Ecological Indicators 189 (2026) 115235

4
L

LSEVIER

journal homepage: www.elsevier.com/locate/ecolind

Contents lists available at ScienceDirect e

Ecological Indicators

A remote sensing-based tree mortality indicator for biodiversity monitoring
using multispectral UAV and lidar in the Arctic region, Finland

Katalin Waga™ , Jaan Ronkko b, Mikko Kukkonen ¢, Anton Kuzmin ¢, Timo Kumpula,

Parvez Rana”

@ LUKE Natural Resources Institute Finland, Ounasjoentie 6, 96200 Rovaniemi, Finland

b LUKE Natural Resources Institute Finland, Latokartanonkaari 9, 00790 Helsinki, Finland
¢ LUKE Natural Resources Institute Finland, Paavo Havaksen tie 3, 90570 Oulu, Finland

4 Department of Geographical and Historical Studies, University of Eastern Finland, Finland

ARTICLE INFO

Keywords:

Ecological indicator

Tree mortality
Biodiversity monitoring
Deadwood

Deep learning

U-net

Image segmentation
Remote sensing

UAV multispectral imagery

ABSTRACT

Deadwood is a recognised ecological indicator for forest biodiversity. Both the UN Convention on Biological
Diversity and the EU Biodiversity Strategy 2030 mandates inventorying and reporting deadwood. However,
monitoring tree mortality, the source of deadwood, remains challenging, especially in Arctic and sub-Arctic
regions. Boreal forests in this region face increasing climate-driven stressors: droughts, pest outbreaks, and
snow damage. These stressors accelerate tree mortality and threaten biodiversity. Deep learning-based semantic
segmentation offers a scalable solution for monitoring standing tree mortality using remote sensing data such as
multispectral UAV imagery and lidar-derived canopy height models. In this study, we (1) evaluated a U-Net
model for detecting tree mortality across 208 ha of Picea abies, Pinus sylvestris, and deciduous dominated forests,
and (2) produced a wall-to-wall mortality map to identify spatial patterns and potential drivers in Northern
Lapland, Finland. The training dataset included 411 tiles containing 4380 manually delineated tree crowns. The
model achieved an overall accuracy of 0.92, with a recall and F1-score for dead trees 0.82 and 0.57, for alive
trees 0.93 and 0.96. The performance is sufficient for identifying spatial patterns despite false positive detections.
Mortality hotspots were concentrated in Picea abies dominated areas at higher elevations where older trees were
located, suggesting a link to snow damage besides natural mortality. These results demonstrate the potential of
UAV based deep learning workflows for large-scale exploratory monitoring of tree mortality patterns in northern
boreal forests in Arctic and sub-Arctic region and supports biodiversity reporting and restoration monitoring
through spatial forest-health assessment.

1. Introduction

pathogens, such as Phytophthora species (e.g., Phytophthora cinnamomi,
P. ramorum), Armillaria root rot (e.g., Armillaria mellea) (U.S. Forest

1.1. Tree mortality indicator for biodiversity monitoring

Dead trees play a crucial indicator role in understanding and man-
aging forest ecosystems, especially in the context of climate resilience,
forest health, and biodiversity conservation. Due to climate change,
forests face increasing stress from droughts, pest outbreaks, and
changing snow cover patterns, particularly in the Arctic and sub-Arctic
regions (Liu et al., 2024; Mudryk et al., 2024; Singh et al., 2024).

Trees die as a result of natural mortality and various biotic and
abiotic stressors. Bark beetle infestations devastated coniferous forests
across Europe and North America (Francis et al., 2025), but other
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Service, 2024), or pinewood nematode (Han et al., 2022), attack and
kill trees with quick pace too. Climate-induced droughts reduce tree
vitality and increase susceptibility to pests and diseases (Biedermann
et al., 2019; Junttila et al., 2024; Robbins et al., 2021). Arctic and
sub-Arctic forest ecosystems are particularly sensitive to climate change
because they are characterized by short growing seasons, low temper-
ature margins, and slow ecosystem recovery rates (Christiani et al.,
2025). Even relatively small increases in temperature or changes in
snow cover can therefore result in disproportionately large impacts on
tree growth, stability, and mortality (Lehtonen et al., 2014; Martz et al.,
2016; Nykanen et al., 1997). Recent warming in the Arctic has exceeded
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the global average due to Arctic amplification (Rantanen et al., 2022)
leading shifts in snow load dynamics, increased freeze-thaw cycles, and
soil moisture conditions, all of which directly affect tree survival
(Kosolapova and Altshuler, 2024). Snow cover dynamics of these re-
gions characterized with fluctuating snow loads can damage both tree
crowns and stems and can lead to increased insect attacks (Lehtonen
et al.,, 2014; Nykanen et al., 1997). International conventions, not
limited to the United Nation's Convention on Biological Diversity
(United Nations, 1992) and Forest Europe, former Ministerial Confer-
ence on the Protection of Forests in Europe (Forest Europe, former M. C.
on the P. of F. in E., 2020), also emphasize the ecological value of dead
wood as a key indicator for biodiversity and sustainable forest man-
agement. Boreal forests in Arctic and sub-Arctic region have a crucial
role in regulating the long-term climate change effects in every predic-
tion scenario prepared by UN (United Nations, 2023). EU Biodiversity
Strategy 2030 also requires that member states report tree mortality as a
part of Nature Restoration Regulation (NRR), where standing and lying
deadwood are the first two indicators for forest restoration monitoring
(European commission, 2024). Indicators such as deadwood simplify
complex ecological processes into measurable attributes, enabling
standardized monitoring across different regions, and supporting in-
ternational biodiversity targets (Chapin et al., 2010; Slepetiene et al.,
2025).

Deadwood is widely recognised as a biodiversity indicator due to its
presence and diversity correlate strongly with species richness, partic-
ularly saproxylic organisms such as fungi, beetles and cavity-nesting
birds (Lassauce et al., 2011; Parajuli and Markwith, 2023). Deadwood
occurs naturally through tree senescence, but is also generated by tree
mortality caused by disturbances. Forest management practices,
including timber harvesting, clearcutting, and fire suppression, sub-
stantially reduce the amount of deadwood. Climate change is further
expected to alter deadwood availability as trees die earlier than they
would by natural mortality, therefore their individual sizes are smaller.
Natural mortality refers to tree death caused by senescence and non-
anthropogenic disturbances. In boreal forest of the Arctic and sub-
Arctic region of Finland, coniferous deadwood from Norway spruce
(Picea abies H. Karst.) and Scots Pine (Pinus sylvestris L.) supports a
higher number of red-list species than deciduous deadwood (Rana and
Tolvanen, 2021; Tikkanen et al., 2006).

The Arctic warmed four times faster (Rantanen et al., 2022) than the
global average since 1979. The increased temperature means increased
growth that leads to denser stands where trees compete more for water,
light, and nutrients (Ford et al., 2017; Way and Oren, 2010). Due to this
increased competition, the trees are more vulnerable to stress and
mortality. Shorter lifespan means that trees do not grow as old and tall
and they die earlier than they would, leaving less amount of deadwood
in the forest. Increased growth also leads to larger growth rings that
make stems weaker, increasing the risk of snow and wind damage
(Kretschmann, 2010; Nykanen et al., 1997).

Another effect of climate change is the more frequent and stronger
disturbances whether it is storms with strong winds, drought, or pests'
outbreaks. These disturbances increased significantly during the last 70
years (Patacca et al., 2023), and they all cause sudden mortality of trees
that were potentially decades away from natural death. The decompo-
sition rate is also more rapid in warmer conditions as the microbial
activity speeds up, leading to a more rapid decay process. More frequent
and intense forest fires also lessen the wood amount, including the
future dead wood amount left in the forest.

The changing conditions (e.g. warmer and drier) also cause shift in
tree species composition. Picea abies has shallow roots and does not
tolerate drought well, moreover, drought increases their susceptibility
to bark beetle attacks (Netherer et al., 2024). Even though Pinus sylvestris
has deeper roots, it is still vulnerable in very dry sites but predicted to
benefit from climate change in the Arctic region by longer growth sea-
sons (Martinez del Castillo et al., 2024).The changing conditions favour
birches, as they are fast growing and lot more adaptable, therefore they
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are more often considered as a suitable tree species in climate smart
silviculture and mixed species forestry due to their resilience. Other
broadleaves such as aspen also a good example that expected to spread
more due to their fast regeneration after fire or wind damage and tol-
erates different moisture and soil conditions well (Mcllroy and
Shinneman, 2020). Larches also benefit from climate change based on
study in northern Siberia (Kharuk et al., 2022) as the growing season
extends, and they respond well for changing moisture conditions and
tolerates permafrost thaw better then Picea abies. Tracking tree mortality
patterns under changing conditions provides insights into forest resil-
ience and helps predict effects on carbon storage and habitat
availability.

1.2. Dead tree detection using deep learning

Despite its importance, mapping of deadwood remains challenging at
larger scales due to field work limitations. Recent development in
remote sensing and deep learning offer better detection and measure-
ment possibilities of dead trees. Threshold-based indices, object-based
approaches, and classical machine learning models have previously
been used to map vegetation condition; however, these methods rely on
hand-crafted features, site-specific thresholds, or segmented objects that
limit scalability across large areas (Prieur et al., 2022; Rana et al., 2022;
Zhang et al., 2021). In contrast, U-Net enables direct multi-class pixel-
wise learning that integrates spectral and structural information without
manual rule definition.

Uncrewed aerial vehicle (UAV)-based imagery offers several ad-
vantages over satellite remote sensing for monitoring tree mortality. The
centimeter-level spatial resolution of UAV data enables the identifica-
tion of individual tree crowns, fine-scale structural damage, and subtle
spectral differences between dead and living vegetation that are not
detectable with current satellite sensors (Bergmiiller and Vanderwel,
2022; Sun et al., 2021). UAV campaigns can also be timed flexibly to
optimal phenological conditions, reducing ambiguity caused by sea-
sonal variation. In addition, UAV data provide high-quality reference
information that can be used for training and validating models intended
for coarser-resolution satellite observations (Keranen et al., 2024).
While satellite imagery is indispensable for large-scale and frequent
monitoring, UAV-based approaches play a complementary role by
enabling detailed mortality detection and calibration of scalable forest
health indicators.

Semantic segmentation is an artificial intelligence (AI)-aided deep
learning method where every pixel is assigned to a certain class, while
instance segmentation identifies certain object on an image (Yasir and
Ahn, 2022). Most studies rely on convolutional neural networks
(CNNs), with frameworks such as U-Net for pixel-level segmentation
(Ronneberger et al., 2015) or YOLO for object detections (Redmon et al.,
2016).

Previous studies have applied deep learning for forest health moni-
toring using both binary and multi-class classification approaches either
on tree or pixel-level. Binary classification, which typically distinguishes
dead trees from the background vegetation and other non-dead trees,
has achieved strong performance across various studies, often reporting
Fl-score above 0.80 (Hart and Veblen, 2015; Junttila et al., 2024;
Schiefer et al., 2023; Sylvain et al., 2019). These deep learning methods
commonly use CNN architectures, such as U-Net on multispectral aerial
imagery. Multi-class approaches extend the classification to differentiate
healthy, infected, and dead trees, or even species-level distinctions
(Kanerva et al., 2022; Kuzmin et al., 2026; Puliti et al., 2025), though
accuracy tends to decline as class complexity increases. Tree-level
methods generally show lower performance than pixel level segmenta-
tions, particularly for infected trees, even though these tree-level clas-
sifications sometimes discard non-labelled or ambiguous trees if they
aren't identified as trees during the application phase too. Recent works
also explore object detection models (e.g. YOLOv8, Faster R-CNN) for
standing deadwood detections (Mayra et al., 2021, 2025) combined
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with spectral indices for disease detection (Xu et al., 2024). Multi-class
segmentation remains less common and often underperforms binary
segmentation, with Fl-scores ranging from 52 to 71% for damaged or
dead tree classes (Gonzalez and Wallner, 2025; Schwarz et al., 2023).

Despite these advances, most studies either focus on binary classifi-
cation or rely on tree extraction steps, limiting scalability for large-area
monitoring. Multi-class segmentation directly on forest imagery without
prior delineation is still unexplored and present challenges in dis-
tinguishing subtle health states, our study addresses this gap by applying
a multi-class segmentation model on high resolution imagery, with a
Ground Sampling Distance (GSD) of 5.2 cm, without tree extraction,
aiming to improve prediction accuracy and scalability.

1.3. Objectives of the study

In this study, we develop and validate a remote sensing-based tree
mortality indicator to support biodiversity monitoring in boreal forests
using a U-Net based deep learning model. The indicandum, defined as
the spatial intensity of fully dead standing trees, serves as a proxy for
deadwood availability, an essential component for biodiversity and
forest health. Trees with partial dead crowns or dead branches were
intentionally grouped with the alive tree class to ensure indicator
robustness, reproducibility, and scalability across large areas. Fallen
deadwood was not included in this study because it cannot be reliably
detected from UAV optical imagery and sparse lidar data and would
require alternative data sources or field-based inventories beyond the
scope of this work (Schiefer et al., 2023). The indicator quantifies this
indicandum as the percentage of each 16 m x 16 m grid cell covered by
pixels classified as dead standing trees. An area-based approach was
selected instead of crown-based metrics, as it better represents sparse
tree cover typical of mire environments. In such conditions, crown-
based measures would overestimate mortality in grid cells where a
single dead tree occurs without surrounding live trees. We integrate
multispectral UAV imagery combined with canopy height model (CHM)
derived from low-density (0.5 points per square meter) national lidar
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data as input datasets and apply semantic segmentation for identifying
dead tree pixels.

The study has two objectives: (1) assess the U-Net model's perfor-
mance in dead tree detection in three different tree species dominated
forest areas: Pinus sylvestris, Picea abies, and deciduous dominated areas
to determine the model reliability in different forest covered areas; (2)
develop a scalable indicator to identify mortality hotspots. We create a
scalable dead tree detection U-Net model for boreal forests in Arctic
region and produce a wall-to-wall tree mortality map across the Valisuo
study area in Northern Lapland, Finland. Finally, we identified key
environmental drivers that contribute to tree mortality and affect forest
health in the study area. Our approach enables larger scale, landscape-
level monitoring and providing an automated indicator for biodiver-
sity monitoring and forest health.

2. Materials and methods
2.1. Study area

The Valisuo study area is located in Northern Lapland, Finland, near
Lake Pallasjarvi in boreal forest zone's Arctic region (Fig. 1). The study
area covers 208 ha and lies at elevation ranging between 281 and 375 m
above sea level. The Pallas-Yllastunturi fell region characterized by fells
with sloped terrain, coniferous forests and scattered mires. The mean
monthly temperature ranges between —12.7 °C and + 15.6 °C (Finnish
Meteorological Institute, 2025) and the annual precipitation is 500-700
mm, which during the winter months falls in the form of snow. The
growing season is short, between 90 and 120 days, and the snow cover
last for 6 to 7 months.

The vegetation of the study area is dominated by boreal coniferous
forests. About two third of the forest area is covered by Picea abies
dominant and one third by Pinus sylvestris dominant forests. The main
tree species are Picea abies, Pinus sylvestris, Silver Birch (Betula pendula
Roth), and Downy birch (Betula pubescens Ehrh.). There are smaller
batches of deciduous dominant forests mainly with these birch species.

67°59'38.5"N
24°14'16.2"E

500 Meters

Fig. 1. The location of the Vélisuo study area and the three smaller training areas (red rectangles). From the top to bottom, the tree areas are mainly Pinus sylvestris
dominated, deciduous dominated, and Picea abies dominated segments. (For interpretation of the references to colour in this figure legend, the reader is referred to

the web version of this article.)
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The treeless mire area was drained in the 1960s - 1970s and currently
under restoration (Pakalne, 2025). Forests are mostly 50-140 years old,
with dominant tree heights ranging from 12.5 to 16 m. The prevailing
site type is MT (Myrtillus type) (Cajander, 1926), typical of mesic heath
forests, and soils are mainly mineral soils with occasional peat patches
(Natural Resources Institute Finland, 2016).

2.2. Training area selection and forest inventory data

Forest inventory data provided by the Finnish Forest Center (Suomen
Metsakeskus, 2018) included stand-level attributes such as tree species,
dominant height, mean age, and fertility class. Three training areas were
selected to represent the species composition, age structure, and domi-
nant height distribution of the entire 206 ha Valisuo site (Figs. 2 and 3)
analysing these stand-level attributes of data acquired from the Finnish
Forest Centre. The selection criteria included assessing the following
parameters in 16 m x 16 m grids: ensuring the representation of Picea
abies, Pinus sylvestris, and deciduous dominated stands, covering repre-
sentatively all age classes from young mature to old stands, and height
variation of the trees. Age classes refer to stand development stages
defined in forest inventory data provided by the Finnish Forest Centre,
representing broad categories of forest age (e.g. young, mature, and
regeneration-ready stands) assigned at the stand or grid level rather than
to individual trees. Together these three areas provide a balanced and
representative sample for modelling and analysis, ensuring that the
trained model reflects the ecological and structural diversity of the
Valisuo landscape rather than being biased toward a specific forest type.

2.3. Multispectral imagery and lidar point cloud data

The Valisuo multispectral dataset was acquired on 22 July 2023
using the MicaSense Altum-PT Sensor mounted on a DJI Matrice 300
RTK. Altum multispectral sensor captures images in 5 spectral bands:
blue (475 nm center, 32 nm bandwidth), green (560 nm center, 27 nm
bandwidth), red (668 nm center, 14 nm bandwidth), red edge (717 nm
center, 12 nm bandwidth), and near-infrared (NIR) (842 nm center, 57
nm bandwidth). Images captured for this study cover approximately
208 ha in total. To ensure radiometric stability, the MicaSense Altum-PT
was operated with its integrated downwelling light sensor to account for
changing illumination during acquisition. Radiometric reference panels
with known reflectance properties were captured immediately before
and after each flight to support post-processing calibration. The survey
was conducted at an altitude of 120 m above ground level, with 85%
forward and 75% side image overlap, resulting a ground sampling dis-
tance of approximately 5 cm. Positioning and trajectory corrections
were obtained in real time through the Finnish VRS network to ensure
high geospatial accuracy.

Average Age of Trees (years)

L 23

>z

Dominant height (m)
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A Canopy Height Model (CHM) derived from low-density (0.5
points/mz) airborne LiDAR data collected in 2018-2019 from the Na-
tional Land Survey of Finland (National Land Survey of Finland, 2020).
The CHM interpolated using TIN-interpolation and a pit-free algorithm
(Khosravipour et al., 2014) and rasterized at the spatial resolution of 1
m.

2.4. Training data preparation

Deep learning methods require extensive training data. We created
4380 tree polygons by visually interpreting multispectral (MS) imagery
and manually delineating tree crowns based on the drone images in
ArcGIS Desktop 10.8.2 (Fig. 4). The forests were then classified into
different classes, fully dead standing trees, alive trees, and background,
based on their spectral and structural characteristics on the high-
resolution MS bands. During the manual delineation, the following vi-
sual cues were used to identify dead trees. On false-colour composites of
NIR-red-green, healthy vegetation appears bright red tones due to strong
NIR reflectance whereas dead trees appear as greenish hues. This green
colour is caused by the loss of NIR reflectance combined with relative
higher reflectance in the visible green band. On red edge composites
(red-edge-red-green), dead trees frequently appear blue, reflecting their
lower reflectance in red-edge and NIR compared to alive trees. We also
looked for texture and structure cues: dead trees show more visible
branch structure, reduced canopy density, and generally desaturated
appearance in visible bands. These tree polygons were then rasterized
with the same spatial resolution as the MS imagery. The tree mask
polygons included three classes: alive trees, dead trees, and background
(everything else which is not a standing tree).

The five MS bands were stacked with the CHM into a 6-band com-
posite used as input for model training. Then overlapping data tiles of
the size of 256 x 256 pixels were extracted from both the tree masks and
the MS imagery. The training data was created using R 4.5.2 in RStudio
2025.9.2. In total 411 tiles were created both from masks and MS im-
agery with the edge length of 13.3 m. Data augmentation techniques
were applied during training to improve model generalization and in-
crease training data. These included horizontal and vertical flipping and
rotation. Additionally, tiles containing more than 5% missing values
(NaN) in either imagery or the mask, were discarded to ensure data
quality. NaN filtering removed tiles from the edge of the area where
missing data occurred.

2.5. U-Net model for tree mortality detection

We implemented a U-Net model (Ronneberger et al., 2015) which is
well-suited for semantic segmentation tasks in remote sensing. Semantic
segmentation is suitable for indicator quantification, as pixel-level

Dominant Tree Species

N No trees

W Scots pine
EEm Norway spruce
s Downy birch

200 m 0.0 200 m

Fig. 2. The average age of trees (year), dominant height (m) and dominant tree species in Vélisuo area. The red rectangles mark the areas used for training the model.
(For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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Fig. 3. Age and dominant height distribution of trees at stand-level in the training area (A) and the whole Valisuo area (B) based on the data acquired from the
Finnish Forest Center (Suomen Metsakeskus, 2018).
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el
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o2
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Fig. 4. Two types of input data were used for modelling. Image A shows the polygons of dead and alive tree classes on a false-coloured multispectral image with a
5.2 cm GSD and Image B shows the Canopy Heigh Model with 1 m resolution. The bottom row showcases one dead tree (Image C) and different instances of alive
trees classes. Image D and E have dead treetops, while the Image F shows an alive tree with numerous dead branches. Image G and H are examples of alive trees
without any major dead parts.

mapping allows explicit spatial monitoring of dead trees as indicators. progressively reduce spatial dimensions and capture contextual fea-
The U-Net architecture follows a symmetric encoder and decoder tures. Each Convolutional Blocks include two convolutional layers (with
structure (Fig. 5). The encoder path consists of five sequential Con- kernel size 3 and padding 1), each followed by batch normalization and
volutional Block modules, each followed by a MaxPool2d layer to ReLU activation. Dropout is applied after each activation to mitigate
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|:| Concatenate
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Fig. 5. Schematic overview of the U-Net architecture used in this study.

overfitting, with dropout rates increasing at deeper levels of the encoder.
A dropout of 0.0, 0.05, 0.1, 0.15, 0.2, 0.3 were applied for the encoder
levels and at the bottleneck. The bottleneck layer further processes the
deepest features using a Convolutional Block with the highest number of
filters and dropout. The decoder path mirrors the encoder, using Con-
vTranspose2d layers for up-sampling, followed by Convolutional Block
modules that refine the concatenated features from the corresponding
encoder layers (via skip connections). These skip connections help
preserve spatial information lost during down-sampling. The final
output is produced by a1 x 1 convolutional layer that maps the features
to the desired number of output classes.

The U-Net model was trained on 256 x 256 pixels input tiles
composed of 6-band composites along with reference tree mask files.
Training hyperparameters included a learning rate of 0.00001 (higher
rates such as 0.001 and 0.0001 were tested but underperformed), 200
epochs (with optimal performance typically between epochs 160-190),
and a batch size of 16 (larger sizes like 32 degraded performance).
Alternative image sizes (128 and 512) were also tested, but 256 pro-
vided the best balance between spatial context and computational effi-
ciency. To address class imbalance (e.g. lot more alive trees and
background than dead trees) in the reference masks, we used a Cross-
EntropyLoss function with inverse frequency weighting.

The U-Net model was implemented using Python 3.12, with the core
deep learning framework based on PyTorch. Supporting libraries
included Rasterio, NumPy, and scikit-learn for evaluation metrics.

2.6. Evaluation of the U-Net model performance

The model output was in the form of logits corresponding to the
defined classes. The Model's performance was evaluated using multiple
metrics, including F1-score, accuracy, precision, and recall (Egs. 1-4).
The model was trained at the pixel level and evaluated on tree level.
Model training was conducted using 10-fold cross-validation, with 90%
of the data used for training in each fold and 10% for validation. We
considered tree segments classified dead, alive, or background based on
the majority of the pixels in each segment.

We decided against on reporting on all classes so as in other multi-
class studies (Schwarz et al., 2023), as the overall accuracy metrics
would be very high, 0.99, due to large number of background pixels
classified correctly. Instead, we report the accuracy of the models on tree
segment level, in this case for class 1 (dead tree segments) and class 2

(alive trees segments) and discard the background class. This approach
provides a more meaningful assessment of the model's performance to
detect tree mortality.

2 x Precision x Recall

1= Precision + Recall o
Accuracy = % (2)
Precision = %ﬁ 3
Recall = %\I 4

where TP : True Positive, TN : True Negative, FP : False Positive,
FN : False Negative.

2.7. Wall-to-wall map and environmental drivers of tree mortality

To create a wall-to-wall tree mortality map for Valisuo area, we
created 256 x 256 pixels tiles (matching the training tile size) and
applied the trained U-Net model to predict dead and alive tree pixels
across the whole landscape. The mortality predictions were aggregated
into 16 m x 16 m grid, and we calculated the percentage of dead tree
pixels per grid cell as an indicator of mortality. This grid resolution was
selected for several reasons. First, it aligns with existing national forest
monitoring and risk products in Finland, facilitating comparison and
integration with operational datasets. Second, the cell size provides a
balance between ecological relevance and statistical stability, smooth-
ing pixel-level noise while retaining spatial sensitivity to mortality
hotspots. In addition, the area-based approach was chosen over the
crown-area percentage, because tree density varies substantially across
the study area. The tiles over the mire areas may only have a few trees,
while in forested areas the tiles can have a few dozens of trees. Using an
area-based percentage provides a remote-sensing based indicator for
identifying mortality hotspots and supports monitoring at the landscape
scale.

Afterwards, we analysed potential environmental drivers of mortal-
ity by overlaying the mortality map with spatial layers (e.g. soil type,
elevation, depth to water or stand composition in Table 1). Areas with
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Table 1

Potential environmental drivers of tree mortality and their connection to tree
mortality. Climatic variables (temperature, precipitation, snow load) were
derived from the Finnish Meteorological Institute open datasets (Finnish
Meteorological Institute, 2025). Forest stand attributes, including dominant
tree species, age, height, stem density, and development classes, were obtained
from forest inventory grid data provided by the Finnish Forest Centre (Suomen
Metsakeskus, 2018). Terrain variables were calculated from airborne lidar data
supplied by the National Land Survey of Finland (National Land Survey of
Finland, 2020). Soil and hydrological variables were derived from datasets
provided by the Natural Resources Institute Finland (Natural Resources Institute
Finland, 2016).

List of drivers Source of data Relation to tree mortality

Extreme cold and warm
periods may increase stress,

FMI the trees susceptibility to
pests, affect growth and lead
to higher mortality.

Monthly mean temperature
(Jan, July 2023)

FMI - calculated
from monthly
statistics

Yearly mean precipitation
(2023)

Droughts or excessive
rainfall/snowfall

Mean annual maximum snow
loads (kg m-2) on trees are
estimated for the period
1981-2010

Heavy snow loads can break
FMI

branches or treetops

Shallow DTW can lead to
LUKE waterlogging, while deep
DTW can cause drought
Higher risk means higher risk

Depth to water index (DTW)
(2023)

Snow damage risk index

(2017) LUKE to mechanical damage
Wind damage risk index Higher risk meaﬂs bigger
2017) LUKE chance of uprooting or stem
breakage
High TWI means more humid
TWI (2016) LUKE soils which may cause root
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the highest mortality were visualised and compared against these
drivers to identify patterns that may explain tree health and mortality.

3. Results
3.1. Tree mortality U-Net model performance

The trained U-Net model provided F1-score of 0.57, 0.96 and 0.95 for
dead tree, alive tree and combined (dead tree and alive) weighted
average respectively (Table 2). Precision and Recall values were higher
for alive tree compared to dead tree. Precision value for alive trees was
~1.00, which means trees that were classified as alive trees, were in fact
alive trees. In Valisuo area 116 of the dead trees were correctly identi-
fied, while only 15 dead trees were missed (classified as background),
and 11 dead trees were classified as alive. The accuracy scores for the
whole area were 0.92.

Fig. 6 showcases accurate and inaccurate classification examples.
Partially dead trees were not in all cases classified correctly as only their
dead branches were identified as dead, not the whole trees (first row,
third row). A denser forest structure with one fully dead tree in between
has been correctly predicted (second row), like other dead trees were
mostly correctly found in other areas too (other rows). In row four the
model groups a dead tree with the nearby trees' dead branches incor-
rectly, making the dead tree larger than it is.

The relatively low precision of the dead tree class indicates that
many predicted dead trees are false positives, suggesting confusion with
structurally similar canopy elements. This pattern is typical in highly
imbalanced classification problems, where improving detection of rare
classes often increases false positive rates. Visual observations revealed
several reoccurring errors. Detection of dead branches on otherwise
living trees were sometimes aggregated into false positive on tree
segment level, leading to overestimations. In dense stands, overlapping
crowns and complex canopy structures further increased confusion be-
tween neighboring trees. All these contributed to overestimating mor-
tality. Although a full quantitative decomposition of error sources was
not conducted, the reported precision value (0.44) indicates that more
than half of predicted dead trees are false positives. This provides a
quantitative basis for interpreting the dominant error type, which is
consistent with the observed patterns during visual inspection.

3.2. Model performances in three different forest dominated areas

The Picea abies dominated areas had the lowest overall accuracy of
0.90 with Fl-scores for dead trees and alive trees as 0.56 and 0.95
respectively (Table 3). The Pinus sylvestris and deciduous-dominated
areas both had 0.97 overall accuracy. The Pinus sylvestris dominated
areas had an F1-score of 0.59 for dead trees and 0.99 for alive tree, while
for the deciduous dominated areas these metrics are 0.71 and 0.98
respectively. It is important to note that the deciduous areas had the
least number of trees among the three areas.

The model distinguished between tree classes with a very high per-
formance for alive trees in all areas. However, early listed challenges of
dead tree detection, especially in the Picea abies dominated areas where

Table 2
Accuracy assessment and metrics on tree level using U-Net model and the
multispectral image and canopy height data.

Classes Number of
Precision  Recall  F1- samples
score
Dead Tree Segments 0.44 0.82 0.57 142
Alive Tree Segments 1.00 0.93 0.96 4238
Weighted average (both 0.98 0.92 0.95 4380

classes)
Accuracy 0.92
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Fig. 6. Examples of correct classification and some common misclassification errors we identified on different forest structures in Valisuo area. (1) shows the
misclassification of several partially dead trees; (2) shows a denser forest structure with one fully dead tree (brown) in between alive trees (light blue) over the
background (dark blue) that has been correctly predicted; (3) shows a fully dead, correctly classified tree, and other trees were either the treetop or side branches are
still alive; however, the model did not assess them as one tree structure in some cases; (4) shows how the model groups a dead tree with the nearby trees' dead
branches; (5) shows that the model correctly finds and identifies the dead tree in an area full of deciduous trees. (For interpretation of the references to colour in this
figure legend, the reader is referred to the web version of this article.)
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Table 3

Ecological Indicators 189 (2026) 115235

Comparison of the model's performance on different tree species (Picea abies, Pinus sylvestris, and deciduous) dominated forest areas. The metrics are counted on tree

segment level for both dead and alive trees and their weighted average.

Picea abies dominated areas Number of Pinus sylvestris dominated Number of Deciduous-dominated areas Number of
samples areas samples trees
Precision ~ Recall  F1- Precision  Recall ~ F1- Precision  Recall ~ F1-
score score score
Dead tree segments 0.42 0.85 0.56 115 0.52 0.68 0.59 19 0.83 0.63 0.71 8
Alive tree segments 1.00 0.90 0.95 2861 1.00 0.97 0.99 1052 0.99 0.98 0.98 325
Weighted average 0.97 0.90 0.93 2976 0.99 0.97 0.98 1071 0.99 0.97 0.98 333
(both classes)
Accuracy 0.90 0.97 0.97

there is a clear gap in performance between the two classes. It is worth
noting that the Picea abies dominated areas had the highest number of
dead trees, and the recall was 0.85, the highest recall among the tree
areas.

3.3. Wall-to-wall map and potential environmental drivers

The wall-to-wall map shows that the most tree mortality occurred in
the southern region of the area (Fig. 7). We acknowledge that the
environmental driver analysis is based on classification outputs with
moderate reliability for the dead tree class. While aggregation reduces
random classification noise, systematic overestimation of mortality (due
to false positives) may still bias spatial patterns, which must be
considered when interpreting these results. After examining potential
environmental drivers (see Table 1) behind mortality (Fig. 8) we found
that the area with the highest mortality is where the older and larger
Picea abies trees (considering both height, basal area, and volume) are
located in the southern part of the area in mature, regeneration ready
stands. The oldest trees are Pinus sylvestris and Picea abies in the area, but
even though the area dominated by Pinus sylvestris has the densest forest
structure, the mortality was significantly less in the Pinus sylvestris
dominated forests grids than in Picea abies forests. Based on our visual
interpretation of the results, in the Pinus sylvestris dominated area, there
were no grid cells with over 10% mortality rate, and majority of the grid
cells were in the below 5% category, while in the Picea abies dominated
area there were a large amount of grid cells within the 5-10% mortality

1,000

[ _7highest tree mortality
. 0%

B0 - 5%

C15-10%

I Above 10%

Fig. 7. Dead tree coverage in the Valisuo area (% of the area) displayed on 16
x 16 m grid level. The area with the visually interpreted highest tree mortality
marked with the red dotted polygon. (For interpretation of the references to
colour in this figure legend, the reader is referred to the web version of
this article.)

rate and eight cells with over 10% mortality rate as well. The snow
damage risk map (Fig. 8) also aligns with our findings. Based on visual
interpretation of the maps, we found that besides natural mortality,
snow damage may be one of the drivers (especially on Picea abies)
behind the tree mortality in the Valisuo area, particularly affecting Picea
abies stands which grow on higher elevation, with higher average yearly
snow load, consistent with previous studies showing that snow-induced
forest damage is common is boreal regions and strongly driven by snow
load and stand characteristics (Lehtonen et al., 2014; Suvanto et al.,
2021).

4. Discussion
4.1. Model performance

The aim of this paper was to evaluate the use of high-resolution UAV
images for the detection of tree mortality. This information was then
used to assess tree mortality patterns in using a mortality indicator that
describes the percentage of dead trees in 16 m x 16 m grid cells in a
wall-to-wall fashion in the study area located in Northern Lapland in the
Arctic region of Finland. This was achieved by mapping standing dead
trees from multispectral UAV imagery combined with lidar derived
canopy height data using a U-Net based deep learning approach. Clas-
sical methods typically depend on explicitly defined features and pre-
segmented objects, which are sensitive to illumination, acquisition set-
tings, and forest structure. The use of U-Net therefore provides a more
transferable framework for large-area, multi-class mortality mapping.

Our model achieved 0.92 overall accuracy, with high performance
for alive tree segments (F1 = 0.96) and moderate performance for dead
tree segments (F1 = 0.57). Under strong class imbalance, overall accu-
racy can be misleading; for example, a classifier assigning all trees as
alive would achieve high accuracy but fail to detect mortality. There-
fore, the higher recall obtained in this study represents a meaningful
improvement despite lower precision. The moderate F1-scores for dead
trees primarily reflect an imbalance between high recall (0.63-0.85) and
low 0.42-0.83 precision, indicating that most dead trees were success-
fully detected, but the model resulted in many false positives. These false
positives were mainly associated with partially dead tree crowns, the
presence of dead branches within the otherwise living trees, and over-
lapping canopies in denser Picea abies dominated stands, where indi-
vidual crown boundaries are sometimes difficult to delineate
consistently. Shadows further increased the spectral ambiguity. Such
errors are typical in high-resolution optical mortality mapping and are
trade-offs between sensitivity and precision in multi-class segmentation.
Accuracy varied across forest types, with the Picea abies dominated area
showing the lowest performance (0.90), which is consistent with its
higher mortality rate and more complex canopy structure, which is
characterized by dense crown overlap, multi-layered canopies, and
irregular crown shapes.

Compared with recent UAV and aerial imagery based deep learning
studies, our results fall in the similar accuracy range. Binary classifica-
tion, e.g. healthy vs. dead or damaged classification often achieves F1
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Fig. 8. Tree mortality and potential environmental and geographical drivers. The area marked by strips is the area with the highest mortality.

scores over 0.85 (Anwander et al., 2024; Schiefer et al., 2023; Zhou
et al., 2024), while multi-class classification and landscape-wide seg-
mentation tasks typically report lower accuracy. Schiefer et al. (2023)
used comparative resolution to our study, 4 cm, and achieved an F1
score of 0.85 for a simpler binary classification of dead trees over
background with an overall precision of 0.90 and recall of 0.85, which
are slightly higher than our multi-class results. Junttila et al. (2024)
achieved an F1 score of 0.86-0.93, however their assessment of results
differs from ours. We chose a more moderate approach to assess our
results, and we considered dead or alive tree correctly classified if the
majority of pixels within belonged to the correct class, however, in
Junttila's work even one dead tree pixel within the dead tree polygon
meant that the results are correct. Important to note also that the reso-
lution was lower, 0.5 m.

The relatively low precision of the dead tree class indicates that
many predicted mortality signals correspond to structurally complex but
living canopy elements. Compared to previous studies, the model ach-
ieves comparable recall but lower precision, highlighting an inherent
trade-off in detecting rare classes such as dead trees. This trade-off re-
flects the difficulty of distinguishing fully dead trees from partially
defoliated or shaded crowns using remote sensing data (Rahman et al.,
2025). As such, the model is not suitable for operational decision-
making at the individual tree or stand level without validation. High
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false positive rates may lead to inefficient field verification and limit
user trust, which constrains practical operational deployment. Instead,
its main utility lies in identifying areas with elevated likelihood of
mortality, which can support targeted field surveys.

Our three-class model's performance is comparable to other multi-
class approaches (Gonzalez and Wallner, 2025; Schwarz et al., 2023),
even though out study doesn't omit ambiguous crowns or undetected
objects prior to classification which are common in instance-based (e.g.
YOLO) methods. Schwarz et al. (2023) used 20 cm GSD tiles with an F1
score of 0.66-0.71 excluding the background, and F1 score of 0.99
including it. Our Model has comparable results, in some areas per-
forming slightly better, and in other areas slightly worse. Gonzalez and
Wallner (2025) also used 20 cm pixel size on their training data, and the
results varied a lot from poorly performing models to the best per-
forming Attention U-Net which had an F1-score of 0.68 for multi-class
classification and 0.72 for binary. Studies in more southern areas of
Finland (Mayra et al., 2021, 2025) showed mean average precision at
IoU at 50% (mAP50) showed 0.65-0.68 while in tree species recognition
an F1 scores over 0.80. Intersection over Union (IoU) measures the
spatial overlap between predicted and reference tree segments, while
mean Average Precision at an IoU threshold of 50% (mAP50) summa-
rizes detection performance by considering predictions with at least
50% overlap as correct.
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Our approach of classifying each pixel then assessing segments cre-
ates object level information with a scalable approach for mortality
mapping, even though single-tree models may achieve higher precision
under simplified class definitions or validation methods.

4.2. Environmental drivers for tree mortality

The mortality hotspots were concentrated in the southern, higher
elevation parts of the study area, dominated by of older and larger Picea
abies tree stands. These stands consist of mature; regeneration tree
stands. After examining the potential drivers,

After examining the potential drivers, we observed that Pinus syl-
vestris dominated stands exhibited lower mortality levels than Picea abies
dominated stands, despite having high stand density and comparable or
greater mean tree height and basal area (Table 3; Figs. 7-8). Mortality
hotspots were primarily concentrated in mature Picea abies stands
located at higher elevations, where snow-damage risk was also elevated.
These patterns are consistent with established ecological understanding
that shallow-rooted Picea abies is particularly vulnerable to mechanical
damage under heavy snow loads in boreal conditions (Nykanen et al.,
1997; Lehtonen et al., 2014), and that older stands are generally more
susceptible to abiotic stress and secondary disturbances such as pest
outbreaks (Netherer et al., 2024).

Other environmental drivers are the precipitation e.g. snowfall and
snow load. The 2017-2018 winter season in Finland had an exception-
ally high snowfall and cumulative snow-load. The national 16 m grid
level snow-damage risk map (Suvanto et al., 2021) aligns with our
findings that snow load, elevation and exposure are the key environ-
mental drivers (Suvanto et al., 2021; Tomppo et al., 2019). On broader
scale, canopy mortality increased consistently since the mid-1980s (Senf
et al., 2018, 2021), reflecting intensification of the climate related dis-
turbances while reshaping forest demography toward younger age
classes, and impacting biodiversity and carbon storage. These trends had
an amplified effects in the Arctic (Rantanen et al., 2022), urging for a
scalable mortality indicator in boreal and Arctic regions.

4.3. Implication for tree mortality detection method development

We used a three-class division (alive, dead, and background) to
balance ecological relevance with operational feasibility. More detailed
health classes such as partially dead or disease-infected are ecologically
meaningful but difficult to validate consistently at landscape scale
without repeated field inventories. Recent study shows that often
expanding the number of classes lowers the performance significantly
compared to binary classification and demands intensive field work
(Anwander et al., 2024). Our approach prioritises scalability, field
verifiability, and future integration with landscape-level monitoring.

The method still has several uncertainties and limitations. Partial
mortality, e.g. dead tops or branches, and under-canopy mortality can
cause misclassification and under detection in optical nadir imagery
(Junttila et al., 2024; Schiefer et al., 2023). To reduce misclassification,
in our training data we considered only 3 classes, merging all partially
dead tree with the alive ones. However, not mapping partial mortality as
a separate category has its own limitation for the proposed approach. In
forests affected by climate-driven stress, such intermediate states are
common; however, the present workflow is intentionally designed to
detect only fully dead standing trees. This choice aligns with biodiver-
sity monitoring objectives, where standing deadwood is the primary
indicator of interest, and supports scalability and clear interpretation of
the results. Seasonal factors, such as leaf-on and leaf-off data and snow
cover influence spectral separability among different classes. We also
acknowledge that detecting only fully dead trees limits the method's
ability to function as an early warning system. Partial crown mortality
represents an earlier stage of decline; however, it is also more difficult to
detect reliably using remote sensing data. Future work should explicitly
target gradient-based mortality detection to better capture early-stage
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decline.

Manual crown delineation is another source of uncertainty, espe-
cially in dense forest stand where crown boundaries overlap. Post-
processing, e.g. watershed or attention modules, may reduce these ar-
tifacts but not eliminate them (Zhou et al., 2024). The sample size,
especially for dead tree crowns, was relatively small in our study for a
deep learning method. This can bias the model toward the majority
class, the alive trees, while the recall of dead trees remains lower, as
observed particularly in Pinus sylvestris and deciduous dominated areas.
More robust and diverse training data are needed to ensure the model
handles dead trees reliably, as their appearance varies widely with
species, crown structure, and decay stage. Without capturing this vari-
ability, the model may not generalize well to other sites, disturbance
types, or mortality conditions. Beyond monitoring dead trees, the mor-
tality indicator which expresses the percentage of dead treesina 16 m x
16 m area, also supports biodiversity assessments. Deadwood is a widely
recognised biodiversity indicator and strongly associated with species
richness among decomposing fungi, beetles and cavity nesting birds
(Humphrey et al., 2005; Lassauce et al., 2011). In Finland, many red-
listed species are associated with deadwood, notably in Picea abies and
European Aspen (Populus tremula L.) habitats (Rana et al., 2024;
Tikkanen et al., 2006). By mapping mortality hotspots and quantifying
mortality intensity, our indicator provides a spatial tool to support
deadwood retention strategies, prioritize mixed and climate smart
forestry.

The transferability of the model depends on the availability and
acquisition of high-resolution imagery and low-pulse-density lidar data.
A key strength of the workflow is the integration of national airborne
lidar-derived CHMs, which provide consistent structural information
across large areas in Finland. However, such nationally harmonized
lidar products are not universally available, limiting direct trans-
ferability to regions lacking comparable reference data. Consequently,
the current approach is most readily applicable in countries with sys-
tematic national lidar coverage, such as Finland and Sweden. In addi-
tion, model performance may be influenced by variations in acquisition
conditions, including seasonal illumination, snow cover, and UAV flight
parameters (e.g., altitude, sensor configuration, and viewing geometry).
These factors can affect both spectral response and crown delineation,
particularly in boreal environments with strong seasonal variation.
Although the use of height-based information contributes to robustness,
adapting the model to new regions or acquisition settings would likely
require region-specific retraining or normalization strategies.

Disturbances occurring after shortly data acquisition may cause in-
consistencies when trees have fallen or regenerated between datasets.
However, with suitable imagery and training data the method can help
fill spatial and temporal gaps in traditional monitoring systems, partic-
ularly after bark beetle outbreaks, drought-related mortality, or extreme
snow damage (Senf et al., 2021) Moreover, multi-temporal assessments
can aid and create more robust predictions and offer a near real-time
support for forest managers post-disturbances.

Overall, the presented approach demonstrates the potential of deep
learning for large-area mortality mapping but remains limited by clas-
sification uncertainty, particularly for the dead tree class. Our wall-to-
wall mapping can be used as preliminary planning tool, rather than a
fully operational monitoring system at its current state, to helps iden-
tifying stress hotspots and aligns with European and international
monitoring need (European Commission, 2021; Forest Europe, 2020;
United Nations, 2023). The results should therefore be interpreted as
exploratory indicators of spatial mortality patterns rather than precise
maps of individual dead trees. Future work should focus on improving
class separability, incorporating temporal information, and explicitly
addressing partial mortality to enhance both precision and operational
relevance.
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5. Conclusion

Our study demonstrates that U-Net-based segmentation combined
with high resolution aerial imagery and lidar-derived canopy height
models data can provide a scalable and spatially quantifiable indicator
for tree mortality. In the Arctic region, forest health and tree mortality
are typically assessed using field plot data with limited spatial coverage,
despite the rapid environmental changes driven by climate change. Our
results show that the proposed approach can reliably identify alive trees
and detect dead trees with high recall but substantial uncertainty due to
false positives. The indicator was not solely aimed only at precise tree-
level mortality accounting, but also for spatially explicit identification
of mortality patterns and hotspots. By detecting dead tree hotspots and
linking them to key environmental drivers such as elevation, snow load,
and forest stand structure, the indicator can support preliminary
assessment of mortality patterns, but does not yet provide a reliable
early-warning capability, It can complement forest inventories in future,
strengthening its value for biodiversity assessments and climate-resilient
forest management. Future research should focus on extending this
approach to Sentinel-2 satellite-based observations to enable large scale
and continuous monitoring of tree mortality with a 5-day revisit time.
Integrating UAV based high resolution products with Sentinel-2 10-20
m resolution data-based time series could support model transferability
and temporal monitoring of mortality dynamics.
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Fig. 9. Pixel-level classification (left), tree crown coverage (middle) and dead tree coverage - tree mortality predictions (right) on wall-to-wall maps of Valisuo area.
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