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Abstract: The dynamics of Land Use/Land Cover changes are crucial to environmental
sustainability, socio-economic development, and spatial planning. These changes stem
from complex interactions between human activities, natural processes, and policies. In
recent decades, LULC transformations have been linked to global challenges such as
biodiversity loss, climate change, and resource degradation. Key drivers include urban
sprawl, agricultural expansion and abandonment, and deforestation, emphasizing the
need for effective frameworks to monitor and assess their impacts. This study investigates
Land Use/Land Cover (LULC) changes in Tuscany (Italy) over the period from 2007
to 2019. To achieve this, statistical analyses were conducted to quantify variations in
LULC across different classes and administrative territories represented by provincial local
authorities. Specifically, data spanning five temporal intervals (2007, 2010, 2013, 2016,
and 2019) enabled a comprehensive comparative analysis of spatial persistence in LULC
patterns. Changes were assessed using a statistical approach based on Odds Ratios (OR).
Additionally, Generalized Linear Models (GLMs) at the provincial level were employed to
facilitate one-to-many provincial comparisons and to evaluate the statistical significance
of observed LULC changes. The analysis revealed that certain classes exhibit a greater
susceptibility to changes compared to others. Specifically, the classes categorized under
’Artificial Surfaces’ (LC_100) were, on average, 6.7 times more likely to undergo changes
than those classified as ’Agricultural Areas’ (LC_200) and 11 times more likely than those
under ’Forest and Semi-natural Areas’ (LC_300). Over time, the areas classified as artificial
territories have exhibited a progressively decreasing probability of change. Notably, during
the first update period (2007–2010), these areas were 3.5 times more susceptible to change
compared to the most recent update period (2016–2019). An additional significant finding
emerged from the statistical comparison of LULC changes across administrative regions
governed by different authorities (Provinces). These findings underscore the potential of
using administrative indicators and morphological parameters to analyze LULC change
trends. The proposed approach provides a robust framework for interpreting territorial
resilience and informing spatial planning strategies effectively.

Keywords: land management; contingence table; odds ratio; landscape; machine learning;
likelihood; Tuscany region; land cover/land use

1. Introduction
The dynamics of Land Use/Land Cover (LULC) changes have garnered significant

attention in scientific research due to their profound implications for environmental sustain-
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ability, socio-economic development, and spatial planning [1]. In common practice, Land
Use refers to the specific human activities or functions carried out on a given land area,
such as agriculture, urbanization, forestry, or infrastructure development, reflecting the
intended purpose of the land. In contrast, Land Cover refers to the physical and biological
surface characteristics of the Earth, encompassing natural elements (e.g., forests, water
bodies, and wetlands) and anthropogenic features, such as urban structures, roads, and
agricultural fields [2–4].

These changes are influenced by complex interactions between human activities,
natural processes, and policy interventions [5,6]

Over the past few decades, LULC transformations have been closely linked to global
challenges, including biodiversity loss, climate change, and resource degradation [7]. Urban
sprawl, agricultural expansion and abandonment, and deforestation are among the main
drivers of these changes, underlining the need for robust analytical frameworks to monitor
and assess their impacts [8,9].

Such analyses are essential for guiding policy decisions aimed at promoting sustainable
development [5]. This aspect became more important for Tuscany, renowned for its rich
cultural heritage and diverse landscapes [10–12], which exemplifies a region undergoing
significant land transitions, offering a valuable case study for examining these dynamics.

Tuscany is emblematic of the interplay between historical land management practices
and contemporary pressures of urbanization and land abandonment. The region has un-
dergone significant land cover transformations, reflecting broader European trends [13,14].
Urban sprawl, particularly along coastal and peri-urban areas, and the decline of agricul-
tural land have reshaped the spatial organization of the territory [15]. Simultaneously,
the abandonment of farmland in hilly and mountainous areas has led to a natural recol-
onization by forests, a process often described as “renaturalization” [16]. These changes
encapsulate the dual challenges faced by Tuscany: preserving its iconic landscapes while
addressing the socio-economic demands of a dynamic population.

Globally, the study of LULC dynamics has been significantly enhanced by advance-
ments in remote sensing and geographic information systems (GISs). High-resolution
satellite imagery and geospatial datasets provide an unprecedented capacity to monitor
and map land transitions across spatial and temporal scales [17].

Programs such as Landsat and Sentinel have become indispensable for detecting
LULC changes, offering multispectral imagery that facilitates detailed classification and
trend analysis [18–20].

These tools, combined with sophisticated statistical and machine learning algorithms,
have improved the precision and accuracy of land cover classifications [21]. However, chal-
lenges remain in integrating diverse datasets that capture socio-economic, environmental,
and geospatial variables into a coherent framework for understanding land transforma-
tions [22,23]. In Europe, sustainable land management has emerged as a key policy priority.
The European Union (EU) has established several frameworks, including the INSPIRE
Directive [24] and the Thematic Strategy for Soil Protection [25,26], to promote coordinated
land use monitoring. More recently, the EU Action Plan for Zero Net Land Consumption by
2050 has set ambitious goals for curbing urban sprawl, rehabilitating degraded lands, and
advancing more sustainable land-use practices [25]. In Tuscany, these directives align with
regional policies such as Regional Law No. 65/2014, which emphasizes soil conservation,
sustainable development, and the preservation of rural and cultural landscapes [27].

The socio-economic drivers of LULC changes in Tuscany are deeply rooted in historical
and contemporary processes. The depopulation of rural areas, particularly in mountainous
and hilly regions, has led to the abandonment of traditional agricultural practices, resulting
in natural forest expansion [28,29].
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This phenomenon, while mitigating some ecological impacts of land abandonment,
raises concerns about landscape homogenization and the loss of cultural landscapes that
define Tuscany’s identity [30]. Conversely, urban and suburban areas have experienced
rapid growth, driven by economic development and population pressures. This growth has
contributed to increased soil consumption and landscape fragmentation, posing challenges
for sustainable urban planning and resource management [31].

The Tuscany Region’s Legislation

The Tuscany Regional Government has established an advanced regulatory framework
regarding land management and planning aimed at the dual objectives of environmental
protection and the promotion of sustainable development. A cornerstone of this framework
is Regional Law No. 65/2014 [27], which governs territorial and urban planning, emphasiz-
ing principles of environmental sustainability and landscape conservation. This legislation
seeks to encourage the rational use of territorial resources and mitigate land consumption
by prioritizing the reuse and redevelopment of already urbanized areas while restricting
the conversion of agricultural or natural land into urban zones.

The regulatory system operates across three hierarchical levels: the Piano Integrato
Territoriale (PIT), which articulates the strategic vision for the entire region; the Piano
Strutturale Comunale (PSC), which delineate overarching development and protection
strategies at the municipal level; and the Piani Operativi (PO), which detail specific in-
terventions for territorial transformation. Notably, the Piano Paesaggistico Regionale
(PPR), integrated within the PIT, serves as a vital instrument for safeguarding Tuscany’s
landscapes, recognized as a heritage of exceptional environmental, cultural, and social
significance [32].

A central tenet of the Tuscan regulatory approach is minimizing soil consumption,
achieved through policies that promote the rehabilitation of degraded urban areas and
the efficient utilization of existing urbanized land. The legislation also prioritizes the
preservation of rural areas, particularly high-value agricultural lands, and the protection
of the historical and cultural landscape, which are regarded as defining attributes of the
Tuscan territory [33,34].

The analysis of LULC changes in Tuscany offers an opportunity to explore these
dynamics within a comprehensive framework that integrates spatial, temporal, and socio-
economic dimensions. Furthermore, it facilitates the investigation of how the introduction
of legislative measures may influence certain dynamics of land cover change.

The integration of geospatial data with socio-economic and policy indicators further
enhances the analytical depth, allowing for a more comprehensive understanding of the
factors driving land transformations. The study’s focus on regional and altimetric variations
provides a granular perspective on the spatial heterogeneity of LULC dynamics, highlighting
the unique challenges and opportunities associated with different geographical contexts.

This research builds upon prior studies that have examined the drivers and impacts
of LULC changes in Tuscany and other Mediterranean regions. By situating the analysis
within the broader context of European policy frameworks and regional planning strategies,
the study contributes to the ongoing discourse on sustainable land management. This
analysis aims to support policymakers, planners, and stakeholders, offering evidence-based
insights to inform strategies for balancing development with conservation. Additionally,
the study investigated the importance of integrating local and regional analyses into global
efforts to address land degradation and promote sustainable resource use.
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2. Materials and Methods
2.1. Study Area

The study area (Figure 1) for this research encompasses the entire territory of the
Tuscany Region, covering approximately 22,969 km2. Geographically, the area is delineated
by a bounding box with the following coordinates: NW corner (9◦31′19′′ E, 44◦35′59′′ N),
NE corner (12◦32′47′′ E, 44◦35′59′′ N), SE corner (12◦24′58′′ E, 42◦19′25′′ N), and SW corner
(9◦30′51′′ E, 42◦19′25′′ N).
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The LULC of Tuscany (UCS) database, spanning from 2007 to 2019, provides a robust
foundation for such analyses. Produced at a 1:10,000 nominal scale, this dataset aligns with
the European Environmental Agency’s Land Cover Flows model, which emphasizes the
spatial distribution and qualitative characteristics of land transitions [10]. This model en-
ables researchers to move beyond purely quantitative assessments, capturing the nuanced
processes that underlie landscape transformations.

To facilitate the analysis of LULC changes, the study area has been divided into
11 distinct sub-regions. The first sub-region corresponds to the entire Tuscany Region,
while the remaining ten represent individual provinces, identified using their respective
acronyms, as outlined in Table 1 and Figure 1.

The territory of Tuscany is administratively divided into ten provincial jurisdictions,
each of which has historically implemented legislation aimed at promoting sustainable
land management and preserving natural environments.
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Table 1. Nomenclature used to identify the administrative region (AR).

Name Administrative
Level Code Surface

(km2)

REGIONE TOSCANA Regional RT 22988

PROVINCE OF AREZZO Provincial AR 3233

PROVINCE OF FIRENZE Provincial FI 3513

PROVINCE OF GROSSETO Provincial GR 4503

PROVINCE OF LIVORNO Provincial LI 1212

PROVINCE OF LUCCA Provincial LU 1773

PROVINCE OF MASSA-CARRARA Provincial MS 1155

PROVINCE OF PISA Provincial PI 2446

PROVINCE OF PISTOIA Provincial PT 965

PROVINCE OF PRATO Provincial PO 366

PROVINCE OF SIENA Provincial SI 3821

2.2. The Tuscany LULC

For this study, the geographic dataset known as UCS2019, provided by the Tuscany
Region Administration [35], is available in its Geo-Web portal [36]. This dataset represents
the official Tuscany LULC, namely UCS (standing for “Uso-Copertura del Suolo”), at
1:10000 map scale. This dataset originated in 2007 when the regional administration
initiated the creation of a comprehensive LULC mosaic by integrating data provided by
various provincial administrations. Since its inception, the UCS dataset has undergone
updates every three years, with revisions based on on-screen photointerpretation of digital
orthophotos. Until 2017, these orthophotos were rendered in natural colours (Red-Green-
Blue), whereas updates after 2017 incorporated photointerpretation of false-colour imagery
using Near Infrared–Red-Green composition.

The UCS2019 dataset comprises over one million geographic features, each annotated
with information on LULC classification for each update cycle (2007, 2010, 2013, 2016, 2019;
LULC named as UCS2007, UCS2010, UCS2013, UCS2016, and UCS2019, respectively), in
turn, tiled into corresponding municipality and province administrative boundaries. The
year reported in the name refers to the year when the aerophotogrammetric shot was taken;
generally, about 3 years elapse between when the aerophotogrammetric shot is taken and
the availability of the LULC data employed in formal testing of the aerophotogrammetric
flight, photointerpretation and data editing, data assembly, topological and geometric
verification, quality control, and regional-level mosaicking.

The Land Cover classification was initially based on the formal Corine Land Cover
Legend (CLCL) at the third level [37]. The legend of UCS2019 geographic dataset is based
on Corine Land Cover (CLC) legend [38], and it is hierarchically structured into three levels,
each providing an increasing degree of detail in land surface classification. The first level
distinguishes five main categories: (1) artificial surfaces, (2) agricultural areas, (3) forests
and semi-natural environments, (4) wetlands, and (5) water bodies. The second level
further subdivides these main categories into more specific classes, such as “arable land” or
“coniferous forests”. Finally, the third level provides an even more detailed classification,
distinguishing, for instance, between “continuous urban fabric” and “discontinuous urban
fabric” or between “natural grasslands” and “pastures”. This hierarchical structure allows
for a flexible and scalable interpretation of land use, supporting studies on environmental
change, spatial planning, and natural resource management [39]. Moreover, a fourth
hierarchical regional level has been added to specify use characteristics. The acquisition is,
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from the beginning, based on photointerpretation on the orthophotos and in congruence,
where possible, with the geometric primitives constituting the Regional Technical Map at
the same scale (1:10,000). For this reason, it is not a pure land cover classification but rather
a LULC classification, namely UCS map. The original legend was subsequently restored to
the first classification level by adopting the following decoding keys (Table 2):

Table 2. Reclassify keys of Land Cover classes.

Original Class Reclass Class Code

Class 1xx.x 100-ARTIFICIAL SURFACES LC_100
Class 2xx.x 100-AGRICULTURAL AREAS LC_200
Class 3xx.x 300-FOREST AND NATURAL AREAS LC_300
Class 4xx.x 400-WETLANDS LC_400
Class 5xx.x 500-WATER BODIES LC_500

2.3. Altimetry Analysis

A thorough and comprehensive analysis of land use and LULC changes necessitates
an integrated elevation comparison, which examines how elevation influences the spatial
distribution of LULC classes and their temporal dynamics. To this end, the 10 m resolution
Digital Terrain Model (DTM) provided by the National Institute of Volcanology (INGV) [40,41]
was considered to analyse elevation distributions.

The analysis involved 26 mosaicked DTM tiles, available on INGV-TinItaly portal [42],
into a unified raster dataset. Subsequently, a clipping operation was applied to extract the
Tuscany extent areas, namely DTM_Tuscany (DTMT). Based on this geographic dataset,
a study area ad hoc elevation profile was constructed. Therefore, the DTM_Tuscany
was reclassified into six elevation classes, i.e., 0–100 m, 101–200 m, 201–300 m, 301–500
m, 501–1000 m, and 1001–2054 m, with all elevations expressed in meters above sea
level (m a.s.l.). This reclassification produced a new elevation information layer, DTMTc

(DTM_Tuscany_reclass), representing distinct elevation intervals.
To associate each geographical feature with the corresponding average elevation value,

the UCS_2019 geographic dataset was overlaid onto the DTMTc. For each feature, the
elevation value was calculated as an average elevation value. Subsequently, features were
grouped according to their UCS Class Code, and a weighted average elevation for each
UCS macro-class was computed based on the area size of the individual features using the
following equation:

x =
∑n

i=1 wixi

∑n
i=1 wi

(1)

where
x = weighted average for class x;
xi = average altitude of feature;
wi = weights of the features (area).
The other weighted descriptive statistics (quartiles, median, and standard error) were

derived using the Statsmodels module [43], using the area size of the features as weight.

2.4. Statistical Analysis

The methodological approach of this study combines geospatial analysis with ad-
vanced statistical tools to quantify and compare LULC changes across time and space. By
employing metrics such as odds and odds ratios, the study assesses the relative probabilities
of specific land use transitions, offering insights into regional and temporal variations [44].
The geographic analysis of LULC dynamics, including land area loss and gain over time,
was conducted using a multifaceted approach comprising two key comparative analyses:
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• The overall LULC changes were conducted across defined periodic update tempo-
ral intervals. Indeed, LULC maps have been systematically revised on a triennial
basis since 2007. To ensure consistency and comparability, temporal intervals were
categorized according to Table 3.

Table 3. Codes related to updating time steps.

Update Time Code

LULC Change from 2007 to 2010 T2010
LULC Change from 2010 to 2013 T2013
LULC Change from 2013 to 2016 T2016
LULC Change from 2016 to 2019 T2019

Average Overall

• The LULC changes recorded in different regions at different time steps;
• In turn, two different types of regions were evaluated;
• Administrative region: each region refers to the Tuscany Administrative area or one of

its ten Provincial Administrative areas;
• Altimetric region: each region refers to the altimetric class defined in Section 2.3.

For each comparison, areas associated with different LULC classes were identified,
and the corresponding confusion matrices were generated. The results were then examined
using contingency tables, and statistical significance was assessed for each comparison.
To quantify LULC class area differences across time steps and regions, the odds ratio
method was applied to the confusion matrices, following the approach outlined by Comber
et al. [44]. Hence, this methodology facilitated the estimation of the change probability for
each specific LULC class within a particular region and time step. Gains and losses were
subsequently computed by analysing the diagonal, marginal rows, and columns of the
confusion matrices.

This approach enabled the calculation of class-specific change probabilities for each
spatial zone, while gains and losses were explicitly derived from the marginal totals and
diagonal entries of the confusion matrices. The comparisons were conducted using the
odds ratio, defined as follows:

θR =
Odds

(
Change|R t0

)
Odds(Change|R t1)

(2)

It is worth noticing that this method can be extended to compare any pair comparison-
derived class or to compare zone-to-zone changes (likelihood of change).

The odd ratio value (OR) equal to 1 signifies that likelihood of change in a region, or
across different time steps, is the same for both regions under comparison. The OR greater
than 1 value indicates that change is more likely in the first region compared to the second,
while an OR less than 1 value suggests that change is less likely in the first region.

By analysing the transitions among various LULC classes, across different regions or
time intervals, the significance of interactions between LULC classes was assessed using a
Chi-squared (Ҳ2) test.

However, the odds ratio method is inherently limited to pairwise comparisons, which
restricts its applicability when multiple regions need to be analysed simultaneously. To
address this limitation, generalized linear models (GLMs) have been introduced. These
models estimate the likelihood of change as a function of the region and allow multiple
comparisons. The approach involves comparing observed regional LULC changes to a
baseline model that assumes proportionally equal change levels across all regions [44].
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The method is grounded in a contingency table, where row i represents a change
expressed in terms of gain and loss while column j corresponds to an individual region. To
test a specific association A between row and column effects, a Poisson regression model is
applied to evaluate the significance of these associations:

A
(
cij
)
= log

(
r + Ci + Rj

)
(3)

where the Poisson distribution value in column i and row j is denoted by Cij and R stands
for the intercept term.

This model is compared against the model:

A
(
cij
)
= log

(
r + Ci + Rj + Iij

)
(4)

where the term Iij represents the interaction effect between row i and column j: when signif-
icantly different from zero, then it is inferred, meaning there is some level of association
between rows and columns.

The value of Iij is estimated by fitting Equation (3) to the regional data, in which
coefficients were related to a comparative index of loss for each of the row categories, using
the formula

Change = 100 ×
(

eIij − 1
)

(5)

where e represents the Napierian number (≈2.71).
Therefore, the frequency of each occurred area, measured in square kilometres (km2),

was modelled using a Poisson distribution. The employed linear model, namely a member
of the Poisson regression family, facilitated the comparative index derivation by quantifying
variations in the change likelihood.

This methodology was applied to compare the loss and gain frequencies for LC_100,
LC_200, and LC_300 classes across all provinces over the entire period (from 2007 to 2019).

A graphical representation of the above results was developed using the mosaic
plots, which facilitated the visualization of trends in the spatial extent of various zones
over time, and the agreement plots, which provided a comparative view of losses and
gains. LULC change flows were further analysed through transition matrices—a sort of
adapted confusion matrices—in which diagonal elements were set to null values to isolate
transitions. For each temporal update, statistical metrics were derived, including each
class change magnitude, the affected territory change percentage, and the comparative
indices. These metrics, the Cohen’s Kappa index (K) added, evaluated the agreement
calculated level between two qualitative assessments [45]. The analyses were restricted to
fields and rows corresponding to the observed changes. Heat maps, specifically derived
by Seaborn module [43] in Python coding language, were utilized to graphically represent
the transition matrices, illustrating both relative (class-specific) and absolute changes in a
concise and interpretable manner.

2.5. Software Used and Coding

The confusion matrix data analysis, as well as the derivation of statistics and trends,
was conducted using a programming-based approach. All scripts developed for this
study were implemented in Python, leveraging open-source libraries and frameworks.
Specifically:

• Statistical analysis, table generation, and reporting were derived by libraries such as
GeoPandas [46], Pandas [47], Scikit-Learn [48], Statsmodels [43], and SciPy [49].

• Visualization tasks, including the creation of plots and infographics, were carried out
using Matplotlib [50] and Seaborn [51].
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• Geospatial analysis encompassed a range of activities, such as digital terrain model
(DTM) processing, elevation profile generation, spatial overlay of geographic layers,
and the production of geographic maps. These activities, alongside zonal statistics
and geostatistical analysis, were conducted using ArcGIS Pro, release 3.3 [52] and the
ArcPy Python module (Release 3.3).

This integration of open-source tools and specialized GIS (Geographic Information
Systems) software enabled a robust and reproducible workflow for the study.

3. Results
3.1. Geographical Analysis
3.1.1. Altimetry

The Tuscany Region covers an area of approximately 22000 km2. In terms of altitude,
about 75% of its land area (approximately 17000 km2) lies within an elevation range of 0
to 500 m above sea level (m a.s.l.), and nearly 30% of the territory is situated below 100
m a.s.l.; approximately 20% of the region is located at elevations between 500 and 1000 m
a.s.l.; only 4% exceeds 1000 m a.s.l. (Figures 2 and 3).
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The altimetric profile that distinguishes the elevation classes used to perform the
change analyses follows the pattern shown in Figure 3.

According to the methodology explained in Section 2.3, the Digital Terrain Model
(DTM) of the Tuscany Region was reclassified into six elevation classes. Based on this
classification, approximately 21% of the region’s territory (4907 km2) falls within the first
elevation class (0–100 m a.s.l.). The second class (100–200 m a.s.l.) encompasses 14% of the
territory (3248 km2), while the third class (200–300 m a.s.l.) accounts for 17% (3994 km2).
The fourth class (300–500 m a.s.l.) includes approximately 22% of the territory (5057 km2).
About 21% of the region (4748 km2) lies within the fifth class (500–1000 m a.s.l.), and the
remaining 4% (983 km2) lies within the final category (over 1000 m a.s.l.) (Figure 4).
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3.1.2. Geographical Distribution of Land Use Classes

According to the most recent Tuscany LULC classification, the largest portion of this
territory falls under category LC_300 ‘forest and natural areas’ (11626 km2, 50.6%) and
LC_200 ‘agricultural areas’ (38.5%). ‘Artificial areas’ account for about 8.9% of the region
(2038 km2), while LC_400 ‘wetlands’ and LC_500 ‘water bodies’ comprise 0.2% (49 km2)
and 1.8% (421 km2), respectively (Table 4).

Table 4. Altitude Statistic report by Land Cover classes.

Surface Altitude Statistics (m a.s.l.)

LULC km2 % Mean std 1st
Quartile Median 3rd

Quartile

100-ARTIFICIAL SURFACES 2038 8.9 197 192 46 140 297
200-AGRICULTURAL AREAS 8853 38.5 220 189 67 198 306

300-FOREST AND SEMI-NATURAL AREAS 11626 50.6 496 303 253 445 706
400-WETLANDS 49 0.2 26 68 1 2 13

500-WATER BODIES 421 1.8 142 146 16 99 242

The average weighted altitude of artificial areas was 197 m a.s.l., with the first and
third quartiles at 46 m and 297 m, respectively, and a standard error of 192 m. The average
weighted altitude for agricultural areas was slightly higher at 220 m a.s.l., with quartiles
of 67 m and 306 m and a standard error of 189 m. In contrast, forested and semi-natural
areas exhibited a significantly higher average weighted altitude of 496 m a.s.l., with first
and third quartiles of 253 m and 706 m and a standard error of 192 m. Wetlands and water
bodies were characterized by considerably lower average weighted altitudes of 26 m and
142 m a.s.l. (Table 4, Figures 5 and 6).

Figures 7 and 8 provide a comparative analysis of the distribution of zones by
provinces and classes, with Figure 7 focusing on average surface area (in km2) and Figure 8
presenting distributions of average altitude (in meters a.s.l.).
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Analysis of Figure 7 reveals that Forest and Natural Areas (LC_300) dominate LULC in
nearly all provinces, particularly in AR, FI, GR, and SI, where their areas exceed 1500 km2.
Similarly, Agricultural Areas (LC_200) account for substantial LULC, especially in GR and
SI, where they represent the first-largest class. Artificial Surfaces (LC_100), while present in
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all provinces, consistently occupy smaller areas, suggesting a lower degree of urbanization.
Classes Wetlands (LC_400) and Water Bodies (LC_500) are the least represented across
all provinces, with negligible contributions compared to other classes. This distribution
reflects a predominance of natural and agricultural LULC in the studied regions, with
minimal urban and wet Land Coverage, highlighting potential regional focus on preserving
natural and agricultural landscapes over urban expansion.
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Analysis of Figure 8 reveals huge variations both between and within provinces; forests
and natural areas (LC_300) consistently occupy the highest altitudes across all provinces,
often surpassing 600 m a.s.l. Agricultural areas (LC_200) dominate mid-altitudes, typically
ranging between 200 and 400 m a.s.l.; artificial surfaces (LC_100), wetlands (LC_400), and
water bodies (LC_500) are primarily distributed at lower altitudes, with wetlands and water
bodies showing minimal representation across most provinces. This pattern underscores a
strong correlation between LULC types and altitude, with natural areas occupying higher
elevations and human-modified landscapes and aquatic environments predominantly at
lower altitudes. Notable provincial variations exist, but the general trends align with
expectations of altitude-driven land use patterns.

Artificial surfaces (LC_100) are consistently concentrated at lower altitudes across all
provinces, with minimal variability. Provinces such as AR, SI, and MS show slightly higher
altitudes for artificial surfaces compared to others, but overall, this class is constrained
below 200 m a.s.l. This suggests that urban and built-up areas are typically situated
in lowland regions, irrespective of the province; LC_200 (agricultural areas; red bars)
demonstrate a notable spread across mid-altitudes, typically between 200 and 400 m
a.s.l. Provinces like AR, MS, and SI show higher average altitudes for agricultural use,
reflecting the adaptation of farming to slightly elevated terrains in these regions. Conversely,
provinces such as LI and PI concentrate agricultural activities closer to lowland areas;
LC_300 (forests and natural areas; dark green bars) dominate the higher altitudes across
all provinces, with peaks frequently exceeding 500 m a.s.l. This is particularly evident in
provinces such as AR, LU, MS, PO, and PT, where forests are distributed across some of the
highest terrains. However, provinces like GR, LI, and PI exhibit a more restricted range for
this class; LC_400 (wetlands; blue bars) are sparsely represented and are predominantly
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situated at the lowest altitudes (<100 m a.s.l.) across all provinces, except for AR and
SI. Their distribution is especially limited in provinces such as GR, LI, LU, MS, and PI,
indicating that wetland ecosystems are geographically confined and province-specific;
LC_500 (water bodies; azure bars) show a representation of water bodies varies significantly
among provinces, with AR, MS, and SI showing relatively higher altitudes compared
to others.

Table 5 and Figures 9 and 10 provide a comprehensive breakdown of LULC classes
by province, highlighting both the proportional contribution of each LULC type to the
provincial territory and its percentage contribution to the total area of the respective LULC
class. Forests and natural areas (LC_300) dominate the landscape across all provinces,
with notable contributions for MS and LU (78.4% and 67% of the provincial territory; 7.9%
and 10.4% of the class LC_300, respectively) and GR (43.6% of the provincial territory and
17.1% of the class LC_300). Agricultural areas (LC_200) are also prominent, particularly
in provinces such as SI, PI, and GR (48.9%, 48.1%, and 48% of the provincial territory and
21.2%, 13.3%, and 24.5% of the class LC_200, respectively). Artificial surfaces (LC_100)
occupy smaller portions of the provincial territory, with the highest proportions in FI
(10.9%; 19.1% of total class) and AR (7.3%; 11.8% of total class), although their contribution
to the total class area remains below 20%. A special reflection should be given to the
province of GR, which has a relatively low percentage of territory occupied by the LC_100
class (5.4%), while the total percentage of the class LC_100 is relatively high (19.1%).
Wetlands (LC_400) and water bodies (LC_500) are minor LULC types, with low percentages
across all provinces, reflecting their geographically limited distribution. These findings
underscore the varying dominance of land use types among provinces, likely influenced by
geographical, ecological, and anthropogenic factors.

Table 5. Distribution of surfaces by province and LULC class. Percentages related to the provincial
territory and to the total LULC surface.

Prov. UCS2019
Classes

Area
(km2)

% of
Provincial
Territory

% of
UCS2019

Total Class
Prov. UCS2019

Classes
Area
(km2)

% of
Provincial
Territory

% of
UCS2019

Total Class

AR

LC_100 237 7.3 11.8

MS

LC_100 111 9.6 5.5
LC_200 1117 34.5 12.7 LC_200 126 10.9 1.4
LC_300 1832 56.7 16.0 LC_300 906 78.4 7.9
LC_400 LC_400 0.7
LC_500 47 1.5 11.2 LC_500 12 1.1 2.9

FI

LC_100 384 10.9 19.1

PI

LC_100 248 10.1 12.4
LC_200 1253 35.7 14.2 LC_200 1177 48.1 13.3
LC_300 1816 51.7 15.8 LC_300 961 39.3 8.4
LC_400 7 0.2 13.6 LC_400 4 0.2 8.7

500 54 1.5 12.8 LC_500 56 2.3 13.4

GR

LC_100 245 5.4 12.2

PO

LC_100 69 19 3.5
LC_200 2160 48.0 24.5 LC_200 81 22.1 0.9
LC_300 1966 43.6 17.1 LC_300 211 57.8 1.8
LC_400 17 0.4 33.9 LC_400
LC_500 116 2.6 27.7 LC_500 4 1.2 1.0

LI

LC_100 146 14.7 7.3

PT

LC_100 123 12.8 6.1
LC_200 443 44.8 5.0 LC_200 261 27.1 3.0
LC_300 382 38.6 3.3 LC_300 564 58.4 4.9
LC_400 2 0.2 3.9 LC_400 7 0.7 14.6
LC_500 16 1.6 3.8 LC_500 9 1.0 2.2

LU

LC_100 209 11.8 10.4

SI

LC_100 234 6.1 11.7
LC_200 336 19 3.8 LC_200 1870 48.9 21.2
LC_300 1188 67 10.4 LC_300 1641 42.9 14.3
LC_400 8 0.5 16.6 LC_400 4 0.1 7.8
LC_500 32 1.8 7.6 LC_500 72 1.9 17.2
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3.2. LULC Change Regional Analysis

In Tables 6a–d and 7a–d, confusion matrices present LULC (LC) transitions for the year
2019 compared with earlier years (2007, 2010, 2013, and 2016) and for successive updates
(2007–2010, 2010–2013, 2013–2016, and 2016–2019). These matrices quantify surface areas
(in km2) associated with LULC changes, offering insights into the stability, dynamics, and
magnitude of gains and losses over time.

Table 6. Confusion matrices of year 2019 vs. past years, with reported losses and gains. Surfaces
expressed in km2.

(a) 2019 (c) 2019

LC_100 LC_200 LC_300 LC_400 LC_500 Loss LC_100 LC_200 LC_300 LC_400 LC_500 Loss

20
07

LC_100 1947 19 4 0.1 1.3 24

20
13

LC_100 2012 8 1.3 0.0 0.4 9

LC_200 79 8806 40 1.5 4 125 LC_200 22 8828 19 0.6 1.1 43

LC_300 12 27 11580 0.1 4 43 LC_300 4 17 11605 0.1 2 22

LC_400 0.0 0.6 0.1 48 0.3 1.0 LC_400 0.1 0.1 49 0.1 0.3

LC_500 0.3 1.1 1.3 0.1 411 3 LC_500 0.1 0.8 0.8 0.0 418 2

Gain 91 48 46 2 9 Gain 26 25 21 0.8 3

(b) 2019 (d) 2019

LC_100 LC_200 LC_300 LC_400 LC_500 Loss LC_100 LC_200 LC_300 LC_400 LC_500 Loss

20
10

LC_100 1985 15 2 0.0 0.9 18

20
16

LC_100 2025 4 0.7 0.0 0.2 5

LC_200 45 8815 27 1.5 3 76 LC_200 12 8842 4 0.0 0.3 16

LC_300 8 22 11596 0.1 3 33 LC_300 2 6 11621 0.1 0.3 8

LC_400 0.0 0.3 0.1 48 0.2 0.7 LC_400 0.2 0.1 49 0.0 0

LC_500 0.2 1.2 1.1 0.0 414 3 LC_500 0.1 0.3 0.2 0.0 420 0.5

Gain 53 38 30 2 7 Gain 13 11 5 0.2 0.8

Table 7. Confusion matrices related to each update year, with reported losses and gains. Surfaces
expressed in km2.

(a) 2010 (c) 2016

LC_100 LC_200 LC_300 LC_400 LC_500 Loss LC_100 LC_200 LC_300 LC_400 LC_500 Loss

20
07

LC_100 1957 12 2 0.0 0.8 15

20
13

LC_100 2015 5 0.7 0.0 0.3 6

LC_200 41 8873 15 0.2 2 57 LC_200 12 8842 15 0.7 0.8 29

LC_300 5 6 11611 0.0 1.1 12 LC_300 2 11 11612 0 1.3 15

LC_400 0.0 0.4 0.0 48 0.0 1 LC_400 0.0 0.1 0.0 49 0.0 0

LC_500 0.3 0.3 1 0.0 413 1 LC_500 0.1 0.5 0.7 0 418 1

Gain 46 19 17 0.2 4 Gain 15 17 17 1 2

(b) 2013 (d) 2019

LC_100 LC_200 LC_300 LC_400 LC_500 Loss LC_100 LC_200 LC_300 LC_400 LC_500 Loss

20
10

LC_100 1990 11 1.4 0.7 13

20
16

LC_100 2025 4 0.7 0.0 0.2 5

LC_200 27 8847 14 0.9 2 44 LC_200 12 8842 4 0.0 0.3 16

LC_300 5 12 11611 0.0 2 18 LC_300 2 6 11621 0.1 0.3 8

LC_400 0.0 0.2 0.1 48 0.1 0.3 LC_400 0.2 0.1 49 0.0 0.4

LC_500 0.2 0.7 0.6 0.0 415 1.5 LC_500 0.1 0.3 0.2 0.0 420 0.5

Gain 32 23 16 0.9 4 Gain 13 11 5 0.2 0.8

The analysis of Table 6 reveals distinct trends for each LC class when comparing 2019
with previous years, and it shows significant expansion of LC_100 during the initial time
intervals, with increases of 91 km2 (2007–2010), 53 km2 (2010–2013), and a deceleration
in subsequent periods: 26 km2 (2013–2016) and 13 km2 (2016–2019). Losses are minimal
across all periods (<5 km2). This expansion is coherently attributed to urbanization, with
recent slowing linked to regional policies such as Regional Law 65/2014 and the Regional
Landscape Plan. However, a direct correlation between the timing of policy implementation
and the reduction in growth rate is not quantitatively demonstrated. Agricultural areas
(LC_200) experience the highest losses, primarily transitioning to artificial surfaces and
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forested areas (LC_300). For example, 125 km2 was lost from LC_200 between 2007 and
2019, while gains were limited to 48 km2, reflecting a gradual contraction of agricultural
land. Forest and natural areas (LC_300) demonstrate relative stability but also experience
modest net losses (e.g., 43 km2 between 2007 and 2019) paired with small gains (<50 km2),
indicating a balance between deforestation and reforestation. Wetlands (LC_400) and
water bodies (LC_500) remain highly stable, with minimal changes (typically below 2 km2),
suggesting either effective conservation or their inherent resilience.

The findings from Table 7, which analyses transitions across successive updates, align
with these observations. Artificial surfaces (LC_100) continue to grow, though the rate of
expansion slows over time (e.g., 46 km2 gained from 2007 to 2010 versus 13 km2 from 2016
to 2019), indicating a deceleration of urban growth. Losses from agricultural areas (LC_200)
remain significant (e.g., 57 km2 from 2007 to 2010 and 16 km2 from 2016 to 2019), with most
transitions directed toward LC_100 and LC_300. Gains in LC_300 are primarily derived
from LC_200, while wetlands (LC_400) and water bodies (LC_500) exhibit negligible losses
and gains, maintaining near-total stability.

Figure 11, featuring a mosaic plot of gains and losses, complements these results
by visualizing the proportional changes. The size of each rectangle corresponds to the
total gains and losses, with darker shades indicating gains and lighter shades indicating
losses. Over time, the overall area affected by land use change decreases significantly, as
reflected in the smaller rectangles in later periods (e.g., 2016–2019). This trend suggests
a stabilization of LULC dynamics, potentially resulting from effective land use policies,
conservation efforts, or reduced anthropogenic pressures.
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Figure 11. Gains and losses for Tuscany Region. Analysis for each update (Panel (a)); 2019 vs. 2010,
2013, and 2016 (Panel (b)).

The contrasting dynamics across LC classes highlight that LC_100 (artificial surfaces)
is the most dynamic category, incrementally expanding, while LC_200 (agricultural areas)
consistently undergoes the largest losses. Gains in LC_300 (forest and natural areas)
partially compensate for losses in LC_200, reflecting a dominant transition from agriculture
to forests. Smaller classes, such as wetlands and water bodies, show minimal changes.
Overall, the declining magnitude of transitions, particularly in recent years (2016–2019),
underscores the increasing stabilization of LULC dynamics and the potential success of
sustainable land management practices.
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Figure 12 presents agreement plots comparing LULC class gains and losses between
the year 2019 and earlier years (2007, 2010, 2013, and 2016) with relative fluxes and weighted
Cohen’s Kappa. The weighted Cohen’s Kappa values across all panels indicate a high
degree of agreement, demonstrating consistent and stable patterns of LULC dynamics. Also,
the increasing Kappa value in the most recent interval (2016–2019) suggests a stabilization
in LULC transitions over time.
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Figure 12. Agreement plots: for each class, the area involved in changes, gains, losses (both depicted
with an exaggeration factor of 1000), percentage change, and Cohen’s Kappa coefficient are reported.
The weighted Cohen’s Kappa value, displayed in each panel, serves as a statistical measure of
agreement, indicating the consistency of classification across the time intervals. Gains are displayed
on the right side of each class, with colours indicating the LULC class of origin. Losses are represented
at the top of each class, with colours reflecting the destination LULC class. The temporal intervals
analyzed include (a) LULC change from 2007 to 2010, (b) LULC change from 2010 to 2013, (c) LULC
change from 2013 to 2016, and (d) LULC change from 2016 to 2019.
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The LULC dynamics are driven by LC_200 consistently exhibits the largest losses
across all periods, primarily and constantly transitioning to LC_100. This pattern highlights
the dominant land use dynamics over the study period. The agreement plot confirms the
magnitude of gains and losses decreases in the later intervals (e.g., 2016–2019), suggesting
a decline in LULC transitions and greater landscape stability closer to 2019.

To complete the analysis of changes that occurred in the last update (2016–2019), two
derived plots reported a comprehensive analysis of LULC dynamics and classification
consistency over time. They complement each other by illustrating both the magnitude
and directionality of LULC transitions (Figure 13: Transition Matrices) and the agreement
of classifications across multiple time intervals (Figure 14: Bangdiwala Agreement Charts).
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Figure 13. Transition matrices for Tuscany Region. Analysis related to the last update (T4: UCS 2016
vs. UCS 2019). Absolute percentage changes (Panel (a)) and relative class changes (Panel (b)).

Figure 13a shows the absolute percentage change, and it highlights the direct changes
in LULC between UCS2016 and UCS2019; LC_200 to LC_100 as the most significant
transition (38.8%), reflecting ongoing shifts linked to land use change, such as urbanization.
Stability is observed for LC_400 and LC_500, with negligible transitions, suggesting these
classes are relatively static over time.

This matrix provides quantitative evidence of which LULC categories are experiencing
the largest absolute shifts, critical for identifying dynamic versus stable zones. The relative
transition matrix (Figure 13b) shows that the LC_100 class changed predominantly in
favour of the LC200 class (86.6%) and only slightly towards the LC_300 class (13.4%).
The LC_200 class behaved in an almost mirror-like manner to the LC_100 class; in fact,
it changed predominantly towards the CL_100 class (72.7% of the surface area) and only
25.4% towards the LC_300 class. Moreover, it normalizes transitions by the size of the
originating class, revealing proportional significance: LC_300 to LC_200 exhibits a striking
relative change (75.5%), confirming that for class LC_300, this transition dominates in
proportional terms as well.

This trend is also confirmed in previous years by the observation of Figure 14, where
through a Bangdiwala Agreement Chart, change flows have been depicted. The slight
decrease in agreement for dynamic classes like LC_300 suggests increased variability in
LULC transitions during these earlier intervals. Later periods (2013–2016, 2016–2019)
improved agreement (as seen in the larger diagonal squares), particularly in the most recent
interval (2016–2019), indicating stabilization in LULC dynamics. Classes like LC_400 and
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LC_500 exhibit near-perfect agreement across all periods, consistent with their minimal
transitions in the transition matrices. Figure 14 confirms the findings from the transition
matrices: LC_200 is dynamic, with notable off-diagonal elements reflecting its transitions
to LC_300, while LC_400 and LC_500 remain stable with high agreement across all periods.
The increasing dominance of diagonal elements in later intervals highlights an overall
reduction in classification variability, suggesting stabilization in the landscape.
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Figure 14. (a–d) Bangdiwala Agreement Chart provides a temporal perspective on the agreement
between LULC classifications for successive periods (2007–2010, 2010–2013, 2013–2016, and 2016–
2019), visualized as proportional square areas. In order to emphasise the changes, the areas of total
agreement (along the diagonal) were set to 0. In all four charts, each square’s position corresponds
to the combination of an older classification (on the vertical axis) and a newer classification (on the
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Both figures emphasize the transition from LC_200 to LC_300 as the dominant dy-
namic. The absolute magnitude (Figure 13a) and proportional significance (Figure 13b) of
this change are reinforced by the agreement patterns in Figure 14, which show improv-
ing stability for these classes over time, and both demonstrate a trend toward reduced
transitions and higher classification agreement in later periods, particularly between 2016
and 2019. This suggests that LULC dynamics are stabilizing, likely due to improved land
management or natural equilibrium.
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3.3. Gain–Loss Province-Wide Analysis

Analyses of LULC changes in proportion to gains and losses were extended for all
Provinces. Figure 15 highlights considerable variation in LULC change among provinces
and time periods. Agricultural areas (LC_200) show widespread losses (light red) across
nearly all provinces, most notably in AR (a), GR (c), LI (d), and PT (h), reflecting a general
trend of agricultural land abandonment or conversion. In contrast, forests and natural
areas (LC_300) consistently demonstrate gains (dark green), particularly in GR (c) and
SI (j), indicative of reforestation or ecological restoration processes. Artificial surfaces
(LC_100) display gradual but persistent expansion (dark grey), with noticeable increases in
provinces like FI (b), PO (i), LU (e), and PI (g), signifying urbanization and infrastructure
development. This class proves to be more dominant for some provinces, such as FI (b), LI
(d), LU (e), PI (g), PT (h), and PO (i). Others, such as GR (c), MS (f), and SI (j), show a lower
propensity to change.
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Figure 15. Mosaic plot of gains and losses for provinces. For each update, gain and loss of classes of
LULC (LC) are reported across different provinces and time intervals. Each Panel (a–j) corresponds
to a specific province in the study area: Arezzo (a), Firenze (b), Grosseto (c), Livorno (d), Lucca (e),
Massa-Carrara (f), Pisa (g), Pistoia (h), Prato (i), and Siena (j). The temporal x-axis captures the
progression of LC changes from 2007 to 2019, segmented into three-update step intervals. LULC
classes are projected in Y axis. LULC classes include artificial surfaces (LC_100, gray), agricultural
areas (LC_200, red), forest and natural areas (LC_300, green), wetlands (LC_400, blue), and water
bodies (LC_500, azure). Gains are represented with darker tones, while losses are depicted with
lighter tones. Size represents area involved (km2).

Changes in wetlands (LC_400) and water bodies (LC_500) are relatively minor and
spatially localized. Gains in wetlands (dark blue) are evident in PI (g) and SI (j), while
water bodies (LC_500, azure) show slight gains in GR (c) and PO (i), potentially linked to
hydrological management.

This analysis reported in the provincial mosaic plot (Figure 15) effectively captures the
spatial and temporal dynamics of LULC changes, emphasizing the complex interactions
of anthropogenic activities and natural processes in shaping regional landscapes. The
trends identified provide critical insights for regional planning and the implementation of
sustainable land management practices.

3.4. Odd Ratio Analysis
3.4.1. Regional LULC Change Probability Analysis

Figure 16 and Table 8 provide a comprehensive depiction of Land Cover change
dynamics over different time periods, focusing on likelihood gain and loss in the main Land
Cover classes (LC_100, LC_200, LC_300, LC_400, LC_500) compared to all other classes.
Figure 12 illustrates the temporal variation in likelihood change for each class, based on
the data presented in Table 8, which quantifies the odds and probabilities of occurrence
during specific updates (T2010, T2013, T2016, T2019, and the overall). Analysing gains,
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LC_100 exhibits the highest likelihood of gain in earlier periods (T2010 and T2013), with a
sharp decline in T2016 and T2019, suggesting reduced expansion or stabilization of this
Land Cover type. LC_100 demonstrates the highest likelihood of gains compared to losses
across all time intervals, particularly in T2010, where the probability of change peaks. This
suggests that LC_100 experienced substantial expansion during the earlier periods of the
study, indicating urbanization. The overall trend shows a decline in rate gain over time,
stabilizing by T2019. Losses in LC_100 remain minimal, indicating a robust and expanding
artificial territory with minimal risk of reversion.
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Figure 16. Likelihood of change for Tuscany Regio by gain and loss and by class over each update.

Table 8. Likelihood of change.

Type T2010 T2013 T2016 T2019 Overall

LC_100 Gain 0.023 0.016 0.007 0.007 0.013
Loss 0.008 0.006 0.003 0.002 0.005

LC_200 Gain 0.002 0.003 0.002 0.001 0.002
Loss 0.006 0.005 0.003 0.002 0.004

LC_300 Gain 0.001 0.001 0.001 0.000 0.001
Loss 0.001 0.002 0.001 0.001 0.001

LC_400 Gain 0.005 0.018 0.015 0.004 0.011
Loss 0.011 0.007 0.002 0.007 0.007

LC_500 Gain 0.008 0.011 0.006 0.002 0.007
Loss 0.003 0.003 0.003 0.001 0.003

Agricultural territory represented by LC_200 exhibits a prevalent likelihood trend of
losses. The likelihood of change in this class is relatively lower compared to LC_100, but
its dynamics remain consistent. Gains peak during T2010 and T2013, suggesting some
level of development or reclamation activity in these intervals, while losses are slightly
more pronounced in T2016 and T2019, indicating possible competition with other land-use
categories.
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LC_300 displays the lowest likelihood of both gains and losses among all classes,
reflecting a relatively stable land-use category. Minor fluctuations are observed, with slight
gains during T2013 and T2016, but these changes remain negligible overall. This stability
suggests that LC_300 represents a less dynamic land-use type, potentially linked to natural
areas that are less prone to human-induced changes.

LC_400 shows the most pronounced likelihood of loss, particularly in T2013, where the
loss probability sharply peaks. This suggests that LC_400 is highly sensitive to change into
other land-use types, potentially due to agricultural, weather, and climatological conditions.
Gains, on the other hand, are minimal and show no substantial increase over the study
period, indicating limited recovery or expansion of this class.

LC_500 presents a more dynamic trend, with relatively balanced but fluctuating
probabilities of gain and loss. Gains peak during T2010, suggesting initial expansion, but
these probabilities diminish over time. Losses are slightly elevated during T2013 and
T2019, indicating vulnerability in the later stages of the study. The overall trend for LC_500
suggests it is moderately dynamic, with gains and losses likely driven by competing
land-use priorities. This class, of all classes, is the one most affected by weather dynamics.

Overall, the results highlight the distinct temporal and categorical dynamics of each
LULC class. LC_100 emerges as the most expansive and robust category, while LC_400
is the most vulnerable to loss. LC_200 and LC_500 exhibit moderate dynamics, whereas
LC_300 remains the most stable, reflecting a limited probability of change. These findings
provide critical insights into the varying resilience and susceptibility of different LULC
types over time.

Table 9 provides a detailed analysis of the odds of gains and losses for the primary
LULC classes (LC_100, LC_200, and LC_300) compared to other land-use categories across
different time intervals (T2010, T2013, T2016, T2019) and the overall study period. The
analysis highlights the temporal and categorical variability in land-use transitions, reflecting
significant trends in LULC dynamics.

Panel (a) illustrates the dynamics of LC_100 (artificial areas) compared to other classes.
With this class, gain odds are always higher than loss odds for each update and pairwise,
indicating a consistent expansion and dynamicity of artificial surfaces. The highest gain
odds are recorded for T2010 (15.61 times more probable to change than LC_300), demon-
strating an increase in urbanization compared to earlier periods. In the last update, it can
be seen that the probability of change with respect to the LC_200 class has halved, although
it still remains high (the gain change is 5.37 times more likely, while in terms of loss, it
is only 1.4 times more likely). Compared to the LC_300 class, the probability of gain is
still high (15.05 times more likely), as is the probability of loss (3.54 times more likely). In
general, comparing the odd ratios of the losses with the other classes, it seems to notice a
gradual decrease for all classes, except for the class LC_500.

LC_200 (Panel (b)) exhibited modest gains and losses, with the highest gains against
LC_300 in 2019 (2.8 overall), but showed higher losses against natural areas (overall odds:
3.64), suggesting ongoing conversion of agricultural areas to natural LULC or other cat-
egories. Similarly, LC_300 (Panel (c)) displayed low odds of gain against LC_100 and
LC_200, with losses remaining moderate, hinting at limited encroachment or conversion
from natural areas. Wetlands (LC_400; Panel (c)) and water bodies (LC_500; Panel (d))
consistently showed the lowest odds for both gains and losses across all comparisons,
reflecting their relatively stable presence in the landscape or limited interaction with other
LULC classes. This trend underscores the resilience or slower dynamics of these categories
relative to human-driven land use changes.
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Table 9. Analysis of the odds and probabilities of occurrence of the main LULC classes, compared to
others. LC_100 vs. others (a); LC_200 vs. others (b); and LC_300 vs. others (c).

(a) LC_100 ODDS Type T2010 T2013 T2016 T2019 Overall

LC_200
Gain 11.20 6.03 3.83 5.37 6.73
Loss 1.17 1.29 0.96 1.36 1.18

LC_300
Gain 15.61 11.25 5.05 15.05 11.03
Loss 7.41 4.14 2.50 3.54 4.30

LC_400
Gain 5.08 0.86 0.48 1.54 1.25
Loss 0.69 0.99 1.32 0.34 0.72

LC_500
Gain 2.76 1.48 1.29 3.41 1.98
Loss 2.53 1.84 1.02 2.00 1.81

(b) LC_200 ODDS Type T2010 T2013 T2016 T2019 Overall

LC_100
Gain 0.09 0.17 0.26 0.19 0.15
Loss 0.85 0.77 1.04 0.73 0.85

LC_300
Gain 1.39 1.86 1.32 2.80 1.64
Loss 6.33 3.20 2.60 2.60 3.64

LC_400
Gain 0.45 0.14 0.13 0.29 0.19
Loss 0.59 0.76 1.37 0.25 0.61

LC_500
Gain 0.25 0.25 0.34 0.63 0.29
Loss 2.16 1.42 1.06 1.47 1.53

(c) LC_300 ODDS Type T2010 T2013 T2016 T2019 Overall

LC_100
Gain 0.06 0.09 0.20 0.07 0.09
Loss 0.13 0.24 0.40 0.28 0.23

LC_200
Gain 0.72 0.54 0.76 0.36 0.61
Loss 0.16 0.31 0.39 0.38 0.27

LC_400
Gain 0.33 0.08 0.10 0.10 0.11
Loss 0.09 0.24 0.53 0.09 0.17

LC_500
Gain 0.18 0.13 0.26 0.23 0.18
Loss 0.34 0.44 0.41 0.56 0.42

Overall, the findings emphasize the persistent growth of artificial surfaces in expensive
agricultural and natural areas, while wetlands and water bodies demonstrate stability in
their spatial extent. These data reflect ongoing anthropogenic pressures, particularly urban
expansion and its associated implications for land management and conservation.

Table 10 reported the odds and probabilities of LULC changes for LC_100 (artificial
surfaces), LC_200 (agricultural areas), LC_300 (forest and natural areas), LC_400 (wetlands),
and LC_500 (water bodies) across temporal comparisons (T2019 vs. earlier updates, T2016
vs. earlier updates, etc.).

Artificial surfaces (LC_100) consistently exhibit increasing odds of gain across all
comparisons, peaking in later periods (e.g., overall odds of 1.20 in T2013-T2010 and 1.77 in
T2010-T2019), underscoring urbanization trends. Agricultural areas (LC_200) show fluc-
tuating patterns, with relatively balanced odds of gain and loss, although gains are more
prominent in earlier periods (e.g., overall 1.34 for T2013-T2019 and 0.97 for T2016-T2019),
suggesting a decreasing probability of gain in agricultural coverage. Forest and natural
areas (LC_300) present higher odds of gain in later comparisons, notably in T2019 (odds
of 3.30 compared to T2016), indicating possible natural recovery or reforestation efforts.
Wetlands (LC_400) and water bodies (LC_500) display distinct dynamics; wetlands record
significant gains in specific periods (e.g., odds of 4.30 for T2013 vs. earlier), reflecting
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targeted conservation efforts or natural expansion, whereas water bodies show marked in-
creases in odds of gain over time, with notable peaks in T2019 (5.54), hinting at hydrological
changes or restoration projects.

Table 10. Analysis of the odds and probabilities of change of LULC classes at the various update
steps. For each update step, the probabilities of change of the various classes compared to the other
updates are reported: T2019 versus the other updates (a); T2016 versus the other updates (b); T2013
versus the other updates (c); and T2010 versus the other updates (d).

(a) T2019 ODDS (b) T2016 ODDS
Type T2010 T2013 T2016 Overall Type T2010 T2013 T2019 Overall

LC_100
Gain 0.28 0.42 0.90 0.50

LC_100
Gain 0.31 0.46 1.11 0.55

Loss 0.33 0.39 0.79 0.51 Loss 0.42 0.49 1.27 0.65

LC_200
Gain 0.59 0.47 0.64 0.63

LC_200
Gain 0.91 0.72 1.55 0.97

Loss 0.29 0.37 0.56 0.44 Loss 0.51 0.66 1.79 0.79

LC_300
Gain 0.29 0.31 0.30 0.37

LC_300
Gain 0.97 1.02 3.30 1.21

Loss 0.69 0.45 0.56 0.62 Loss 1.25 0.81 1.80 1.11

LC_400
Gain 0.93 0.23 0.28 0.40

LC_400
Gain 3.29 0.82 3.54 1.43

Loss 0.68 1.14 3.10 1.09 Loss 0.22 0.37 0.32 0.35

LC_500
Gain 0.23 0.18 0.34 0.29

LC_500
Gain 0.67 0.53 2.93 0.85

Loss 0.42 0.36 0.40 0.46 Loss 1.05 0.89 2.49 1.15
(c) T2013 ODDS (d) T2010 ODDS

Type T2010 T2016 T2019 Overall Type T2013 T2016 T2019 Overall

LC_100
Gain 0.68 2.17 2.41 1.20

LC_100
Gain 1.47 3.19 3.54 1.77

Loss 0.86 2.04 2.58 1.32 Loss 1.17 2.38 3.01 1.54

LC_200
Gain 1.26 1.38 2.15 1.34

LC_200
Gain 0.79 1.09 1.70 1.06

Loss 0.78 1.52 2.72 1.20 Loss 1.29 1.96 3.50 1.55

LC_300
Gain 0.94 0.98 3.22 1.18

LC_300
Gain 1.06 1.03 3.41 1.25

Loss 1.53 1.23 2.21 1.37 Loss 0.65 0.80 1.44 0.89

LC_400
Gain 4.00 1.21 4.30 1.74

LC_400
Gain 0.25 0.30 1.08 0.44

Loss 0.60 2.72 0.88 0.96 Loss 1.67 4.55 1.47 1.60

LC_500
Gain 1.27 1.89 5.54 1.61

LC_500
Gain 0.79 1.49 4.37 1.27

Loss 1.18 1.13 2.80 1.30 Loss 0.85 0.96 2.38 1.10

Overall, the findings reveal a pattern of urban expansion at the expense of natural
areas, alongside localized efforts of conservation and natural recovery for forests, wetlands,
and water bodies.

The analysis of Table 11 provides a detailed assessment of LULC (LC) changes across
update comparison intervals (T2019-T2016, T2016-T2013, and T2013-T2010) evaluated
using Chi-square (X2) tests, and it reveals significant insights into LULC (LC) changes
across all intervals, with notable trends in odds ratios (ORs) and their implications. A key
observation is that with the passage of time (from T2010 to T2019), all odds ratios (for both
gains and losses) tend to decrease across most LC classes. This trend, in general, indicates a
reduction in the dynamism of LULC changes, suggesting stabilization or reduced rates of
transformation in land use. About LC_100 class: for gains, the OR values decreased from
0.58 (T2013-T2010) to 0.51 (T2019-T2016), reflecting a reduced likelihood of artificial surface
gains over time. All intervals were statistically significant (p < 0.05), emphasizing a steady
decline in dynamism; for losses, we can observe although losses were not statistically
significant across intervals, OR values also decreased from 0.73 (T2013-T2010) to 0.53
(T2019-T2016), supporting the trend of reduced dynamism.
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Table 11. Significance of the interactions between step update and LULC changes. In the last
column are reported significance (statistical likelihood), derived from X2-test, between T2019-T2016,
T2016-T2013, and T2013-T2010 comparison changes for each LULC class and related gains and losses.

Update Step Odds Ratio Log Odds Ratio Std. Error CI Low CI High Z-Score Pr(>|z|)

LC_100

Gain

T2019-T2016 0.51 −0.68 0.34 0.26 0.99 −2.0 0.046

T2016-T2013 0.48 −0.73 0.24 0.30 0.77 −3.0 0.002

T2013-T2010 0.58 −0.55 0.18 0.41 0.82 −3.1 0.002

Loss

T2019-T2016 0.53 −0.63 0.55 0.18 1.58 −1.1 0.255

T2016-T2013 0.52 −0.65 0.40 0.24 1.15 −1.6 0.106

T2013-T2010 0.73 −0.31 0.31 0.40 1.36 −1.0 0.325

LC_200

Gain

T2019-T2016 0.43 −0.85 0.36 0.21 0.87 −2.4 0.019

T2016-T2013 0.67 −0.40 0.26 0.41 1.11 −1.6 0.118

T2013-T2010 0.80 −0.23 0.22 0.52 1.22 −1.0 0.302

Loss

T2019-T2016 0.38 −0.98 0.29 0.21 0.67 −3.3 0.001

T2016-T2013 0.56 −0.58 0.19 0.39 0.82 −3.0 0.003

T2013-T2010 0.61 −0.49 0.15 0.46 0.82 −3.4 0.001

LC_300

Gain

T2019-T2016 0.24 −1.43 0.49 0.09 0.63 −2.9 0.004

T2016-T2013 0.70 −0.36 0.28 0.40 1.22 −1.3 0.204

T2013-T2010 0.67 −0.40 0.23 0.42 1.06 −1.7 0.085

Loss

T2019-T2016 0.37 −1.00 0.41 0.17 0.82 −2.4 0.014

T2016-T2013 0.67 −0.40 0.27 0.39 1.15 −1.4 0.147

T2013-T2010 0.78 −0.25 0.23 0.49 1.22 −1.1 0.274

LC_400

Gain

T2019-T2016 0.26 −1.35 2.45 0.00 31.60 −0.6 0.582

T2016-T2013 0.47 −0.76 1.37 0.03 6.83 −0.6 0.578

T2013-T2010 0.96 −0.04 1.10 0.11 8.23 0.0 0.971

Loss

T2019-T2016 1.07 0.07 2.39 0.01 116.50 0.0 0.976

T2016-T2013 0.51 −0.68 2.13 0.01 33.01 −0.3 0.751

T2013-T2010 0.64 −0.45 1.60 0.03 14.56 −0.3 0.777

LC_500

Gain

T2019-T2016 0.26 −1.33 1.25 0.02 3.05 −1.1 0.286

T2016-T2013 0.44 −0.83 0.69 0.11 1.69 −1.2 0.230

T2013-T2010 0.74 −0.30 0.51 0.27 1.99 −0.6 0.547

Loss

T2019-T2016 0.31 −1.18 1.58 0.01 6.78 −0.7 0.454

T2016-T2013 0.66 −0.42 0.99 0.09 4.56 −0.4 0.669

T2013-T2010 0.94 −0.06 0.87 0.17 5.21 −0.1 0.945

With the LC_200 class, the likelihood of agricultural area gains diminished over time,
with OR declining from 0.80 (T2013-T2010) to 0.43 (T2019-T2016). Gains during T2019-
T2016 were significant (p = 0.019), reflecting a sharp reduction in dynamism during this
interval. Consistently significant losses (p ≤ 0.003) showed a marked decrease in OR
from 0.61 (T2013-T2010) to 0.38 (T2019-T2016), indicating reduced loss probabilities and
less dynamic transitions. Class LC_300 shows OR values for gains decreased notably
from 0.67 (T2013-T2010) to 0.24 (T2019-T2016), with significant gains only in the most
recent interval (p = 0.004). This decline reflects a decrease in expansion speed for this class
over time. Losses also followed the same trend, with OR decreasing from 0.78 (T2013-
T2010) to 0.37 (T2019-T2016). Losses were significant during T2019-T2016 (p = 0.014),
indicating heightened deforestation in the most recent period but within a broader context
of decreasing dynamism. With the LC_400 class, statistical significance was not observed
for both gains and losses in any interval (p > 0.5), and OR values for gains declined over
time (from 0.96 to 0.26). Loss OR values exhibited a similar trend (from 1.07 to 0.64),
suggesting reduced changes in wetland areas over time. With the LC_500 class, we can
observe that for gains, the OR values for water body gains diminished over time, from 0.74
(T2013-T2010) to 0.26 (T2019-T2016), indicating reduced expansion. However, none of these
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intervals were statistically significant (p > 0.2); losses showed a decreasing trend in OR
values from 0.94 (T2013-T2010) to 0.31 (T2019-T2016), again with no statistical significance
detected (p > 0.4).

The findings highlight significant and dynamic LULC changes in artificial surfaces,
agricultural areas, and forest/natural areas, particularly during the most recent interval
(T2019-T2016). The marked reduction in forest gains and increased forest losses raise
concerns about environmental sustainability and biodiversity. Agricultural losses suggest a
potential shift toward urbanization or other land-use types, while the gains in agricultural
areas remain inconsistent. In contrast, wetlands and water bodies exhibit stability or
minor fluctuations, with no statistically significant changes detected. This may reflect
natural resilience or insufficient sensitivity of data to capture nuanced transformations in
these categories.

The results underscore the need for targeted land-use policies focusing on slowing arti-
ficial surface expansion, mitigating forest loss, and managing agricultural transitions while
ensuring the preservation of wetlands and water bodies as critical ecological resources.

The consistent reduction in OR values for both gains and losses across all LC classes
underscores a decline in LULC dynamism from T2010 to T2019. This pattern likely reflects
stabilization in certain LULC categories, reduced land conversion rates, or the culmination
of long-term transitions earlier in the study period. The reduced dynamism has important
implications for land use planning and policy development, as it signals potential equilib-
rium in LULC transitions, though the environmental and socio-economic consequences of
these trends warrant further investigation.

This temporal trend, combined with the observed variability in significance across
intervals, emphasizes the necessity of monitoring and managing specific LC categories,
particularly those experiencing significant reductions or expansions (e.g., agricultural areas
and forests).

3.4.2. Province-Wide Odds Ratio Analysis

Key observations highlight significant temporal and spatial heterogeneity. Provinces
such as FI and PO exhibit higher ORs for gains in LC_100, indicating an elevated probability
of urban expansion relative to the regional average. Conversely, provinces like GR and
SI demonstrate higher ORs for gains in LC_300, suggesting localized afforestation or
reforestation dynamics. Losses in LC_200 are prominent in provinces such as LI and
PI, reflecting a pronounced decline in agricultural land compared to regional changes.
Additionally, stability in LC_300 losses is noted across provinces such as LU and MS,
suggesting minimal disruptions to forested areas.

This OR framework effectively underscores disparities in LULC transitions between
individual provinces and the broader Tuscany Region. The results provide valuable in-
sights into localized LULC patterns, emphasizing the need for spatially differentiated
land management policies to address diverse socio-economic and environmental drivers
of change.

Figure 17 reports a detailed analysis of LULC (LC) changes in the provinces of Tuscany,
comparing the odds of gain and loss in key LC classes against the regional trends using
odds ratios (ORs). The OR quantifies how much more or less likely specific LC changes are
in each province relative to the regional average, with values above 1 indicating a higher
likelihood and values below 1 suggesting a lower likelihood. This section discusses the
results for each province in detail, emphasizing how local patterns of change differ from
regional dynamics.
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Province of Arezzo (AR): in this province, the OR for losses in LC_200 is consistently
above 1 across all time steps, indicating that the province experienced a more significant
reduction in agricultural areas compared to the regional trend. This suggests a notable
decline in agricultural land use, potentially driven by land abandonment or reallocation to
other coverages. Gains in LC_100 are modest and relatively stable, with OR values hov-
ering around 1, reflecting an urban expansion trend that aligns with regional trends. For
LC_300, OR values for gains exceed those for losses, particularly in the later periods, sug-
gesting a transition toward forest recovery or reforestation in this province that surpasses
regional trends.

The province of Firenze (FI) demonstrates significantly elevated OR values for gains in
LC_100 across all time intervals, underscoring a more intense urban expansion compared
to the region. This pattern is consistent with Firenze’s role as a metropolitan centre,
characterized by population growth and infrastructure development. The OR for losses in
LC_200 is also high, particularly in earlier periods, suggesting the conversion of agricultural
land into urbanized areas. LC_300 shows OR values close to 1 for both gains and losses,
indicating that forest dynamics in Firenze are relatively stable and align closely with the
regional average.

The province of Grosseto (GR) exhibits a unique profile, with OR values for gains
in LC_300 consistently above 1, indicating a strong tendency for forest and natural area
expansion. This could be attributed to conservation policies, natural regeneration, or the
abandonment of marginal agricultural land. Losses in LC_200 are also more pronounced
than the regional average, with OR values above 1, supporting the hypothesis of agricultural
decline in this rural province. Gains and losses in LC_100 remain minimal, suggesting
limited urbanization relative to other provinces.

The province of Livorno (LI) displays higher OR values for losses in LC_200, particu-
larly in earlier periods, suggesting that agricultural areas in this coastal province are being
lost at a faster rate than the regional average. Gains in LC_100 are modest but increase over
time, indicating gradual urbanization likely driven by coastal development and infrastruc-
ture expansion. The OR values for LC_300 are relatively low, suggesting that forest and
natural area dynamics in Livorno are less pronounced than at the regional level.

The province of Lucca (LU) demonstrates elevated OR values for gains in LC_300,
particularly in the later periods, indicating a higher-than-average expansion of forests and
natural areas. This pattern may be linked to reforestation efforts or reduced agricultural
activity. Losses in LC_200 show consistently high OR values, highlighting a significant
decline in agricultural areas relative to the regional average. Urban expansion (gains in
LC_100) appears limited, with OR values below or near 1, suggesting urban growth in
Lucca aligns with or is slower than regional trends.

The province of Massa-Carrara (MS) follows a similar trajectory to Lucca, with high OR
values for gains in LC_300, indicating significant forest expansion with respect to regional
trends. This behaviour reflects afforestation or recovery of previously degraded lands
or abandonment of activity in agricultural areas. Losses in LC_200 are also prominent,
with OR values consistently above 1, suggesting a decline in agricultural LULC more
pronounced than the regional average. LC_100 gains and losses are negligible, indicating
minimal urbanization pressure in this province; this is probably due to the fact that areas
suitable for urbanisation have been saturated, especially along the coast.

The province of Pisa (PI) presents a distinctive pattern with elevated OR values for
losses in LC_200, pointing to a substantial reduction in agricultural land compared to
regional trends. This trend may reflect land conversion for urban or industrial uses, as
supported by moderate OR values for gains in LC_100. Forest dynamics (LC_300) are
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relatively stable, with OR values for gains and losses close to 1, indicating that changes in
natural areas in Pisa are consistent with regional averages.

In the province of Pistoia (PT), OR values for gains in LC_100 are modest but consis-
tently above 1, suggesting a slightly higher likelihood of urban expansion compared to the
region. Losses in LC_200 are notable, particularly in earlier periods, indicating a substantial
reduction in agricultural areas. Gains in LC_300 are more pronounced in later periods,
with OR values above 1, suggesting an increasing trend of forest recovery or afforestation
relative to the regional average.

The province of Prato (PO) exhibits the highest OR values for gains in LC_100 across all
time intervals, reflecting intense urbanization pressures in this small and highly urbanized
province. The conversion of agricultural areas is evident from the elevated OR values for
losses in LC_200, underscoring a significant reduction in agricultural land use compared to
regional patterns. Forest dynamics (LC_300) show minimal changes, with OR values for
both gains and losses remaining close to 1, indicating limited interaction with natural areas.

The province of Siena (SI) shows strong OR values for gains in LC_300, particularly
in later periods, suggesting substantial forest and natural area expansion, likely driven
by conservation efforts or agricultural abandonment. Losses in LC_200 are also elevated,
indicating a notable decline in agricultural activity compared to the regional average. Gains
and losses in LC_100 are minimal, with OR values below 1, suggesting limited urbanization
relative to other provinces.

Overall, odds ratio analysis reveals significant spatial and temporal heterogeneity in
LULC dynamics across Tuscany. Provinces such as Firenze (FI) and Prato (PO) exhibit
strong urbanization trends, reflected in high OR values for gains in LC_100 and losses in
LC_200. In contrast, provinces like Grosseto (GR), Lucca (LU), and Siena (SI) demonstrate
notable forest recovery, with high OR values for gains in LC_300. These findings emphasize
the diverse drivers of LULC change in Tuscany and highlight the importance of tailoring
land management policies to the specific dynamics and pressures within each province.

Table 12 presents a pairwise analysis of the likelihood of LULC changes between
provinces for the three primary LULC classes (LC_100, LC_200, and LC_300). The table
highlights the 10 highest change likelihood values of gains, constrained to entries with a
p-value > 0.01, ensuring statistical robustness. The metrics reported include the z-score, the
standard error, and the percentage change likelihood, providing insights into the relative
intensity of LULC changes across provinces.

For LC_100, the highest change likelihoods are observed between Pistoia (PT) and
Firenze (FI), with a notable likelihood increase of 633%, reflecting the strong urban expan-
sion link between these provinces. Other significant changes are observed between Grosseto
(GR) and Massa-Carrara (MS) as well as Arezzo (AR) and Firenze (FI), indicating localized
urbanization trends beyond the primary metropolitan area of Firenze. The z-scores and
standard errors suggest consistent statistical significance across these observations.

For LC_200, significant change likelihoods are observed between Siena (SI) and Firenze
(FI), as well as between Massa-Carrara (MS) and Lucca (LU), with percentages exceeding
400% in some cases. These patterns likely indicate substantial agricultural decline or
transformation in these areas, possibly linked to urban encroachment or shifts in LULC
practices. Firenze appears prominently in multiple pairwise comparisons, highlighting its
influence on agricultural transitions within its neighbouring provinces.

For LC_300, substantial positive change likelihoods are recorded for pairings involving
Grosseto (GR), Massa-Carrara (MS), and Siena (SI), with changes exceeding 200% for several
pairs. These patterns reflect forest recovery or afforestation trends in these provinces,
particularly where agricultural land has been abandoned. Negative likelihoods, as observed
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for Siena (SI) and Lucca (LU), suggest localized forest losses, possibly due to land conversion
or resource extraction.

Table 12. Pairwise of the likelihood of LULC changes for different provinces. Likelihood of LULC
changes with the 10 highest change likelihood values. Only values with p-values > 0.01 are included
in this selection.

Reference Province z Pr (>|z|) Standard Error Change Likelihood (%) Province

LC
_1

00

AR 5.5 3.0 × 10−8 0.19 179 FI
PI 3.8 1.6 × 10−4 0.30 210 MS
GR 4.0 7.0 × 10−8 0.29 219 MS
PO 4.0 7.4 × 10−8 0.30 222 FI
PT 3.1 2.2 × 10−3 0.42 268 MS
LI 5.9 3.3 × 10−9 0.23 286 FI
LU 5.3 1.2 × 10−7 0.27 327 FI
PI 8.5 2.6 × 10−17 0.22 519 FI
GR 9.1 8.6 × 10−20 0.20 537 FI
PT 5.4 6.9 × 10−8 0.37 633 FI

LC
_2

00

AR 3.2 1.4 × 10−3 0.29 155 PT
MS 4.5 6.2 × 10−6 0.22 167 PI
FI 5.9 3.9 × 10−9 0.18 186 LI
FI 5.7 1.1 × 10−8 0.19 194 LU
SI 4.2 2.6 × 10−8 0.28 225 PT
FI 9.3 1.4 × 10−20 0.13 245 GR
FI 4.6 5.1 × 10−6 0.28 257 PO

MS 4.2 3.2 × 10−8 0.32 272 PT
FI 8.4 3.1 × 10−17 0.16 288 PI
FI 6.0 1.7 × 10−9 0.28 440 PT

LC
_3

00

SI −4.8 1.7 × 10−6 0.17 −55 GR
FI −3.1 1.9 × 10−3 0.25 −54 LU

MS −3.3 9.0 × 10−4 0.21 −51 GR
GR 3.3 9.0 × 10−4 0.21 103 MS
LU 3.1 1.9 × 10−3 0.25 116 FI
GR 4.8 1.7 × 10−6 0.17 123 SI
GR 3.6 3.4 × 10−4 0.24 133 AR
GR 3.1 1.9 × 10−4 0.28 136 PI
GR 3.1 1.9 × 10−3 0.30 155 LI
GR 5.7 9.4 × 10−9 0.19 199 FI

Overall, the pairwise analysis underscores significant inter-provincial disparities in
LULC change dynamics, driven by both socio-economic factors and geographic contexts.
The findings emphasize the interconnected nature of LULC transitions and highlight the
necessity for coordinated regional land management strategies that address these spatial
dependencies.

3.4.3. Altitude-Wide Odds Ratio Analysis

Figure 18 analyses the odds ratio (OR) for gains and losses across three key LC classes—
LC_100, LC_200, and LC_300—across different altitude classes in Tuscany compared to the
regional trend. The OR indicates how much more or less likely changes occur in a given
altitude class relative to regional trends. This analysis is stratified across multiple time
intervals (T2010, T2013, T2016, T2019). Below, each altitude class is discussed in detail,
highlighting patterns in LC dynamics.
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Figure 18. Odds ratio summary of each altitude class vs. Tuscany Region. In ordinate axis are
reported, for each year and by Classes LC_100, LC_200, and LC300, the probability of loss and gain
against region changes.
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Altitude Class: 0–100 m a.s.l.: In this altitude range, which predominantly includes
lowland areas and plains, OR values for LC_100 gains are consistently above 1, reflecting
heightened urbanization compared to regional averages. This is consistent with the con-
centration of urban centres and infrastructure in lowland areas. Losses in LC_200 show
elevated OR values, indicating a significant decline in agricultural land, likely driven by its
conversion to urban or industrial uses. Gains in LC_300 are minimal (OR < 1), suggesting a
limited expansion of forests or natural areas in these low-altitude zones.

Altitude Class: 100–250 m a.s.l.: This intermediate altitude range exhibits moderate OR
values for gains in LC_100, reflecting urban expansion at a pace slightly above the regional
average. Losses in LC_200 remain significant, with OR values exceeding 1, indicating a
continued decline in agricultural land. Gains in LC_300 begin to increase, with OR values
approaching or slightly above 1 in later periods, suggesting emerging trends in reforestation
or natural area recovery in this elevation band.

Altitude Class: 250–500 m a.s.l.: for this altitudinal class, OR values for LC_100
gains decrease, aligning with regional trends or dropping below 1, reflecting reduced
urbanization pressure. Losses in LC_200 remain significant, though less pronounced than
in lower altitude ranges, indicating ongoing but diminishing agricultural decline. Gains in
LC_300 show OR values consistently above 1, particularly in later time intervals, suggesting
a transition from agricultural land to forests or natural areas at these mid-altitudes.

Altitude Class: 500–1000 m a.s.l.: Higher altitude ranges (500–1000 m) are character-
ized by OR values significantly above 1 for gains in LC_300, reflecting dominant trends
of forest expansion and reforestation in these areas. Losses in LC_200 exhibit elevated
OR values, indicating a strong decline in agricultural activity, likely due to the aban-
donment of marginal lands in favour of natural succession. Gains and losses in LC_100
remain negligible, with OR values consistently below 1, reflecting minimal urban activity at
these elevations.

Altitude Class: 1000–2000 m a.s.l.: At the highest altitudes, OR values for LC_300
gains are markedly high, especially in T2016 and T2019, indicating that forest expansion is
particularly pronounced in mountainous regions. Losses in LC_200 are also striking, with
OR values peaking in some periods, suggesting extensive agricultural land abandonment
at these altitudes. Changes in LC_100 are virtually absent, as evidenced by OR values near
or below 1, consistent with the absence of significant urban development in these regions.

Overall, the analysis reveals distinct spatial and temporal trends based on altitude.
Urban expansion (LC_100 gains) is primarily concentrated at lower altitudes (0–250 m),
with minimal activity in higher elevation zones. Agricultural decline (LC_200 losses) is
most pronounced at mid to high altitudes (250–2000 m), reflecting broader regional trends
of agricultural abandonment, particularly in less accessible or marginally productive areas.
Forest and natural area recovery (LC_300 gains) is most significant at higher altitudes
(500–2000 m), highlighting the role of natural succession and afforestation in shaping
these landscapes.

4. Discussion
4.1. Review of Findings

The analysis of LULC change dynamics in Tuscany from 2007 to 2019 reveals signif-
icant spatial and temporal trends across administrative regions, altitudinal classes, and
LULC types.

Findings indicate a strong stabilization of change dynamics in recent years, with
dominant transitions from agricultural areas (LC_200) to forest and semi-natural areas
(LC_300), consistent with broader European trends of agricultural abandonment and natu-
ral re-colonization, in place for several decades [14,53–55]. Simultaneously, the expansion
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of artificial surfaces (LC_100) was concentrated in the early periods of the study (2007–
2013), followed by stabilization in more recent years (2016–2019), aligning with findings by
Agnoletti et al. [13] regarding the regulation of land consumption in Italy and the purpose
of Regione Toscana [27].

Confusion matrices reported in Table 6 and the mosaic plot (Figure 11) effectively
demonstrate the temporal progression of LULC dynamics, highlighting key trends in
stability and transitions. The temporal and cumulative trends in LULC change, highlight-
ing the dominant dynamics and their stabilization over time. The significant losses in
LC_200 and corresponding gains in LC_300 suggest targeted interventions are needed
to address the drivers of these transitions, such as urban expansion or agricultural shifts.
The visual breakdown of gains and losses provides critical insights into long-term LULC
patterns, aiding in the development of informed management and policy decisions. The
observed heterogeneity characterizing gains and losses at the provincial level underscores
the influence of localized environmental, socio-economic, and policy-driven factors on
LULC transitions.

The decline in agricultural areas and their transition to forested land aligns with
studies by Poyatos et al. [56] and Gallardo et al. [57], documenting similar processes
in Spain’s internal areas affected by depopulation and agricultural abandonment, and
Vannoppen et al. [58] in Flanders region (Belgium) and reflect an agricultural decline and
land observed in Europe, particularly in rural and mountainous regions [14,55]. Forest and
natural areas, in contrast, exhibited the highest stability, with marginal gains attributed to
reforestation or natural succession processes. This pattern contrasts with what has been
observed in many areas of the planet but also in some areas in Central Italy (Latium), where
land degradation LD (a long-term decline in ecosystem function and productivity) appears
particularly severe [59].

Notably, the class of artificial surfaces (LC_100) displayed the highest likelihood of
change, characterized by substantial gains during the earlier periods (2007–2010 and 2010–
2013) and a stabilization in recent intervals (2016–2019). This stabilization mainly reflects
the effects of spatial planning policies aimed at curbing urban sprawl and managing land
consumption [27,34], and agricultural areas (LC_200) are the most dynamic class in terms
of losses, frequently transitioned into forests and semi-natural areas (LC_300). However,
the stabilization recorded in the LC_100 class appears to be a positive aspect that has
been contributing to decreasing land vulnerability and shows a countertrend to what was
recorded in Italy up to 10 years ago [60].

Statistically significant variations were observed among Tuscany’s provinces, with
urban provinces such as Firenze (FI) and Prato (PO) showing elevated probabilities of
artificial surface expansion. In contrast, rural provinces like Grosseto (GR), Arezzo (AR),
and Siena (SI) experienced prominent forest recovery (Figure 15). These patterns reflect the
interplay of urbanization pressures, conservation efforts, and socio-economic factors.

4.2. Discussion of Outcomes

• Temporal Dynamics: The progressive stabilization of LULC dynamics over time
suggests a maturing landscape shaped by effective land management policies. The
initial phases (2007–2013) were characterized by high rates of change, particularly for
artificial and agricultural areas, reflecting urban expansion and agricultural conversion.
In later phases (2016–2019), reduced changes across all classes suggest stabilization due
to mature land management policies or a natural equilibrium in landscape dynamics.
The declining likelihood of change in artificial surfaces during later periods points
to a plateau in urban expansion, possibly driven by regulatory measures such as the
Regional Landscape Plan (PPR) and territorial governance policies.
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• Spatial Heterogeneity: Differences in LULC change among provinces highlight the
localized nature of LULC dynamics. For instance, urban expansion in Firenze and
Prato contrasts sharply with forest recovery in Grosseto and Siena. This heterogeneity
underscores the importance of tailoring policies to the unique characteristics of each
province, considering both environmental conditions and socio-economic drivers. The
province of Massa-Carrara deserves a separate reflection, where a general stabilisation
of urbanised areas can be observed, which in this case is mainly due to the fact that the
territories suitable for urbanisation have been exhausted. The varying trends across
provinces underscore the need for localized policy approaches.

• Altitudinal Trends: LULC transitions varied significantly across elevation classes.
Lowland areas (0–250 m a.s.l.) experienced the highest urbanization rates, while higher
altitudes (500–2000 m a.s.l.) were dominated by forest recovery. These patterns reflect
the influence of topography on land use suitability, with agricultural abandonment in
less accessible areas facilitating natural succession.

In general, the trends observed in the Tuscan territory are in line with what is advo-
cated by the Nature Restoration Law, adopted by the European Parliament in July 2023,
which required nature and environmental restoration measures to be implemented on
20 percent of terrestrial territory by 2030 [61,62].

4.3. Analysis and Explanations

The observed trends can be attributed to several drivers:

• Urbanization and Infrastructure Development: The odds analysis reveals that artificial
surfaces (LC_100) are the most dynamic and expanding category. The expansion of
artificial surfaces in urban and peri-urban areas is consistent with population growth
and infrastructure demands. However, the stabilization of these changes in later
periods suggests the effectiveness of policies aimed at limiting land consumption [32].

• Agricultural Decline and Forest Recovery: The significant losses in agricultural areas,
particularly at mid to high altitudes, reflect socio-economic shifts such as rural depop-
ulation and the declining viability of traditional farming practices. This trend has facil-
itated the transition to natural areas. A process often referred to as “re-naturalization”,
which has mainly affected natural areas (class LC_300), where a process lasting about
15 years can be observed, following the following pattern: abandoned agricultural land
>> temporarily vegetation-free areas >> areas with sparse shrub vegetation >> areas
colonized by pioneer forest species and progressive increase in the forest area. This
transition is also supported by conservation policies and reforestation programs im-
plemented in the event of exceptional events such as fires and natural disasters [63,64],
as well as the inherent resilience of forest ecosystems at higher altitudes.

• Conservation and Policy Measures: Gains in forest and natural areas can also be linked
to conservation initiatives, such as afforestation projects and legal frameworks promot-
ing landscape protection. The high stability of wetlands (LC_400) and water bodies
(LC_500) underscores the success of targeted preservation efforts. In fact, regional
policy is in place to census, preserve, and increase the availability of inland watersheds
for forest fire-fighting purposes [65]. At the same time, the implementation of the
Wilderness and Birds Directives [66,67] has undoubtedly contributed to preserving,
and in some cases increasing, the areas of lake territories.

The findings corroborate existing research on LULC dynamics in Europe. Studies by
Foley et al. [8] and Lambin et al. [9] have highlighted the dual pressures of urbanization
and agricultural abandonment as primary drivers of landscape change. Similarly, Verburg
et al. [22] emphasize the role of integrated spatial planning in mitigating the impacts of
land-use transitions. The stabilization of urbanization in Tuscany is consistent with findings



Land 2025, 14, 443 37 of 41

by Agnoletti et al. [13], who noted a deceleration of urban sprawl in regions with strong
spatial planning frameworks. The use of odds ratios to quantify the likelihood of LULC
changes adds a robust statistical dimension to this analysis, aligning with methodologies
advocated by Comber et al. [44]. This approach facilitates comparative assessments across
spatial and temporal scales, enhancing the interpretability of change dynamics.

4.4. Implications

The results have several practical implications for land planning and policymaking:

• Targeted Conservation Efforts: The substantial transitions from agricultural to forested
areas suggest opportunities for afforestation and biodiversity conservation. Policies
should prioritize these transitions in areas with high ecological value.

• Urban Planning: The stabilization of artificial surface expansion indicates that current
regulatory frameworks are effective. Continued enforcement of LULC restrictions and
promotion of urban regeneration could further mitigate urban sprawl.

• Spatially Differentiated Policies: The heterogeneity of LULC changes among provinces
underscores the need for localized policy interventions. For example, urban centres
require strategies to manage growth sustainably, while rural areas could benefit from
incentives to maintain agricultural activity or support reforestation.

• Elevation-Specific Management: The distinct trends observed across altitudinal classes
call for tailored approaches to land management. Lowland areas should focus on
balancing urbanization with agricultural preservation, while higher altitudes could
leverage reforestation to enhance ecosystem services.

4.5. Future Research and Limitations

While the odds ratio approach provides valuable insights, its pairwise nature limits
the analysis of interactions among multiple regions or factors simultaneously. Future
studies could employ generalized linear models (GLMs) or machine learning techniques to
overcome this limitation and explore more complex dynamics.

Additionally, incorporating socio-economic data, such as population density and eco-
nomic activity, could enhance the understanding of drivers behind LULC changes. Further
research should also investigate the impacts of climate change on land use dynamics,
particularly in relation to water bodies and agricultural viability.

5. Conclusions
In conclusion, the present study seeks to provide a comprehensive analysis of LULC

dynamics in Tuscany, focusing on three key dimensions: (1) regional variations in LULC
transitions, assessed through macro-class categories; (2) temporal trends over the study
period; and (3) geographical differentiation based on altimetric and administrative divisions.
By linking Tuscany’s socio-economic and regulatory context, the study aims to enhance
our understanding of the processes shaping the region’s landscapes. Therefore, it can
support the progress of sustainable land management practices, contributing to preserving
Tuscany’s cultural and natural heritage while addressing the challenges of contemporary
development.

The findings underscore the complex interplay between urbanization, agricultural
decline, and forest recovery, reflecting broader socio-economic and environmental trends.

The stabilization of artificial surfaces (LC_100) in recent years suggests the effective-
ness of land policies aimed at curbing urban sprawl and promoting sustainable urban
development. In contrast, the continued loss of agricultural areas (LC_200), particularly
in mid-to-high altitudes, signals ongoing challenges related to rural depopulation and
agricultural viability. This trend, coupled with notable gains in forests and natural areas
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(LC_300), highlights the dual process of agricultural abandonment and natural succession,
often driven by economic and environmental pressures.

Spatial heterogeneity was evident among Tuscany’s provinces, with urban centres like
Firenze and Prato showing higher rates of artificial surface expansion, while rural areas
such as Arezzo, Grosseto, and Siena experienced significant forest recovery. Altitudinal
variations further revealed that urbanization is concentrated in lowland areas, whereas
higher elevations are dominated by reforestation, reflecting the influence of topography on
land suitability.

The adoption of odds ratios as a statistical tool provided a nuanced understanding
of LULC transitions, enabling robust comparisons across regions and time periods. These
insights have practical implications for land planning, including the need for spatially
differentiated policies that address specific regional dynamics, promote reforestation in
abandoned agricultural areas, and balance urban growth with conservation.

This study highlights the value of monitoring LULC dynamics as a critical component
of spatial planning and environmental management. Future research should integrate
socio-economic and climatic factors to further elucidate the drivers of change and support
adaptive, data-driven policymaking in Tuscany and similar regions.
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