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Abstract

The sustainability of apiculture within Mediterranean forest ecosystems is contingent upon
the extent and health of melliferous tree habitats. This study outlines a five-year initia-
tive (2020–2024) aimed at mapping and monitoring four principal honey-producing tree
species—pine (Pinus halepensis and Pinus nigra), Greek fir (Abies cephalonica), oak (Quercus
ithaburensis subsp. macrolepis), and chestnut (Castanea sativa)—across Evia, Greece. This is
achieved through the utilization of high-resolution Sentinel-2 satellite imagery in conjunc-
tion with a hierarchical deep learning framework. Distinct from prior vegetation mapping
endeavors, this research introduces an innovative application of a hierarchical framework for
species-level semantic segmentation of apicultural flora, employing a U-Net convolutional
neural network to capture fine-scale spatial and temporal dynamics. The proposed framework
first stratifies forests into broadleaf and coniferous types using Copernicus DLT data, and
subsequently applies two specialized U-Net models trained on Sentinel-2 NDVI time series
and DEM-derived topographic variables to (i) discriminate pine from fir within coniferous
forests and (ii) distinguish oak from chestnut within broadleaf stands. This hierarchical
decomposition reduces spectral confusion among structurally similar species and enables
fine-scale semantic segmentation of apicultural flora. Our hierarchical framework achieves
92.1% overall accuracy, significantly outperforming traditional multiclass approaches (89.5%)
and classical ML methods (76.9%). The results demonstrate the framework’s efficacy in
accurately delineating species distributions, quantifying the ecological and economic impacts
of the catastrophic 2021 forest fires, and projecting long-term habitat recovery trajectories.
The integration of a novel hierarchical approach with Deep Learning-driven monitoring of
climate- and disturbance-driven changes in honey-producing habitats marks a significant step
towards more effective assessment and management of four major beekeeping tree species.
These findings highlight the significance of such methodologies in guiding conservation,
restoration, and adaptive management strategies, ultimately supporting resilient apiculture
and safeguarding ecosystem services in fire-prone Mediterranean landscapes.

Keywords: apiculture; remote sensing; tree species classification; deep learning;
hierarchical framework
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1. Introduction
Honeybee (Apis spp. Linnaeus (Hymenoptera: Apidae)) is recognized as a keystone

species that exerts significant impacts on both agricultural production and the maintenance
of natural ecosystems through its pollination services [1,2]. The ecological services pro-
vided by honeybees extend beyond direct pollination, influencing plant-pollinator network
structures and contributing to ecosystem stability and biodiversity conservation [3,4]. Even
so, the persistence of healthy bee populations has been shown to be inextricably linked
to the availability and quality of suitable foraging habitats [5,6]. Its role as an effective
pollinator has been demonstrated across a wide range of crops and wild plants, with studies
showing substantial improvements in fruit set and yield following, for example, Apis mellif-
era pollination [7–9]. Research has documented that pollinator populations are declining
worldwide due to multiple factors including habitat loss, climate change, pesticide use, and
ecosystem fragmentation [6,10]. Considering that 87 of the leading global food crops rely
on pollinators for seed production, accounting for about 35% of the global crop production
intended for human consumption, their population decline does not only significantly
impacts beekeeping but also affects negatively biodiversity conservation, crop yields and
threatens food security [6,11].

Evia is distinguished as one of Greece’s most important beekeeping regions, rec-
ognized for its rich tradition in apiculture and exceptional production of high-quality
pine honey [12,13]. Evia’s forests primarily consist of pine (Pinus spp.), Greek fir (Abies
cephalonica), oak (Quercus spp.), and chestnut (Castanea sativa)—provide essential mellif-
erous resources that support both the productivity and unique character of Greek honey
production [12,14]. Pine forests are particularly significant, as pine honey produced from
the honeydew secretions of the endemic insect Marchalina hellenica represents approxi-
mately 60% of Greece’s annual honey production and over 70% of total honeydew honey
production in the country [12,13]. Despite its ecological and economic importance, the bee-
keeping sector in Evia faces mounting threats from environmental changes and increasing
disturbance frequency.

In Mediterranean regions, the frequency and severity of forest fires have increased
dramatically [15,16], with the catastrophic 2021 forest fires destroying approximately
517 km² (51,700 hectares) of northern Evia’s forests [17,18]. Such large-scale disturbances re-
sult in substantial losses of bee habitats, directly reducing the availability of floral resources
and causing significant economic impacts for local beekeepers [19,20]. These effects are
further compounded by recurrent droughts, land-use changes, and habitat fragmentation,
all of which threaten the long-term sustainability of apiculture in fire-prone Mediterranean
landscapes [5,6]. Given these challenges, the protection and systematic monitoring of mel-
liferous habitats have become critically important for maintaining honeybee populations,
supporting rural economies, and preserving essential ecosystem services [21,22]. Remote
sensing technologies, particularly high-resolution, multi-temporal satellite imagery, offer
powerful tools for tracking changes in habitat extent and quality over time [23,24].

The European Space Agency’s Sentinel-2 mission, with its frequent revisit capabilities
and detailed spectral information, has been demonstrated to enable effective discrimination
of key honey-producing tree species and detection of habitat loss due to disturbances such
as forest fires [25–27]. Studies have shown that Sentinel-2 data can achieve high classifi-
cation accuracies (>90%) for forest monitoring applications, particularly when combined
with advanced machine learning approaches [24,25,27].

The integration of artificial intelligence, specifically deep learning architectures, with
satellite remote sensing has emerged as a promising approach for forest monitoring and
species classification [28,29]. The U-Net convolutional neural network architecture, origi-
nally developed for biomedical image segmentation [30], has been proven highly effective
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for various image segmentation tasks due to its encoder-decoder structure with skip connec-
tions [31–33]. This architecture has been successfully adapted for environmental monitoring
applications, demonstrating strong performance in complex classification scenarios [34,35].

Recent studies have shown that combining structural information from airborne Li-
DAR with very high-resolution multispectral imagery can significantly improve tree-species
mapping. Methods that exploit detailed three-dimensional canopy structure and intensity
metrics from LiDAR at the individual tree-crown level have been used to enhance species
discrimination and to better handle challenges such as class imbalance and label noise in
training data [36]. Complementarily, approaches based on object-oriented classification of
high-resolution, multi-band satellite imagery (e.g., WorldView-2) have demonstrated that
segmenting sunlit tree crowns and using ensemble learning techniques such as Random
Forests can yield high accuracies and highlight the benefits of object-based over pixel-based
analysis for species differentiation [37]. Together, these studies illustrate the complemen-
tary strengths of structural LiDAR information and very high-resolution spectral data for
improving tree-species classification.

Recent work on tree species classification with remote sensing has advanced along
complementary directions of data fusion, self-/semi-supervised learning, careful data
preparation, and hybrid (learning + symbolic) methods. Zhong et al. [38] provide a
comprehensive review of the field, showing that hyperspectral imagery (HSI), LiDAR, very-
high-resolution (VHR), and RGB data (and multimodal combinations thereof) dominate
studies. They highlight that deep learning architectures and multimodal fusion have
become central trends in advancing classification accuracy and scalability.

Building on the need to combine detection and labeling, Harmon et al. [39] propose
a neuro-symbolic framework that jointly performs crown delineation and species clas-
sification. Their approach integrates learned representations with symbolic/structural
reasoning, improving interpretability and leveraging crown-level context to enhance
classification performance.

On the representation-learning side, Wang et al. [40] introduce M-SSL, a pixel-level
multisource self-supervised learning approach. This method employs MAAE/MVAE
encoders and depth-wise cross-attention mechanisms to leverage HSI/MSI data and con-
trastive/generative pretext tasks. By doing so, it reduces annotation requirements while
improving the quality of downstream species maps.

Complementing these modeling advances, Ni-Meister et al. [41] emphasize the im-
portance of careful data preparation and preprocessing for hyperspectral data. They
demonstrate that steps such as denoising, dimensionality reduction, and thoughtful train-
ing/validation design materially affect classifier performance and should be prioritized
alongside algorithmic improvements.

Although there is an increasing interest in applications of remote sensing in apiculture
such as mapping beekeeping suitability areas for apiary installation for honey produc-
tion, overwintering of the colonies and optimization of other beekeeping practices [42–47],
avoiding honeybee colony losses [48], detecting and mapping of potential propolis plant
sources [49] there are only a handful of studies about mapping and monitoring of beekeep-
ing flora worldwide [50–52]. In the existing literature, both satellite and UAV (Unmanned
Aerial Vehicle) data have been used successfully for detecting, mapping and monitor-
ing vegetation with apicultural value. Adgaba et al. (2017) [52] identified and mapped
182 plant species, including Zizyphus spina-christi, Acacia tortilis, Acacia origina, Lavandula
dentata which have significant value for beekeeping in Saudi Arabia, using satellite data
processed with Hopfield Artificial Neural Network techniques.

In Greece, Papachristoforou et al. (2023) [51] combined UAV data with vegetation
indices from satellite data of Google Earth Engine in order to identify and distinguish two
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plant species, one of apicultural importance (Thymbra capitata) and one not (Sarcopoterium
spinosum) in Lemnos island, achieving overall accuracy of 98% with Random Forest model.
Fir, pine and oak forests have been previously mapped for the Greek mainland and is-
lands during 2019 by Antonopoulos et al. (2023) [50] using medium resolution satellite
data (MODIS). Sentinel-2 imagery has lower spatial resolution, leading to mixed pixels
that contain multiple land cover types, which affects vegetation index accuracy. Unlike
UAV imagery with very high resolution that avoids this problem, Sentinel-2’s resolution
introduces this challenge but allows for broader area coverage.

The novelty of this work lies in the integration of a novel hierarchical strategy over
an extended period of time for the effective monitoring of four significant beekeeping tree
species. By combining monthly Sentinel-2 composites with a Deep Learning (DL) hierar-
chical segmentation framework over 2020–2024, we generate high-temporal-resolution,
species-specific maps and change analyses for the honey-producing tree habitats under
study in Evia, Greece. The resulting maps and analyses, including fine-scale habitat distri-
butions, temporal trajectories, and quantified post-fire losses, deliver directly actionable
information for local beekeeping management, fire-impact assessment, and restoration
prioritization. The findings underscore the urgent need for targeted habitat protection and
restoration to support sustainable beekeeping and safeguard the ecosystem services upon
which both natural systems and local communities depend.

2. Materials and Methods
2.1. Study Area

The island of Evia (Euboea) is the second-largest island in Greece, located off the east-
ern coast of Central Greece in the Aegean Sea. Geographically, Evia extends approximately
between latitudes 38.3° N and 39.2° N and longitudes 22.8° E and 24.1° E, covering a total
land area of about 3684 km². The island’s topography is notably varied, ranging from
low-lying coastal plains to rugged mountainous regions, with altitudes spanning from
sea level up to approximately 1743 m at Mount Dirfi, its highest peak [53]. Evia’s diverse
landscape forms a complex Eastern Mediterranean ecosystem. The island features a mosaic
of habitats, including dense coniferous and broadleaved forests, shrublands, agricultural
areas, and wetlands. The climate is predominantly Mediterranean, characterized by hot,
dry summers and mild, wet winters, though significant microclimatic variation exists due
to the island’s elevation gradients and proximity to the sea.

Forests cover a significant portion of Evia’s land [54]. They are ecologically and
economically important, supporting local industries such as timber and resin harvesting.
Notably, Evia’s forests are a vital resource for apiculture, with pine honey production being
especially prominent. The health and distribution of four dominant tree species, coniferous
Pines (Pinus halepensis Pinus nigra) and Greek fir (Abies cephalonica), as well as broadleaved
Oaks (Quercus ithaburensis subsp. macrolepis) and Chestnut (Castanea sativa), are directly
linked to the region’s honey production and biodiversity. The forested landscape of Evia
is highly heterogeneous, with pure and mixed stands of the dominant species distributed
across the island’s varied terrain [50]. While detailed forest inventory statistics for Evia
are less extensive than for some larger European regions, local forestry records indicate
that pine forests (primarily Pinus halepensis and Pinus nigra) dominate the lowland and
mid-elevation zones, while Greek fir and chestnut are more prevalent at higher altitudes
and humid areas. Oak species are widespread, often forming mixed stands with other
broadleaves or conifers.

This environmental diversity, combined with the economic importance of forest prod-
ucts, makes Evia a key region for apiculture in Greece. The island’s forests are not only
a source of timber and resin but are also closely linked to long-standing local beekeep-
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ing traditions. In particular, the production of pine honey, one of the most characteristic
products of Greek apiculture, for which Evia is widely recognized, depends directly on
the extent and condition of its pine stands. Greek fir, oak, and chestnut likewise provide
important nectar and honeydew flows, contributing distinct honey types and extending
the foraging season for bees, thereby supporting the diversity and resilience of local api-
cultural practices [55]. Taken together, these factors underscore Evia’s prominent role in
national honey production and highlight the need for effective monitoring strategies for its
honey-producing forests.

Given the dense and heterogeneous nature of Evia’s forests, accurately monitoring
the distribution and condition of these key tree species is essential for sustaining honey
yields and supporting the livelihoods of local beekeepers. The strong link between forest
composition and apicultural productivity means that changes in tree species distribution,
whether due to natural dynamics or anthropogenic pressures, can have immediate and
significant impacts on honey production. For these reasons, Evia provides an ideal setting
to develop and apply advanced remote sensing techniques tailored to the needs of the
apiculture sector, with the goal of enabling more informed and sustainable management of
both forest and beekeeping resources.

2.2. Hierarchical Classification Methodology

To address the inherent complexity of mapping spectrally similar tree species across
the heterogeneous landscape of Evia, a hierarchical segmentation framework was adopted.
This methodological choice was motivated by the need to decompose a challenging multi-
class problem, where spectral overlap and landscape variability can confound direct classi-
fication, into a series of more tractable, sequential tasks. By structuring the workflow into
discrete stages, each tailored to specific ecological or spectral distinctions, the approach
enables the integration of specialized models and the exploitation of high-confidence, exist-
ing data products [56], thereby enhancing overall classification accuracy and robustness.
The hierarchical workflow comprises the sequential steps in Figure 1:

Figure 1. Overview of the hierarchical classification method employed in our study. Top level contains
the filtered forest area selected for our study after the utilization of different layers. The second and
last level incorporates broadleaf-coniferous stratification as well as species-level segmentation from
the model.
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2.2.1. Forest Area Delineation

The initial stage of the hierarchical workflow involves the precise delineation of
forested areas within the region of interest by harmonizing and integrating authoritative
data sources, specifically official national-level governmental forest maps and detailed
forest-type maps from local forestry authorities that contain among others areas vegetation
characterized as Shrubs. The resulting forest mask ensures that all subsequent analyses are
spatially constrained to relevant forested pixels, minimizing the risk of misclassification in
non-forested areas and providing a consistent analytical baseline.

2.2.2. Broadleaf-Coniferous Forest-Type Stratification

Within the delineated forest extent, a further stratification is performed to distinguish
between the two principal ecological categories: coniferous and broadleaved forests. This
step leverages the High Resolution Layer Tree Cover and Forest product from the Coper-
nicus Land Monitoring Service (CLMS), which offers a reliable, standardized baseline
for differentiating these major forest types at a continental scale [57,58]. Specifically, the
Dominant Leaf Type (DLT) dataset was used to differentiate the tree cover of the ROI, into
broadleaf and coniferous trees as well as non-tree covered areas. The spatial resolution of
the dataset is 10 m and different versions throughout the years starting from 2018 are pro-
vided. The DLT dataset is produced using temporal convolutional neural networks trained
on Sentinel-2 time series, with training data sourced from LUCAS 2018, existing CLMS
products, and expert interpretation of VHR and Sentinel-2 imagery. Post-classification, spa-
tial and temporal filtering ensures high consistency across the time series while preserving
real land cover changes, targeting at least 90% producer and user accuracy. The dataset
continues the HRL Dominant Leaf Type time series, with improvements in models and
input data over time [59–61]. The stratification not only reflects ecological realities but also
serves to partition the dataset for subsequent, more specialized classification.

2.2.3. Species-Level Semantic Segmentation

Building upon the broad forest-type stratification, the final and most granular clas-
sification stage employs deep learning–based semantic segmentation. Two independent
models are developed, each optimized for a specific forest type: one model is trained exclu-
sively within the coniferous stratum to discriminate between Greek fir (Abies cephalonica)
and pine (Pinus spp.), while the other operates within the broadleaf stratum to distinguish
chestnut (Castanea sativa) from oak (Quercus spp.). This targeted approach allows each
model to focus on subtle spectral and phenological differences relevant to its respective
species pair, which would be more difficult to resolve in a single, flat multi-class model.

For the core task of species semantic segmentation, we employed a U-Net–type fully
convolutional neural network [30]. The network accepts a multi-channel input tensor of
size C × H × W, where C = 13 corresponds to the stacked monthly spectral index time
series and the DEM channel. The architecture follows a three-level encoder–decoder with
symmetric skip connections; its detailed specification, including the number of layers, filter
sizes, activation functions, and channel dimensions at each stage, is provided in Table 1.

Training is performed using binary cross-entropy loss. Background pixels are explicitly
ignored by computing the loss only over pixels belonging to one of the two target species,
and labels within this subset are mapped to a binary scheme for the two species in each
stratum. We also experimented with a weighted cross-entropy formulation to further ad-
dress imbalance, but it did not consistently improve performance over the unweighted loss
under our stratified, two-class setup. Consequently, we adopted the standard (unweighted)
binary cross-entropy with masked background as our final configuration.
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Table 1. Detailed specification of the U-Net architecture used for species-level semantic segmentation.
All convolutions use padding of 1 and stride of 1 unless otherwise stated. BN = Batch Normalization,
ReLU = Rectified Linear Unit.

Stage Operation Input → Output Channels Spatial Size

Input – 13 × H × W H × W

Encoder level 0 (inc) Conv + BN + ReLU 13 → 64 H × W
Conv + BN + ReLU 64 → 64 H × W
Conv + BN + ReLU 64 → 64 H × W

Down block 1 MaxPool 64 → 64 H/2 × W/2
(Encoder lvl 1) Conv + BN + ReLU 64 → 128 H/2 × W/2

Conv + BN + ReLU 128 → 128 H/2 × W/2

Down block 2 MaxPool 128 → 128 H/4 × W/4
(Encoder lvl 2) Conv + BN + ReLU 128 → 256 H/4 × W/4

Conv + BN + ReLU 256 → 256 H/4 × W/4

Down block 3 MaxPool 256 → 256 H/8 × W/8
(Encoder lvl 3) Conv + BN + ReLU 256 → 256 H/8 × W/8

Conv + BN + ReLU 256 → 256 H/8 × W/8

Up block 1 Upsample (bilinear) 256 → 256 H/4 × W/4
(Decoder lvl 3) Concatenate (skip) (256, 256) → 512 H/4 × W/4

Conv + BN + ReLU 512 → 128 H/4 × W/4
Conv + BN + ReLU 128 → 128 H/4 × W/4

Up block 2 Upsample (bilinear) 128 → 128 H/2 × W/2
(Decoder lvl 2) Concatenate (skip) (128, 128) → 256 H/2 × W/2

Conv + BN + ReLU 256 → 64 H/2 × W/2
Conv + BN + ReLU 64 → 64 H/2 × W/2

Up block 3 Upsample (bilinear) 64 → 64 H × W
(Decoder lvl 1) Concatenate (skip) (64, 64) → 128 H × W

Conv + BN + ReLU 128 → 64 H × W
Conv + BN + ReLU 64 → 64 H × W

Output layer Conv 64 → 1 H × W

2.3. Composite Species Map Generation

The outputs from the two species-level models are spatially integrated using the strati-
fication masks established in the earlier steps. This hierarchical fusion yields a seamless,
composite map that details the distribution of the four target species across the entire
island. The final map thus reflects both the ecological structure of Evia’s forests and the
fine-scale spatial heterogeneity of species composition. The final output is a seamless,
composite species map. It is generated by spatially integrating the predictions from the
two species-level models into the framework established by the initial stratification masks.
This hierarchical fusion results in a single, comprehensive map detailing the distribution of
the four target species across the island.

2.4. Data Acquisition and Training Dataset Development
2.4.1. Satellite and Ancillary Data

The core of our analysis relies on time-series data from the European Space Agency’s
Sentinel-2 mission, accessed via the CLMS Mosaic Service [57,58]. We utilized complete
annual sets of monthly, cloud-free Level-2A mosaics. These products are atmospherically
corrected to surface reflectance and pre-filtered for clouds and cloud shadows, providing
analysis-ready data at a 10 m spatial resolution in the visible and near-infrared bands. For
each month and year, only pixels classified as cloud-free and of high radiometric quality in
the CLMS processing chain were retained, ensuring consistent temporal stacks suitable for
phenology-based analysis.

This dense time series is critical for capturing the distinct phenological signatures that
help differentiate between tree species. As an essential ancillary dataset, a Digital Elevation
Model (DEM) from the Shuttle Radar Topography Mission (SRTM), with a native resolution
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of 30 m, was incorporated to model the strong influence of topography and elevation on
species distribution patterns [62]. To ensure spatial consistency with the Sentinel-2 imagery,
the DEM was reprojected to 10 m using bilinear interpolation, thereby preserving elevation
values while achieving pixel-to-pixel alignment with the spectral data.

2.4.2. Ground Truth and Training Data Generation

A cornerstone of this study was the construction of a high-fidelity training dataset,
in which geospatial polygons of forest stands supplied by local forestry authorities were
rigorously refined by domain experts to ensure accurate and representative samples for
model training. Through careful photo-interpretation of the Sentinel-2 time-series imagery,
experts analyzed canopy texture, seasonal color changes, and phenological patterns to
validate and adjust the polygon boundaries. A critical criterion for inclusion in the final
training set was species density; we exclusively selected polygons that represented medium
to high-density stands of a single target species. This step was vital for minimizing the
inclusion of mixed pixels and ensuring the models were trained on pure, unambiguous
examples of each class. To provide a final layer of high-confidence validation, we con-
ducted a targeted field campaign using a DJI Mavic 3 Multispectral UAV, DJI company,
Shenzhen, China.

Flights were performed over key sample areas to collect ultra-high-resolution imagery
as seen in Figure 2. The selected flight height was to 100m and the resulting Ground Sample
Distance (GSD) was 2.66 cm/px. Moreover, forward and side image-overlap was set 80%
coverage ensuring a high-quality result. This data was processed into orthomosaics using
Agisoft Metashape (https://www.agisoft.com/), providing a clear ground-truth reference
(Figure 2) for validating the accuracy of our training labels.

(a) (b)

Figure 2. Collected UAV data during on-site collection process, (a) mixed forest covered area during
winter period (Abies cephalonica and Castanea sativa) (b) Pinus spp. covered area.

In total, the final dataset comprised approximately 9548 ha of pine, 6427 ha of fir,
34.738 ha of oak, and 25.198 ha of chestnut. These annotated areas were spatially distributed
to cover the full range of environmental conditions within the study area, including core
stands and transition zones, thereby enhancing model generalization. The data were
divided into training and validation subsets in an 80–20 split. This approach prevented data
leakage by ensuring no part of a stand appeared in both sets and maintained proportional
representation of each tree species across splits.

https://www.agisoft.com/
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2.5. Feature Engineering and Data Preprocessing
2.5.1. Spectral Index Selection

To augment the raw spectral information and enhance the model’s ability to discrimi-
nate between species, we engineered a set of features based on well-established Spectral
Indices (SIs). These indices distill spectral information into metrics directly related to
vegetation health, structure, and moisture content. SIs used in this study were selected
based on prior studies [27] which suggest that different phenological stages can be effec-
tively distinguished through variations in chlorophyll content and associated changes in
reflectance, particularly in the near-infrared region.

A comparative study was performed to select the most effective indices, with the final
selection based on a trade-off between model performance and computational cost. The
indices considered are detailed in Table 2. Their combined use provides a multi-faceted
view of the vegetation, capturing information on chlorophyll content (MCARI), canopy
water stress (NDMI), and overall vigor (NDVI, EVI), which are all key differentiating factors
between the target species [63].

Table 2. Spectral vegetation indices and their formulas.

Index Name Formula

NDVI Normalized Difference Vegetation Index NDVI =
NIR − RED
NIR + RED

EVI Enhanced Vegetation Index EVI = G · NIR − RED
NIR + C1 · RED − C2 · BLUE + L

MCARI Modified Chlorophyll Absorption Ratio Index MCARI =
[
(R700 − R670)− 0.2 (R700 − R550)

]
· R700

R670
SAVI Soil-Adjusted Vegetation Index SAVI =

(NIR − RED)(1 + L)
NIR + RED + L

NDMI Normalized Difference Moisture Index NDMI =
NIR − SWIR
NIR + SWIR

2.5.2. Input Data Preparation

To manage the computational demands of processing large-scale satellite imagery with
deep learning models, we adopted a tile-based processing strategy. The entire ROI mosaic
was dynamically partitioned into smaller, overlapping tiles using a sliding window. To
optimize training efficiency, only tiles containing at least 300 annotated (non-background)
pixels were fed to the model.

All input data were normalized to ensure stable neural network training. The DEM
band, with elevation values ranging from −19 to 1741 m, was normalized using a hyperbolic
tangent (tanh) transformation with a center value of 700 m and a width parameter of 150 m.
This transformation introduces the ability to account for differences between species under
study and also an area that holds the probability for mixed pixels.

2.6. Annual Map Updating and Temporal Refinement

Recognizing that forests are dynamic systems subject to change from events like
forest fires, disease, or logging, we established a protocol for annual map updates. This
procedure ensures the long-term relevance and accuracy of proposed tree loss predicting
methodology. The first step in the annual update cycle is to incorporate forest fire data from
the Copernicus Emergency Management Service (EMS). Areas identified as recently burned
are masked out and excluded from the current year’s classification. For the remaining
unburnt forest areas, the classification models are re-run using the new year’s Sentinel-2
mosaics. To improve temporal stability and correct for potential single-year prediction
errors or anomalies, the newly generated map is fused with the map from the previous
year. This temporal pooling acts as a filter, reinforcing stable classifications and smoothing
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out spurious pixel-level changes, which results in a more robust and reliable time-series of
forest species distribution.

2.7. Implementation Details

Both models were optimized using a Cross-Entropy loss function [64], which is stan-
dard for pixel-wise classification tasks. The loss was computed exclusively on valid,
annotated pixels, effectively ignoring any background or non-target areas within a training
tile. Hyperparameter tuning was conducted using a grid search strategy over the following
ranges: initial learning rate between 1 × 10−4 and 1 × 10−2, batch size between 8 and 32,
and dropout rate between 0.0 and 0.5. Each configuration was trained with early stopping,
and the model with the lowest validation loss was selected. The final configuration used
an initial learning rate of 1 × 10−3, a batch size of 16, and a dropout rate of 0.2.

To ensure generalization and prevent overfitting, we employed an early stopping
mechanism monitored on a dedicated validation set; training was halted if the validation
loss did not improve over a set number of epochs (patience of P epochs), with a maximum
limit of 150 epochs.

3. Results
3.1. Honey-Producing Trees Habitats in 2020

In 2020, there were extensive areas of honey-producing trees in the island of Evia, and
pine and oak forest were spread in the north and central parts of the island. Pine was a large
contiguous area ideal for production of pine honey, while oak was a mixed forest with pine
spread in the north and central parts, thus fir was spread in the top of the mountains in the
central part of the island while chestnut was spread in small patches in the northwest and
southeast parts of the island. Pine and oak were the most extensive forest types, covering
ca. 57,000 and 48,600 ha, respectively, and fir and chestnut were the least extensive forest
types, covering ca. 10,000 and 8500 ha, respectively, providing a suitable environment for
honeybees to flourish and produce abundant honey (Figure 3).

Figure 3. Classified map of honey-producing tree habitats in Evia (2020).

3.2. Ablation Study
3.2.1. Feature Selection for the Hierarchical Framework (HF)

To systematically evaluate the potential contribution of individual or combined spec-
tral indices to our model’s performance, we conducted an ablation study regarding the
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model’s input. This investigation involved training and evaluating the model with various
configurations of input features, starting with the Normalized Difference Vegetation Index
(NDVI) as a baseline. Subsequent experiments incorporated additional indices, both in-
dividually and in different combinations, to assess their incremental impact. The results
of this ablation study, detailing the performance metrics for each input configuration, are
summarized in the Table 3.

Table 3. Ablation study results and contribution of indices in different combinations. Selected index
and corresponding results are highlighted in bold.

Model Input
Accuracy F1-Score

Coniferous Broadleaf Coniferous Broadleaf

NDVI 90.4 93.5 76.4 89.9
NDVI + SAVI 79.0 80.2 71.3 74.4
NDVI + MCARI 79.8 80.3 73.5 75.3
NDVI + NDMI 88.6 91.1 79.1 89.8
EVI 87.0 84.8 84.1 78.6
EVI + SAVI 78.6 74.6 76.2 77.3
EVI + MCARI 85.9 89.2 84.4 87.3
EVI + NDMI 90.9 89.4 74.7 88.7

After conducting experiments with different combinations the results showed that
for this segmentation task a simpler and more efficient approach resulted the best results.
NDVI performed relatively better in comparison with other indices, followed closely by
the results of EVI + NDMI. SAVI did not contribute more to the performance as other
indices paired with EVI or NDVI. Furthermore, NDMI was a better feature in modelling
the spectral characteristics of different tree species and showed promising results.

3.2.2. Random Forest and SVM Classifiers

To further provide comparison for our methodology, we also include the results of
experimentation with two traditional Machine Learning classifiers on the same feature
set used by the semantic models (monthly spectral indices and the DEM). Specifically, we
implemented a Random Forest (RF) classifier and a Support Vector Machine (SVM). As
previously mentioned, the hierarchical approach was followed, and the results demon-
strated that both classifiers produced results with an accuracy significantly lower than
those produced by the U-Net architecture as seen in Table 4.

Table 4. Overall accuracy and F1 comparison between classical classifiers, Random Forest (RF), Support
Vector Machine (SVM) and our Hierarchical Framework (HF). Our framework is highlighted in bold.

Classifier Overall Accuracy (%) F1-Score (%) Execution Time (s)

RF 74.6 70.9 1548
SVM 76.9 69.3 2495
HF 92.1 83.6 1929

3.2.3. U-Net and Features Performance

The U-Net architecture employed in this study exhibited robust performance in the
classification of honey-producing tree species within the region of interest (ROI). Through-
out our experiments, we systematically evaluated a range of spectral indices, both indi-
vidually and in various combinations, including NDVI, EVI, SAVI, MCARI, and NDMI.
Our findings indicate that, while alternative indices and their pairings were thoroughly
tested, NDVI consistently outperformed or matched the results of other indices, both when
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used alone and in combination. Notably, the inclusion of additional indices did not yield
significant improvements and, in some cases, led to diminished classification accuracy. As a
result, we determined that using NDVI as the sole spectral input provided the most efficient
and effective approach. Furthermore, integrating NDVI with the digital elevation model
(DEM) of the study area proved highly effective in distinguishing between coniferous and
broadleaf species. This was evidenced by the high precision and F1-Score metrics achieved
on the validation set. The results underscore the suitability of our methodology for large-
scale monitoring of honey-producing tree types, particularly in complex Mediterranean
landscapes such as those found in Evia, Greece.

To provide a qualitative understanding of our segmentation model’s performance, we
present visual examples of different classes in Figure 4. In this, we showcase representative
instances of True Positives (TP), False Positives (FP), and False Negatives (FN) across each
of the four classes under study. The selected cases aim to illustrate the model’s strengths in
accurately identifying target regions (TPs), as well as common challenges such as instances
where the model incorrectly identifies areas during segmentation.

PINE

FIR

CHESTNUT

OAK

Figure 4. Qualitative examples of segmentation results for each class, illustrating True Positives
(TP as green), False Positives (FP as yellow), and False Negatives (FN as orange). Each row corre-
sponds to a specific class, and within each row, three representative cases are shown to highlight
different scenarios of segmentation performance.
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After close examination of the results, we pinpointed cases where the model was
unable to segment correctly areas, impacting the overall performance. As seen in the
following Figure 5, FIR class is not segmented correctly and represents a FN. This is likely
because these areas are transition zones where PINE and FIR coexist.

(a) (b)

Figure 5. Examples of problematic cases: (a) False Negative (FN) regions from the FIR class and
(b) False Positive (FP) regions from the PINE class, illustrating instances where the model struggled
to accurately segment the target areas. In case illustrated in (a) PINE trees are segmented as FIR and
similarly case (b) is not correctly segmented as PINE. These cases represent large areas in our dataset
and as a result a large impact in our results is observed.

Additionally, our study showed that mixed forest posed a significant challenge in both
classifiers, for coniferous and broadleaf trees. Due to the resolution of the input data, areas
of mixed as well as dense forest were not segmented accurately as seen in Figure 5a,b.

3.2.4. Multiclass Semantic Segmentation

To assess the performance of traditional segmentation methods against our framework,
we include the results of experiments utilizing different numbers of classes and the same
architecture in Table 5:

• Multi-class semantic segmentation using U-Net architecture (MCSS).
• Multi-class semantic segmentation with background class (MCSS-B).
• Multi-class semantic segmentation confined only to forest areas (MCSS-F).

Table 5. Overall accuracy and F1 comparison between different semantic segmentation methods,
Multi-class semantic segmentation (MCSS), Multi-class semantic segmentation with background
(MCSS-B), Multi-class semantic segmentation confined only to forest areas (MCSS-F), and our Hierar-
chical Framework (HF), highlighted in bold.

Classifier Overall Accuracy (%) F1-Score (%) Execution Time (s)

MCSS 77.8 76.4 1623
MCSS-B 86.3 83.1 1565
MCSS-F 89.5 87.8 1263

HF 92.1 83.6 1929

Multi-class semantic segmentation using U-Net architecture (MCSS): The straight-
forward four-class U-Net struggled primarily because Sentinel-2’s 10 m pixels frequently
contain mixed crowns and sub-pixel mixtures of species; spectral overlap between conifer-
ous and broadleaf canopies therefore produces label noise that a single flat model cannot
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reliably disentangle. In addition, our training polygons were selected for high-density,
single-species stands, so the model did not generalize well to heterogeneous or edge areas
common in the ROI. Differentiating over forest/non-forest areas with that setup is not
possible, thus, every pixel in the original image is classified as a specific tree type, hindering
our model’s predictive performance significantly.

Multi-class semantic segmentation with background class (MCSS-B): Introducing an
explicit background class created a large, dominant category that absorbed many ambigu-
ous and edge pixels, effectively acting as a “hyper-class.” This increased class imbalance
and encouraged the network to favour background predictions for uncertain pixels, re-
ducing accuracy for the true forest classes. The extra class also amplified annotation
inconsistencies (what to label as background vs. sparse forest), producing more confusion
at class boundaries and harming per-class segmentation performance.

Multi-class semantic segmentation confined only to forest areas (MCSS-F): Restricting
segmentation to forested pixels reduced non-forest confusion but substantially shrank
the available and diverse training data, which increased the risk of overfitting and sensi-
tivity to local patch heterogeneity. Crucially, mixed stands and within-canopy mixtures
remained unresolved at Sentinel-2 resolution, so many pixels in transition zones were
still misclassified. Thus, while forest-confinement reduced some types of error, it did not
overcome the fundamental mixed-pixel and data-constraint issues that limited reliable
per-class discrimination.

Our hierarchical framework (HF) exhibits a higher computation cost (1929 s) than the
single-stage U-Net variants (MCSS 1623 s; MCSS-B 1565 s; MCSS-F 1263 s). This additional
time is expected: HF runs two different models (and the associated preprocessing/hand-off
steps), which increases computation and I/O overhead, but it produces a clear accuracy
improvement. Note that all timings were measured on a NVIDIA GeForce RTX 3060
(6 GB) and none of the compared models were tuned for runtime performance, so these
numbers are indicative rather than optimized. It should be noted, nonetheless, that since
computation is easily tractable, it is sufficient for our case since it consists of a one-off
mapping of geographically restricted area.

4. Discussion
4.1. Impact of Forest Fires on Beekeeping and Ecosystem Damage

The 2021 forest fires in Evia destroyed roughly 17,000 ha of pine and 5600 ha of
oak forests, which suggest reductions of 30% and 11.5% respectively, compared with
2020 (Figure 6). These losses are particularly critical given that pine forests underpin
approximately 60% of Greek honey production [50,65], primarily through the honeydew
insect Marchalina hellenica, leading to reduce in both honey yields and beekeepers’ incomes.
The decline in oak, which supplies essential nectar and pollen, further restricts foraging
resources. Fir and chestnut forests, although unaffected by the fires, are limited and too
scattered to offset these losses.

Similar to trends observed in Spain, Chile and North Africa, where severe droughts
and high temperatures have caused sustained declines in honey yields, suppressed for-
est regeneration and altered plant community structures [66,67], the Evia fires, Figure 7,
illustrate how climate-induced disturbances propagate through both forest ecosystems and
dependent livelihoods.

Post-fire landscape fragmentation slows the natural recovery of both vegetation and
important honeydew-producing insects like Marchalina hellenica [68], as many remaining
pine-stands now lie beyond the optimal 3 km foraging radius for Apis mellifera. In addition,
it becomes more challenging for bees to find contiguous patches of food sources, and for
insect populations to re-establish. As a result, honey production in the region will remain
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low for years, and beekeepers will have to adapt by moving hives, providing supplementary
feeding, or facing continued economic hardship. Full restoration of productive pine and
oak habitats, and thus stable honey yields, may take more than a decade and will depend
on active habitat recovery and careful management.

Figure 6. Bar chart display of intra-temporal change, produced by model inference, in the area (ha) of
each habitat type from 2020 to 2024.

Figure 7. Overlay of major forest fires events (2021–2024) on classified habitats, with insets highlighting
additional burn scars.
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4.2. Forest Recovery, Honeydew Dynamics, and Management Implications

Pine regeneration in Mediterranean ecosystems depends on serotinous cones that
release seeds following fire. Studies show that Pinus pinaster and P. pinea can germinate
rapidly, but seedling survival is strongly modulated by drought severity and stand con-
ditions [69]. Even under successful germination, mature pines capable of sustaining M.
hellenica populations typically require 20–25 years, while full honeydew productivity may
take > 35 years. Edge effects—now widespread after fires—reduce insect fecundity by
~22% and lower honey yield potential.

Oak forests, in contrast, recover primarily through vigorous resprouting, achieving
partial canopy closure within five years but providing limited nectar for several subsequent
seasons. Long-term monitoring confirms that increased temperature and drought intensify
regeneration bottlenecks across Mediterranean oak and pine forests [70].

Climate change thus acts as a compound stressor, amplifying fire recurrence, delaying
maturation, and altering phenological synchrony between bees, host trees, and honeydew
insects [71]. Experimental studies show shortened flowering periods and lower hive
weight gain in drought years, directly reflecting reduced forage availability. Moreover,
Mediterranean honey bees display nutritional deficits during extended dearth periods,
suggesting that resource instability—rather than just colony disease—drives long-term
production declines [72].

To offset these pressures, climate-smart forest management is essential. Recent work
highlights the value of selective thinning, retention forestry, and assisted regeneration for
improving post-fire survival of pine seedlings and maintaining soil moisture [73]. Inte-
grating such silvicultural strategies with AI-based forest monitoring—as demonstrated
here—can help identify regeneration gaps early, guide hive relocation, and enhance land-
scape connectivity for pollinators.

4.3. Future Research Needs

Future research should link remote sensing–based species maps with on-ground eco-
logical metrics such as sapling survival, soil moisture, and nectar yield. The combination
of Sentinel-2 imagery, UAV surveys, and LiDAR-derived canopy structure can capture
successional changes more precisely [74]. Beyond ecological mapping, incorporating eco-
nomic and beekeeping data will allow predictive modeling of honey yield under multiple
climate scenarios.

Operational scaling requires automating the hierarchical classification pipeline and
developing decision dashboards for forest agencies and beekeepers—turning scientific
insights into actionable management tools. The proposed framework can serve as the foun-
dation of a Mediterranean Pollinator Habitat Observatory, promoting adaptive planning
amid growing environmental uncertainty.

5. Conclusions
The 2021 Evia forest fires represents a case of compound ecological and economic

disturbance, where forest loss, fragmentation, and climate-induced stress converged to
threaten apiculture. Studies in the area that are of similar complexity in terms of algo-
rithms used, offer lower Overall Accuracy. Additionally, the trade-off between large scale
monitoring capability and accuracy metrics, show that our proposed methodology offers
significant advantages.

Our hierarchical deep learning framework, combining Sentinel-2 time-series and
U-Net semantic segmentation, achieved > 92% accuracy in mapping honey-producing
tree species, indicating honeybee habitat losses at an alarming rate in a very important
beekeeping region of Greece, combined with climate change phenomena and extended
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use of pesticides in agriculture. This performance surpasses traditional machine learning
approaches and offers a scalable solution for annual ecosystem monitoring. By transforming
spectral and phenological information into actionable maps, it supports early detection of
habitat loss, post-fire regeneration tracking, and adaptive apicultural planning.

The integration of DL-driven monitoring, climate-smart forestry, and resilient bee-
keeping strategies represents a forward-looking model for sustainable management in
fire-prone Mediterranean landscapes. Expanding this approach regionally could under-
pin a trans-Mediterranean early-warning network for pollinator habitat loss—helping to
safeguard both forest biodiversity and rural livelihoods under accelerating climate change.
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