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Abstract

Mountain ecosystems are highly sensitive to climate change and require spatially ex-
plicit monitoring tools to support adaptive management. Within the framework of the
Interreg-ALCOTRA “ACLIMO” project, this study investigates land cover dynamics in the
Gesso Valley (Maritime Alps, Italy) over the period 2010-2021 using deep learning—based
classification of high-resolution aerial orthophotos integrated with climate data analysis.
Multi-temporal RGB and NIR imagery (2010, 2018, 2021) was classified using convolutional
neural networks (U-Net and MMSegmentation) in ArcGIS Pro, with CORINE Land Cover
datasets used for training. The best-performing model, based on CLC + Backbone 2018,
achieved an overall accuracy of 82%, increasing to 87% after fine-tuning. Change detection
revealed a general shift towards increased vegetation cover, while climate analysis based on
regional weather stations (1990-2021) identified a warming trend of +0.4 °C/decade and re-
cent drier conditions. Logistic regression highlighted significant associations between land
cover transitions and climate anomalies, with temperature positively influencing change
probability (OR = 1.40). The study demonstrates the potential of operational GIS-integrated
deep learning workflows for climate change monitoring in complex alpine environments
under real-world data constraints.

Keywords: climate change; alpine environment; remote sensing; deep learning; ArcGIS
Pro; land cover and use

1. Introduction

Mountain regions are among the most sensitive ecosystems to climate change and act
as sentinels of ongoing global warming processes. Alpine environments provide essential
ecological and socio-economic resources, yet they are particularly vulnerable to temperature
increase and changes in precipitation regimes.

Over the last 150 years, air temperature in the troposphere has increased by about 1 °C,
with warming rates approximately doubling in high-altitude regions such as the Alps [1].
Changes in precipitation have also been observed in their temporal and spatial distribution,
with an increase during the winter period, as opposed to a strong reduction in the summer
period [2].

Based on global and regional climate models, this same trend of the past will pre-
sumably be repeated in the future: a temperature increase of between 2.2 and 3.1 °C is
expected by 2055, compared to the average for the period 1961-1990, and a further warming
of 2.8 and 5.2 °C by 2085, depending on the emission scenarios. A reduction in annual
precipitation in the range of 1 to 10% is also expected by 2050 [3].
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The ongoing transformation of the Alpine ecosystem is expected to generate substan-
tial environmental and socio-economic impacts on natural systems and controlled systems,
such as the melting of mountain glaciers and permafrost, an increase in the frequency of
extreme weather events, water and agricultural crises, alteration of habitats and reduction
in biodiversity, loss of primary forests and migrations [4].

Monitoring these transformations is therefore essential to support risk assessment, vul-
nerability analysis and adaptive management strategies in mountain territories, especially
in protected areas.

Beyond field-based measurements, which provide high-accuracy point observations
but limited spatial representativeness, especially in a complicated context like an alpine
environment, Geographic Information System (GIS) and Remote Sensing (RS) techniques
have become fundamental tools for monitoring climate-driven environmental changes and
capturing the spatial heterogeneity typical of complex alpine terrains [5]. Satellite and aerial
imagery, on the other hand, enable continuous spatial coverage and multi-temporal analysis
of land cover dynamics, vegetation shifts and snow cover variability, exploiting handcrafted
features that represent a variety of spectral, textural, and geometrical attributes [6].

Over the past decade, deep learning (DL) techniques, especially convolutional neural
networks (CNNSs), have significantly improved land use and land cover (LULC) classifi-
cation [7]. Compared to traditional machine learning approaches based on handcrafted
features, DL models can automatically learn hierarchical spatial patterns from imagery
data, achieving higher classification accuracy in many applications. Architectures such as
U-Net and DeepLab have proven particularly effective for semantic segmentation tasks,
enabling pixel-level mapping of complex landscapes [8].

However, despite these advances, several limitations remain when applying deep
learning to high-resolution remote sensing data in alpine environments. Mountain regions
introduce strong radiometric variability due to topographic effects, such as slope, aspect,
and cast shadows, which reduce class separability and increase classification uncertainty [9].
In addition, the availability of consistent and high-quality multi-temporal datasets is often
limited, and labelled training data are scarce or generalized, especially at fine spatial
resolutions. Furthermore, deep learning models trained on specific datasets frequently
show limited transferability across time due to differences in acquisition conditions and
sensor characteristics [10].

Beyond methodological challenges, an additional limitation concerns the operational
adoption of deep learning approaches. Many existing studies rely on complex workflows or
custom implementations that are not easily transferable to non-expert users. This represents
a critical barrier for public administrations and environmental agencies, which increasingly
require accessible and reproducible tools for climate change monitoring [11,12].

Although several studies have applied deep learning to land cover classification,
fewer works have focused on the integration of high-resolution aerial imagery, multi-
temporal change detection, and climate data analysis within a unified and operational
framework. In particular, there is a lack of approaches designed to be directly implemented
within standard GIS environments, ensuring reproducibility and applicability in real-world
decision-making contexts [13].

In this contribution we present the ACLIMO project, an Interreg ALCOTRA (Alpi
Latine Cooperazione TRAnsfrontaliera) collaboration plan carried out by Aree Protette Alpi
Marittime (Protected Areas of Maritime Alps—APAM) and the Politecnico di Torino, whose
aim is to develop a standardized multi-scale methodology for climate change monitoring
in the Alpine environment. The project is structured into three complementary scales:
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e  Small scale: remote sensing techniques on Copernicus and Sentinel datasets for the
identification of trends and variations in the study area relating to vegetation, snow
cover and land use.

e Medium scale: an analysis of aerial photogrammetry acquisitions for the semi-
automatic classification using appropriately trained artificial intelligence techniques;

e Large scale: drone and bathymetry surveys of two alpine lakes for modelling the
bottom of the lake and for monitoring the surrounding vegetation.

1.1. Objectives and Research Questions

The present study focuses on the medium-scale component of the ACLIMO project
and investigates the use of deep learning-based classification of high-resolution aerial
orthophotos to analyze land cover dynamics in Gesso Valley (Maritime Alps, Italy) over the
period 2010-2021, within the ACLIMO project. The study integrates multi-temporal image
classification, change detection, and climate anomaly analysis to explore the relationship
between observed land cover transitions and climatic variability.

The main contributions of this work are threefold. First, it proposes a replicable and
operational workflow for land cover classification based on widely available GIS software,
aimed at facilitating adoption by non-expert users. Second, it evaluates the robustness
and limitations of deep learning models in complex alpine environments, particularly in
relation to data quality and temporal transferability. Third, it combines land cover change
detection with statistical analysis of climate anomalies, providing insights into the role of
climatic drivers in shaping vegetation dynamics.

In this context, the study addresses the following research questions:

RQ1. Which deep learning configuration provides the most reliable land cover classification
across the available multi-temporal orthophotos?

RQ2. How do training data resolution, spectral inconsistencies, and topographic shadow
effects influence classification accuracy and temporal transferability?

RQ3. What were the main land cover transitions observed in Gesso Valley between 2010
and 20217

RQ4. To what extent are the detected land cover changes statistically associated with
temperature and precipitation anomalies?

1.2. Case Study

The area of interest is inside Parco Naturale Alpi Marittime (Natural Park of Maritime
Alps), which is managed by the protected areas authority APAM. The overall protected
territory extends to over 38,290 hectares and involves 16 municipalities in Piedmont, and
the altitude ranges from 645 to 3297 m a.s.l. [14].

At the medium scale, the area of study coincides with the entire territory of Valle Gesso
(Gesso Valley) (Figure 1), covering approximately 195 km?. The valley has a triangular
shape, delimited to the east by the Vermenagna Valley, to the south by the Tinea Valley
(France) and to the north-west by the Stura di Demonte Valley [15]. The northern vertex of
the study area is located near the village of Valdieri.

This sector was selected because it represents the core of the Maritime Alps, which are
the focus of the ACLIMO project. Moreover, given the medium-scale approach adopted in
this study, the Gesso Valley provides a representative setting, effectively capturing the key
geomorphological, ecological, and climatic characteristics of this alpine environment.

From a geomorphological perspective, the study area was delineated following
the main watershed ridgelines, so as to include the entire valley system and its
associated slopes.
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Figure 1. The geographic context. The area of interest at the medium scale is Valle Gesso (Gesso Valley),
marked in red in the bottom images, which is a valley located in the south of the Piedmont region, in
the North of Italy, and that borders France in the south. On the top right, the map of the parks and
reserves managed by the Maritime Alps Protected Areas Authority (D. Viada).

The Maritime Alps constitute the southernmost portion of the Alpine chain and are
characterized by a distinctive geographical position, being located less than 50 km in a
straight line from the Mediterranean Sea. This proximity generates a strong interaction
between Alpine and Mediterranean climatic influences, resulting in marked ecological
gradients and high environmental heterogeneity [15].

While the area exhibits a clearly alpine morphology and high-mountain environmental
conditions, the Mediterranean influence contributes to relatively mild climatic conditions
at lower elevations and enhanced moisture input compared to more continental Alpine
sectors. The Maritime Alps are, in fact, among the wetter sectors of the Alpine chain, with
annual precipitation generally ranging between 900 and 1200 mm. Precipitation is charac-
terized by a marked seasonal pattern, with a pronounced maximum in autumn exceeding
the spring peak, and a minimum occurring in summer rather than in winter. This regime,
combined with orographic effects, promotes relatively high snowfall accumulation com-
pared to more continental Alpine environments. Climatic gradients in the region are further
constrained by well-defined isotherms (10-11 °C) and the 1000 mm isohyet, which delineate
the transition between Mediterranean-influenced and inner Alpine conditions [16].

From a geomorphological perspective, the territory displays the complex conformation
typical of a high-mountain Alpine environment, being on the curvature of the south-western
Alps. The landscape is characterized by high peaks and sharp crests, steep depressions and
large stony ground, wide surfaces with no vegetation, few woods, and perennial snowfields.
The area also hosts some of the southernmost glaciers of the entire Alpine arc. Although
currently small and undergoing significant retreat, these glaciers represent important
geomorphological and hydrological elements, as well as key indicators of ongoing climate
change. Perennial snowfields and glacial remnants are mainly preserved in high-elevation
cirques and on north-facing slopes [17].

Vegetation reflects the transitional character of the region. Broad-leaved forests dom-
inate the lower and mid-elevation belts, in particular beech as the prevailing species.
Coniferous forests occupy smaller portions of the territory and are mainly composed of
silver fir, Norway spruce, and Swiss pine. At higher elevations, forest cover progressively
transitions into alpine grasslands, rocky environments, and cryophilous habitats [18].
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2. Materials and Methods

The methodological framework adopted in this study is designed to provide a replica-
ble and operational workflow for the analysis of land cover dynamics in complex alpine en-
vironments. The workflow integrates deep learning-based classification of high-resolution
orthophotos, change detection, and statistical analysis of climate anomalies.

The overall procedure consists of the following steps:

Data preparation;

Training data generation;

Deep learning model training;
Model evaluation;

Pixel-based land cover classification;
Change detection analysis;

NGk

Statistical modelling of the relationship between land cover changes and
climate anomalies.

A schematic representation of the workflow is provided in Figure 2.

Figure 2. Flowchart of the methodological framework.

2.1. Data Preparation

The dataset employed for the analysis consists of three imagery products from airplane
flights, a Digital Elevation Model (DEM) raster and two Copernicus land cover and land
use inventories. In addition to the original datasets, vegetation indices were derived to
enhance class separability.

No radiometric normalization or advanced preprocessing was applied to the dataset,
besides the clipping of the study area. This choice reflects the intention to test the perfor-
mance of deep learning models under real-world conditions using readily available data
within standard GIS workflows.

A resume of the dataset employed for our analysis is reported in Appendix B.

2.1.1. Aerial Orthophotos

The imagery dataset consists of three orthophotos acquired for three different time
periods: 2010, 2018, and 2021.
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Orthophotos of 2018 (Figure 3b) and 2021 (Figure 3c) are RGB + NIR imagery produced
with an airplane flight made by Consorzio TeA all over the Piedmont region on behalf of
AGEA (Agenzia per le Erogazioni in Agricoltura—Agency for the Agricultural Supply);
AGEA 2018 was taken during summer while AGEA 2021 in October, and they both have
30 cm of resolution.

@)

(b)

(©)

Figure 3. Orthophoto ICE 2010, 50 cm of resolution (a); AGEA 2021, 30 cm of resolution (b); AGEA
2021, 30 cm of resolution (c).

Orthophoto ICE derives from the aerial shot made during 2009-2011 (Figure 3a) over
the entire Piedmont region. It has RGB and NIR bands and a resolution of 50 cm. In
the study area, the available ICE imagery was acquired in 2010; therefore, this year was
adopted as the reference date for the analyses and is hereafter referred to as ICE 2010.

The orthophoto datasets are characterized by very large file sizes, in the order of
several gigabytes per dataset, reflecting their high spatial resolution and full coverage of
the study area. All orthophotos were provided by Regione Piemonte, the regional authority
responsible for the area of interest.
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Three additional image datasets, referring to 1991, 2000, and 2015, were initially
considered for the analysis; however, they could not be reliably processed into orthophotos.
For the 1991 and 2000 datasets, the imagery frames were not correctly oriented, and the
orientation parameters were not available. The 2015 AGEA orthophoto, on the other hand,
was corrupted by some NoData pixels, and it was not possible to add additional channels
for the classification.

2.1.2. Digital Terrain Model and Vegetation Indices

In addition to the imagery products, the Digital Terrain Model and vegetation indices
were used to improve the recognition of different classes in the area.

From the same ICE 2010 mission, we were also able to download [19] the Digital
Terrain Model (DTM) and the Digital Surface Model (DSM), both with a resolution of 5 m
and an elevation precision of £0.30 m (£0.60 m in woodlands and urban areas).

Two vegetation indices were calculated: the Normalized Difference Vegetation Index
(NDVI) and the Excess Green Ratio (ExG). NDVI integrates the red and the near-infrared
bands [20] (1), while ExG is an RGB-based spectral index [21], which contrasts the green
portion of the spectrum against red and blue to distinguish vegetation from soil (2).

NIR — RED

- ik 1
NDVI NIR + RED @

ExG=2G—-R-B )

NDVI was calculated with ICE 2010 bands, but this produced unreliable results. This
issue may be related to radiometric inconsistencies in the near-infrared band of the 2010
orthophoto; in fact, for water surfaces we observe high values of reflectance, which contrasts
the spectral signature of this kind of surface. Given the incorrect output of the NDVI for ICE
2010 imagery, we also calculated ExG. High values of ExG stand for the presence of green
vegetation; close to zero, the absence of vegetation, bare soil, rocks, streets and buildings;
and negative values, the absence of vegetation or the presence of other land cover surfaces,
like water or shadows.

Figures showing the DTM and vegetational indices are provided in Appendix A.

2.1.3. Training Dataset: CORINE Land Cover

Two CORINE Land Cover (CLC) datasets were used as reference data [22] to train the
Deep Learning model: CLC 2012 and CLC + Backbone 2018 [23]. It is possible to visualize
the CLC inventories in Appendix A.

CORINE Land Cover 2012 provides a dataset with a Minimum Mapping Unit (MMU)
of 25 ha and a Minimum Mapping Width (MMW) of 100 m for linear phenomena, and it
is available as vector and as 100 m raster data. This means that objects having less than a
25 ha area and 100 m width cannot be present in the database; they are generalized in a
neighbouring feature with >25 ha and >100 m width, respectively. For our area, 12 classes
at the third level of hierarchy were detected. The table reporting all levels of detail for land
cover classes is presented in Appendix B.

For our area, 12 classes at the third level of hierarchy were detected: discontinuous
urban fabric; pastures; broad-leaved forest; coniferous forest; mixed forest; moors and
heathland; land principally occupied by agriculture, with significant areas of natural
vegetation; natural grassland; sparsely vegetated areas; transitional woodland-shrub; and
water bodies.

CLC + Backbone 2018 provides a pixel-based, multi-temporal Sentinel 2 time series-
based, wall-to-wall raster product with 10 m spatial resolution and 11 basic land cover
classes. Given a higher spatial resolution, this product provides more detailed information
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on land cover than CLC 2012; it has in fact an overall thematic accuracy of 90%, against
85% of CLC 2012.

The classes detected from the raster of our area are nine: sealed (urban fabric); woody—
needle-leaved trees; woody—broad deciduous trees; low-growing woody plants (bushes,
shrubs); permanent herbaceous; periodically herbaceous; non- and sparsely-vegetated;
water; and snow and ice. The two missing classes are woody—broad evergreen trees and
lichens and mosses.

2.1.4. Climate Data: Weather Stations Data from ARPA Piemonte

Climate data were provided by 28 weather stations owned by ARPA (Agenzia
Regionale per la Protezione Ambientale—Regional Environmental Protection Agency)
Piemonte, distributed homogeneously in the area of the Maritime Alps (Figure 4) [24].

Figure 4. Distribution of ARPA Piemonte weather stations on the medium scale (red) and the large
scale (black) areas.

Weather stations record the daily temperature (mean, maximum and minimum) in Cel-
sius degrees (°C) and the daily precipitation in millimetres (mm). They are automated and
record various parameters in real time with standardized measurement criteria, according
to the World Meteorological Organization.

A total of 28 weather stations were used, with 18 stations providing complete time
series for the period 2000-2021.

All details regarding the data acquired by each weather station, that is, the type of
data and time period of acquisition, and its altitude are provided in Appendix B.

2.2. Deep Learning Framework

All deep learning experiments were conducted using the Deep Learning tools available
in ArcGIS Pro 3.3 (Esri, Redlands, CA, USA). Model training and image classification were
performed within a cloned ArcGIS Pro Python environment (arcgispro-py3), configured
to support deep learning workflows. The environment integrates the PyTorch framework
(version 2.0.1.post4) with GPU acceleration enabled.

The use of ArcGIS Pro was intentionally selected to ensure the reproducibility and
transferability of the workflow to non-expert users, particularly within public administra-
tion contexts, where access to open-source deep learning pipelines may be limited.

Three main ArcGIS Pro tools were used for this procedure, which are part of the
Deep Learning toolset, inside the Image Analyst Tools [25]: Export Training Data for Deep
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Learning, Train Deep Learning Model, Classify Pixels Using Deep Learning. Different tests
were processed and, once the best classifier had been identified, the model was applied to
the remaining orthophotos.

The overall workflow required a considerable amount of computational time, with
a total processing duration of approximately three days. The Export Training Data step
was the least time-consuming, requiring about 30 min, whereas the deep learning model
training represented the most computationally intensive phase, accounting for nearly two
days of processing. Finally, the application of the trained model to image classification
required approximately one additional day.

All tests were conducted on a workstation running Windows 10 Pro, version 22H2
(Microsoft Corporation, Redmond, WA, USA), equipped with an NVIDIA Quadro M2000
GPU, 4 GB VRAM (NVIDIA Corporation, Santa Clara, CA, USA), an Intel Core i7-6850K
CPU, 6 cores, 3.60 GHz (Intel Corporation, Santa Clara, CA, USA), 128 GB of RAM, and a
solid-state drive (SSD).

2.2.1. Training Data Generation

Training data were derived from CORINE Land Cover datasets using two comple-
mentary approaches. In some experiments, original CLC polygons were directly used
as training samples. In other cases, Regions of Interest (ROIs) were manually delineated
based on the CLC classification and refined through visual interpretation of orthophotos.
In one test, another class, “wetland”, was included in the training samples. The dataset
was derived from the census activity carried out by Direzioni Agricoltura e Ambiente
(Agricultural and Environment Directorate) of the Piedmont Region, named “Censimento
della rete di aree umide presenti in Piemonte” [26].

The manual delineation aimed to improve the quality of the training data by selecting
homogeneous areas representative of each land cover class, while excluding mixed pixels
and shadowed regions, which were not explicitly modelled as a separate class. As a result,
the training samples were not generated through a strictly random or statistically stratified
sampling procedure, but rather through an expert-driven selection process guided by both
the reference dataset and the image content.

The Export Training Data for Deep Learning tool was run in order to convert the
source imagery and training samples to deep learning training data. The output is a folder
of image chips of 256 pixel rows by 256 pixel columns and a folder of metadata files. The
metadata format chosen for the export was the Classified Tiles, which is primarily used for
pixel classification: the output is one classified image chip per input image chip with the
statistics of all classes.

2.2.2. Model Selection and Training Configuration

The next step was the Train Deep Learning Model tool, which trains a DL model using
the output from the Export Training Data for Deep Learning tool.

Two convolutional neural networks were trained for the pixel-based classification of
orthophotos: U-Net and MMSegmentation.

U-Net was selected as the primary architecture due to its robustness in semantic seg-
mentation tasks and its effectiveness in handling limited and heterogeneous training data,
which are typical conditions in high-resolution remote sensing applications. Compared to
more complex architectures, U-Net provides a good balance between classification perfor-
mance and computational efficiency, making it suitable for operational workflows [27].

The training configuration was defined to balance model performance and computa-
tional efficiency. A relatively low number of epochs (10) was selected to reduce training
time while ensuring sufficient model convergence. The batch size was set to 8 to accom-
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modate GPU memory limitations while maintaining stable gradient updates. A ResNet-18
backbone was adopted as a lightweight feature extractor, allowing efficient training and
reduced computational cost compared to deeper architectures. This configuration enabled
the processing of high-resolution imagery within the available hardware constraints, while
still achieving satisfactory classification performance.

Class balancing was applied to mitigate class imbalance by assigning higher weights
to underrepresented classes. Focal loss was used to focus the training process on hard-to-
classify pixels, reducing the influence of easily classified samples. Mixup data augmentation
was adopted to improve model generalization by generating synthetic training samples
through linear combinations of image patches. Finally, pretrained model weights were
used to initialize the network, enabling transfer learning and improving convergence.

We report the parameters of CNNs chosen for the training phase in Appendix B.

We made several tests for building the best model for the pixel-based classification,
with a total of six trials:

1.  RGBICE 2010 imagery, using the polygon of CLC 2012 as training samples, U-Net
architecture;

2. RGB +NIR + DTM + NDVI, using ROIs as training samples based on the CLC 2012
classification on the ICE 2010, U-Net architecture;

3. RGB + NIR + DTM, using ROIs as training samples based on the CLC 2012 classifi-
cation on the ICE 2010 and considering the Piedmont Region shapefile of wetlands,
U-Net architecture;

4. RGB + NIR + DTM, using ROIs as training samples based on the CLC 2012 classifica-
tion on the ICE 2010, MMSegmentation architecture;

5. RGB + NIR + ExG + DTM, using ROls as training samples based on the CLC 2012
classification on the ICE 2010, U-Net architecture;

6. RGB + NIR + DTM + NDV], using the polygon of CLC + Backbone 2018 on the AGEA
2018 imagery, U-Net architecture.

2.2.3. Model Selection and Training Configuration

After the training, the model was applied to classify orthophotos by pixel, using the
Classify Pixels Using Deep Learning tool in ArcGIS Pro.

Model performance was assessed using 300 randomly distributed validation points
generated separately from the training samples. Validation labels were assigned primarily
through visual interpretation of the original orthophotos, while the corresponding CLC
datasets were used only as ancillary support. Therefore, although the validation was
not fully independent from the training source, the procedure was intended to reduce
potential circularity.

A confusion matrix was then computed with the ArcGIS tool Compute Confusion
Matrix [28], in order to derive standard accuracy metrics, including producers’ and users’
accuracy, omission and commission errors, the kappa coefficient, and the overall accuracy
(OA), which summarizes the global classification performance.

2.3. Land Cover Classification and Change Detection

After identifying the best-performing model, it was applied to classify the orthophotos
for all available years. A fine-tuning procedure was performed to adapt the model to each
dataset, accounting for spectral and radiometric differences among images.

Land cover change detection was carried out using a categorical change detection
approach through the ArcGIS Pro tool Change Detection Wizard [29], comparing classified
maps for three different periods: 2010-2018, 2018-2021, and 2010-2021. The final output is
a raster dataset that shows all shifts in land cover classes.
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To reduce the influence of classification noise, the analysis focused on major land cover
classes, including vegetation, rocky areas, and water bodies.

2.4. Climate Analysis in the Maritime Alps

Weather data were processed in Matlab R2023a (The MathWorks, Inc., Natick, MA,
USA) and Microsoft Excel version 2605 (Microsoft Corporation, Redmond, WA, USA), to
analyze temporal trends in temperature (°C) and precipitation (mm) using an anomaly-
based approach consistent with the methodology proposed by Mercalli [30] for the Maritime
Alps region. In climatology, anomalies represent deviations from a reference climatic
baseline and are commonly used to highlight interannual variability and long-term trends.

In this study, anomalies were calculated as the difference between the annual mean
value and a reference climatic mean. The reference baseline was defined over the
2000-2021 period, which ensures a more homogeneous spatial and temporal coverage
of the available weather stations across the study area. Although shorter than the standard
30-year climatological period, this baseline was adopted due to data availability constraints.

The anomaly time series was extended to cover the period 1990-2021 in order to
investigate longer-term trends. However, the dataset is characterized by temporal and
spatial heterogeneity in station records. As a result, the number of stations contributing to
the annual mean varies over time, with fewer stations available in earlier years and more
complete spatial coverage in recent decades. Each annual value therefore represents the
spatial average of all stations available in that specific year.

This approach allows for a consistent comparison of anomalies over time by using
a fixed reference baseline, while accounting for differences in data availability across the
study period.

Maps of the spatial distribution of temperature and precipitation were created by ap-
plying two models: Geoadditive Models (GAMs) on RStudio 2026.05.0+218 (Posit Software,
PBC, Boston, MA, USA), which use a smoothing function for describing the dependent
variable according to one or more covariates, and the Empirical Bayesian Kriging (EBK)
Regression Prediction model with the ArcGIS Pro 3.3 tool, an approach that combines krig-
ing with regression analysis to make predictions. As covariates, we considered elevation,
derived from the DTM, and the logarithmic distance from the Mediterranean Sea [31]. The
latter was calculated with the Euclidean Distance tool in ArcGIS Pro 3.3 between a linear
shapefile of the coasts, in particular the Liguria and French Riviera coasts, and the pixels of
the orthophoto.

For this analysis the pixel resolution was set at 20 m.

2.5. Statistical Analysis of Land Cover Changes and Climate Anomalies

To investigate whether climatic anomalies contributed to the observed land cover dy-
namics, logistic regression was applied using a binary response variable, where 0 indicated
no change and 1 indicated pixels where a change occurred [32]. The explanatory variables
included temperature anomaly, precipitation anomaly, and elevation.

The modelling was performed on RStudio 2026.05.0+218 (Posit Software, PBC, Boston,
MA, USA).

All explanatory variables were standardized prior to modelling using their means
and standard deviations, in order to adjust for the difference in range among the input

parameters (3):
Xi — Xmean

standard deviation (X)

)

Xstandardized =
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The logistic regression calculates the probability using a sigmoid function (4) ranging
between 0 and 1:

(4)

where
z=Bg+ B1 X1+ B2Xo+ ...+ BpXn 5)

A set of alternative models was tested, including climatic, topographic, and full
models, as well as a model including the interaction between temperature anomaly
and elevation.

After that, single transitions were analyzed as binary rasters, testing the same models
as for the previous case.

Model performance was assessed in terms of relative fit, discriminatory ability, and
coefficient uncertainty. Relative model fit was compared using the Akaike Information
Criterion (AIC) [33], which balances goodness of fit against model complexity; among
models fitted to the same dataset, lower AIC values indicate a more parsimonious fit.
Discriminatory performance was evaluated using the area under the receiver operating
characteristic curve (AUC), which measures the ability of the model to distinguish between
changed and unchanged pixels across all classification thresholds, with higher values
indicating better discrimination [34]. Regression coefficients were exponentiated and
reported as odds ratios (ORs), expressing the multiplicative change in the odds of land
cover change associated with a one-unit increase in each predictor, holding the remaining
variables constant. For each coefficient, 95% confidence intervals (Cls) were used to quantify
estimation uncertainty and the precision of the effect size, while p-values were reported to
assess the statistical evidence against the null hypothesis of no association [35]. Together,
these indicators were used to compare alternative models and to interpret the direction,
magnitude, and statistical support of the estimated relationships.

3. Results

The results of the accuracy assessment for all the tests are shown in Table 1.

Table 1. Accuracy assessment results.

Test Model Arguments Overall Accuracy (%)
1 o blancing, e
2 o blancig: e
; o blancing. e
: el deepladpls
; s bnlancng T
6 class_balancing: True 823

focal loss: True

All tests conducted on the 2010 orthophoto yielded an OA < 65% and showed several
misclassifications, especially shadow zones, which are often classified as water, so the
transitional woodland class is overestimated.

Differently, CLC + Backbone 2018 has a higher resolution (10 m) and its class reduced
thematic ambiguity about the land cover.

The confusion matrix with all parameters is present in Appendix B.
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3.1. Pixel-Based Classification

After the comparative testing phase, the best-performing configuration was identified
as the U-Net model trained on the 2018 orthophoto using the CLC + Backbone 2018 dataset
as a training reference. This model was therefore selected as the baseline classifier for the
subsequent pixel-based classification of the available multi-temporal orthophotos. The
classified outputs obtained for ICE 2010, AGEA 2018, and AGEA 2021 are shown in Figure 5.

(b)
Figure 5. Cont.
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(9)

Figure 5. Classification results for 2010 (a), 2018 (b) and 2021 (c) orthophotos, using the model with
the highest accuracy.

Before applying the classifier to the remaining orthophotos, a fine-tuning procedure
was performed. In this study, fine-tuning consisted of reusing the U-Net model previ-
ously trained on 2018 imagery and further adapting it to each target image through an
additional training step. For each orthophoto, new training samples were exported from
the corresponding image, and the pre-trained model was subsequently updated using the
Train Deep Learning Model tool in ArcGIS Pro. This procedure was adopted to improve
model adaptation to the spectral and radiometric differences among the multi-temporal
datasets while preserving the thematic structure learned from the CLC + Backbone 2018
reference classes.

The classification of the 2010 orthophoto (Figure 5a) reached the highest overall
accuracy (OA = 87.76%). In comparison with the initial tests performed on the same
imagery, sealed surfaces were more accurately identified and were less frequently confused
with rocky areas. However, some shadowed sectors were still misclassified as water bodies,
and snow-covered areas were not consistently discriminated, being often assigned to the
non- and sparsely vegetated class. In addition, the periodically herbaceous class was not
identified in this dataset.

For the 2018 orthophoto (Figure 5b), the classification reached an overall accuracy of
82%, confirming the good performance of the selected model on the dataset used for the
initial training. Nevertheless, some classification errors remained. In particular, confusion
was observed between permanent herbaceous surfaces and non- and sparsely vegetated
areas. Additional misclassification affected several non- and sparsely vegetated sectors,
which were sometimes labelled as sealed surfaces, especially along the Gesso stream.
Permanent herbaceous areas were also occasionally classified as periodically herbaceous,
suggesting a limited thematic separability between these classes in the study area.

The classification of the 2021 orthophoto (Figure 5c) showed lower accuracy
(OA = 77%) and greater spatial noise, with a visible salt-and-pepper effect in the out-
put raster. Misclassification was particularly evident for non- and sparsely vegetated areas,
which were often confused with sealed or permanent herbaceous surfaces. Snow and ice
were only marginally represented and were frequently confused with rocky classes. Visual
inspection during the revision of validation points also indicated that several herbaceous
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areas had been classified as forest. These errors were likely influenced by the darker ap-
pearance of the 2021 orthophoto and by the stronger presence of topographic shadows,
which made land cover discrimination more difficult.

Overall, the results indicate that the selected U-Net configuration provided the most
reliable performance among the tested models, especially when combined with the higher-
resolution CLC + Backbone 2018 reference dataset. At the same time, the comparison among
the three classified orthophotos highlights that model performance remained sensitive to
spectral consistency, illumination conditions, and temporal differences among the available
image datasets.

3.2. Climate Anomalies

The anomaly analysis was applied to annual mean, maximum, and minimum tem-
peratures, as well as to seasonal mean temperatures. A similar approach was adopted for
precipitation, considering annual and seasonal totals.

The annual temperature anomalies indicate a warming trend of +0.4 °C/decade
(Figure 6), which is higher than the global and Italian mean temperature increase for the
same period (+0.17 °C/decade and +0.39 °C/decade, respectively). Maximum temperature
increased by +0.5 °C per decade, more than the minimum temperature, +0.3 °C/decade.

Figure 6. Annual temperature anomalies for 1990-2021 relative to the 2000-2021 baseline. The
observed increase for mean, maximum and minimum temperature is, respectively, +0.4 °C/decade,
+0.5 °C per decade, +0.3 °C/decade.

This increasing trend is observed also seasonally, especially in autumn and summer,
with +0.5 °C/decade and +0.6 °C/decade respectively, while increases are less evident for
winter (0.2 °C/decade) and spring (+0.3 °C/decade).

In Appendix A, seasonal anomaly graphs are presented.

Precipitation anomalies for the period 1990-2021, computed relative to the 2000-2021
baseline, show a high degree of interannual variability (Figure 7). No clear or statistically
significant long-term trend is observed. Instead, the time series is characterized by an
alternation of wetter and drier periods.

In particular, several consecutive years with negative anomalies highlight phases of
reduced precipitation, indicating the occurrence of relatively dry periods. Although no
consistent increase or decrease in overall precipitation emerges, the variability suggests an
irregular regime rather than a stable pattern, as observed by the climate analysis carried
out by ARPA Piemonte in Cuneo province [36].

Seasonal precipitation anomalies exhibit a similar behaviour. No clear trends are
observed across seasons, although a tendency towards drier conditions can be identified
after 2000 in winter, spring, and summer. In contrast, autumn shows a more balanced
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distribution between positive and negative anomalies, indicating a relatively stable seasonal
contribution.

Figure 7. Annual precipitation anomalies for 1990-2021 relative to the 2000—2021 baseline. Positive
anomalies (blue bars) indicate wetter-than-average years, while negative anomalies (red bars) indicate
drier-than-average conditions.

In Appendix A, seasonal anomaly graphs are presented.

All these results are consistent with the studies conducted by Mercalli [30].

The maps of the distribution of temperature anomalies and precipitation anomalies
were created by applying GAM and EBK Regression Prediction. The best models for
temperature and precipitation anomalies resulted, respectively, in EBK Regression and
GAM, considering for both cases the elevation and the logarithmic distance from the
sea as covariates. Calculating cross-validation metrics, there are not many differences in
considering both covariates or only elevation. The metrics chosen for assessing the accuracy
of the prediction models were Mean Error (ME), Root Mean Square Error (RMSE) and
Mean Absolute Error (MAE) [31], whose values are shown in Appendix B.

The spatial distributions derived from the selected interpolation models are shown in
Figures 8 and 9, respectively.

Figure 8. Temperature anomaly (° C) map in the Maritime Alps, calculated from 1990 to 2021 with
respect to the mean temperature in 2000-2021. For this variable, the best model is the EBK model
considering elevation and distance from the sea as covariates.
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Figure 9. Precipitation anomaly (mm) map in the Maritime Alps, calculated from 1990 to 2021
with respect to the mean precipitation in 2000-2021. For this variable, the best model is the GAM
considering elevation and distance from the sea as covariates.

3.3. Change Detection of Land Cover and Use Classes

Comparing the change detection rasters among different periods, a general shift
towards vegetated areas is observed (Figure 10). The most evident transitions occurred
from needle-leaved forest to broad-leaved forest, and low-growing plants, like bushes,
shrubs, and permanent herbaceous surfaces, showed a transition towards taller tree cover,
including both coniferous and broad-leaved trees. At higher altitudes, an alternate shift
between grassland and rock surfaces has been observed.

Figure 10. Shifts in land cover and use classes in ppm for three different time periods: 2010-2018,
2018-2021, 2010-2021. The ppm values were classified from green to red according to the magnitude
of the land cover change, where green and red represent, respectively, a lower and a greater shift.

These patterns are broadly consistent with warming conditions; however, causality
cannot be directly established. Moreover, since change detection is based on classified maps,
classification errors may propagate into the change results and affect their interpretation.
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To further investigate these dynamics, the detected changes were analyzed using
logistic regression models, evaluating the relationship between land cover transitions and
climatic anomalies.

Logistic Regression for Change Detection and Climate Analysis

Considering the change detection raster as binary data, where 0 means no change
and 1 means a change has occurred, the best-performing model was the full model with
all explanatory variables (standardized temperature anomaly, precipitation anomaly and
elevation) and also considering the interaction between the temperature anomaly and the
elevation, reaching 0.63 of AUC against the approximately 0.5 of the other models. The
exact and detailed values of evaluation parameters are in Appendix B.

Looking at the coefficients of the regression and their parameters, the model shows
that temperature anomaly has a positive effect on land cover change (OR = 1.40), while
precipitation anomaly and elevation had negative effects (OR ~ 0.5).

The interaction between temperature anomaly and elevation was significant and
negative, indicating that the effect of temperature on land cover change decreases with
increasing elevation. A detailed table of the coefficients is provided in Appendix B.

Given the strong correlation between temperature anomaly and elevation, results
should be interpreted with caution, as both variables partly represent the same environ-
mental gradient.

The fitted logistic model was then used to derive a spatial probability map of land
cover change, reported in Appendix A. This result confirms what could be interpreted by
previous results.

We tested the same model for single transitions; in particular we considered the
following changes:

e Permanent herbaceous — Broad-leaved trees;

e Permanent herbaceous — Needle-leaved trees;

e  Permanent herbaceous — Low-growing plants;

e Needle-leaved trees — Broad-leaved trees;

e Non- and sparsely- vegetated — Permanent herbaceous;
e Low-growing plants — Needle-leaved trees.

Also in this case, the best model results in the full model with interaction (full+Int)
between temperature and elevation (Table 2). The inclusion of interaction terms consistently
improved model fit, as indicated by lower AIC values and higher AUC scores.

Table 2. AIC and AUC parameters for each model and every single transition.

Transition AICclim AlCtopog AICfull AICfull + Int AUCclim AUCtopo AUCfull AUCfull + Int
Perm.—Broad. 17,742 17,340 17,249 15,675 0.75 0.76 0.76 0.78
Perm.—Needle. 20,264 20,274 20,138 15,669 0.60 0.62 0.61 0.80
Perm.—Shrubs 20,436 20,748 19,926 17,805 0.58 0.56 0.64 0.75
Needle.—Broad. 15,075 17,354 14,798 11,108 0.83 0.76 0.83 091
Rock—Perm. 18,339 18,343 18,105 17,837 0.71 0.71 0.72 0.73
Shrubs—Needle. 20,356 20,345 19,514 14,101 0.62 0.62 0.69 0.86

In contrast to the aggregated binary change model, transition-specific models showed
substantially higher performance, highlighting that different land-use transitions respond
differently to environmental drivers. This indicates that aggregating all changes into a
single binary response obscures key ecological processes.

Regarding the influence of the explanatory variables, the results (Table 3) show that
temperature anomaly generally increases the probability of land cover transitions, while
precipitation anomaly tends to reduce it, except for specific transitions such as low-growing
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plants (shrubs) to needle-leaved forest. Elevation generally has a negative effect, indicating
that most changes occur at lower altitudes, except for the transition involving permanent
herbaceous and rock surfaces.

Table 3. Influence of explanatory variables on single land cover transitions.

Transition ORTemp ORprec ORgjey ClTemp Clprec Clglev
Perm.—Broad. 1.48 0.66 0.31 1.30-1.68 0.94-1.10 0.28-0.35
Perm.—Needle. 1.60 0.64 0.63 1.44-1.78 0.60-6.70 0.58-0.68
Perm.—Shrubs 4.69 0.46 041 4.21-5.23 0.43-0.50 0.37-0.44
Needle.—Broad. 4.40 0.10 041 3.76-5.13 0.09-0.11 0.37-0.46
Rock—Perm. 2.24 0.48 2.03 2.24-2.95 0.44-0.53 1.85-2.22
Shrubs—Needle. 1.10 2.16 0.31 1.10-1.34 2.00-2.33 0.28-0.33

The strongest effects were observed for the transition from needle-leaved to broad-
leaved forest (OR = 4.40) and from permanent herbaceous to shrub vegetation (OR = 4.69),
highlighting a clear shift towards vegetation types adapted to warmer conditions.

Conversely, transitions associated with vegetation recovery, such as shrub to needle-
leaved forest, were positively influenced by precipitation (OR = 2.16), suggesting a key role
of water availability.

For all transitions, the p-value is lower than 0.001.

Mapping the probability function (Figure 11) for each transition, elevation emerges
as the most consistent and influential predictor across transitions, confirming its role as
a primary driver structuring land-use dynamics in mountainous environments. In fact,
probability maps follow the profile of the DTM raster.

(@) (b)

(© (d

© 0

Figure 11. Probability map for each transition considered for the analysis, where white represents a
probability equal to 1, black stands for 0; land cover changes are marked in red: rock to herbaceous (a);
needle-leaved trees to broad-leaved trees (b); herbaceous to low-growing plants (c); low-growing
plants to needle-leaved trees (d); herbaceous to needle-leaved trees (e); herbaceous to broad-leaved
trees (f).

https://doi.org/10.3390/earth7030099


https://doi.org/10.3390/earth7030099

Earth 2026, 7, 99

20 of 33

The probability maps highlight spatially structured patterns of land cover change,
with higher probabilities concentrated in specific areas of the study region, especially at
higher altitudes. These patterns differ among transitions: in particular, the probability
maps show more clearly defined spatial patterns for forest-related transitions, particularly
from needle-leaved to broad-leaved trees and from shrub or herbaceous vegetation to
needle-leaved forest; these transitions appear to be better explained by the combined effect
of climate and elevation.

In contrast, transitions involving sparsely vegetated or rocky areas appear more
scattered and less spatially structured. This suggests a lower discriminative power of
the models for these transitions and indicates that they occur under a wider range of
environmental conditions and are likely influenced by additional local factors.

4. Discussions

4.1. Deep Learning Approach for the Classification of High-Resolution Imagery in
Alpine Environments

The results addressing RQ1 demonstrate that deep learning-based classification can
effectively support land cover mapping from orthoimages in complex alpine environments,
although model performance strongly depended on the quality, consistency, and temporal
homogeneity of the available datasets. The best-performing configuration, based on the
U-Net architecture trained on the CLC + Backbone 2018 dataset [37], achieved substantially
higher accuracy than models trained using the standard CLC 2012 inventory, confirming
the importance of high-resolution and thematically consistent reference data for semantic
segmentation tasks in heterogeneous mountain landscapes. More specifically, the overall
accuracy values obtained (82% for AGEA 2018 and 87.76% for ICE 2010 after fine-tuning)
are broadly competitive with those reported in the literature for U-Net applied to high-
resolution aerial imagery in topographically complex environments, which typically range
between 75% and 90% depending on class complexity and training data quality [27]. These
results support the conclusion that GIS-integrated deep learning workflows can produce
scientifically reliable land cover maps even under operational constraints, provided that the
sources of uncertainty are transparently documented and carried through the interpretation
of derived products.

However, addressing RQ2, the study highlighted several operational and methodolog-
ical challenges that are often underestimated in experimental workflows.

One of the main limitations concerned the heterogeneity of the imagery datasets [38].
2010 and 2018 orthophotos were acquired during summer conditions, whereas the 2021
image was acquired during autumn, in October and November, depending on the frame.
These differences likely affected vegetation phenology, illumination conditions, and spectral
response, reducing temporal consistency among datasets and limiting model transferability.

Topographic effects represented another major source of uncertainty. Strong shadows,
especially in the 2021 orthophoto, frequently caused misclassification between water bod-
ies, rocky surfaces, and vegetation classes. Similar issues were also observed in the 2010
imagery, particularly in the NIR band, which produced unreliable NDVI values. These
results confirm that illumination variability and topographic shadowing remain critical lim-
itations for deep learning applications in alpine environments, especially when radiometric
normalization and topographic corrections are not applied.

The study also revealed the practical difficulties associated with building multi-
temporal datasets for long-term environmental analyses. Several potentially useful datasets
could not be included because of corrupted imagery, missing orientation parameters, or
incomplete spectral information. Moreover, the available historical series remained rela-
tively short and highly heterogeneous in terms of acquisition conditions and spatial quality.
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These aspects significantly constrained the temporal robustness of the analysis. However,
the proposed methodology could be suitable as a starting point and ¢, for future analyses.
From a methodological perspective, since the data used reflect the real conditions
frequently encountered by public administrations and protected-area authorities when
working with heterogeneous archival datasets and limited computational resources, the
workflow intentionally prioritized operational applicability over methodological complexity.
No radiometric normalization or advanced preprocessing was applied, and the training sam-
ples were manually delineated rather than generated through a statistically rigorous sampling
strategy. In addition, a fully independent train—validation—test split was not implemented.
While these choices may have affected classification robustness, they also reflect the real
conditions frequently encountered by public administrations and protected-area authorities
when working with heterogeneous archival datasets and limited computational resources.
Another important aspect concerns the computational demands of the workflow.
Although ArcGIS Pro allows non-expert users to implement deep learning procedures
within a standard GIS environment, training and inference times remain considerable,
especially when processing large, high-resolution orthophotos. Furthermore, the large
thematic variability and the relatively high number of classes considered likely reduced
class separability, particularly for transitional and heterogeneous land cover categories.

4.2. Land Cover Changes and Climatic Interpretation

Regarding RQ3, the detected land cover transitions reveal a consistent shift towards
increased and more structured vegetation cover across the 2010-2021 period. The dominant
trajectories include the expansion of broad-leaved deciduous forest, primarily beech, at the
expense of needle-leaved forest and low-growing vegetation, as well as the progressive
transition from permanent herbaceous to shrub and forest formations. These patterns,
observed at both the pixel and class level, are consistent with a process of vegetation
densification and upslope biome migration widely documented in alpine ecosystems under
warming conditions.

These dynamics align with the thermophilisation process documented across Euro-
pean mountain ranges, whereby warming temperatures favour the competitive advantage
of broad-leaved deciduous species such as beech over cold-adapted conifers, and promote
shrub encroachment into alpine grasslands as growing season length increases. The warm-
ing trend observed in the study area (+0.4 °C/decade) is higher than the current global mean
warming rate (+0.17 °C/decade) and closely matches the Italian average (+0.39 °C/decade).
This pattern is consistent with the elevation-dependent warming (EDW) theory, according
to which high-altitude environments experience amplified warming compared to lower el-
evations due to snow-albedo feedbacks, atmospheric changes, and topographic effects [39].
Similar vegetation shifts driven by climate warming have been documented not only across
the European Alps [40], but also in other different mountainous contexts [41,42].

Addressing RQ4, the logistic regression analysis identified a statistically significant
positive association between temperature anomaly and the probability of land cover change
(OR = 1.40, 95% CI: 1.23-1.60, p < 0.001), while precipitation anomaly and elevation ex-
erted negative effects (OR ~ 0.5-0.7). The full model, including the interaction between
temperature and elevation, achieved an AUC of 0.63, compared to ~0.5 for null and
topographic-only models. This modest but consistent improvement in discriminatory
power suggests that temperature anomalies carry a genuine, if limited, predictive signal
for land cover transitions, and that this signal is spatially modulated by elevation. The
interaction term was significant and negative (OR = 0.67, p < 0.001), indicating that the
effect of temperature on change probability attenuates with increasing altitude. It should
be noted, however, that the AUC of 0.63 indicates modest overall discriminatory ability.
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This result is more appropriately interpreted as evidence of a weak but statistically de-
tectable climatic signal rather than a strong predictive model, particularly given that the
change detection raster accumulates classification errors from two independent time points,
which may inflate or suppress apparent ecological transitions. This highlights the role of
topography in modulating climatic effects and in shaping ecological responses to climate
variability, as also reported in mountain ecosystem studies [43,44].

However, these changes should not be interpreted as the direct consequence of tem-
perature increase alone. In mountain environments, land cover dynamics are governed by
the interaction of multiple drivers, including climatic conditions, topography, ecological
succession, land abandonment, grazing pressure and disturbance regimes [45]. Therefore,
the observed transitions reflect a combination of processes rather than a single climatic
forcing. Disentangling the relative contribution of each driver lies beyond the scope of
the present study, but remains a critical direction for future research. In particular, the
availability of land-use management records, grazing cadastres, or forest inventory data for
the Valle Gesso area would allow partial attribution of observed transitions to non-climatic
drivers and would strengthen the causal interpretation of the detected patterns.

4.3. Operational Implications and Future Perspectives

A distinctive contribution of this study is the development of an end-to-end work-
flow that integrates deep learning-based land cover classification, multi-temporal change
detection, and statistical climate analysis within the ArcGIS Pro environment, without
requiring custom coding or specialized deep learning infrastructure. The total processing
time of approximately three days on a mid-range workstation (NVIDIA Quadro M2000,
4 GB VRAM) provides a concrete reproducibility benchmark for practitioners considering
similar applications. This operational dimension is particularly relevant for protected-area
authorities and environmental agencies, which are increasingly mandated to conduct cli-
mate impact assessments but operate under constraints of limited computational resources
and technical expertise.

The results suggest that even simplified and operationally oriented approaches can
provide useful information for environmental monitoring when supported by careful
interpretation and awareness of methodological limitations. In this perspective, the study
should be interpreted not as a fully optimized deep learning benchmark, but rather as
an experimental operational framework developed under real-world data constraints.
Transparency regarding uncertainty sources, including seasonal inconsistency between
acquisitions, absence of radiometric normalization, and non-independent validation, is a
prerequisite for the responsible use of such workflows in decision support contexts.

Future developments should focus on three prioritized directions. First, and most im-
pactful, is the application of topographic shadow correction and radiometric normalization
to the AGEA 2021 orthophoto. Given that autumn acquisition conditions introduced perva-
sive shadow effects that propagated through both the pixel classification and the change
detection layers, correcting this single dataset is expected to yield the largest improvement
in overall accuracy and temporal consistency. Ongoing work is addressing this through
C-correction and shadow masking techniques [46,47].

Second, methodological robustness should be strengthened through a fully indepen-
dent train—validation—test split and a stratified random sampling strategy for validation
points, replacing the current expert-driven delineation. Third, the statistical modelling of
land cover change should be extended to include non-climatic explanatory variables such
as slope, aspect, distance to forest edge, and, where available, land management indicators,
so as to reduce the residual unexplained variance and to isolate the specific contribution of
climate anomalies from confounding ecological and anthropogenic drivers. Transferability
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testing across comparable alpine areas, such as the adjacent French Mercantour National
Park, would allow evaluation of how well the trained models generalize to different sensor
configurations, acquisition dates, and ecological gradients. Such cross-border validation
would be particularly relevant within the ALCOTRA cooperation framework, and would
provide a more robust basis for scaling the workflow to regional monitoring programmes.
Public release of the workflow documentation and training data, for example via Zen-
odo, would further support reproducibility and facilitate independent evaluation by other
research groups. Finally, recent advances in geospatial foundation models and transformer-
based architectures offer new opportunities for improving classification performance and
reducing dependence on labelled data. The integration of these approaches represents a
promising direction for future developments.

5. Conclusions

This study investigated the application of deep learning algorithms for the pixel-based
classification of high-resolution aerial imagery in a selected mountainous sector of Gesso
Valley. The workflow, implemented within ArcGIS Pro without custom programming,
integrates U-Net-based pixel classification of multi-temporal RGB-NIR orthophotos (2010,
2018, 2021), categorical change detection, climate anomaly analysis based on 28 weather
stations over 1990-2021, and logistic regression modelling of land cover transitions as a
function of temperature and precipitation anomalies and elevation. The results showed
that satisfactory classification performances can be achieved even under heterogeneous
and non-ideal data conditions, particularly when using higher-resolution and thematically
consistent training datasets. The detected land cover transitions revealed a general increase
in vegetation cover and highlighted statistically significant relationships between climate
anomalies and land cover dynamics, although these processes are influenced by multiple
interacting environmental and anthropogenic drivers.

Beyond the specific results obtained for Gesso Valley, the study highlights the impor-
tance of addressing the practical challenges associated with multi-temporal environmental
monitoring in mountain regions, including data heterogeneity, spectral inconsistencies,
shadow effects, and limited temporal availability of historical datasets. In this perspec-
tive, the proposed workflow should be interpreted as an operational and transferable
framework developed under real-world conditions rather than as a fully optimized deep
learning benchmark.

Despite the identified limitations, the obtained results are broadly coherent with the
current literature on alpine vegetation dynamics and demonstrate that GIS-integrated
deep learning approaches can support environmental monitoring activities also in con-
texts where advanced artificial intelligence expertise and highly standardized datasets are
not available.

Future developments will focus on improving radiometric and topographic consis-
tency among datasets, extending the temporal depth of the analysis, integrating additional
environmental variables, and testing the transferability of the workflow to other alpine
regions. In parallel, the integration of geospatial foundation models and transformer-based
architectures into the GIS-embedded workflow represents a promising avenue to reduce
dependence on labelled training data and to improve generalization across heterogeneous
acquisition conditions.
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Abbreviations

The following abbreviations are used in this manuscript:

GIS Geographic Information System

RS Remote Sensing

DL Deep Learning

CNN Convolutional Neural Network

LULC Land Use and Land Cover

ALCOTRA  Alpi Latine COoperazione TRAnsfrontaliera
APAM Aree Protette Alpi Marittime

DEM Digital Elevation Model

RGB Red, Green, Blue

NIR Near-Infrared

DTM Digital Terrain Model

DSM Digital Surface Model

AGEA Agenzia per le Erogazioni in Agricoltura
NDVI Normalized Difference Vegetation Index
ExG Excess Green Index

CLC CORINE Land Cover

MMU Minimum Mapping Unit

MMW Minimum Mapping Width

ARPA Agenzia Regionale per la Protezione Ambientale
ROI Region Of Interest

OA Overall Accuracy

GAM Generalized Additive Model

EBK Empirical Bayesian Kriging

AIC Akaike Information Criterion

AUC Area Under the Curve

OR Odds Ratio

CI Confidence Interval

ME Mean Error
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RMSE Root Mean Square Error
MAE Mean Absolute Error
Appendix A

This appendix provides additional figures supporting the results presented in the
main text.

Figure A1. Digital Terrain Model.

Figure A2. NDVI calculated from orthophoto ICE 2010.
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Figure A3. ExG calculated from orthophoto ICE 2010.

Figure A4. NDVI calculated from orthophoto AGEA 2018.
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Figure A5. CORINE Land Cover 2012 classes.

Figure A6. CORINE Land Cover 2018 + backbone classes.
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Figure A7. Seasonal temperature anomalies for 1990-2021 relative to the 2000-2021 baseline.

Figure A8. Seasonal precipitation anomalies for 1990-2021 relative to the 20002021 baseline. Positive
anomalies (blue bars) indicate wetter-than-average conditions, while negative anomalies (red bars)
indicate drier-than-average conditions.

Figure A9. Probability function map (grey scale) overlapped by the binary change detection raster,
where changes are shown in purple. Most of the changes fall under the probability range 0.44-0.68.
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Appendix B

This appendix provides additional tables supporting the results presented in the
main text.

Table Al. Original dataset employed for the analysis.

Dataset Year Type Resolution Bands Source Coverage
ICE 2010 Aerial orthophoto 50 cm RGB + NIR Regione Piemonte Piemonte
AGEA 2018 Aerial orthophoto 30 cm RGB + NIR Regione Piemonte Piemonte
AGEA 2021 Aerial orthophoto 30 cm RGB + NIR Regione Piemonte Piemonte
DTM 2010 Raster 5m Elevation Regione Piemonte Piemonte
CLC 2012 2012 Vector /Raster 100 m Classes Copernicus Europe
CLC + Backbone 2018 Raster 10m Classes Copernicus Europe

Table A2. CLC 2012 classes at three levels of hierarchy.

CLC Code Label 1 Label 2 Label 3
112 Artificial surfaces Urban fabric Discontinuous urban fabric
231 Pastures Pastures

Land principally occupied by agriculture,

243 Agricultural areas Heterogeneous agricultural areas 3 significant areas of natural vegetation
311 Broad-leaved forest

312 Forests Coniferous forest

313 Mixed forest

321 Natural land

32 Forest and semi-natural areas S‘C/zuz ;I;ic(l) fl 0;"5}5122?;16;1515 Mogrlsliiaru;g;aesj’c}a\lr;n d

324 & Transitional woodland-shrub

332 Open spaces with little or no Bare rock

333 vegetation Sparsely vegetated areas

512 Water bodies Inland waters Water bodies

Table A3. ARPA Piemonte weather stations information about the altitude where the station is
located, the time period of data acquisition and which parameters were registered (daily temperature,
maximum and minimum temperature, daily precipitation).

Station Altitude (m) Time Period Parameters
Argentera 1680 1996-2021 T, Tmax, Tmin, P
Borello 970 1998-2021 T, Trmax, Tmin, P
Boves 575 1988-2021 T, Tmax, Tmin, P
Canosio 1220 2000-2021 T, Timax, Tmin, P
Castelmagno 1755 1997-2021 T, Tmax, Trmin, P
Chiusa Pesio 935 1997-2021 T, Tmax, Trmin, P
Colle Lombarda 2305 1988-2021 T, Tmax, Tmin, P
Cuneo Cascina Vecchia 575 2003-2021 T, Tmax, Tmin, P
Demonte 765 2002-2021 T, Tmax, Tmin, P
Diga Chiotas 2020 2002-2021 T, Tmax, Tmin, P
Diga Piastra 950 2002-2021 T, Tmax, Tmin, P
Dronero 575 2000-2021 T, Tmax, Tmin, P
Gardetta 2337 2002-2021 T, Timax, Tmin, P
Limone 1885 1988-2021 T, Tmax, Tmin, P
Monte Berlino 1783 1996-2021 T, Tmax, Tmin, P
Neraissa 1433 1989-2021 T, Tmax, Trmin, P
Palanfre 1625 2002-2021 T, Tmax, Tmin, P
Pamparato 975 1998-2021 T, Tmax, Tmin, P
Piaggia 1645 2000-2021 T, Tmax, Tmin, P
Ponte di Nava 820 2002-2021 T, Tmax, Tmin, P
Pradeboni 985 2002-2021 T, Tmax, Tmin, P
Rifugio Mondovi 1760 1998-2021 T, Tmax, Tmin, P

Rocca dell’ Abisso 2753 2003-2021 T, Tmax, Tmin
Roccaforte 595 2004-2021 T, Tmax, Tmin, P
S. Giacomo Demonte 1297 2000-2021 T, Tmax, Tmin, P
Upega 1310 1997-2021 T, Tmax, Tmin, P
Valdieri 1390 1994-2021 T, Tmax, Tmin, P
Vinadio S. Bernolfo 1695 2000-2021 T, Tmax, Trmin, P
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Table A4. CNN’s parameters.
. Backbone Monitor
CNN Max Epoch Batch Size Model Metric Model Arguments
class_balancing
U-Net 10 8 ResNet-18 Accuracy focal_loss
mixup

MMSegmentation 10 8 ResNet-18 Accuracy Model: deeplabv3

model_weight

Table A5. Confusion matrix parameters for the best classifier. C_number represents the code of
the land cover class: 1 for sealed; 2 for needle-leaved trees; 3 for broad-leaved deciduous trees;
4 for low-growing woody plants; 5 for permanent herbaceous; 6 for periodically herbaceous; 7 for
non- and sparsely-vegetated areas; 8 for water; and 9 for snow and ice. Colors are meant to high-
light the diagonal of the matrix (green), especially the overall accuracy (yellow) and the Kappa
coefficient (cyan).

CLASS U Ac-

VALUE C.1 C.2 C.3 C4 C_5 C_6 Cc7 C_8 C.9 Total curacy ppa
C1 3 0 1 0 3 0 3 0 0 10 0.3 0
C2 0 10 2 3 0 0 3 0 0 18 0.56 0
C.3 0 1 50 0 2 0 0 0 0 53 0.94 0
C4 0 0 0 16 0 0 3 0 0 19 0.84 0
C5 0 1 0 2 82 0 24 0 1 110 0.75 0
C.6 0 0 0 0 5 5 0 0 0 10 0.5 0
Cc7 0 0 1 0 2 0 89 0 2 94 0.95 0
C_8 0 0 0 0 0 0 0 10 0 10 1 0
C9 0 0 0 0 0 0 0 0 10 10 1 0

Total 3 12 54 21 94 5 122 10 13 334 0 0
P Ac- 1 084 093 076 087 1 0.73 1 0.77 0 0.82 0
curacy

Kappa 0 0 0 0 0 0 0 0 0 0 0 0.77

Table A6. EBK and GAM metrics for temperature anomaly.
EBK elev. EBK elev. + dist GAM elev. GAM elev. + dist
ME 0.0128 0.0144 —0.0056 —0.0036
RMSE 0.4082 0.4028 0.4475 0.4530
MAE 0.3016 0.2903 0.3247 0.3448
Table A7. EBK and GAM metrics for precipitation anomaly.
EBK elev. EBK elev. + dist GAM elew. GAM elev. + dist
ME —2.4721 4.7454 1.517 —1.406
RMSE 159.104 157.993 169.212 149.434
MAE 121.247 121.975 121.896 129.93

Table A8. AIC and AUC parameters for the evaluation of logistic regression models.

Model AIC AUC

Null model 20796.42 0.50
Climatic model 20662.25 0.55
Topographic model 20796.85 0.52
Full model 20643.53 0.56
Full model + T&EL 20015.51 0.63
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Table A9. Parameters of the coefficients.

Variables Odds Ratio CI p-Value
T anomaly 1.40 1.23-1.60 <0.001
P anomaly 0.826 0.76-0.90 <0.001
Elevation 0.726 0.66—-0.80 <0.001
Interaction T&EL. 0.666 0.64-0.69 <0.001
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