide a practical description of continuous surface variability.
Because these products represent different constructs, obstacle-density layers and DTM-
based ruggedness indices should not be treated as interchangeable.

Third, remote-sensing-derived slope layers add value by representing the spatial dis-
tribution of steep segments rather than summarising slope as a single stand descriptor. Be-
cause the mapped extent of steep classes depends on grid resolution and ground-modelling
choices, slope-based exclusion or system-allocation rules should be accompanied by the
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source DTM, spatial support, and key processing settings.

Finally, across all pillars, the results reinforce the need to specify terrain products from
the planning question backwards. Rather than selecting sensors based solely on availabil-
ity, practitioners should define the decision scale (strategic, tactical, operational), the fea-
tures that must be represented (e.g., local steep segments or obstacles), and the acceptable
uncertainty, and then select data sources and resolutions that are feasible within those con-
straints. However, the findings should be interpreted in light of the scope limitations that
affect transferability across sites, sensors, and operating conditions (e.g., canopy cover, soil
moisture state, and processing choices).

7.2.3 FEASIBILITY IMPLICATIONS: CHOOSING SENSORS UNDER CONSTRAINTS

The operational value of remote sensing technologies in forest operations, as highlighted
in Chapter 6, is determined not only by technical performance but also by practical con-
straints. These include survey efficiency, computational requirements for processing, data
storage and management, cost considerations, and field logistics.

A critical challenge associated with rapid technological advancement is the substantial
increase in data volumes. While higher-resolution sensors can provide more detailed infor-
mation, the resulting datasets can become a decisive constraint [225, 260, 261]. In practice,
as point density and survey extent increase, processing and storage requirements also in-
crease, which can limit the suitability of some approaches for routine operational use. This
creates a trade-off between the level of detail captured and the feasibility of its application
within operational time and resource constraints.

The multi-sensor comparison in Chapter 5, together with the feasibility synthesis in
Chapter 6, indicates that no single platform is optimal across all scenarios. Rather, plat-

forms occupy different positions in the trade-off space:

» ALS is efficient for strategic screening and large-area mapping.

= UAV-based systems (LiDAR and photogrammetry) support stand- to operational-
unit mapping where higher spatial detail is needed, but typically increase processing

effort and data-management demands.

« Terrestrial/handheld scanners are most justified for targeted, plot-level or high-

risk assessments where near-ground detail is required and higher effort is accept-
able.

Therefore, the choice of technology should align with the decision context, balancing
the required spatial detail against practical constraints such as turnaround time, process-
ing capacity, and data management [261]. As remote sensing systems generate ever-larger
datasets, managing these trade-offs will become increasingly important for practical oper-
ational use.
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To reduce these bottlenecks, broader operational use will likely require a shift in fo-
cus from data acquisition alone to more efficient data management and processing. The
current reliance on manual post-processing can slow operational adoption when data vol-
umes are high [262]. A practical pathway is the development of automated processing
pipelines (including cloud- or edge-computing approaches) that translate raw sensor data
into decision-ready products with reduced user effort [261].

Equally critical is demonstrating economic viability. Future research should move be-
yond technical feasibility to quantify return on investment using transparent, scenario-
based analyses calibrated to specific forest types and operational contexts. For example, on
steep terrain, higher-resolution terrain products can help planners identify local steep seg-
ments and choose routes that avoid problematic sections. This could reduce fuel use, ma-
chine strain, or time spent replanning, but potential savings need to be evaluated against
the costs of data acquisition and processing. Therefore, developing and validating such
cost-benefit models would provide managers with clearer evidence to justify technology
investments and support the transition from pilot applications to routine operational use.
In this context, the economic justification for remote-sensing technologies also depends on
the time horizon over which terrain data are used and the scale of production they support.

From an operational perspective, the usefulness of higher-resolution terrain sensing
depends mainly on how the data will be used and the scale of the harvesting operation.
In the short term, existing ALS or publicly available DEM products can already support
broad terrain screening and the identification of basic constraints at relatively low cost
per hectare. Because these datasets often cover large areas, they can also be reused across
multiple planning cycles. In the medium term, the main opportunity lies in reducing costs
through more automated data processing and by linking terrain information with oper-
ational data streams (e.g., machine telemetry) to improve calibration and update terrain
assessments over time. In the long term, terrain information may increasingly support
machine-aware systems, where prior terrain maps are combined with onboard sensors to
update traversability estimates during operation. However, such developments depend
on the availability of standardised workflows that can efficiently translate raw data into
decision-ready products [261]. In practice, higher-cost sensing approaches (e.g., UAV Li-
DAR or terrestrial scanning) are most likely to be justified in operations with high har-
vested volumes, complex terrain conditions such as steep or wet sites, or situations where
terrain data can be reused across several planning cycles and the acquisition costs can be
distributed over multiple operations. However, these expectations remain largely concep-
tual and require empirical evaluation in operational forestry contexts to determine under
which conditions the additional sensing costs are consistently justified.

In relation to RO4 and RQ4 (Section 1), the findings show that operational feasibility
is governed by a trade-off between required spatial detail and constraints on survey ef-
fort, data volume, processing/turnaround time, cost, and field logistics (Chapter 6). Con-

sequently, platform choice should be made from the decision scale backwards: ALS is best
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suited to large-area screening, UAV-based approaches are suitable for stand- and operation-
level planning where higher resolution is needed, and processing capacity is available, and
TLS/handheld approaches are most justified for targeted high-risk assessments where

near-ground detail is required.

7.3  VALIDATION AGAINST OPERATIONAL OUTCOMES

Validation in the context of mechanised harvesting can be understood as a hierarchy of
evidence. Terrain products may be validated against (a) field observations of terrain fea-
tures (e.g., obstacle counts), (b) measured site responses to traffic (e.g., rut depth), or (c)
operational outcomes, such as realised route choices, mobility constraints, productivity,
fuel consumption, or the occurrence of soil disturbance and damage. Linking terrain lay-
ers to operational outcomes is challenging because performance is influenced not only by
terrain but also by operator decisions, machine configuration, time-varying soil moisture
and seasonality, and the limited positional accuracy of many onboard GNSS systems under
canopy.

Accordingly, the studies in this dissertation provide targeted field validation, compara-
tive evaluation, and conceptual synthesis, rather than end-to-end validation against oper-
ational outcomes for all derived products. Table 7.3 summarises which terrain products
were directly validated, which were evaluated through comparative analyses, and which

remain conceptual.

7.4 LIMITATIONS AND UNCERTAINTY

Several limitations should be considered when interpreting the results. First, ground con-
ditions were assessed primarily through observed deformation responses and spatial prox-
ies (e.g., stump/root influence, wetness indicators, and machine variables), supported by
soil shear-strength measurements. This limits inference about absolute bearing capacity.
Instead, the outputs should be interpreted as relative susceptibility maps. In addition, the
stump /root influence model assumes simplified spatial behaviour and does not represent
anisotropic root architectures or their variation with species, stand age, and site condi-
tions, as discussed in previous sections.

Second, roughness outcomes depend strongly on visibility and processing choices.
Obstacle-based mapping was developed under conditions of high ground visibility,
whereas under a closed canopy, near-ground objects may be obscured, and ground filter-
ing/interpolation may suppress discrete obstacles. As aresult, transferring obstacle-based
approaches to dense-canopy environments is uncertain and requires additional validation
and, potentially, alternative sensing and processing strategies. The exploratory TLS-based
work demonstrated the potential to detect and classify near-ground objects directly from
point clouds. Future studies should therefore further investigate point-cloud-native ap-
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Table 7.3: Scope and strength of validation for key terrain products developed in this dis-
sertation. “Field validation” refers to comparison against measured site features or site
responses; “comparative evaluation” to cross-sensor or multi-resolution analyses; “concep-
tual” to synthesis not yet tested as an end-to-end predictive model.

Terrain Evidence, type Validated/evaluated Key gaps, limitations
product against
Rut depth Field validation Observed rut depth; Not yet linked to productivity,
prediction (mechanical supporting fuel use, route choices, or
model using response) mechanical variables  long-term soil/stand impacts;
stump/root (e.g., soil strength, root reinforcement simplified
reinforcement machine/loading and species-agnostic, with no
proxies descriptors) explicit root architecture or
anisotropy
Obstacle- Field validation + Field obstacle Not yet validated against
based comparative observations mobility, productivity, fuel use,
roughness evaluation (counts/density); or operator routing; transfer
mapping comparison with depends on ground visibility
model (UAV; DTM-based indices
open terrain) (TRI/VRM/AR)
DTM-derived  Comparative DTM co-registration Not yet linked to operational
slope and evaluation checks; cross-sensor outcomes; sensitivity to grid
ruggedness (cross-sensor / and multi-resolution resolution and point-cloud
multi-resolution) comparisons of slope  processing, especially under
and ruggedness canopy
Conceptual Conceptual Integration of the End-to-end performance not
trafficability synthesis three pillars into a tested; requires explicit
framework planning-oriented decision rules/thresholds,
(synthesis framework (not local calibration, and

across pillars)

implemented as an
end-to-end predictive
model)

operational datasets (e.g.,
machine tracks, telemetry,
disturbance observations)

proaches for roughness characterisation under canopy, rather than relying solely on DTM-
derived raster metrics.

Third, slope and ruggedness estimates are sensitive to point-cloud ground classifica-
tion and interpolation in closed-canopy or otherwise vegetated terrain. Differences in sen-
sor characteristics and processing settings can propagate into derived slope classes, par-
ticularly in complex terrain where local extremes are operationally most relevant.

Fourth, the generalisability of data-driven models is constrained by site-specific train-
ing and validation data (e.g., the rut-depth prediction model and the roughness classifica-
tion framework). While the workflows are transferable in principle, model parameters,
thresholds, and expected performance should be re-evaluated when applying the methods
to different forest types, terrain conditions, or sensor configurations.

Finally, the terrain products represent conditions at the time of data acquisition. Be-
cause soil trafficability and deformation risk can vary substantially with soil moisture and

seasonal conditions, the mapped susceptibility patterns should not be interpreted as tem-
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porally invariant. This limitation is especially relevant when extrapolating to wetter pe-
riods, freeze-thaw conditions, or seasons with different understorey and ground-surface
visibility.

Taken together, the results provide the most substantial evidence for (a) the feasibil-
ity of producing spatially explicit terrain layers from remote sensing in the study context
and (b) the relative behaviour of key terrain metrics across scales and processing choices,
including how resolution and ground modelling influence derived slope, ruggedness, and
roughness representations. The mapped outputs should therefore be interpreted primar-
ily as decision-support layers that describe relative susceptibility and spatial variability,
rather than as absolute estimates of bearing capacity or guaranteed operational perfor-
mance.

Conclusions become more conditional when transferring the approaches to settings
that differ materially from the study conditions (e.g., dense-canopy environments with
low near-ground visibility, different forest types, terrain conditions, or sensor configura-
tions) and when interpreting terrain layers as predictors of productivity, fuel/effort, safety,
or soil-impact outcomes without route-linked operational validation data. In these cases,
thresholds and model parameters should be treated as provisional until recalibrated and
tested against observed machine-route outcomes.

To reduce uncertainty in how mapped terrain layers translate into machine perfor-
mance and soil impact (without requiring complete system optimisation), a minimal oper-
ational validation dataset should link pre-harvest terrain products to outcomes observed

along actual machine routes. A feasible minimum could include:

= Machine tracks and activity: Time-stamped GNSS trajectories for ground-based
harvesting machinery (e.g., harvesters, forwarders, skidders), preferably segmented
into basic operational states (e.g., travelling empty, travelling loaded, loading/un-
loading).

« Production and load: Payload or load-state indicators (where available) and simple

time-based productivity measures (e.g., travel time, productive machine hours).

« Effort and mobility: Fuel consumption or engine-load proxies (e.g., RPM/load, hy-
draulic pressure) and, if available, mobility proxies such as wheel slip or speed re-

ductions.

= Soil disturbance: Post-harvest rut observations along selected track segments
(field or high-resolution surveys), reported as maximum rut depth and/or the pro-

portion exceeding a rut threshold.

Validation should also account for GNSS uncertainty under canopy, scale mismatch
between map resolution and machine footprint, and time-varying ground conditions by

matching terrain metrics to buffered track segments and including moisture-state and
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seasonal covariates. Analyses can then test whether predicted soil-risk relates to rut ex-
ceedance, roughness relates to mobility or route deviations, and slope metrics relate to

effort (fuel or engine load) and productivity components.

7.5 FUTURE RESEARCH DIRECTIONS

A consistent theme across the empirical studies is that remote sensing can quantify terrain
attributes relevant to mechanised forest operations. However, that operational uptake
requires additional steps beyond producing stand-alone terrain layers. Future research
should prioritise integrating the three terrain pillars into decision-ready products, validat-
ing and calibrating these products against machine behaviour and soil impacts, and extend-
ing terrain assessment from static pre-processed maps toward dynamic and, ultimately,

autonomous operation.

7.5.1 INTEGRATION OF THE THREE PILLARS INTO ACCESSIBLE DECISION TOOLS

Akey barrier to industry adoption is that remote sensing outputs are often delivered as sep-
arate layers for slope, roughness, and ground conditions, requiring practitioners to synthe-
sise the information manually. While Nordic GIS-based trafficability tools (e.g., Metsddn.fi,
Harvester Seasons) have integrated soil type, wetness, and topography into simple colour-
coded risk maps [35, 263], these solutions are typically coarse-resolution, region-specific,
and not explicitly aligned with the three-pillar framework used in this research. Similarly,
advanced traversability models, such as those of Wallin et al. [149], predict continuous traf-
ficability from terrain data but rely on synthetic simulations rather than on field-validated,
high-resolution inputs.

Future research should therefore prioritise developing integrated decision-support
products that combine the three pillars—ground conditions (Chapter 2), surface rough-
ness (Chapters 3, 4), and slope (Chapter 5), into a single, scalable representation for plan-
ning. A practical implementation would require (a) aligning the three input layers to a com-
mon spatial support appropriate to the decision scale, (b) transforming each layer into a
comparable constraint or risk score through class-based re-scaling, and (c) combining the
scores using transparent weighting schemes. The resulting product could be expressed
either as a continuous score (representing increasing mobility constraints or disturbance
risk) or as a small number of decision classes (e.g., suitable, constrained, unsuitable) de-
fined by clearly stated thresholds.

To remain operationally relevant, the index could be machine-agnostic in its base form,
with optional calibration parameters for equipment configuration (e.g., tyre vs tracked
undercarriages, variable payloads, and assisted vs non-assisted harvesting) and seasonal
state (e.g., wet vs frozen conditions). This requires linking index outputs to measurable

operational outcomes, such as rutting occurrence, wheel slip, vibration, speed reductions,
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or fuel consumption, and updating the ground-condition component with time-varying
wetness or moisture information where available. Finally, the index could be delivered
through user-centred interfaces (dashboards, web services, or in-cab displays) that expose
both the final classes and the underlying drivers (e.g., “high risk due to wetness” versus
“high risk due to slope”), thereby shifting the deliverable from multiple layers to interpret
toward decision-ready products that can be acted on in planning and operations. Related
approaches are being operationalised in Scandinavian industry through operational traffi-
cability and wetness products, such as Arbonaut’s forest trafficability maps and the Finnish
and Swedish wet area map services, which provide planners with simplified, map-based
indicators of rutting risk for day-to-day decision-making [264, 265].

7.5.2 VALIDATION AND MODEL CALIBRATION AGAINST OPERATIONAL OUT-
COMES

However, developing such integrated, decision-ready products requires calibration against
operational outcomes. It demands robust calibration against operational outcomes. While
emerging research has begun to correlate machine CAN-bus signals, such as fuel consump-
tion, wheel slip, and engine load, with trafficability parameters [? ], these methods are not
yet widely used to systematically calibrate remote-sensing-derived terrain indices.

Future studies could link high-resolution terrain metrics to machine performance by
spatially correlating terrain layers with georeferenced CAN bus telemetry. Treating the
forest machine as an observation source, researchers could quantify how terrain features,
such as obstacle height or slope gradient, relate to changes in fuel consumption, wheel
slip, vibration, or travel speed. This validation loop would enable calibration of decision-
support products, moving from fixed thresholds to empirically supported relationships.

However, implementation faces practical challenges. Manufacturers often restrict ac-
cess to proprietary machine data (e.g., CAN bus), and standard onboard GNSS can be insuf-
ficiently precise to align telemetry with high-resolution terrain models. Successfully im-
plementing this validation loop will therefore require close collaboration with equipment
manufacturers to access data streams and to integrate high-precision positioning systems
(e.g., RTK-GNSS) into standard harvesting workflows.

7.5.3 FROM STATIC MAPS TO AUTONOMOUS PERCEPTION

The high-resolution terrain characterisation developed in this work may also be relevant
to longer-term transitions toward increased automation in forest operations [266]. Au-
tomated machines typically require explicit, quantitative representations of traversability
to support robust operation in complex environments. This motivation is reflected in the
development of high-resolution multimodal datasets, such as FORWARD [267], which cap-
ture interactions between heavy machinery and rough terrain for training and evaluation

of perception algorithms. As sensing shifts from overhead mapping toward onboard per-
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ception using SLAM, stereo vision, and LiDAR [268, 269], terrain metrics may increasingly
need to support near-real-time interpretation in addition to planning-stage products.

A key methodological challenge is developing workflows that integrate a prior terrain
model (or map) with onboard perception, enabling traversability estimates to be updated
as the machine moves. Prototype systems reported in the literature indicate the feasibility
of harvester-mounted laser scanning for SLAM-based mapping and path tracking in for-
est environments [270, 271, 272]. Related work on legged robots (e.g., ANYmal) using
graph-based SLAM further demonstrates that autonomous navigation and mapping under
a canopy are possible in principle [269]. Together, these developments suggest a pathway
to integrate pre-harvest terrain layers with onboard perception to enable machine reason-
ing about local traversability.

7.5.4 POTENTIAL FUTURE STUDIES

Future research building on this work can retain the three-pillar structure used throughout
the thesis while strengthening links to operational outcomes and explicitly accounting for
data-feasibility constraints.

Soil conditions and deformation response.

The rut-depth modelling approach developed can be extended in three directions:

- Outcome-linked validation: Evaluate whether predicted rutting susceptibility relates
to observed disturbance along operational extraction routes by combining machine tra-
jectories and available telemetry (e.g., travel speed, wheel slip where available, engine-

load proxies) with post-harvest rut measurements.

- Transferability testing: Test model performance across a broader range of conditions,
including different soil types and moisture regimes, seasonal states (e.g., unfrozen vs
frozen), and machine configurations (e.g., axle loads; wheeled vs tracked; assisted vs
non-assisted systems).

- Refinement of stump/root proxies: Develop species- and site-sensitive parameterisa-
tions that better reflect variation in root architecture and mechanical properties, sup-
ported where feasible by targeted field measurements, TLS-based structural mapping,
or integration with existing root-reinforcement formulations.

Surface roughness and obstacle representation.
Future work on roughness can focus on improving transferability beyond the experi-
mental post-fire setting:

- Cross-site evaluation: Quantify how obstacle-detection and roughness mapping per-
formance varies across disturbance histories, vegetation structures, and obstacle types,
including sensitivity to spatial resolution and sensor characteristics.
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- Raster-compatible decision logic: Reformulate plot-/polygon-based roughness
thresholds into explicit raster aggregation and decision rules (e.g.,, window sizes and
density thresholds), ideally refined through expert elicitation and testing with practi-
tioners.

- Point-cloud-native obstacle mapping: Further develop and validate point-cloud-
native workflows (e.g., TLS/mobile LiDAR) for near-ground obstacle detection where
DTM/DSM products suppress or smooth critical features.

- Construct-appropriate benchmarking: Define and test when obstacle-based rough-
ness products versus continuous ruggedness indices are appropriate for specific plan-

ning decisions, rather than treating them as interchangeable.

Steepness and terrain complexity.
Future studies can strengthen generalisability and separate sensor effects from pro-

cessing effects:

- Broader site testing: Replicate analyses across a wider range of terrain types and forest
conditions to test the robustness of observed sensor- and scale-dependencies.

- Controlled processing experiments: Systematically vary ground-point density, in-
terpolation method, and ground filtering/classification parameters on common point-

cloud inputs to isolate processing-induced effects.

- Planning-scale specifications: Derive minimum data specifications (sensor type, point
density, grid resolution, processing settings) needed to represent slope classes and

terrain-complexity metrics reliably at different planning scales.

Cross-cutting validation and data feasibility.
Across all pillars, a priority is outcome-linked validation using operational datasets,

supported by feasible processing pipelines:

- Co-located outcome datasets: Collect co-registered terrain products, machine trajecto-
ries/telemetry, and post-harvest disturbance observations over the same sites and time

windows to enable direct terrain-outcome tests.

- Feasible data pipelines: Design workflows around data volume, processing effort, and
turnaround time, including automated preprocessing and selective data retention, to fit
operational planning cycles.
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CHAPTER 8

SUMMARY AND CONCLUSIONS

This dissertation evaluated the potential of remote sensing-based terrain analysis to
quantify terrain attributes relevant to mechanised timber-harvesting planning and to as-
sess how reliably these attributes can be derived across contrasting forest environments,
sensors, and spatial scales. The work was organised around the three terrain components
commonly represented in forestry terrain classification systems (TCS): soil conditions, sur-
face roughness, and slope.

The results show that remote sensing enables a shift from stand- or polygon-level ter-
rain descriptors toward spatially explicit terrain layers (raster- and, in some cases, point-
cloud-based) that reveal within-stand variability relevant to routing, exclusion mapping,
and mitigation planning. At the same time, the work shows that terrain metrics are not
scale-invariant: the mapped representation depends on spatial support (e.g. resolution),
sensor characteristics, and processing choices. Consequently, terrain layers must be gen-
erated and interpreted with respect to the planning task and the terrain construct being

represented.

= Soil conditions (RO1/RQ1)

In soft-soil conditions, stump distribution and associated root reinforcement can act as
a quantifiable proxy for within-site variability in deformation response under repeated
machine traffic. Within the study conditions, models that combined terrain-derived pre-
dictors with operational variables achieved R?> = 0.69-0.85 for observed rut depth
across machine passes and trail configurations, supporting relative rutting-susceptibility
mapping at extraction-trail scales. The findings also delimit transferability: application
beyond the study conditions requires recalibration and validation across differing soil
types, moisture states/seasons, and machine configurations, and the current root influ-
ence formulation should be interpreted as a simplified representation of reinforcement

rather than an explicit root-architecture model.

= Surface roughness (RO2/RQ2)

Obstacle-based roughness, as defined in forestry TCS, can be operationalised from high-
resolution UAV data where near-ground visibility is sufficient. In the open-visibility post-
fire setting, a deep-learning segmentation workflow detected discrete obstacles with
95.6% accuracy (86/90) relative to field-marked obstacles. It enabled spatial roughness
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mapping at 3 X 3 m supportusinglocal obstacle density. Comparisons with DTM-derived
ruggedness metrics (TRI, VRM, AR) showed that some indices reproduce broad spatial
trends, but they represent a different construct (continuous surface variability rather
than discrete obstacle frequency). Therefore, correlation with DTM indices should be
interpreted as partial alignment rather than construct equivalence. In closed-canopy or
dense near-ground vegetation, where obstacle visibility is limited, obstacle-based rough-
ness cannot be assumed to be observable in airborne products. In such settings, point-
cloud-native approaches (e.g., TLS-based segmentation) provide a means to characterise
discrete obstacles, whereas DTM metrics remain suitable for describing broader surface

variability.

= Steepness and terrain complexity (RO3/RQ3)

Steepness and related terrain-complexity outcomes derived from DTMs are strongly sen-
sitive to spatial resolution and to ground-surface modelling under canopy. Fine-scale
steep segments and local extremes relevant to operational safety and detailed mitigation
are progressively smoothed at coarser grid sizes, reducing the mapped extent of steep
classes and altering slope-category outcomes. Within the comparative evaluation, slope
estimates were comparatively stable at intermediate spatial supports (approximately 2-
4 m) when ground-point densities were sufficient (on the order of 5-10 pts m~2). How-
ever, the optimal specification depends on terrain complexity and the planning task. For
broad-scale screening, ALS DTMs and publicly available DEM products provided fit-for-
purpose slope information for baseline constraint mapping. Ruggedness indices such as
TRI can complement slope layers, but they require cautious interpretation because they
can be slope-coupled at different scales and terrain types.

» Feasibility and operational fit (RO4/RQ4)

This dissertation also indicates that operational uptake depends on more than technical
accuracy: survey effort, data volume, processing demands, and turnaround time deter-
mine whether a workflow is feasible within the planning stage. No single platform is
optimal across all use cases. Instead, platform choice should be made from the decision
scale backwards: ALS supports efficient large-area screening, UAV-based systems pro-
vide stand- and operation-level detail where finer spatial support is required, and terres-
trial/handheld approaches are most justified for targeted, high-risk assessments where

near-ground detail is essential.

Aligned with RO1-R0O4 and RQ1-RQ4 (Chapter 1), the main contributions are:

= A stump/root influence proxy and rut-depth prediction framework that supports rela-
tive rutting-susceptibility mapping under repeated traffic in soft soils, with documented
transferability constraints.

180



8. SUMMARY AND CONCLUSIONS

= An automated obstacle-based roughness workflow for open terrain using UAV pho-
togrammetry and deep-learning segmentation, together with an explicit construct
boundary between obstacle-based roughness and DTM-derived ruggedness metrics. Ex-
ploratory results also indicate the utility of point-cloud-native TLS approaches where
airborne visibility is limited.

= Quantified evidence of how sensor type, point density, spatial support, and process-
ing choices influence DTM-derived slope classes and terrain-complexity metrics under
canopy, supporting scale-aware use of slope layers as constraint products.

= A cross-platform synthesis that links sensing options to decision scale and feasibility con-

straints to support evidence-based selection of terrain products for planning.

In conclusion, remote sensing-based terrain analysis can improve the objectivity and
spatial specificity of terrain information used in mechanised harvesting planning by rep-
resenting soil-condition proxies, roughness constructs, and slope constraints as explicit
spatial layers rather than stand-level descriptors. Effective use, however, requires explicit
alignment between (a) the planning objective, (b) the terrain construct being represented,
and (c) the spatial support and processing workflow used to derive the product. The the-
sis provides a methodological foundation for integrating remote-sensing terrain layers into
planning. It defines the key requirements for future work that links these layers to opera-
tional outcomes and integrates the three pillars into decision-ready products.
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