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ABSTRACT

Accurate tree species classification plays a central role in forest management, biodiversity
monitoring, and ecological research. In boreal environments, the relatively low species
diversity and simple canopy structure offer favorable conditions for species-level analysis
using remote sensing. However, classification remains challenging due to structural
heterogeneity and the scattered distribution of ecologically significant broadleaved species
such as European aspen. This dissertation evaluates the potential of uncrewed aerial vehicles
(UAVs) equipped with RGB, multispectral (MSP), and LiDAR sensors to classify tree
species and detect key biodiversity indicators in boreal forests of Finland.

The research is based on four sub-studies conducted in boreal conditions using various
UAV platforms and sensor configurations, including helicopter-based RGB imagery,
photogrammetric point clouds, and UAV-mounted LiDAR. Tree species included in
classifications were Scots pine (Pinus sylvestris L.), Norway spruce (Picea abies (L.) Karst.),
birches (Betula pendula Roth, B. pubescens Ehrh.), and European aspen (Populus tremula
L.). Classification methods included linear discriminant analysis (LDA), support vector
machines (SVM), and random forest (RF), using features derived from spectral, structural,
texture, and shape attributes.

The highest classification accuracy (OA = 95%) was achieved using early-season
multispectral imagery combined with manually delineated crown segments. However,
automatic segmentation using RGB-derived point clouds also performed strongly, achieving
92% overall accuracy and a kappa coefficient of 0.90. Integrating structural and spectral
information, particularly when acquired simultaneously, consistently improved classification
outcomes. The methods also proved effective in identifying ecologically important elements
such as European aspen and standing dead trees, with F1-scores for aspen reaching up to
97%.

The results further show that seasonal conditions significantly influence classification
accuracy, with early phenological stages providing optimal spectral separability. Feature
importance analyses underscored the value of combining spectral, structural, and textural
information to maximize classification performance. While multi-sensor setups offered the
highest accuracies, well-executed single-sensor approaches still produced reliable results
under favorable conditions.

This thesis demonstrates that UAV-based remote sensing offers a cost-efficient, high-
resolution alternative to field inventories in tree species classification and biodiversity
assessment. The findings support the development of flexible, operational workflows tailored
to boreal forest conditions and biodiversity monitoring needs, advancing the role of UAV
technologies in sustainable forest management.

Keywords: drone, biodiversity, European aspen, LIDAR, multispectral, deadwood
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INTRODUCTION

Boreal forests represent the largest terrestrial biome on Earth, spanning vast regions of the
Northern Hemisphere including Canada, Russia, and Scandinavia (Kayes and Mallik, 2020).
In Finland, boreal forests cover most of the country and are characterized by a relatively
simple species composition dominated by coniferous species such as Scots pine (Pinus
sylvestris L.) and Norway spruce (Picea abies (L.) Karst.), alongside broadleaved species
like birches (Betula pendula Roth, Betula pubescens Ehrh.) and the ecologically significant
European aspen (Populus tremula L.). These ecosystems play a critical role in global carbon
cycling, climate regulation, and timber production, while also serving as habitats for a wide
range of flora and fauna (Bradshaw et al., 2009).

Importance of tree species in forest management and biodiversity assessment

Understanding tree species composition is fundamental to both sustainable forest
management and biodiversity conservation. Accurate species-level information supports
forest planning, timber harvesting, habitat modeling, and conservation efforts, particularly in
the face of climate change, which is reshaping forest ecosystems and challenging their
resilience (Brockerhoff et al., 2017). Tree species composition is fundamental to quantitative
forest inventories, as species-specific allometric models are needed to estimate biomass,
volume, and wood density, thereby influencing carbon stock assessments, growth
projections, and risk evaluations related to drought, windthrow, and pests (Vorster et al.,
2020). Species-specific data are increasingly important for monitoring forest health, guiding
adaptive management strategies, and supporting biodiversity assessments at local, regional,
and global scales (Gaines et al. 1999). In boreal forests dominated by Scots pine and Norway
spruce, broadleaved species such as European aspen play a significant ecological role by
enhancing structural diversity and providing keystone resources for a wide range of
organisms, including epiphytic lichens, saproxylic insects, and cavity-nesting birds. Large-
diameter aspen trees (>20-25 cm) are especially valuable from a biodiversity perspective
(Latva-Karjanmaa et al., 2007; Maltamo et al., 2015; Hyvérinen et al., 2019; Baroni et al.,
2020; Kivinen et al., 2020; Toivonen et al., 2024). Despite its ecological importance,
European aspen is often underrepresented in forest inventories due to its low economic value
and patchy occurrence (Esseen et al. 1997; Kuuluvainen 2002). It is frequently grouped with
other minor deciduous species in forest resource data, limiting species-specific insights
(Packalen and Maltamo, 2007; Korpela et al., 2010). Traditional inventory methods, designed
for more uniformly distributed and commercially valuable species, are not well suited for
detecting scattered broadleaves like aspen (Kangas, 2006; Holmgren et al., 2008; Maltamo
et al., 2015; Toivonen et al., 2023). Furthermore, historical forest management practices
favoring coniferous monocultures and the absence of natural disturbances have reduced
aspen abundance (Kivinen et al., 2020). In current airborne laser scanning (ALS) based forest
management inventory systems, species-specific data are typically provided only for pine,
spruce, and aggregated deciduous species, with aspen grouped into a broadleaf category -
thus obscuring its presence in stand-level summaries (Maltamo et al., 2021). This
generalization limits the detection and monitoring of aspen, despite its ecological
significance in boreal forest ecosystems. Moving beyond aggregated stand-level summaries
toward spatially explicit individual-tree information substantially improves the capacity to
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identify and monitor this species. When species are resolved at the individual-tree level and
linked to precise spatial coordinates, inventories can identify rare or patchily distributed trees
that would otherwise be masked in stand-level statistics. Such spatial explicitness also
enables re-identification of the same trees over time, supporting long-term monitoring of
ecologically valuable individuals.

In addition, deadwood elements, particularly standing dead trees, provide critical
microhabitats and are widely recognized as key indicators of ecological continuity and
biodiversity value (Martikainen et al., 2000; Kuuluvainen et al., 2017; Lofroth et al., 2023).
Boreal forests, with their expansive reach and unique ecological characteristics, require
detailed and accurate classification methods for effective management. Mixed-species forests
that include such elements support greater species richness and a broader range of ecosystem
services than monocultures (Carnol et al., 2014). Therefore, the ability to accurately identify
and monitor tree species and deadwood components is essential for effective forest
management, conservation planning, and long-term ecological sustainability in boreal
landscapes. In this context, misclassification of tree species can propagate into biased
biomass and carbon estimates (Vorster et al., 2020; Xing et al., 2019), distort biodiversity
indicators, and reduced reliability of decision-support systems (Fassnacht et al., 2024).
Improving species-level detection is thus not only an ecological objective but also a
prerequisite for robust and management-relevant forest inventory systems. Such monitoring
is also critical for detecting early signs of forest disturbances, including insect outbreaks like
bark beetle infestations, which can rapidly alter forest structure and biodiversity dynamics
(Seidl et al., 2017; Hlasny et al., 2021; Patacca et al., 2023).

Remote sensing technologies

Remote sensing has become a cornerstone of modern forest inventory and monitoring,
offering spatially comprehensive and repeatable data for assessing forest structure,
composition, and condition. Traditional airborne remote sensing platforms, such as crewed
aircraft and satellites, have been widely applied in forest inventories and large-scale mapping,
primarily through the use of multispectral imagery and airborne laser scanning (ALS)
(Maltamo & Packalen, 2014; Nasset, 2014). These technologies have proven effective for
estimating key forest attributes such as volume, biomass, canopy height, and land cover type,
and continue to play a central role in national and regional forest monitoring programs (Jrka
et al., 2013; Fassnacht et al., 2016). In parallel, Earth observation is increasingly used for
biodiversity monitoring, offering spatial and temporal information on vegetation structure,
phenology, and composition, supporting scalable assessments of ecosystem health and
biodiversity patterns (Lausch et al., 2016; Skidmore et al., 2021; Berner & Goetz, 2022;
Reddy et al., 2024).

In the Nordic countries, ALS-based forest inventory systems represent some of the most
advanced operational implementations of remote sensing worldwide. Area-based approaches
integrating ALS and aerial imagery are routinely used to produce stand-level estimates of
volume, basal area, and dominant species with high accuracy (Maltamo et al., 2021). High-
density ALS data have also further enabled individual tree detection (ITD) methods,
supporting tree height estimation and crown delineation under favorable conditions
(Vauhkonen et al., 2012). However, operational species classification at the individual-tree
level remains challenging, particularly for sparsely distributed broadleaves and ecologically
important but low-abundance species. Satellite imagery, while useful for broad-scale
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monitoring, often lacks the spatial resolution needed for individual tree-level analysis,
particularly in heterogeneous or mixed-species stands (Helfenstein et al., 2022). Airborne
laser scanning provides rich structural information, such as tree height, crown dimensions,
and vertical canopy profiles, but lacks the spectral detail required for reliable species-level
classification when used in isolation (@rka et al., 2013; Vauhkonen et al., 2013; Michalowska
& Rapinski, 2021). Similarly, passive optical sensors can deliver high-resolution spectral
data but are challenged by dense canopy layers, variable lighting, and cloud cover, which are
common in boreal environments with short growing seasons (Fassnacht et al., 2024).

Recent studies have demonstrated that combining structural and spectral data sources can
significantly enhance classification outcomes (Viinikka et al., 2020; Méyré et al., 2021; Zhu
et al., 2025). However, even with integrated approaches, accurately detecting sparsely
distributed biodiversity indicators, such as standing dead trees and European aspen, remains
a challenge due to their low abundance, irregular spatial patterns, and spectral similarity to
other species (Petrou et al., 2015; Reddy, 2021). These gaps highlight the need for more
flexible, ultra-high-resolution sensing approaches capable of supporting individual-tree-level
species classification and targeted biodiversity assessments, such as those provided by
Uncrewed Aerial Vehicles (UAV).

UAV-based approach

UAVs have become a powerful and increasingly accessible tool in forest remote sensing,
offering a level of flexibility, spatial resolution, and repeatability that surpasses conventional
platforms like satellites or crewed aircraft (Colomina and Molina, 2014; Puliti et al., 2015;
Torresan et al., 2017; Guimaraes et al., 2020). UAVs can be rapidly deployed, operate under
variable weather conditions, and fly at low altitudes to capture data at ultra-fine spatial
resolution, enabling individual tree-level analysis even in structurally complex stands (Zhong
et al., 2024; Fraser et al., 2025; Nevalainen et al., 2025). Their ability to carry RGB,
multispectral, or LiDAR sensors allows for the collection of both spectral and structural
information, supporting detailed species classification and structural assessments. These
capabilities make UAVs particularly well-suited for detecting ecologically important but
spatially sparse elements such as standing dead trees and broadleaved species like European
aspen, which are often overlooked in coarser-scale datasets (Mayra et al., 2025).

Modern UAV systems support a diverse array of optical and active sensors, including
RGB, multispectral, and LiDAR, enabling the collection of both spectral and structural
information. Optical sensors are widely used to generate high-resolution orthomosaics and
3D point clouds through photogrammetric processing techniques such as Structure from
Motion (SfM). Multispectral sensors expand this capacity by capturing reflectance across
multiple wavelength bands, improving the ability to distinguish between tree species based
on subtle differences in canopy reflectance. LiDAR-equipped UAVs, though more
expensive, provide precise three-dimensional measurements of forest structure, which are
particularly valuable for assessing canopy complexity and identifying structural indicators
like standing dead trees. While combining spectral and structural data sources can enhance
classification accuracy, the increased cost and operational complexity have led to continued
research into whether simpler, single-sensor approaches can still meet the accuracy
requirements of practical forest monitoring and biodiversity assessment (Kukkonen et al.,
2019). RGB and multispectral imagery capture canopy reflectance characteristics, enabling
species discrimination based on color, texture, and phenological differences. Under favorable
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conditions, spectral features alone can achieve high classification accuracies when species
exhibit distinct reflectance signatures. In contrast, LiDAR provides three-dimensional
structural information and the ability to penetrate the canopy, improving tree detection and
delineation, particularly in dense or multilayered stands. However, structural features alone
rarely provide sufficient separability for robust species-level classification, as architectural
traits often overlap among species. Thus, LiDAR is most effective when combined with
spectral information, with its principal advantage being improved tree detection and three-
dimensional structural characterization.

Despite the increasing use of UAVs in forest applications, key research gaps persist,
particularly in biodiversity-focused assessments. Although European aspen has been
included in previous UAV-based classification studies (Saarinen et al. 2018; Tuominen et al.
2018; Franklin & Ahmed, 2018), it has typically been represented by relatively small sample
sizes or evaluated outside sparse conifer-dominated boreal stand conditions. In many cases,
the number of aspen observations was substantially lower than that of dominant coniferous
species, which contributed to reduced classification accuracy for aspen compared to Scots
pine and Norway spruce. For, example, Tuominen et al. (2018) included 19 aspen trees out
of 673 total samples in an arboretum, while Franklin and Ahmed (2018) reported high
classification accuracy for quaking aspen (Populus tremuloides) in a Canadian hardwood
forest but based independent validation on only five aspen crowns. Together these findings
indicate that systematic evaluation of European aspen under mixed, boreal forest conditions
has remained limited. In parallel, explicit identification of standing dead trees as a separate
class has received comparatively less attention in UAV-based studies (Amiri et al., 2019;
Polewski et al., 2019). Only a few studies have attempted to classify both European aspen
and standing dead trees within the same UAV-based framework, despite their complementary
value as biodiversity indicators in boreal forests. Recent advances highlight the promise of
UAYV technology in this area. Multispectral and LIDAR data from UAVs have been used to
classify tree species with high accuracy, while RGB imagery combined with deep learning
approaches has proven effective for species-level mapping (Li et al., 2024; Huang et al.,
2024). These developments underscore UAVs’ growing role in fine-scale ecological
monitoring and their potential to support species-specific biodiversity assessments in
structurally diverse forest environments.

Objectives

The main objective of this dissertation was to evaluate how effectively UAV-based remote
sensing methods can be used to classify tree species composition in boreal forests. In more
detail, the objectives are:

1. Identify which UAV-derived features: spectral, structural, shape, texture-based, or
their combination, contribute most to accurate classification of boreal tree species
(L, 11, L, TV).

il. Assess how seasonal conditions, including winter snow cover, leaf-off, leaf-flush,
and leaf-on periods, affect the accuracy of UAV-based tree species classification (I,
11D).

ii. Determine which UAYV sensor configurations (RGB, multispectral, LIDAR, or their
combinations) provide the highest accuracy for detecting selected key biodiversity
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indicators, particularly European aspen and standing dead trees, in mixed boreal
forests (II, 111, TV).

MATERIALS

Study areas

Three boreal forest study sites were used in this thesis, hereafter referred to as Sodankyla
(Study I), Evo (Study II & IV) and Lieksa (Study IIT) (Figure 1). Sodankylé is located in the
northern boreal forest region of Lapland, Northern Finland, whereas Evo is situated in
Hameenlinna in Southern Finland, and Lieksa is located in the region of North Karelia,
Eastern Finland. The main tree species across all study areas include Scots pine (Pinus
sylvestris L.), hereafter referred to as pine, Norway spruce (Picea abies (L.) Karst.), hereafter
referred to as spruce, and broadleaved species, primarily downy birch (Betula pubescens
Ehrh.) and silver birch (Betula pendula Roth), hereafter referred to as birch. Additionally,
European aspen (Populus tremula L.), hereafter referred to as aspen, although less abundant,
represents an ecologically significant component of forest composition in Evo and Lieksa
study areas. Sodankylé is characterized by low-density, mixed coniferous forests and open
peatlands, while Evo and Lieksa encompass mixed stands with mature and old-growth forest
patches, often featuring scattered occurrences of aspen and standing dead trees. Forests in
Evo and Lieksa include both managed and protected forest stands. Timber production
remains a primary management goal in managed areas, whereas protected areas emphasize
biodiversity conservation and preservation of old-growth forest characteristics. In contrast,
the Sodankyld study area includes predominantly managed forests, with timber production
as the primary forest management objective.
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Figure 1. Locations of the study areas (left). Example of one site with individually mapped
living and dead trees and field plots in Evo (right)

Field data

Three separate tree-wise field campaigns were conducted to collect reference data used in
Study II, IIT and IV in Evo and Lieksa study areas. These campaigns involved extensive
inventories in which individual tree species (Scots pine, Norway spruce, birches and
European aspen), locations and diameters at breast height (DBH) were recorded.
Additionally, standing dead trees were measured in Evo to support biodiversity-related
analyses (study IV). In contrast, for the Sodankyld study area (study I), no field reference
data were collected; instead, tree species were identified using careful visual interpretation
of high-resolution helicopter-based RGB images (Table I).

Table 1 Summary of reference data collected for this thesis. Species marked with (*) were
identified through visual interpretation.

Study | Study I Study Il Study IV
Location Sodankyla Evo Lieksa Evo
Number of 1134 771 510 1205

measured trees
Spruce, Pine,

Species

Spruce*, Pine*,
Birch*

Spruce, Pine,
Birch, Aspen

Spruce*, Pine*,
Birch, Aspen

Birch, Aspen,
Standing dead
trees

6791600N

6791500N

6791400N

6791300N

6791200N

6791100N

6791000N
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In Evo, field reference data were collected during two separate campaigns. The first
campaign (study II), took place in July 2018 and involved 25 circular field plots with a radius
of 9 m (approximately 254 m? each), located in semi-closed and closed-canopy forests.
Within these plots, individual tree species, locations, heights, and DBH were recorded for
trees clearly visible from UAV imagery. Due to the sparse distribution of European aspen,
additional measurements of individual aspen trees were conducted outside the plots to ensure
sufficient representation. The second campaign (study IV) took place in June and autumn of
2021. A total of 80 circular plots (radius 9 m, approximately 254 m? each) were established
in mature forest stands and younger stands. Individual trees representing Scots pine, Norway
spruce, birches (downy and silver birch merged), European aspen, and standing dead trees
were measured, with species, positions, and DBH recorded. Similar to the previous
campaign, supplementary measurements outside plot boundaries were carried out during
autumn 2021, specifically targeting European aspen and standing dead trees to ensure
representative sampling. Precise tree locations in both campaigns were recorded using
Trimble R10 RTK-GPS.

In Lieksa (study III), field data were collected in 2019 within three old-growth forest
stands. The inventory primarily targeted European aspen and nearby birches, recording
species, locations, and DBH. Tree positions were initially measured with GNSS (Topcon
HiPer V and Trimble R10) and subsequently verified using UAV-based RGB imagery.
Additional reference trees of Scots pine and Norway spruce were identified and verified
visually from aerial images, without DBH measurements.

Remotely sensed data

Helicopter-based imagery

Helicopter-based RGB images were acquired during the SNORTEX campaign on March 19,
2010, over the Sodankyld study area (Roujean et al., 2010; Manninen and Roujean, 2014). A
Canon Powershot A640 camera with a 0.7x wide-angle lens (WC-D58N) was mounted
vertically on the helicopter landing gear (Manninen et al., 2009). Images were captured every
three seconds, with GPS coordinates recorded for each image. A total of 37 low-altitude
images (27—-71 m above ground) were selected from the flight, providing spatial resolutions
between 0.8 and 2.1 cm per pixel (Figure 2). Images were stored directly as standard JPG
files without photogrammetric calibration. Weather conditions were suboptimal due to
sunlight causing distinct shadows on the snow-covered ground.
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Figure 2. Example of the image taken from the helicopter in study I.

UAV-based data

UAV-based aerial imagery was collected using different platforms and sensor configurations,
varying across Studies II-IV (Figure 3). In study II and III, UAV-based imagery was
collected using multiple UAV platforms. For RGB data, a fixed-wing eBee Plus RTK
equipped with a SenseFly S.0.D.A. (IT) and a DJI Phantom 4 RTK (II, IIT) with its integrated
high-resolution RGB camera were used. Multispectral imagery was collected using an eBee
Plus RTK carrying a Parrot Sequoia sensor (II) and a DJI Matrice 210 equipped with a
MicaSense RedEdge-M sensor (II and III). In study III, images were acquired across five
separate dates spanning different seasonal and phenological phases (leaf-off, leaf-flush, leaf-
on, and autumn senescence periods). In study IV, UAV imagery was simultaneously
collected using a DJI Matrice 300 RTK equipped with a DJI Zenmuse P1 RGB camera and
a MicaSense RedEdge-MX multispectral sensor. Additionally, UAV LiDAR data were
acquired using the same DJI Matrice 300 RTK platform equipped with a YellowScan
Mapper+ laser scanner integrated with an Applanix APX-15 inertial measurement unit.
Detailed information regarding flight parameters, sensor specifications, and acquisition
settings for each study is provided in Table 2.
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Figure 3. UAV platforms used in this thesis: DJI Phantom 4 RTK, Sensefly eBee plus and DJI
Matrice 210 (all left), DJI Matrice 300 RTK (right).

Table 2 Overview of UAV platforms, sensor configurations, and acquisition parameters in
studies [I-IV.

Study Platform + Sensor setup Altitude, Side/front GSD, cm
m overlap, %
Il eBee Plus RTK + SenseFly S.0.D.A. RGB 130-150 85/85 3.94.9

DJI Phantom 4 RTK + Integrated RGB camera
eBee Plus RTK + Parrot Sequoia
DJI Matrice 210 + MicaSense RedEdge-M

Il DJI Matrice 210 + MicaSense RedEdge-M 135 80-85/ 9
75-85
DJI Phantom 4 RTK + Integrated RGB camera 140 85/85 3.8
IV DJI Matrice 300 RTK + Zenmuse P1 & RedEdge- 120 85/85 RGB:1.4-1.5
MX MSP: 4.2-5.0
DJI Matrice 300 RTK + YellowScan Mapper+ 80—-100 50 LiDAR: 300-700
LiDAR

Across all UAV RGB flights (II, IIT and IV), precise positioning corrections were
achieved using Virtual Reference Station (VRS) RTK signals, ensuring high geometric
accuracy. For multispectral imagery, artificial ground control points (GCPs) extracted from
accurately georeferenced RGB mosaics were used to align multispectral data in studies 11
and IV. In contrast, for study III, physical ground control points were installed across the
study sites to accurately georeference multispectral imagery. Additionally, for all
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multispectral flights (II-IV), radiometric calibration was consistently performed before and
after each flight using reflectance calibration targets to ensure accurate spectral data quality
and comparability.

METHODS

Point cloud and mosaic generation

Photogrammetric point clouds (PPCs) were generated from RGB and multispectral UAV
imagery using the Structure-from-Motion (SfM) technique implemented in Agisoft
Metashape software (Agisoft LLC, St. Petersburg, Russia). Across all studies (IL, IIL, IV),
the standard workflow began with aligning UAV images based on image overlap and sensor
geometry, deriving initial camera positions and orientations. Subsequently, dense point
clouds were computed at high-quality settings, incorporating mild depth filtering to optimize
detail while minimizing noise and outliers. Figure 4 illustrates the general workflow applied
in studies IL, III, and IV, highlighting the main steps.

For RGB imagery (studies II, IIT and IV), PPCs were produced with very high spatial
resolutions (typically <5 cm), supporting accurate individual tree delineation. Multispectral
imagery-derived PPCs (studies III, and IV) offered spectral information in addition to
structural data, enabling detailed tree-species-specific analyses. For study IV, LiDAR point
clouds acquired with the YellowScan Mapper+ sensor were processed independently, using
CloudStation software for accurate strip alignment, classification of ground points and export
in laz format.

All resulting point clouds were normalized to terrain level using available digital terrain
models (DTMs) from airborne laser scanning data provided by the National Land Survey of
Finland. In study IV, the LiDAR-derived point cloud was normalized using a terrain model
derived from the LiDAR data itself. The resulting normalized point clouds served as primary
data inputs for subsequent individual tree detection, crown segmentation, feature extraction,
and classification analyses.

In study II, multispectral UAV images collected were processed into georeferenced
multispectral orthomosaics using Agisoft Metashape software for further feature extraction.
In studies I, IIT and IV, RGB orthomosaics generated from UAV imagery primarily served
as visual reference layers to validate and assess the quality of individual tree detection and
crown segmentation results.
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Figure 4. General workflow for processing UAV-based data in Studies II, lll and IV.
Individual tree detection and crown segmentation
In study I, individual tree crown segmentation was performed using object-based image

analysis (OBIA) approach directly applied to pre-selected high-resolution helicopter-based
RGB imagery using eCognition software (Trimble, Munich, Germany). The process started
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by masking out the snow-covered background through a brightness-based threshold,
effectively separating tree crowns from shadows and ground. The tree-crown segments were
then delineated using multiresolution segmentation algorithm, grouping spectrally and
texturally similar neighboring pixels into homogenous crown-level objects.

In studies II and IV, individual tree detection and crown segmentation were performed
using an automated approach based on UAV-derived point clouds. The point clouds were
height-normalized using digital terrain models (DTMs) to represent canopy height above
ground level. Canopy height models (CHMs) were generated and crowns boundaries
delineated using a watershed segmentation algorithm implemented in LAStools (LAStools,
2025) and R (R Core Team 2025). A minimum height threshold of 2 m was applied to exclude
ground and low vegetation. However, no explicit pixel-level background masking (e.g.,
spectral thresholding of shadow or non-canopy pixels) was applied after segmentation,
meaning that some crown polygons may still contain background or neighboring canopy
elements. Segmentation accuracy was visually evaluated against high-resolution RGB
orthomosaics.

In study III, both automatic and manual segmentation approaches were explored.
Automatic crown delineation based on watershed segmentation was tested but resulted in
lower accuracy compared to manually delineated crowns. To provide best-case reference and
to isolate seasonal effects from segmentation errors, manual crown delineation based on RGB
orthomosaics and CHMs was therefore used for model development and accuracy
assessments.

Feature extraction

In study I, features were extracted at the segment level directly from RGB imagery using
eCognition software. Spectral features included mean and standard deviation values of the
RGB bands and brightness. Texture features were derived using Gray-Level Co-occurrence
Matrix (GLCM) metrics such as contrast, homogeneity, entropy, and correlation to describe
texture variation within each crown. Additionally, shape features, including crown length,
width, area, and roundness were calculated to describe form and compactness of image
segments and support object-based species classification.

In study II, crown segments delineated from RGB point clouds were overlaid onto
multispectral orthomosaics to extract spectral features. Mean and standard deviation values
of each multispectral band (Green, Red, Red Edge, and Near-Infrared) were calculated within
each segmented crown polygon. Additionally, mean and standard deviation of spectral values
from the RGB bands were extracted for each crown segment, providing complementary
spectral information for species classification. Because crown segmentation was derived
from RGB-based point clouds while spectral features were extracted from multispectral
mosaics that were georeferenced using natural object—based control points from the RGB
orthomosaic (=2 cm horizontal accuracy), minor residual spatial misalignments between
datasets may still have occurred, potentially causing some crown segments to include
background or neighboring canopy pixels.

In studies IIT and IV, spectral and structural features were extracted directly from both
RGB and multispectral PPCs for each delineated tree crown segment. Only points > 2 m
above ground were included to reduce ground contamination. Spectral features consisted of
the mean and standard deviation were derived from reflectance values in the visible (Blue,
Green, Red), Red-Edge, and near-infrared wavelengths, while structural features included
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metrics described crown height distribution, crown shape, and canopy density derived from
3D point cloud geometry.

In studies II, III, and IV, all spectral reflectance values were normalized using the
brightness-based method proposed by Yu et al. (1999). This involved dividing each band’s
reflectance by the sum of all bands for the same point, effectively reducing illumination
variability and improving consistency across crown-level spectral features. Additionally,
vegetation indices were calculated to enhance species differentiation. In study III, the
Normalized Difference Vegetation Index (NDVI) and the Green Normalized Difference
Vegetation Index (GNDVI) were computed, while study IV included NDVI and the
Normalized Difference Red Edge Index (NDRE). For each index, statistics such as mean,
maximum, and 95th percentile were extracted per tree crown segment.

In study IV, two categories of predictor variables were extracted from the LiDAR data
for each segmented tree: intensity and texture features. Intensity features were computed at
the voxel level by dividing the point cloud into a 3D grid centered on the treetop, assigning
each voxel the average return intensity of all echoes within it. The voxel grid had a consistent
number of voxels per tree, though voxel dimensions varied by tree size. Texture features
(angular second moment, contrast, correlation, and sum average) were derived from
horizontal cross-sections of the point cloud using binary raster slices (Haralick et al. 2007).
Only first and single LiDAR echoes above 50% of the tree height were used to minimize
understory effects. In total, 160 LiDAR features were computed. For further methodological
details, see Kukkonen et al. (2024).

Classification algorithms

Three different classification algorithms were used across the studies, depending on data
complexity, number of features, and classification objectives. Each algorithm was applied
independently within a given study, and species classification performance was evaluated
using standard accuracy metrics.

Linear discriminant analysis

In studies I and III, a Linear Discriminant Analysis (LDA) was used as the classification
method. LDA was selected for its simplicity and ability to handle relatively low-dimensional
feature sets. In Study I, LDA was applied to segment-level RGB spectral, texture, and shape
features extracted from high-resolution winter imagery. In study III, LDA was used to
classify tree species based on both multispectral and structural features derived from UAV
point clouds and vegetation indices. The objective of LDA is to find a linear combination of
features that primarily characterize or separate two or more classes from one another (Hastie
et al. 2009).

Support vector machine

In study II, a Support Vector Machine (SVM) with a radial basis function kernel was used to
classify tree species based on RGB and multispectral spectral features. SVM was chosen due
to its effectiveness in handling non-linearly separable classes and relatively small, high-
dimensional datasets. The classifier was trained using crown-level features extracted from
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both RGB and multispectral imagery, and performance was evaluated using cross-validation
with balanced class representation.

Random Forest

In study IV, tree species and standing dead trees were classified using the Random Forest
algorithm. This method was chosen for its robustness in managing multicollinearity,
capturing non-linear relationships, and handling high-dimensional datasets without a need
for prior feature selection (Fox et al., 2017; Cosenza et al. 2021). The diverse feature set used
for classification included spectral, structural, and LiDAR-derived variables. The model was
trained using reference data for the major boreal tree species and deadwood classes, and
variable importance metrics were calculated to assess the relative contribution of each feature
type to the overall classification performance.

Performance assessment

The performance of the methodology used in studies I and III was evaluated using confusion
matrices and standard classification accuracy metrics, including overall accuracy (OA),
user’s accuracy (UA), producer’s accuracy (PA), and Cohen’s kappa coefficient. Both studies
applied leave-one-out cross-validation (LOOCYV), though the strategy differed slightly in
implementation. In study I, a leave-image-out approach was used: for each iteration, all
segments from one image were excluded, the model was trained on the remaining data, and
predictions were made for the omitted image segments. This process was repeated across all
images to ensure generalizability across varying imagery conditions. In study III, LOOCV
was conducted at the individual crown level, with each tree segment left out once and
predicted using a model trained on all remaining data. Additionally, study III incorporated a
simulated annealing-based feature selection loop, with final predictions averaged across 100
iterations to reduce variability introduced by the selection process.

In study II, classification performance was assessed using a two-stage process involving
recursive feature elimination (RFE) and independent hold-out testing. First, RFE was applied
to the full dataset using 10-fold cross-validation as an outer resampling method to identify
the most relevant predictors and reduce model overfitting. This procedure was repeated 21
times to account for the stochastic nature of the algorithm, and the final number of features
was selected based on the median overall accuracy. After feature selection, the dataset was
partitioned into 70% training and 30% testing subsets using stratified random sampling. The
model was trained on the training data and evaluated on the test set, with classification
accuracy reported using OA, UA, and PA derived from confusion matrices.

In study 1V, the dataset was divided using proportional stratified random sampling into
70% training and 30% testing subsets. The training data were used to build the model, while
the hold-out test set served for independent validation and calculation of accuracy metrics.
Classification performance was evaluated using confusion matrices, Cohen’s kappa, and the
F1-score, which represents the harmonic mean of user’s (UA) and producer’s accuracy (PA).
In addition to accuracy metrics, feature importance scores were computed to assess the
relative contribution of variables from RGB, multispectral, and LIDAR-derived point clouds.
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RESULTS

This chapter presents the main findings from studies I-IV, which examined the potential of
UAV-based remote sensing methods for tree species classification and biodiversity
assessment in boreal forests. The results are organized around key research themes, including
overall classification accuracy, comparisons between still-image and point cloud approaches,
feature importance, and the detection of ecologically significant elements such as European
aspen and standing dead trees.

Overall tree species classification performance

The classification performance of UAV-based remote sensing methods was evaluated across
studies I-IV using varying data sources, sensor configurations, segmentation strategies and
classification algorithms. The aim was to assess how effectively different combinations of
spectral and structural features, as well as machine learning techniques, could distinguish
between dominant boreal tree species. The results showed consistently high classification
accuracy across all studies, with particularly strong performance in setups that integrated
multispectral and structural information. A summary of the classification methods, data types
used, overall accuracy, kappa statistics, and target species is provided in Table 3.

The classification results presented in Table 3 highlight the effectiveness of various UAV-
based remote sensing approaches for tree species identification in boreal forests. Across all
studies, overall accuracy ranged from 79% to 95%, indicating a consistently strong
performance regardless of platform or classification method. Kappa values between 0.70 and
0.93 further support the reliability of the classification outcomes, showing substantial
agreement between predictions and reference data in all cases. The highest classification
accuracy was achieved in study III, where PPCs derived from RGB and multispectral imagery
were used for both manual and automatic crown delineation and spectral feature extraction.
The use of manual crown delineation and early-season imagery contributed to an overall
accuracy of 95% and a kappa of 0.93, emphasizing the value of precise segmentation,
particularly in identifying scattered broadleaved species, like aspen. However, even with
automatic segmentation, the study achieved great results (OA = 92%, Kappa = 0.90),
highlighting the benefit of precise segmentation and optimal phenological timing.

Table 3 Summary of data sources, classification methods, accuracy metrics, and target
species in Studies I-IV. OA denotes overall accuracy, LDA denotes linear discriminant
analysis, SVM denotes support vector machine and RF denotes random forest.

Study Dataused Classification OA Kappa Classes
method (%)
| RGB LDA 84 0.78 Pine, Spruce, Birch
Il RGB+MSP SVM 83 0.76 Pine, Spruce, Birch, Aspen
1l RGB+MSP LDA 92 0.90 Pine, Spruce, Birch, Aspen
(automatic ITD)
RGB+MSP LDA 95 0.93 Pine, Spruce, Birch, Aspen
(manual ITD)
\Y LiDAR+MSP RF 79 0.70 Pine, Spruce, Birch, Aspen,

deadwood
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Study II used RGB-derived PPCs for crown segmentation and multispectral imagery for
spectral feature extraction from multiple UAV platforms, achieved a similar high accuracy
of 83% (kappa 0.76). In this case, mosaic-based spectral features were combined with tree
delineations derived from RGB point clouds, offering a hybrid approach that was particularly
effective for binary classification involving European aspen.

The lowest overall accuracy (79%) was reported in study IV, where a combination of
LiDAR and multispectral data was used alongside a Random Forest classifier. While the
structural richness of LIDAR added value, especially for detecting standing dead trees, it also
introduced classification complexity, as this study included an additional class (deadwood).
The slightly lower kappa (0.70) reflects this broader classification scope and the associated
challenge of distinguishing five target classes. These findings collectively underscore that
combining spectral and structural features, especially when paired with high-quality
segmentation, yields the most reliable species classification outcomes in boreal forests.

Point cloud Vs. image-based classification

The results summarized in Table 3 enable a comparison between image-based and point
cloud-based classification approaches applied across the four studies. Studies I and II relied
primarily on 2D image features, while studies III and IV leveraged UAV-derived 3D point
clouds, either from photogrammetry or LIDAR, for both segmentation and feature extraction.
This comparison highlights the role of spatial structure, segmentation method, and data
dimensionality in influencing classification accuracy.

In Study I, which relied on helicopter-based RGB imagery and object-based
segmentation, the model achieved a solid overall accuracy of 84% and a kappa coefficient of
0.78, confirming that shape, texture, and spectral features alone can yield robust results,
particularly under winter conditions with high contrast between tree crowns and background
snow. However, the absence of 3D structural information limited the detection of vertical
canopy complexity and finer crown separation.

Study II implemented a hybrid approach in which RGB and multispectral imagery were
used for feature extraction, while point cloud data (from RGB photogrammetry) supported
crown segmentation. This combination led to a higher overall accuracy of 83% and kappa of
0.76, suggesting that even when structural data are not used directly for classification, their
contribution to tree delineation can significantly enhance results.

A more advanced use of point clouds was implemented in studies III and I'V, where both
segmentation and classification were based on RGB- and multispectral-derived 3D point
clouds. Study III achieved the highest classification performance overall, with manual
segmentation yielding 95% accuracy and automatic segmentation reaching 92%. These
results underscore the effectiveness of high-resolution point clouds in supporting precise
crown delineation and robust classification, particularly when paired with early-season
imagery. Among automatic approaches, RGB-derived segmentation outperformed
multispectral-derived segmentation, highlighting the importance of dense, well-structured
point cloud data.

Study IV, incorporating LiDAR-derived structural features, extended the classification to
include standing dead trees. Although the overall accuracy was slightly lower at 79%, the
study confirmed the utility of LiDAR in detecting structural indicators relevant to
biodiversity monitoring.
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Overall, the findings show that point cloud—based methods, especially when combined
with well-timed spectral data and high-quality segmentation, offer superior classification
performance. Image-based approaches remain useful, particularly when supported by high-
resolution textures and favorable acquisition conditions. The most effective strategies, as
demonstrated in Study III and IV, involve combining structural and spectral inputs—
especially when collected simultaneously—to leverage the strengths of both data types.

Feature importance across data types

Understanding which features contribute most to accurate tree species classification is crucial
for developing efficient and generalizable remote sensing workflows. Across the four studies,
different types of features—spectral, structural, texture, and shape - were evaluated for their
relative importance using a range of classification methods and sensor combinations.

In study I, where high-resolution RGB imagery from a helicopter was used under snow-
covered winter conditions, classification was based on a combination of spectral, texture, and
shape features extracted at the segment level. While no 3D structural data were available, the
inclusion of GLCM-based texture metrics (e.g., contrast, entropy) and shape descriptors (e.g.,
crown area, roundness) enhanced the ability to differentiate between coniferous and
broadleaved species. Although a formal ranking of feature importance was not performed,
the successful classification outcome (84% OA) demonstrated the value of incorporating
object-level geometry and texture in RGB-only imagery.

In study II, feature importance was formally assessed using recursive feature elimination
(RFE) combined with SVM classification. Features were derived from both RGB and
multispectral mosaics, with the latter proving more informative overall. Among the
multispectral variables, those associated with red edge and near-infrared bands were
consistently ranked highest. These features were particularly valuable for distinguishing
European aspen, which exhibits subtle spectral differences from coniferous species. Visible-
band spectral features, while contributing to the combined model, were generally less
influential than multispectral ones.

Study III explored seasonal variation using multispectral photogrammetric point clouds,
from which both spectral indices and structural features were extracted. The most important
variables for species classification were NDVI and GNDVI, along with their statistical
derivatives (mean and 95th percentile) computed per tree crown. These indices, particularly
when captured during early phenological stages, contributed significantly to model accuracy.
In contrast, structural features derived from point clouds were less influential in this study,
likely due to the relatively similar height profiles among the species considered and the
limited structural resolution of SfM point clouds.

In study IV, the integration of LiDAR-derived structural features with multispectral and
visible-band spectral data provided a more comprehensive feature set for classification.
Feature importance was evaluated using Random Forest variable importance metrics after
simulated annealing-based feature selection. However, the most critical variables were
entirely derived from multispectral indices and percentile-based reflectance values, with no
structural LiDAR-based metrics appearing among the highest-ranked variables. Spectral
features, particularly those derived from NDVI and NDRE indices, played a dominant role
in the classification, especially for identifying aspen and standing dead trees. Visible-band
spectral features had a relatively minor role compared to multispectral data, reflecting the
added value of spectral diversity.
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Across all studies, the most informative predictors consistently captured spectral variation
in the red-edge and near-infrared regions, especially for distinguishing broadleaved species.
Although LiDAR-derived structural variables were not among the highest-ranked
classification predictors, the LiDAR sensor provided the most reliable individual tree
detection and crown delineation performance. This improved segmentation quality formed a
critical foundation for robust species classification. These insights support the continued
development of multi-sensor classification approaches that leverage both spectral richness
and detailed canopy structure for improved species mapping in boreal forests.

Biodiversity indicator assessment: European aspen and standing dead trees

Classification performance for European aspen was evaluated in studies II-IV, with results
varying depending on segmentation methods, feature sets, and sensor combinations (Table
4). Study III achieved the highest accuracy for aspen, with a user’s accuracy (UA) of 97%,
producer’s accuracy (PA) of 96%, and an F1-score of 97%, using manually delineated tree
crowns and early-season multispectral imagery. Even with automatic segmentation, high
accuracies were maintained - particularly with RGB-based point clouds (UA 85-97%, PA 79-
93%) - highlighting the benefits of accurate crown delineation and phenological timing.

In study II, UAV-derived RGB and multispectral imagery were combined with SVM
classification and recursive feature elimination. Aspen classification yielded UA of 88%, PA
of 86%, and an F1-score of 87%. Multispectral features, especially those derived from red-
edge and NIR bands, were most influential, while visible-band spectral features contributed
less but improved results when used in combination.

Study IV integrated RGB, multispectral, and LiDAR data using a Random Forest model.
Aspen classification reached UA of 84%, PA of 81%, and an F1-score of 82%, demonstrating
reliable performance despite a more complex classification scenario involving additional
classes and structural variation. The simultaneous collection of RGB and MSP data helped
ensure strong alignment and effective feature integration.

In addition to aspen, standing dead trees were classified in study IV as a separate target
class. LiDAR-derived structural features - such as vertical profiles, reduced canopy height,
and point cloud gaps - played a critical role in distinguishing snags from live trees. While
classification accuracy for deadwood was lower than for live species, the model successfully
demonstrated the potential of UAV-LiDAR integration for fine-scale deadwood mapping,
offering promising applications for biodiversity monitoring.

Table 4. Summary of classification accuracy for European aspen across studies [I-1V, UA
denotes User’s accuracy, PA denotes Producer’s Accuracy, LDA denotes linear discriminant
analysis, SVM denotes support vector machine and RF denotes random forest.

Study Dataused Classification F1-score, UA, PA,

method % % %
1] RGB+MSP SVM 86 88 86
11 RGB+MSP LDA 97 97 96

IV LiDAR+MSP RF 78 84 81
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DISCUSSION

This thesis demonstrated that UAV-based remote sensing can effectively classify tree species
and support biodiversity assessment in boreal forests. Across the four studies, different sensor
configurations and classification approaches were evaluated to map tree species composition
and key biodiversity indicators, specifically European aspen and standing dead trees. The
overall classification accuracy ranged from 78% to 95%, with the highest performance
achieved using manual segmentation and early-season multispectral data (study III). The
results also showed that UAV-derived features, particularly when combining spectral and
structural data, can provide sufficient accuracy for ecological applications, including the
detection of sparsely distributed species like European aspen. Methodologically, the research
employed both manual and automatic crown segmentation, revealing clear advantages in
segmentation quality for manually delineated crowns, particularly in complex canopies.
However, automatic approaches based on watershed segmentation of CHMs provided
sufficient quality when supported by high-resolution point clouds. Feature extraction
strategies varied across studies, with combinations of spectral, structural, and texture features
yielding the most robust results. The use of multiple classification algorithms: LDA, SVM,
and RF allowed for cross-comparison of modelling approaches. It is important to note that
direct quantitative comparison across the studies is constrained by differences in study areas,
forest structure, sensor configurations, ground sampling distance, and -classification
algorithms. Study I was conducted in Sodankyl4, Study III in Lieksa, and Studies II and IV
in Evo, each representing different stand conditions and acquisition settings. Therefore,
cross-study comparisons should be interpreted as providing general methodological insights
rather than strict experimental benchmarking under identical conditions. Where studies share
similar settings (e.g., Studies II and IV conducted in Evo), comparisons are more directly
informative but still influenced by differences in data processing and modelling choices.

The research highlights the feasibility of UAV-based species mapping in complex forest
environments, providing a strong foundation for biodiversity-focused forest monitoring.
Individual Tree Detection played a central role in the species classification pipeline, with
crown segmentation forming the basis for associating spectral and structural features to
individual trees. Studies II, III, and IV demonstrated that both RGB-derived and LiDAR-
derived point clouds are viable for ITD, although segmentation quality remains a limiting
factor. Manual segmentation outperformed automatic methods in terms of crown delineation
and ultimately classification accuracy, especially in dense or overlapping canopies.

Recent progress in deep learning has expanded methodological options for tree species
classification, with neural network architectures increasingly applied to multispectral, RGB,
and LiDAR data (Nezami et al., 2020; Onishi & Ise, 2021; Méyra et al., 2021; Paheding et
al., 2024). These approaches are capable of modelling complex spatial—spectral patterns and
have demonstrated strong performance in structurally diverse forest environments. Compared
with such studies (Fan et al., 2023; Zhang et al., 2025; Miyré et al., 2025), the accuracies
achieved in this thesis were slightly lower, but the methodological context differs
substantially. Deep learning models typically require large, well-annotated training datasets
and considerable computational resources, which remain limiting factors in boreal forest
applications, particularly for rare or ecologically important classes such as European aspen
and standing dead trees. The growing availability of benchmark datasets (e.g., Mosig et al.,
2024; Puliti et al., 2025) will likely reduce these constraints and enable more systematic
comparisons in future research. Under current data conditions, however, the results of this
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thesis demonstrate that classical ITD-based segmentation combined with machine learning
remains a robust and operationally feasible approach in boreal environments, especially
where labeled data are limited (Lee et al., 2025).

The comparison of RGB, multispectral, and LIDAR sensors revealed that while each data
type offers distinct strengths, their combination consistently led to improved classification
performance. Multispectral data were particularly effective in capturing species-level spectral
variation, while LiDAR provided detailed structural information crucial for identifying
deadwood and supporting tree delineation. Very high spatially resolution RGB data, although
more limited spectrally, contributed to improved segmentation when used to generate dense
point clouds. However, the relatively low classification performance observed for RGB-only
setups should be interpreted with caution. While texture metrics were included in the feature
sets, their construction was not optimized or systematically evaluated. Texture features are
known to be critical in RGB-based species classification, as highlighted in Study I and
previous literature, yet the lack of standardized texture feature construction may have
underrepresented their true potential within the RGB-based classification scenarios evaluated
in this thesis. Future work should explore more advanced or multi-scale texture extraction
methods to fully leverage the spatial detail of RGB imagery. Still, under favorable conditions,
RGB and MSP single-sensor approaches proved valuable for cost-efficient biodiversity
monitoring. Notably, single-sensor setups, especially those based on RGB or MSP, still
produced reliable results under optimal conditions, highlighting their value for cost-efficient
biodiversity monitoring.

Recent developments in hyperspectral UAV sensors provide another promising direction
for improving tree species classification (Zhang et al. 2025). Unlike multispectral systems
that capture a limited number of discrete spectral bands, hyperspectral sensors acquire
reflectance data across hundreds of contiguous wavelengths, enabling the identification of
subtle spectral variations between tree species. This level of spectral granularity is especially
valuable when distinguishing morphologically similar or closely related species, or detecting
early signs of physiological stress. Prior research has demonstrated the utility of UAV-based
hyperspectral data in forest mapping. (Sothe et al. 2019; Zhong et al. 2022; Ma et al. 2024)
For instance, Tuominen et al. (2018) achieved high overall classification accuracy across 26
species in a Finnish arboretum using hyperspectral and 3D features, although performance
for minority classes such as European aspen was influenced by limited sample representation.
Similarly, Saarinen et al. (2018) showed that dominant species were predicted more reliably
than sparsely occurring deciduous species, highlighting the sensitivity of hyperspectral
classification to class imbalance.Although hyperspectral UAV systems are still associated
with high acquisition costs, limited spatial coverage, and computationally intensive data
processing, they present substantial benefits for fine-scale biodiversity monitoring. In
particular, their application could greatly improve the detection of rare or spectrally similar
species and facilitate early identification of disease or environmental stress. As technology
matures and costs decline, hyperspectral imaging is expected to play an increasingly
important role in UAV-based forest assessment workflows.

Seasonal variation significantly influenced classification accuracy, particularly for
deciduous species like European aspen. In Study III, early spring imagery captured during
leaf-flush conditions yielded the best results, supporting the idea that phenological
differences can be exploited to improve species discrimination. This aligns with recent
findings from Chowdhury et al. (2025), where the highest segmentation accuracy for
European aspen was achieved using leaf-off aerial imagery, with an F1-score of 0.573 and
Intersection over Union (IoU) of 0.280. These results confirm that early spring, when



29

surrounding trees are still without leaves, offers optimal conditions for detecting aspen
crowns in high-resolution imagery. Segmentation performance also improved significantly
with tree size, showing the highest accuracy for aspens exceeding 30 cm in DBH. The ability
to time data acquisition flexibly is a major strength of UAV-based approaches, allowing for
optimization of classification performance based on species’ seasonal signatures.

The targeted classification of European aspen and standing dead trees provided important
insights for biodiversity monitoring. Aspen, though sparse and often underrepresented in
forest inventories, was classified with high accuracy when using multispectral and structural
features. Standing dead trees, included in Study IV, were effectively distinguished using
LiDAR-derived structural metrics, underscoring the value of 3D data for mapping non-living
forest components. Few studies have addressed these indicators simultaneously, making this
thesis a meaningful contribution to fine-scale ecological assessments in boreal forests.

These findings have broader implications for biodiversity assessment and forest
management. UAV-based approaches offer a scalable and flexible alternative to conventional
methods, with the potential to deliver high-resolution, species-specific data to support
adaptive forest planning and conservation. The integration of ecological indicators such as
aspen and deadwood into UAV-based workflows can enhance monitoring strategies and align
remote sensing with conservation goals.

Several limitations should be acknowledged. UAV data collection is constrained by flight
regulations, weather dependency, and battery life, which can limit spatial coverage of the
surveys, particular in large or remote areas. However, recent developments in aerial data
collection platforms, such as the autonomous airships deployed by Kelluu Ltd. (2024), offer
new possibilities for overcoming spatial limitations. These systems can stay airborne for
extended periods and cover large areas with high-resolution sensor payloads, enabling
scalable biodiversity monitoring and highlighting the need for efficient processing workflows
capable of handling such large, high-detail datasets. Reference data availability also varied,
with some areas relying on visual interpretation rather than field measurements. Collecting
high-quality field data remains both time-consuming and costly, especially across large or
remote areas. However, emerging close-range remote sensing technologies, such as terrestrial
laser scanning (TLS), backpack LiDAR, and mobile platforms, offer promising alternatives
for acquiring detailed reference data more efficiently (Hyyppa et al., 2020a; Hyyppa et al.,
2020b; Liang et al., 2022; Chen et al., 2024). These approaches can reduce dependence on
traditional fieldwork while maintaining the accuracy needed for tree-level validation and
training data generation.

Crown segmentation accuracy directly impacted classification performance, especially
for understory or overlapping trees (Qin et al. 2022; Liu et al. 2023). The classification
analyses in this thesis were based on individually measured upper-canopy trees, primarily
large and dominant individuals. Suppressed understory trees were not included in the
reference datasets, as the focus was on canopy-visible trees and ecologically valuable large
aspens. Explicit tree detection statistics were reported in Study IV, where detection
performance was specifically evaluated, while in the other studies mismatches between
segmented crowns and field-measured trees were excluded from classification analyses rather
than treated as detection errors. Consequently, tree detection rates were not harmonized
across all studies and are not directly comparable, which should be considered when
interpreting cross-study results. In addition, the validation strategies applied across the
studies primarily assessed internal consistency within each study area rather than full spatial
generalization. Validation approaches included leave-image-out cross-validation, tree-level
leave-one-out validation, and stratified random train-test splits. While these methods provide
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robust internal performance estimates, they do not explicitly account for spatial
autocorrelation at the plot or stand level. When training and testing samples originate from
nearby trees with similar structural and spectral characteristics, classification accuracy may
be moderately inflated. Spatially blocked or cross-site validation designs would provide a
more conservative estimate of model transferability across independent forest stands and
acquisition conditions. Beyond validation design, transferability of the proposed workflows
to new areas depends on forest structure, acquisition timing, and sensor characteristics. While
the general workflow components, such as DTM normalization, the use of photogrammetric
point clouds for deriving structural metrics and the integration of spectral and structural
predictors, are broadly applicable, model performance may degrade when segmentation
quality, phenological effects, or radiometric inconsistencies between acquisitions (e.g.,
illumination, calibration, and sensor response differences) differ from the training
environment (Chen et al.2024; Chadwick et al., 2024). Recent studies demonstrate that tree
species classification models often lose accuracy when transferred across years, seasons, or
sensor configurations, even when based on time-series or multi-source data; using more
diverse training data can reduce but not fully eliminate this decline (Verhulst et al., 2024;
Huang et al., 2024). These findings highlight that robust generalization requires careful
adaptation of acquisition timing, preprocessing workflows, and radiometric harmonization
and validation across independent sites when applying models beyond their original study
context.

Future work should explore the integration of emerging sensor technologies such as
hyperspectral UAVs and full-waveform LiDAR. Advances in deep learning and multi-
temporal analysis could further enhance classification accuracy and generalizability.
Expanding the study to broader geographic areas and different forest types would help
validate the methods at scale. Finally, translating UAV-based monitoring into operational
workflows for forest managers and conservation practitioners remains a key priority,
especially in the context of biodiversity policy and adaptive forest planning.

CONCLUSION

This thesis demonstrated that UAV-based remote sensing offers an effective and flexible
approach to tree species classification and biodiversity monitoring in boreal forests. The
integration of spectral and structural data, especially when acquired simultaneously,
significantly improves classification accuracy, particularly for ecologically important and
sparse indicators like European aspen and standing dead trees. The findings highlight the
potential of UAV technologies to complement and enhance traditional forest inventory
practices, offering scalable solutions for conservation planning and adaptive forest
management.
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