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ARTICLE INFO ABSTRACT
Keywords: Biodiversity supports boreal forest stability, with European aspen (Populus tremula L.) enhancing
Biodiversity it by providing crucial habitats and resources for dependent species. Despite existing aspen

Keystone species

Deep learning
Semantic segmentation
U-Net

remote sensing methods, there is no efficient method for mapping it over large areas to support
forest management and conservation. In this study, we developed a deep learning-based semantic
segmentation model to segment aspen from openly available national aerial imagery, evaluated
its accuracy using field data, and compared the segmentation performance between leaf-on and
leaf-off conditions. The study was conducted in three areas in southern Finland: Helsinki, Lohja,
and Evo. We employed a U-Net encoder-decoder architecture using four-band aerial imagery
(RGB and NIR) with a spatial resolution of 0.5 m, captured during both seasonal conditions.
Training data consisted of visually identified aspen locations from imagery between 2010 and
2023, covering 290 sites across Finland. We found notable differences in segmentation accuracy
between leaf-on and leaf-off conditions and aspen size. The F1-score was higher in leaf-off (0.573)
than leaf-on (0.494), with intersection over union (IoU) values of 0.280 and 0.256 for leaf-off and
leaf-on, respectively. The diameter at breast height (DBH) of the segmented aspens was similar for
both conditions. Moreover, segmentation accuracy improved for larger aspens, with Fl-scores
reaching 0.663 (leaf-off) and 0.551 (leaf-on) for aspens >20 cm DBH, and 0.710 (leaf-off) and
0.594 (leaf-on) for those >30 cm. The developed model reasonably locates aspen distribution and
abundance, assisting forest managers to make informed management decisions.

1. Introduction

European aspen (Populus tremula L.; hereafter ‘aspen’) helps sustain biodiversity in conifer-dominated boreal forests subject to
intensive management in Fennoscandia. Large aspens, in particular, support many species, and their continuous presence both alive
and dead is vital for forest biodiversity (Tikkanen et al., 2006; Kivinen et al., 2020). Many species including willow tits (Poecile
montanus; Baroni et al., 2021), woodpeckers and owls (Hardenbol et al., 2019; Tikkanen et al., 2006), flying squirrels (Pteromys volans;
Remm et al., 2017), and tree-dwelling bats (Russo et al., 2023; Tillon et al., 2016; Michaelsen, 2016), rely on aspens for habitat. In
addition, tree-dwelling bats prefer aspens for maternity roosts due to the greater warmth and shelter they provide compared to
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coniferous trees (Russo et al., 2023; Tillon et al., 2016; Michaelsen, 2016). Aspen’s calcium-rich leaf litter helps elevate the pH of acidic
soils, affecting nutrient cycling and ecosystem processes (Nikula et al., 2010), thus reinforcing its designation as a keystone species.

Aspen is an early-successional species that typically regenerates in open areas or forest gaps, reproducing sexually via seeds and
mainly asexually via root suckers that form genetically identical clones (Kivinen et al., 2020; Latva-Karjanmaa et al., 2007). It typically
occurs in small groups or stands within conifer-dominated forests and can grow across a range of site conditions (Rogers et al., 2020).
Despite its ecological importance, the number of aspens has declined sharply in both pristine and managed boreal forests (Hardenbol
et al., 2020; Hedenas and Ericson, 2008). In managed forests, large aspens have often been removed, and natural recruitment remains
low due to browsing, competition, and lack of disturbances. For example, Hardenbol et al. (2020) reported a 37 % decline in living
aspens in Finland over 18 years. Latva-Karjanmaa et al. (2007) projected that in old-growth forests, only 10 % of mature aspens would
survive beyond 90 years.

With aspen populations in decline and their ecological role critical, large-scale and accurate mapping is essential for conservation.
One major barrier to aspen conservation is the lack of detailed spatial and temporal data (Kivinen et al., 2020). Its sparse, clustered
distribution and low commercial value often lead to its grouping with other minor deciduous species in forest inventories, complicating
identification and management (Kuzmin et al., 2021; @rka et al., 2010). Recent advancements in remote sensing technologies,
particularly LiDAR and high-resolution aerial imagery, offer new opportunities for accurate segmentation and mapping of aspen at
broad scales (Tuominen et al., 2018). The remote sensing approach, gaining attention globally, has the potential to provide more
accurate, consistent, and large-scale data on aspen distribution, which could greatly enhance forest management and conservation
initiatives in boreal forests.

Aspen segmentation and mapping have been studied across Fennoscandia (Breidenbach et al., 2010; Erikson, 2004; @rka et al.,
2010), especially in Finland (e.g., Kuzmin et al., 2021; Saynajoki et al., 2008; Toivonen et al., 2024; Tuominen et al., 2018; Viinikka
et al., 2020). The accuracy of aspen segmentation is significantly influenced by the data sources and modeling techniques employed
(Hardenbol et al., 2021; Kivinen et al., 2020; Kuzmin et al., 2021; @rka et al., 2010; Toivonen et al., 2024). Traditional predictive
models such as Random Forest (RF) and Support Vector Machine (SVM) have been extensively used for tree species classification
including aspen, often yielding good accuracy (Kuzmin et al., 2021; Toivonen et al., 2024); for instance, SVM has demonstrated high
precision in aspen classification tasks, reporting accuracies of up to 86 % (Kuzmin et al., 2021). However, these methods generally rely
on manual feature extraction and accurate crown delineation, making them labor-intensive and prone to errors, especially in
high-resolution imagery where background noise can reduce classification performance (Han et al., 2022; Dalponte et al., 2019).
Additionally, tree-level classification often requires supplemental remote sensing data such as LiDAR to support accurate crown
delineation.

While traditional models are effective, they have limitations in capturing complex crown structures. Deep learning approaches,
particularly Convolutional Neural Networks (CNNs), have shown high potential in the segmentation and classification of tree crowns
including aspen (Mayra et al., 2021). CNNs outperform traditional machine learning (ML) models by capturing complex spatial
features, textures, and structural patterns in high-resolution imagery (Sothe et al., 2020; Chen et al., 2018; Audebert et al., 2018;
Huang et al., 2018; Pesek et al., 2024). Mayra et al. (2021) reported a higher accuracy for aspen classification using 3D CNNs on LiDAR
and hyperspectral data. Similarly, Junttila et al. (2024) reported an Fl-score of 0.93 for forest canopy mortality segmentation in
southeast Finland using U-Net with aerial imagery. Among CNN architectures, U-Net is particularly well-suited for crown segmentation
because it performs pixel-level semantic segmentation, preserves both local and global image features, and maintains high accuracy
even with limited annotated data (Ronneberger et al., 2015). These qualities make U-Net a promising choice for accurate and efficient
crown segmentation, and several studies have used and recommended U-Net for tree segmentation and classification tasks (Mayra
et al., 2021; Schiefer et al., 2020).

Several studies have employed different data sources for forest species segmentation and classification, especially focusing on
aspen, such as unmanned aerial vehicle (UAV) aerial imagery (Hardenbol et al., 2021; Kuzmin et al., 2021; Tuominen et al., 2018),
airborne laser scanning (ALS) (Orka et al., 2010; Viinikka et al., 2020), satellite-based imagery (Troshin et al., 2025; Cook et al., 2024;
Illarionova et al., 2024a) and combinations of multiple data types (e.g., Saynajoki et al., 2008; Toivonen et al., 2024; Mayra et al.,
2021). Among these, satellite-based imagery offers advantages such as broad spatial coverage and relatively low cost. However, its
lower spatial resolution can hinder accurate species classification, and very-high-resolution satellite imagery often comes with a
trade-off of low spectral resolution, which may further limit its ability to distinguish species. UAV aerial imagery, in contrast, has
proven effective in classifying and mapping due to its high-resolution data, although the success varies depending on the data and
methods applied. For instance, Hardenbol et al. (2021) reported high accuracy for aspen classification by combining multispectral UAV
imagery with point clouds, while Tuominen et al. (2018) reported similarly strong performance using stereo-photogrammetric point
clouds in combination with hyperspectral information. Moreover, UAV-based RGB and multispectral imagery have also shown
impressive segmentation accuracy (Kuzmin et al., 2021). Combining UAV data with ALS or hyperspectral imagery can improve results,
though inconsistently, for example, Toivonen et al. (2024) reported lower F1-scores. Although UAV-based approaches have demon-
strated high accuracy for localized aspen segmentation, their high operational costs and limited spatial coverage limit their scalability
and practical application in large-scale forest monitoring programs.

Aspen segmentation has proven more challenging than for species such as Scots pine (Pinus sylvestris) or Norway spruce (Picea abies)
(Orka et al., 2010; Kuzmin et al., 2021; Mayra et al., 2021; Breidenbach et al., 2010), though some studies (e.g., Viinikka et al., 2020)
reported the opposite. Despite these mixed findings, there is clear potential to improve aspen segmentation using aerial imagery
combined with U-Net deep learning. While challenges remain under both leaf-on and leaf-off conditions, no prior study has employed
semantic segmentation to identify and localize aspens from remotely sensed data while comparing segmentation accuracy across
seasonal conditions. Moreover, a scalable approach for large-area aspen mapping is still lacking, limiting its application in operational



A.L. Chowdhury et al. Remote Sensing Applications: Society and Environment 40 (2025) 101755

forest management and biodiversity conservation.

Therefore, the main objective of this research is to develop a U-Net deep learning model to segment European aspen from openly
available aerial imagery collected at the national scale and assess the segmentation accuracies of the developed model based on field
data. We also aimed to compare the segmentation accuracy between leaf-on and leaf-off conditions.

This research makes the following contributions:

e Development of a U-Net deep learning model for European aspen segmentation using openly available, national-scale aerial im-
agery, enabling large-scale aspen mapping.

e Evaluation of segmentation accuracy under different leaf conditions (leaf-on vs. leaf-off), providing insights into the optimal timing
for aspen monitoring.

o Assessment of the influence of aspen size, specifically diameter at breast height (DBH), on segmentation accuracy using inde-
pendent field measurements from three study areas.

2. Data & methods
2.1. Study area

The study includes three testing areas in southern Finland: Helsinki central park (hereafter ‘Helsinki’) (60.2643°N, 24.9149°E),
Lohja (60.3077°N, 24.0367°E), and Evo (61.2470°N, 25.0626°E) (Fig. 1). These sites were selected due to the availability of aerial
imagery captured during both leaf-on (June-August) and leaf-off (October—-May) conditions.

Helsinki presents a balanced integration of urban development and natural landscapes, including managed green spaces, urban
forests, parks, and protected reserves. Dominant tree species include Norway spruce (Picea abies (L.) Karst), Scots pine (Pinus sylvestris
L.), and Silver birch (Betula pendula Roth), with European aspen (Populus tremula L.) and willows (Salix spp.) thriving in wetlands
(Tikkanen et al., 2006). The topography is generally flat, ranging from sea level to approximately 60 meters (m) above sea level (a.s.l.),
with the Baltic Sea moderating the local microclimate. The region experiences a hemiboreal climate, featuring an average annual
temperature of ~6.5 °C, a growing season of 180-200 days, and an annual precipitation of 653 mm (Karvinen et al., 2024).
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Fig. 1. Study area map: (a) Training areas during leaf-on conditions, marked in red; (b) Training areas during leaf-off conditions, marked in yellow;
(c) Study areas with field data for aspens, highlighted in blue.
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The Lohja site, located in the hemiboreal-southern boreal transition zone, is predominantly forested (61 %), with 19 % arable land
and 1.3 % under protection or conservation programs (Pykala, 2019). The landscape is a mosaic of forestry land, arable fields,
inhabited areas, and frequent rock outcrops. Dominant tree species include Norway spruce (P. abies (L.) Karst), Scots pine (P. sylvestris
L.), birches (B. pendula Roth and B. pubescens Ehrh.), European aspen (P. tremula L.), and other deciduous species. The climate features
an average annual precipitation of 725 mm, mean July temperature of +17 °C, mean February temperature of —6.5 °C, and a 177-day
growing season (Pykala, 2004; Virtanen, 1995).

The Evo study area in Hameenlinna municipality is characterized by a gradient of forest management, ranging from intensively
managed to natural stands (Vauhkonen, 2018). The forest composition includes Downy birch (B. pubescens), Silver birch (B. pendula),
Norway spruce (P. abies), Scots pine (P. sylvestris), and patchy European aspen (P. tremula) (Kuzmin et al., 2021). The terrain consists of
gentle hills and depressions with elevations from 125 to 195 m a.s.l., underlain primarily by moraine and glaciofluvial deposits
(Viinikka et al., 2020). The hemiboreal climate here has cold, snowy winters and mild summers, with an average annual temperature of
3.1 °C, a 160-day growing season, and approximately 670 mm of annual precipitation (Shorohova et al., 2024; Viinikka et al., 2020).

2.2. Aerial imagery in dataset preparation: training, validation, and testing

The training data were derived from visual observations of aspens in aerial imagery collected between 2010 and 2023 due to
limited field data and the need for a large dataset to train a convolutional neural network. A total of 290 locations were manually
selected for both leaf-on and leaf-off imagery, with area sizes ranging from 2 to 41 ha. Sites were chosen randomly, emphasizing
diverse aspen distributions and sizes to ensure representation across forest types, imaging conditions, and image qualities for improved
model robustness. The imagery, obtained from the National Land Survey of Finland (https://paituli.csc.fi/download.html, accessed 27
February 2025), was available under a CC-BY license. It included four spectral bands (red, green, blue, and near infrared) with a spatial
resolution of 0.5 m. The imagery was orthorectified utilizing a 2-m digital elevation model (DEM), with pixel positional accuracy
ranging from 0.5 to 2 m.

The annotation data consisted of aspen canopy segments manually outlined (i.e., polygons) within aerial imagery (Fig. 3). We
aimed to segment each individual aspen, or groups of aspens where crowns overlapped, as single segments. Aspens were visually
identified using RGB and false-color (NIR, red, green) imagery, occasionally supported by Google satellite imagery. As visual iden-
tification favors larger upper-canopy aspens, the training data primarily represent these individuals. Segmentation was performed in
QGIS (v3.40.0) for both leaf-on and leaf-off imagery, depending on availability. A total of 20738 segments were outlined from imagery
captured between 2010 and 2023 across Finland: 14011 for leaf-on and 6727 for leaf-off conditions (Table 1). Segments were reviewed
by an additional expert to ensure accuracy. The dataset was split into training (90 %) and validation (10 %) sets, with the validation set
used for hyperparameter tuning. We trained the model separately for both leaf-on and leaf-off imagery.

For testing, aerial imagery from 2019 to 2023 was collected for both leaf-on and leaf-off conditions, corresponding to available
field-mapped aspen locations. Field data were obtained from three sites in southern Finland during inventories conducted between
2019 and 2023 (Table 2). All aspens with a DBH >5 cm were measured, and their locations within 9-m radius plots were recorded using
a Trimble R10 RTK-GPS. In the imagery, each aspen or group of aspens was manually segmented to match field-mapped locations
precisely. A total of 303 segments were outlined: 131 for leaf-on and 172 for leaf-off conditions (Table 3). The workflow is illustrated in
Fig. 2.

Table 1

The number of aspen segments for the training and validating of the segmentation model.
Year Number of segments

Leaf-on Leaf-off Total

2010 0 49 49
2011 16 44 60
2012 0 342 342
2013 0 40 40
2014 0 61 61
2015 95 0 95
2016 91 52 143
2017 75 329 404
2018 107 75 182
2019 274 454 728
2020 20 402 422
2021 785 185 970
2022 11959 107 12066
2023 589 4587 5176
Total 14011 6727 20738
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Table 2

Aspen attributes (DBH in cm) statistics for testing datasets collected in the field. Stdv-standard deviation.
Statistic Helsinki Lohja Evo Total
Mean 33.71 23.48 38.72 32.98
Stdv 14.56 12.42 9.72 13.99
Range 5.10-78.60 5.00-51.00 16.20-55.00 5.00-78.60
Number of aspens (n) 115 75 99 289

Table 3

The number of aspen segments for testing the segmentation model. The number of
aspens: Helsinki (n = 115), Lohja (n = 75), and Evo (n = 99).

Locations Number of segments
Leaf-on Leaf-off
Helsinki 68 104
Lohja 26 33
Evo 37 35
All 131 172
Aerial imagery with four bands Aerial imagery with four bands Field survey data
Temporal resolution: 2010-2023 Temporal resolution: 2019-2023 Location of the aspens
Bands: Red, blue, green, and NIR Bands: Red, blue, green, and NIR Coverage: Study areas
Coverage: 220 locations of Finland Coverage: Study areas
Season: leaf-on and off Season: leaf-on and off
v
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Fig. 2. Workflow of the main steps and analysis of aspen segmentations.
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Fig. 3. Example of aspen annotations in both leaf-on and leaf-off imagery used for training and validation datasets.

2.3. Aspen segmentation model

In this study, we designed a fully convolutional neural network for semantic segmentation of aspens in aerial imagery, building on
the U-Net encoder-decoder framework (Ronneberger et al., 2015). Our approach introduced four key modifications over the con-
ventional U-Nets: Mobile Residual Blocks (M_ResB), an Atrous Spatial Pyramid Pooling (ASPP) module, refined decoder upsampling
blocks combining transposed convolutions (Trans_CONV2D) and Conv2D layers, and an output layer using tanh activation tailored for
the segmentation task. The encoder extracts hierarchical, multi-scale features while reducing spatial dimensions (Badrinarayanan
etal., 2017), and the decoder reconstructs high-resolution feature maps through transposed convolutions, integrating skip connections
to merge low- and high-level features for accurate reconstruction (Zelioli et al., 2024).

Within the encoder, the model incorporates three distinct types of blocks (Fig. 4a). First, 2D Convolutional blocks (CONV2D) adjust
feature depth with 1 x 1 kernels, batch normalization, and ReLU activation, preserving spatial dimensions (Krizhevsky et al., 2017;
Lanjewar and Gurav, 2022; Schiefer et al., 2020). Second, Mobile Residual Blocks (M_ResB) perform feature extraction using a
combination of layers. These blocks start with a convolutional layer that maps the input to a higher-dimensional feature space, fol-
lowed by a depth-wise separable convolution layer that extracts features individually for each channel of the intermediate repre-
sentation (Fu et al., 2024) as shown in Fig. 4b. A final pointwise convolutional layer with 1 x 1 kernels reduces the dimensionality of
the high-dimensional mapping to a lower dimensional space (Junttila et al., 2024). Additionally, skip connections between input and
output improve the gradient flow for more efficient training. Overall, these Residual Mobile Blocks (M_ResB) inspired by MobileNets
(Carvalho et al., 2022) provide computational efficiency while maintaining comparable performance levels. Third, the Atrous Spatial
Pyramid Pooling (ASPP) block, illustrated in Fig. 4c, employs atrous convolutions with dilation rates of 2, 4, and 8 to capture
multi-scale features, and concatenates the resulting outputs depth-wise to enhance contextual representation (Chen et al., 2018;
Sunandini et al., 2023; Torres et al., 2020).

The decoder reconstructs high-resolution feature maps while gradually upsampling (Zhao and Fogler, 2023). The process begins
with a Trans_Conv2D block, which upsamples the feature maps to 256 x 256 x 128, followed by a Conv2D operation to refine the
depth to 64 channels. Within each transposed convolution block, a transposed convolution layer is paired with batch normalization
and subsequently activated with a rectified linear unit (ReLU; Junttila et al., 2024; Krizhevsky et al., 2017). To preserve fine-grained
spatial information, CONCAT merges decoder outputs with corresponding encoder features. A second Trans. CONV2D increases res-
olution to 512 x 512 x 32, followed by Conv2D producing a single-channel segmentation map (512 x 512 x 1). At the output layer,
the tanh activation function is applied to constrain the segmentation map values between —1 and 1 (Sun et al., 2022). The resulting
map is binarized using a threshold of —0.5, and transformed into polygons via contour extraction as postprocessing.

Images were channel-wise normalized, and training data were augmented with random rotations, brightness/contrast adjustments,
multiplicative noise, and gamma variations using Albumentations library (Illarionova et al., 2022). All the experimental evaluations
were performed using Tensorflow (Abadi et al., 2016) with Python. The proposed network was trained for 100 epochs utilizing Adam
optimizer (Kingma and Ba, 2014) with an initial learning rate of 2 x 10~ and momentum update parameters as p; = 0.9 and p, =
0.999. We used mean-squared error as loss function with a batch size of 8. The learning rate was gradually decreased by a factor of 0.7
whenever the validation metrics showed no further improvement.



A.L. Chowdhury et al. Remote Sensing Applications: Society and Environment 40 (2025) 101755

% v
X - -
P N
3 Inputimage Segmentation %
& map ks
g [
- A —— O .- fosusars
o~
0 Conv2D o
= ~N
n filters; 32 X
ﬁ kernel size: 1x1 §
v stride: 1 B

¥9xZTSHZIS

ol
~
-

x
o
v
~

X
o
w
~

. I l
i i i
i | i
i i .
! i '
: i '
: ! !
: i -
! i :
! i '
! i '
: i l
: i !
: ! !
: ! ;
. ! Conv2D ¢!
LT 1 !
N i filters: 32 &
I é i kernel size: 1x1 %2+
O~ . stride: 1 a :
. % b ! oo
Pios £ = i
. . u -
| -g | =] |
. o ! [=] g
L oe ' & !
g i %!
- i &
. ~ *o
\ - * 1
-8 ! -
. . r
1 1 1
: . Conv2D &
: ' g i
! \ filters: 64 B
1 i kernel size: 1x1 g '
| = . stride: 1 F
: 1) 1 1
— . .
I & I ]
i S : . :
1 : 1
. X . b .
. & i $ i
! i ra 1
: + & !
[ i i a !
! i i & i
1 . : ; :
v w I 1
: o Conv2D Z . :
: : 2 ! i ¥ r
! & filters: 256 3 | i 2 i
1 % kernel size; 1x1 a_ - ; E '
i o stride: 1 - ; X i
i ; : ® i
. l -
: ' 1 !

Fig. 4a. Aspen segmentation U-Net model architecture. The model processes 512 x 512 x 4 images using an encoder-decoder structure. The
encoder extracts hierarchical features using a series of CONV2D layers and Mobile Residual Blocks (M_ResB) illustrated in Fig. 4b. At the bottleneck,
an Atrous Spatial Pyramid Pooling (ASPP) module shown in Fig. 4c captures multi-scale context. The decoder upsamples features using Trans_-
CONV2D layers and merges them with corresponding encoder outputs via CONCAT layers to preserve spatial detail. A final 1x 1 convolution with
tanh activation produces the segmentation map. All convolutions use “same” padding to maintain spatial resolution throughout.
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2.4. Assessing the trained model’s performance

To evaluate the model, the predicted segments were compared with field measurements and manually annotated segments from the
testing dataset. Performance metrics such as precision (Eq. (1)), recall (Eq. (2)), and F1-score (Eq. (3)) were computed based on field-
measured aspens, while intersection over union (IoU) (Eq. (4)) was calculated using the manually annotated segments. True positives
(TP) were defined as model-derived aspen segments that overlapped with field-measured aspen locations, while false positives (FP)
were model segments without any overlapping with field observations. Field-measured aspens without a spatial match from the model
were identified as false negatives (FN). Spatial join tools in QGIS (version 3.40.0) facilitated the matching process.

recision = P wl

p “TP+FP ’
TP

TP Eq. 2
reCl = Tp L FN )
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The model performance was measured using several evaluation metrics: precision, recall, F1-score, and IoU. Precision represents
the proportion of model-predicted aspen segments that correctly correspond to manually annotated ground-truth segments. Recall
indicates the fraction of annotated aspen segments that were successfully matched with the model’s predictions. The F1-score provides
a balanced metric by combining precision and recall through their harmonic mean. Finally, IoU quantifies the extent of spatial overlap
between the model-segmented and manually labeled segments. DBH statistics were calculated by spatially matching each segmented
aspen polygon to the nearest aspen field measurement.

To generate the aspen cover map (16 x 16 m? resolution), we calculated the percentage of aspen within each pixel using data from
the forest mask and aspen cover. The forest mask data was provided by the Finnish Forest Centre (Metsdkeskus in Finnish).

3. Results
3.1. Aspen segmentation accuracy was higher for leaf-off imagery

There are notable differences in aspen segmentation accuracy between leaf-on and leaf-off conditions. The F1-score was higher in
leaf-off (0.573) than in leaf-on (0.494), and IoU showed a similar trend (0.280 vs. 0.256; Table 4). Precision, however, was higher in
leaf-on (0.907) than in leaf-off (0.879), whereas recall was higher in leaf-off (0.426) than in leaf-on (0.339).

Performance also varied across study sites. In Helsinki, leaf-off conditions showed moderate precision (0.848) and recall (0.583),
leading to an F1-score of 0.691, while leaf-on precision was 0.781, and recall decreased sharply (0.217) (see Table 4). Lohja consis-
tently achieved high precision in both conditions (1.000 in leaf-on and 0.875 in leaf-off), but recall was modest (0.360 in leaf-on and
0.467 in leaf-off), with better overall balance during leaf-off. Evo displayed the highest precision (1.000 in leaf-off and 0.939 in leaf-
on), but recall was particularly low, especially in leaf-off conditions (0.212), contributing to reduced F1-scores and IoU.

The model segmentation performance under leaf-on and leaf-off conditions is illustrated in Fig. 5. Panel (a) shows aspens that were
correctly segmented (true positives), demonstrating the model’s ability to accurately identify trees under varying foliage conditions.
Panel (b) highlights misclassifications, including false positives, where non-aspen areas were incorrectly labeled, and false negatives,
where aspens were missed. Panel (c¢) highlights incorrect segmentations, showing where the model struggled.

Aspen segmentation under both leaf-on and leaf-off conditions yielded comparable results, with minor variations in the mean DBH
across locations. In the leaf-off condition, the mean DBH across all locations was 42.12 + 8.98 cm, closely aligning with the leaf-on
segmentations (Table 5). The mean DBH values were 42.85 + 8.98 cm for Helsinki, 38.81 + 9.51 cm for Lohja, and 45.07 + 5.64
cm for Evo. As in the leaf-on condition, larger aspens were predominantly segmented in Evo. In leaf-on condition, the overall mean
DBH across all locations was 42.06 cm (£8.23 cm), with Helsinki showing a mean DBH of 42.90 cm (£+6.09 c¢cm), Lohja 35.71 cm
(£9.78 cm), and Evo 44.99 cm (£6.50 cm) (see Table 5). Overall, DBH exhibited a slightly wider range and greater standard deviation
in the leaf-off condition compared to leaf-on.

3.2. Improved model performance with larger aspens

The model performs better in segmenting larger aspens, as evidenced by improved segmentation metrics when focusing on trees
with DBH greater than 20 cm in both leaf-on and leaf-off conditions. For aspens larger than 20 cm, the F1-score increased to 0.663 in
leaf-off (up from 0.573 for all aspens) and to 0.551 in leaf-on (up from 0.494), while the Intersection over Union (IoU) also improved
slightly in both conditions. Location-specific results showed similar trends: in Helsinki, the leaf-off F1-score increased from 0.691 to
0.722, and leaf-on from 0.340 to 0.424; in Lohja, scores reached 0.757 during leaf-off and 0.667 in leaf-on. Evo exhibited high pre-
cision (0.938-1.000) but low recall, particularly in leaf-off (0.241), which led to lower F1-scores (Table 6).

Moreover, the model performance further improves for aspens larger than 30 cm in DBH, particularly in leaf-off conditions. For
aspens >30 cm, the F1-score reached 0.710 in leaf-off and 0.594 in leaf-on, both exceeding the scores for all aspens (0.573 and 0.494)
and aspens >20 c¢m (0.663 and 0.551). IoU increased significantly to 0.323 in both leaf-on and leaf-off conditions, surpassing values
observed for smaller aspens. Precision remained consistent across size categories, while recall showed marked improvement for aspens
>30 cm, especially during leaf-off (0.606). Location-specific results reinforce this trend: in Helsinki, the F1-score for aspens >30 cm
increased to 0.736 in leaf-off and 0.452 in leaf-on; in Lohja, leaf-off F1-score improved to 0.903 with an outstanding recall of 0.933,
and leaf-on scores improved to 0.783. Evo’s precision remained high (0.938-1.000), but its low recall in leaf-off (0.280) caused lower
F1-scores (see Table 6). Overall, the segmentation accuracy improved by 12-16 % (F1-score) for aspens >20 cm DBH and by 20-24 %
for those >30 cm when smaller trees were excluded. Corresponding IoU gains were 5-14 % and 15-26 %, respectively.

Table 4
Summary of the segmentation model performances.
Season Location Precision Recall F1-score ToU
Leaf-on Helsinki 0.781 0.217 0.340 0.122
Lohja 1.000 0.360 0.529 0.486
Evo 0.939 0.465 0.622 0.411
All 0.907 0.339 0.494 0.256
Leaf-off Helsinki 0.848 0.583 0.691 0.378
Lohja 0.875 0.467 0.609 0.492
Evo 1.000 0.212 0.350 0.066
All 0.879 0.426 0.573 0.280
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Fig. 5. Model segmentation results under leaf-on and leaf-off conditions. Panels show (a) true positives, (b) false positives and false negatives, and
(c) incorrect segmentations. Visualization uses false-color imagery (NIR, red, and green).

Table 5
Segmented aspen DBH (cm) statistics for leaf-on and leaf-off conditions. Stdv-standard deviation.
Season Location Mean Stdv Range
Leaf-on Helsinki 42.90 6.09 24.20-49.90
Lohja 35.71 9.78 21-51
Evo 44.99 6.50 33.60-55
All 42.06 8.23 21-55
Leaf-off Helsinki 42.85 8.98 23.30-62.70
Lohja 38.81 9.51 22-51
Evo 45.07 5.64 40-55
All 42.12 8.98 22-62.70
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Table 6
Summary of the segmentation model performance in larger aspens.
Aspen Season Location Precision Recall Fl-score IoU
Aspens >20 cm DBH Leaf-on Helsinki 0.778 0.292 0.424 0.150
Lohja 1.000 0.500 0.667 0.548
Evo 0.938 0.517 0.667 0.418
All 0.884 0.400 0.551 0.292
Leaf-off Helsinki 0.830 0.641 0.722 0.402
Lohja 0.875 0.667 0.757 0.527
Evo 1.000 0.241 0.389 0.067
All 0.857 0.541 0.663 0.293
Aspens >30 cm DBH Leaf-on Helsinki 0.778 0.318 0.452 0.165
Lohja 1.000 0.643 0.783 0.591
Evo 0.938 0.556 0.698 0.467
All 0.884 0.447 0.594 0.323
Leaf-off Helsinki 0.830 0.661 0.736 0.410
Lohja 0.875 0.933 0.903 0.603
Evo 1.000 0.280 0.438 0.084
All 0.857 0.606 0.710 0.323

4. Discussion

The study focused on developing and evaluating a U-Net deep learning model for segmenting aspens from aerial imagery. Spe-
cifically, it assessed segmentation accuracy under varying seasonal conditions (leaf-on and leaf-off) and examined how aspen size
influences segmentation performance. The results showed that the efficiency of the segmentation model varied with the season and the
size of the aspens, with lower segmentation accuracy observed during the leaf-on condition and for smaller aspens.

4.1. Model performance differences of aspen segmentation

Our model achieved F1-scores of 0.494-0.573 under leaf-on and leaf-off conditions, consistent with Saynajoki et al. (2008), who
used aerial imagery and laser scanning data in eastern Finland. Several studies using Random Forest (RF) and Support Vector Machine
(SVM) have reported higher segmentation accuracy for aspen. For instance, Troshin et al. (2025) achieved 95.03 % accuracy using RF
with Sentinel-2 imagery; Viinikka et al. (2020) reported F1-scores of 0.77-0.91 using RF and SVM with airborne hyperspectral and
LiDAR data; Kuzmin et al. (2021) achieved 84 % F1-score with UAV RGB imagery and SVM; Hardenbol et al. (2021) reported 97 %
user’s accuracy (UA) and 96 % producer’s accuracy (PA) using multispectral drone imagery and linear discriminant analysis (LDA);
and Cook et al. (2024) found an F1-score of 0.93 for quaking aspen classification in the western United States. In contrast, Toivonen
et al. (2024) obtained lower F1-scores (0.21-0.44) with aerial imagery and ALS data. In comparison with the U-Net model accuracy,
traditional ML models, RF and SVM, performed poorly when tested using the same dataset (see supplementary data). We observed
F1-scores of 0.098-0.140 for RF (regionally up to 0.163) (Table S2) and 0.081-0.128 for SVM (regionally up to 0.156) (Table S3). The
outputs from these models were generally noisy and lacked spatial coherence. Their limited performance can be attributed to the
computational burden of extracting features from millions of pixels and the inherent difficulty of capturing spatial context. These
challenges became particularly pronounced when working with high-resolution imagery (0.5 m) and a large training dataset.

Deep learning approaches, particularly CNNs, address these limitations by integrating spectral-spatial feature learning and pixel-
wise segmentation in a single end-to-end framework. Previous studies have demonstrated the effectiveness of CNNs for tree crown and
forest classification: Mayra et al. (2021) achieved Fl-scores up to 0.91 for aspen using 3D-CNNs with hyperspectral and LiDAR,
surpassing RF, SVM, and gradient boosting. Similarly, Sothe et al. (2020) found CNNs to be 22-26 % more accurate than RF and SVM
with hyperspectral bands, while Natesan et al. (2019) achieved Fl-scores of 0.80 for Pinus species using UAV-based CNNs. A
UAV-based U-Net model achieved even higher performance, with F-scores of 0.93 for species classification (Schiefer et al., 2020).
Expanding beyond crown delineation, Pyo et al. (2022) demonstrated U-Net’s broader applicability, reporting an F1-score of 0.97 for
forest/non-forest classification. In this study, we applied U-Net directly to large-scale, high resolution (0.5 m) imagery under both
leaf-on and leaf-off conditions. U-Net successfully captured spatial context and hierarchical features, enabling the delineation of
complex crown shapes and overlapping canopies (Schiefer et al., 2020). However, differences in accuracy likely reflect variations in
target tree size (many high-accuracy studies focused on aspens >15-20 cm DBH, whereas we included >5 cm), data type (hyper-
spectral/LiDAR vs. RGBNIR aerial imagery), and segmentation scale (plot level vs. individual/group). Importantly, our approach relied
on openly available, national-scale imagery rather than expensive, spatially limited datasets, making it a practical and scalable so-
lution for large-area aspen mapping.

Segmentation accuracy in our study was higher under leaf-off conditions (F1-score = 0.573) than leaf-on (F1-score = 0.494), likely
due to reduced foliage density exposing structural features such as branch architecture and bark texture. Such exposure enhances
spectral and spatial distinctiveness, reduces background noise especially in the NIR band and enables the model to better capture fine
structural and spectral patterns. These results align with Orka et al. (2010), Kim et al. (2009), Reitberger et al. (2008), and Heurich
(2006), who reported improved accuracy using leaf-off imagery. For instance, Reitberger et al. (2008) and Heurich (2006) found
accuracies of 96-97 % in leaf-off conditions compared to 81-85 % in leaf-on for tree species classification. Seasonal timing is also
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critical: in Finland, Hovi et al. (2016) and Villikka et al. (2012) showed that early spring, when aspens are leafless, but birches have
flushed, offers optimal separability due to phenological differences. Our results, aligned with this, show improved segmentation during
this window (see Fig. 6). However, large intraspecific variation can sometimes limit this advantage (Lisein et al., 2015). Late spring and
summer, when both species are in full foliage, reduce spectral contrast despite the continued usefulness of red edge and NIR bands
(Viinikka et al., 2020).

Aspen segmentation remains more challenging than identifying pine, spruce, or other deciduous species. Studies consistently
support this, with Tuominen et al. (2018) and Kuzmin et al. (2021) reporting F1-scores 10-20 % lower for aspen, and Breidenbach et al.
(2010) finding relative RMSEs of 39 % for pine, 40 % for spruce, 101 % for birch, and 222 % for aspen. Unlike conifers with distinctive
needle-like foliage and forms, aspens resemble other deciduous species in structure and appearance (Hardenbol et al., 2021; Simpson,
2010), and seasonal leaf color changes can cause misidentification. Aspens often grow in mixed stands, especially dense forests, further

Leaf-on Leaf-off
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Fig. 6. Final model output illustrating aspen segmentation at a consistent location, where the model outlines both individual aspens and groups in
aerial imagery captured during leaf-on and leaf-off conditions.
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complicating segmentation (Clair et al., 2013; Rogers et al., 2020). Remote sensing struggles with their less distinctive spectral sig-
natures (Chernenkova et al., 2021; Hardenbol et al., 2021), though structural traits like broader crowns, larger branches, and coarser
canopy texture can help distinguish them.

4.2. Model results for larger aspens

Our results indicate that larger aspens (>30 cm DBH) were segmented with higher probability (overall F1-score up to 0.710;
regional F1-score up to 0.903) than smaller ones, consistent with previous findings. Many studies deliberately excluded smaller aspens
(e.g., <15 cm Mayra et al., 2021; <20 cm Kuzmin et al., 2021; <25 cm Hardenbol et al., 2021) to ensure crown visibility in aerial
imagery and improve segmentation of mature trees. Saynajoki et al. (2008) reported that larger aspens were segmented more suc-
cessfully, with overall accuracy reaching 57 % (ranging from 27 % to 100 % across plots). For aspens with DBH >15 cm, accuracy
increased to 81 % (43-100 % per plot), and for those with DBH >25 cm, it rose to 96 %, with nearly all large trees successfully
identified. Similarly, Toivonen et al. (2024) found that aspens >22 cm DBH increased F1-scores by up to 23 % at the tree level and 13 %
at the plot level, while Dalponte et al. (2014) reported higher classification accuracy for larger trees in boreal forests using hyper-
spectral data. Our segmentation accuracy increased by 12-16 % in F1-score when focused on larger aspens (>20 cm DBH), and by
20-24 % when considering only aspens >30 cm DBH, indicating improved performance with the exclusion of smaller aspens. This
trend is mirrored in overall accuracy, highlighting that segmentation performance consistently improves as smaller aspens are
excluded. The improved segmentation of larger aspens likely reflects their more distinct crowns, greater structural definition, and
stronger spectral signals, which enhance visibility in remote sensing, whereas smaller aspens often blend into the canopy or are
obscured by undergrowth.

Our model also exhibited sensitivity to aspens with similar DBH in both leaf-on and leaf-off conditions. This is likely due to the
correlation between DBH and crown attributes, as trees of similar size often share comparable crown dimensions, shapes, and textures,
which can appear visually similar in aerial imagery. Consequently, such similarities may reduce separability in dense or mixed species
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Fig. 7. Aspen cover estimation using the best model (leaf-off) for the study areas: a) Helsinki, b) Lohja, and c) Evo. Each grid cell measures 16 x 16
m?, with coordinates presented in the ETRS89-TM35FIN reference system.
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stands, leading to occasional misclassification or omission. Timing of aerial imagery acquisition further influenced segmentation
performances. At the Evo site, we observed a lower recall (0.212) during the leaf-off condition (Table 4). This reduction is primarily
due to the timing of image acquisition, which occurred during a transitional phenological stage when leaves were already beginning to
sprout. While most aspens did not have leaves, some already had them leading to differences in the spectral properties of the aspen
canopies among the Evo leaf-off dataset. This intermediate state reduced the visual contrast between aspens and surrounding conifers,
making them more difficult for segmentation. Since Evo’s forest composition is comparable to other sites, we attribute this perfor-
mance drop mainly to acquisition timing rather than differences in species mix. Therefore, we recommend capturing leaf-off imagery
during full defoliation and leaf-on imagery during peak foliage for better segmentation accuracy.

Despite these challenges, our models achieved reasonable accuracy in mapping aspen distribution (Fig. 7), marking a significant
advancement over traditional inventory methods that often underrepresent scattered aspen populations. These remote sensing-based
maps provide forest managers with valuable tools for sustainable management and conservation of key species for biodiversity,
ensuring that both dense stands and isolated individuals are adequately represented in planning (Rogers et al., 2020; Viinikka et al.,
2020).

Several factors could further enhance segmentation accuracy. First, we used aerial imagery at 0.5 m resolution; adopting higher-
resolution imagery (e.g., 0.2 m) could enhance segmentation precision. Second, while our four spectral bands (RGB and NIR) provided
a solid basis for segmentation, hyperspectral data could further improve the accuracy by capturing finer spectral differences. However,
the added cost, complexity, and processing demands of hyperspectral imagery may reduce scalability for large-area monitoring. Third,
model architecture could be optimized. Alternatives such as HRNet, which preserves high-resolution features throughout the network,
or architectures that integrate diverse convolutional blocks, may improve feature extraction and segmentation accuracy. At the same
time, persistent misclassification among spectrally or structurally similar classes represents an important limitation. One promising
strategy would be to adopt multi-stage pipelines that first isolate broad land-cover types (e.g., forests vs. non-forests) before per-
forming detailed class recognition, as outlined in recent studies using high-resolution remote sensing data (Illarionova et al., 2024b).
Finally, the inclusion of attention layers, along with the expansion of training data from diverse forest ecosystems and fine-tuning the
model to account for these variations, could also lead to significant improvements in model accuracy.

5. Conclusion

Mapping aspen distribution supports effective forest management by helping managers make informed, sustainable decisions based
on its ecological significance. This study aimed to develop and evaluate a deep learning model, specifically a U-Net convolutional
neural network, to segment aspens using both leaf-on and leaf-off aerial imagery and to compare them. Additionally, it examined how
factors like aspen size influence segmentation performance. The results showed that the accuracy of aspen segmentation varies notably
between leaf-on and leaf-off conditions. Both the Fl-score and IoU were higher in leaf-off conditions than in leaf-on conditions.
Furthermore, the model segmentation accuracy improved considerably for larger aspens, as shown by the Fl-score and IoU. In
particular, the model performed best with aspens larger than 30 cm in DBH. Overall, our model can aid in forest management by
providing insights into the abundance and distribution of aspens.
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