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Ozet

Sinirlt kaynaklara sahip daglik iilke bolgelerinde doga koruma uygulamalari ve tarim sistemleri
stirdiiriilebilirlik zorluklariyla karsi karsiyadir. Tarim ve doga arasindaki dinamikler, tarim
sistemlerinin doga koruma politikas1 ve biyofiziksel faktorlerdeki degisimlere verdigi tepkileri
yansitan karmasik etkilesimleri igerir. Dahasi, iklim degisikligi su kaynaklarinin kontrolii ve toprak
verimliligi yoluyla biyolojik gesitliligi etkiler. italya'da daglk alanlar son yillarda sosyoekonomik
degisimler yasadi ve bu da geleneksel tarimsal ormancilik faaliyetlerini etkileyerek orman
genislemesine yol agti. Bu calisma, Italya'daki tarim sistemlerinin ve orman koruma alanlarinin
stirdiiriilebilirlik performansini incelemektedir. 1990-2025 yillar1 arasindaki mevcut FAO verileri,
sosyo-ekonomik, iklimsel ve c¢evresel agilardan arazi kullanimi ve arazi Ortiisi (LULC)
degisimlerindeki dinamikleri analiz etmek i¢in kullanilmistir. Veri analizi, R dilinin istatistik ve
hesaplama kiitiiphaneleri kullanilarak gergeklestirilmistir: readr, ggplot2, reshape2, tidyverse,
gridExtra, stats, plotly, latticeExtra, ggpubr bunlardan baslicalaridir. Sonuglar, Italya'da doga koruma
ve sosyo-ekonomik faaliyetlerde siirdiiriilebilir kalkinmay1 gosteren yeniden ormanlastirma (orman
alanlarinda %09, calilik alanlarinda %21 artig), iklim 1sinmasi (buzul ve kar ¢ekilmesi %34),
kentlesme (yapay yiizeylerin artis1 %5,8) ve tarim faaliyetlerinin yogunlagmas: (ekim alanlarinda
istikrarli artis %2) egilimlerini ortaya koymustur.
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Abstract

Nature protection practices and agricultural systems face sustainability challenges in mountainous
countries regions with limited resources. The dynamics between agriculture and nature involves
complex interactions that reflects the responses of farming systems to shifts in nature conservation
policy and biophysical factors. Moreover, climate change impacts biodiversity through control of
water resources and soil fertility. In Italy, mountain areas have experienced socio-economic changes
in recent decades, which has affected traditional agro-forestry activities and resulted in forest
expansion. This study examines the sustainability performance of farming systems and forest
protection areas in Italy. Existing FAO data on 1990-2025 were used to analyse the dynamics in land
use and land cover (LULC) changes in context of social-economic, climate and environmental
aspects. The data analysis was performed using R language by its statistical and computing libraries
such as readr, ggplot2, reshape2, tidyverse, gridExtra, stats, plotly, latticeExtra, ggpubr as the main
ones. The results demonstrated trends in reforestation (increase of forest areas on 9% and shrubland
on 21%), climate warming (glacier and snow retreat on 34%), urbanization (increease of artificial
surfaces on 5.8 %) and intensification of agriculture activities (stable increase in cropland on 2 %),
which indicates sustainable development in nature protection and social-economic activities of Italy.
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1. Introduction

The factors that determine sustainable development that
balances agriculture growth and nature conservation are
fundamental for land management (Markovi¢ & Markovic,
2012; Popov, 2014; Jevti¢ et al., 2024; Lemenkova, 2022a).
Understanding reasons of environmental dynamics plays a
key role for proper land management policy and predictive
ecosystem modelling (Coll et al., 2011; Peng et al., 2025a;
Li et al., 2025a). Agriculture and nature conservation are
increasingly intertwined with conservation methods
showing that sustainable practices of agriculture can lead to
higher crop yields and increased profits while benefiting the
environment (Allegrezza et al., 2025; Lemenkova, 2025b;
Stamou et al., 2025; Kesanl1 et al., 2025).

Balancing agriculture and nature is achieved through
sustainable practices that work with natural processes
(Gliessman, 2022; Cash et al., 2003). These measures aim
at both nature conservation and agriculture development
(Runhaar, 2017). A balance should be maintained between
harmonized agricultural development and nature protection
(Altieri, 1999; Batary et al., 2015). The land allocation
between protected land and agricultural areas should be
maintained (Grupp et al., 2023).

Nature conservation includes diverse measures on
protection of precious and vulnerable areas: creating
protected areas (Shi et al., 2025), national parks (Schlagloth
et al., 2025; Peng et al., 2025b), restoring degraded habitats
through programs and restrictions (Yuan et al. 2025), smart
resource management (Sayn-Wittgenstein et al., 2025), and
implementing sustainable practices through reforestation
and renewable energy (Jiang et al., 2025).

Forest serves as crucial environmental and climate
regulators. Forest stands contribute to dampening the
effects from climate acting as carbon sinks (Pu et al., 2025;
Li et al., 2025a) and absorbing CO, (Pugh et al., 2019).
Nevertheless, the emissions from  deforestation,
decomposition and degradation release stored carbon back
into the atmosphere, contributing to climate change. The
emissions of N,O and CO, as major greenhouse gases
released to the atmosphere require environmental analysis.

On the other hand, agriculture is crucial for societal
development. Agriculture provides food security, drives
economic growth, as it reduces poverty, creates jobs in
agriculture sector, contributes to economic growth, and
supports environmental sustainability. Therefore, nature
protection should be in balance with economic development
and well-being of society. The growth of ecologically
intensive agriculture is crucial for balanced socio-economic
advancement (Doré¢ et al.,, 2011). Advantages of strong
agriculture sector include increased purchasing power for
goods and services and strengthened capital through
increased farm income. Agriculture development methods
include functional agrobiodiversity approaches, techniques
of crop rotation, no-till farming to protect soil health, while
also protecting and restoring natural habitats (Altieri et al.,
2015). During recent decades, the landscapes of Italy have
changed significantly due to the cumulative effects of land
use and land cover (LULC) and climate (Turconi et al.,
2025; Khachoo et al., 2024; Arcidiaco & Corongiu, 2025).
Anthropogenic factors affect landscapes and reshaped land
cover patterns, related to social-economic development
(Marino et al., 2023). Recently, LULC patterns underwent a
process of polarization: lowlands are converted to urban
areas with intensive agricultural practices with the loss of

the last remnants of natural natural elements (hedgerows,
ditches).

Recent societal pressures induce a decline in rural
population in Italy, degradation of agriculture and
abandonment of marginal land (Pellegrino et al., 2016). The
standardization and of LULC practices and simplification
of pastures to low-productivity agricultural fields led to the
expansion of forests, which caused habitat homogenization
and decrease in landscape diversity (Andelkovi¢ &
Radulovi¢, 2022; Klauco et al., 2013; Thompson et al.,
2018). This finally led to regeneration of landscapes,
including (semi-)natural habitats. Such processes restored
landscape connectivity (Prigioni et al., 2008; Raia, 2004;
Morini et al., 2016).

Climate change has important role as a driver of LULC
changes (Kedward et al., 2022; Klauco et al, 2017,
Boersema et al., 2009). It has effects at various rates in
different areas both in forest and agricultural areas.
Climatic impacts vary across vulnerable communities
(Oldfather et al., 2025; Lemenkova, 2025¢).

Modelling links between climate and environmental
factors is needed to identify vulnerable areas and habitats
(Masini et al., 2025; Lemenkova, 2024a). Spatially explicit
modelling allows predicting trends in agricultural-nature
LULC balance under a range of plausible scenarios of
social-economic development. However, most research
focuses on spatial scales with regard to protected areas
(e.g., Kerkez Jankovi¢ et al., 2024). Fine-scale applications
of these models are required to provide relevant
information for ecosystem services. In this study, we
contribute to the analysis of trends in agriculture and
natural protection in Italy based on statistical quantitative
analysis using FAO data.

2. Materials and Methods

For study area, we gathered a set of potential factors
affecting agriculture and land use dynamics, making use of
available FAO data such as agriculture and forest statistics.
To achieve a deeper understanding of the multiple pressures
driving environmental change in the study area, we
performed quantitative estimations to capture qualitative
data analysis. The data were collected from the 3 types of
sources: 1) descriptive data; 2) statistical data from FAO; 3)
cartographic and remote sensing (RS) data in open access,
Figure 1.
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Figure 1. Location of RS data on the northern part of the study
area: green squares show the location of the Landsat satellite
images covering study area of Alps, Italy.
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2.1. Objectives and Goals

The objective of this research is statistical analysis of
ecosystem and agriculture change in Italy. The agricultural
monitoring data are scarcely integrated and scattered. Some
datasets essentially require integrating different data,
expertise, and time series, for dynamic analysis. Integrating
economic surveys on agricultural statistical with data that is
available with complete spatial coverage, such as FAO
repositories, is a necessary step for ecosystem survey. But
interpreting changes in forest-agriculture shifts requires
considering spatio-temporal dynamics based on statistical
analysis. Only a qualitative-quantitative approach, for
instance, R- or Python based allows modelling patterns and
trends of agricultural change and also to highlight their
trends (Be et al., 2025; Lemenkova, 2019b; Li et al.,
2022a). To this end, the goal is the land use impacts and
agriculture-forest shares in land use pattern using integrated
methods of statistical analysis and modelling.

The overall objective of this study is to understand the
spatiotemporal trends and future outlooks of land use and
ecosystems in Italy. There are two specific objectives
within the overall objective:

1) the statistical analysis of ecosystem and agricultural
change in Italy based on FAO data;

2) the geospatial analysis of landscape dynamics in Italy
based on RS data.

To this end, we aim to evaluate the RS and FAO data.
The RS data are widely accepted reliable sources of geo-
information that are reported in variety of papers
(Tompolidi et al., 2025; Ghirardi et al., 2023; Longo-
Minnolo, et al., 2025). In our study, we used data from
MODIS with spatial resolution of 500 m. The second type
of data includes the land use domain over Italy, which
contains data on 21 land use categories and 23 categories of
irrigation and agricultural practices.

MODIS images were selected due to coverage and
environmental applicability of this sensor which contains
several datasets that map the land cover with annual time
steps. MODIS presents a reputable source of information
widely used in environmental and climate-related studies
(Ghaderpour et al., 2024). The evaluated data are available
yearly at regional and global levels. The domain includes
land use indicators providing information on the percentage
of agricultural and forest land, and share of their sub-
components, including irrigated areas and areas under
organic agriculture, within a country land use pattern.

The goal is to evaluate the data available at country,
regional and global level, for the following elements: 1)
Share in Land area (%); ii) Share in Agricultural land (%),
iii) Share in Cropland (%); and iv) Share in Forest land (in
ha/pc) v) Area per capita (%).

The specific objectives are the following ones:

i. to assess how temporal changes in land cover
structure affected the composition and spatial
distribution of agricultural and forest shares within
the total land category of Italy, highlight categories
of maximum changes and quantify the proportion
of agriculture products for which dynamics is
substantially improved the outlook for 1990-2025;

ii. to reveal the main triggers driving habitats and
environmental changes and develop narratives for
their interpretation by analysis of recent shifts;

iii. to analyse recent trends in LULC types for spatio-
temporal dynamics that impacts economic
development in agricultural sector.

The data analysis was based on R programming and
statistical language (R Core Team, 2021). This tool was
selected due to its numerous applications in ecological
studies which proved its robustness and applicability. The
main advantages of R as a statistical and graphical tool for
data analysis include the wide possibilities of statistical
modelling reported in existing studies through diverse
libraries (Duggan, 2018; Duggan 2019; Lemenkova, 2019a;
Cosmulescu et al., 2022; Theobold et al., 2021; Baumer et
al., 2014), as well as presented specific novel R packages
(Schwalb-Willmann et al., 2020; Hallett et al., 2016; Wu et
al., 2023; Lam et al., 2024).

The R programming language and statistical software
provide a flexible framework for supporting environmental
modelling. In particular, R contains a suit of libraries,
including the unparalleled collection of packages
“tidyverse” and “ggplot2”, which contain a variety of
functions. They are designed to process multi-variant data
and with rows as individual observations and columns as
variables. Such structure fits the organization of FAO data.

Here, we employ the functionality of R for diverse types
of data manipulation, including import from external
sources reformatting (.csv tables), aggregating and
reshaping, processing and extracting information,
highlighting variables. The flexibility of R for data analysis
and modelling is based on diverse packages with extended
functionality for scientific modelling and visualization.

To mention the most representative packages of R
libraries, we used the following ones, among others: readr,
ggplot2, reshape2, scales, RColorBrewer, tidyverse,
gridExtra, stats, plotly, latticeExtra, ggpubr.

R libraries were employed for statistical tests, finding
correlations between variables, stacked bar charts to show
the grouped variables in clusters, dumbbell chart showing
the change between two data points for distinct categories,
time series analysis (1990-2025), and advanced statistical
modeling. Hence, this study integrates the R-based
algorithms for environmental analysis of trends in
agriculture and forestry.

2.2. Data

The data were obtained from the Food and Agriculture
Organization (FAO) statistical repository (FAO, 2025).
There are many cases of the use of FAO data in
environmental modelling due to its global reach, detailed
coverage of agriculture, forestry, and its use in informing
environmental policy and supporting decision-making (Li
et al., 2022b; Lausch et al., 2025; Zolotnytska et al., 2025;
Diaz-Chavez, 2025). Therefore, in this study, we used FAO
data as a reputable and reliable source of information.

Data include the FAO categories on forest, climate,
environment, economic-social sector, soil and agriculture
sectors. Of these, the FAO land use classes included the
major categories used in this research: "Agricultural Land’,
‘Land area’ and ‘Forest Land’ as inputs to the computations
of Sustainable Development Goals (SDG) indicators based
on paragraphs 2.4.1 and 15.1.1, 2030 SDG Agenda. The
data were analysed with regards to land use and economics.
The FAO dataset included the ‘Land Use’ category for
1990-2025 and included the parameters:
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e Carbon stock and living biomass
e  Land Use Indicators:
1 Share in forest land (in %)
2. Share in agricultural land (in %)
3. Share in cropland (in %)
4 Share in land area (in %)
5 Area per capita (ha/per person)
6. Value of agricultural production per area ($)
To evaluate the climate-environmental links, the land
use and change category included the following categories:
e Emissions from forests
e Emissions from drained organic soils (as 2 classes:
organic soils from cropland and grassland.
Forest data were analysed with the following categories:
1) Forest area as a share of total land area (%);
2) Forest area under an independently verified forest
management certification scheme (1000 ha)
3) Forest area in absolute values (1000 ha)
4) Forest emissions: carbon stock in living biomass
of forest as CO, and N»O.
The data were collected and organized as several .csv
tables which were imported into the R statistical software.

2.3. Workflow

The workflow consists of 2 parts: 1) geospatial analysis
and 2) statistical analysis. First, we performed mapping and
geospatial analysis of land cover types in Italy using
CORINE and MODIS data processed in Geographic
Information System (GIS) as the 1% part of the workflow.

Afterwards, as the 2" part of the workflow, we performed
the statistical analysis. To this end, we created a series of
plots using R statistical library “ggplot2” (Wickham, 2016)
and database on environmental and forestry situation in
Italy from FAO. Using FAO data, we evaluated the
percentage of several classes separated within different
categories, to detail the environmental analysis of land use
system, The FAOSTAT Land Use domain was analysed for
data on regional coverage of Italy with 21 land use
categories, 23 categories of irrigation and agricultural
practices and 5 indicators of land use.

The LULC analysis was based on data extracted from
Moderate Resolution Imaging Spectroradiometer (MODIS)
satellite-based sensor used for earth and climate
measurements. Here, major classes were selected and their
dynamics were visualised as trend for 1990-2025 and
generalized using RS data based on the original dataset
from Coordination of Information on the Environment
(CORINE) EU initiative, Figure 2.

The data in Figure 2 were analysed for the country area
and regrouped using the MODIS data into 9 (nine) most
important classes, Figure 3.

2.3.1. Share in forest areas

Share in forest areas was analysed for 3 classes 1) forest
land; 2) naturally regenerating forest; 3) planted forest. The
computation is based on the formula in Equation (1):

95E 125 155°E

455N

185¢€ Land cover types in Italiy

~ I 111 - Continuous urban fabric
[ 112 - Discontinuous urban fabric
[ 121 - Industrial or commercial units
[ 122 - Road and rail networks and associated land
7771123 - Port areas
I 131 - Mineral extraction sites

[ 132 - Dump sites
[I 133 - Construction sites
141 - Green urban areas
142 - Sport and leisure facilities
211 - Non-irrigated arable land
[ 212 - Permanently irrigated land
I 213 - Rice fields
[T 221 - Vineyards
[T 222 - Fruit trees and berry plantations

415N

[ 223 - Olive groves
[ 231 - Pastures
7771241 - Annual crops associated with permanent crops
[ 242 - Complex cultivation patterns
243 - Land principally occupied by agriculture
B 244 - Agro-forestry areas
[ 311 - Broad-leaved forest
[ 312 - Coniferous forest
- [ 313 - Mixed forest
I 321 - Natural grasslands
N 322 - Moors and heathland
[17771323 - Sclerophyllous vegetation
I 324 - Transitional woodland-shrub
Il 331 - Beaches
I 332 - Bare rocks
[ 333 - Sparsely vegetated areas
N 334 - Burnt areas

95E 125E 155

185E °

335 - Glaciers and perpetual snow
I 411 - Inland marshes

~ 412 - Peat bogs

[[771 421 - Salt marshes

[ 422 - Salines

I 511 - Water courses

[ 512 - Water bodies

[ 521 - Coastal lagoons

W 522 - Estuaries

Figure 2. Land cover types classification based on the CORINE dataset: original ungrouped data. Map software: QGIS. Source: author.



Journal of Anatolian Geography - 2026, 5:1

Area(i,C,Y)

Shareof forestland;cyy = (m) x100

where C is country, Y is year and i is land use type "I";
area is given in 1 000 ha. The same variables are given in
formulas of Equations (2) and (3), respectively.

Changes in share of area from total land are (%) were
compared to assess the dynamics of re- and deforestation
with regard to the total land area. Here, we compared the
share (%) of two classes — “Naturally regenerating forest”
and “Planted forest” for the category “Share in forest land”,
to assess the dynamics of forest regeneration activities on
1990-2025. For category “Forest land”, the dynamics in
carbon stock in living biomass was evaluated for the same
period following existing reports (Li et al., 2025b), to show
the contribution to the carbon cycle (carbon in live trees,
dead wood, litter, and soil) as indicators of the ecological
balance.

2.3.2. Share in agricultural areas

Share in agricultural area was analysed for the classes:
1) Cropland; 2) Arable land; 3) Permanent crops; 4)
Permanent meadows and pastures. The computation is
based on the formula in Equation (2):

Shareofagriculturalland ¢ y)

Areag;
= [—— x100
Agriculturalland ¢y,

where variables are identical to those in Equation (1).
The percentage of these classes was compared to evaluate
their spatial-temporal dynamics. To analyse the agricultural
value of the produced crops, we visualized the dynamics of
value of agricultural production (Int. $) per Area which
shown the economic benefits of the cultures.

2.3.3. Share in cropland areas

Share in cropland was evaluated with regard to
irrigation for the category of land area equipped for
irrigation (in percentage) and availability of land for
population per capita. These dynamics showed the use of
irrigation technologies in agriculture and water supply. The
calculation followed the formula in Equation (3):

Areag cy)
Shareof cropland; ¢y = m x100

where variables are identical to those in Equation (1).
Additionally, the dynamics of the area per capita was
evaluated for croplands (ha/cap) within the country, to
analyse the intensity of agriculture activities for 1990 to
2023 (using the available data in this category). The Value
of agricultural production per area was evaluated in USD
($) PPP/ha. To show the economic growth based on the
agriculture production, the trends in growth of agricultural
production were visualised for the given period.

Share in land area (as a total of country) was evaluated
in % for the following four classes: 1) agricultural land, 2)
cropland, 3) permanent meadows and pastures, 4) forest

land. The dynamics of these classes and their spatio-
temporal changes were compared for the period 1990-2025.

The next step complements environmental analysis
through climate data from FAO TIER 1 as net carbon
emissions and removal of CO; in kt in the forest’s areas.
This enabled to fill in the gaps in climate-environmental
links to facilitate multi-temporal comparisons. The datasets
on net forest conversion and forest land areas for CO,
emissions were evaluated separately to compare inputs.

The next step uses the FAO data on climate and
emissions from land as three variables: N,O, net stock
change and emission of CO,. The comparative analysis of
these three categories enabled to perform a spatially explicit
model quantifying the impact of cropland organic soils and
grassland organic soils affected by agriculture practices and
climate-induced processes in land cover patterns.

The qualitative data collected from FAO were processed
by R and models were interpreted through comparative
analysis using embedded functions of R (Buttrey, 2017).
The quantitative analysis of the impacts of climate-induced
LULC change and emission dynamics in forest and
agricultural areas were evaluated for 25 years.

3. Results and Discussion

By comparing the relative importance of land cover and
climate factors, we evaluated the drivers of vegetation
change and model the agricultural shifts and landscape
dynamics under the effects of climate change.

The land cover type was detected and reclassified using
MODIS RS data, Figure 3. These maps show the major
land cover types in Italy. Recently, landscape dynamics in
Italy is characterized by urban expansion, as the main
driver of land fragmentation in plains and coastal areas:
northern Emilia-Romagna and Veneto, central Tuscany,
Lazio, and Campania, and the southern regions of Calabria
and Apulia. Mreover, spontaneous reforestation is also
occurring on the RS data in mountainous and rural areas
(regions of Trentino-Alto Adige, Alps along the northern
border, and the Apennines). Such changes are leading to a
decrease in grasslands and open habitats.

Recent trends in LULC for 1990-2025 are dominated by
the conversion of land to urban, forest regeneration and
moderate increases in lands for agricultural use, Figure 4.
The data analysis demonstrated the following findings. The
area occupied by the artificial surfaces demonstrated
increase on 5.8 % (from 1567,77 to 1587,51 ha), which
indicated urbanization. Areas covered by barren land
showed decrease on 16% (178,7 to 148,03 ha), which
indicates the intensification of constructions.

Key dynamics and drivers of land cover change in Italy
include the following factors. First, urbanization is the most
significant driver of land cover change, leading to the
fragmentation of agricultural land and loss of coastal
habitats. In Italy, urban areas are expanding, particularly in
plains and along the coasts. This process negatively impacts
biodiversity and ecological processes. On the other hand,
we noted the processes of reforestation, which can be
visible on the statistical graph showing the gradual increase
in forest area, according to MODIS data, Figure 4. Thus,
spontaneous reforestation is a major trend, particularly in
mountainous regions like the Apennines.

In our previous work, we reported the issues of
reforestation in Italy, which is often a result of rural
depopulation and the abandonment of agricultural land,
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such as grasslands and open habitats in central regions of
the country (Lemenkova, 2025a). In such cases, the rate of
forest expansion in Italy is significant, with 25 years (since
early 2000s) being enough for canopy closure of the forests
in selected cases in the northern regions of the country, e.g.,
Trentino-Alto-Adige (South Tyrol).

Another important issue is related to climate warming
which affects the glaciers and snow coverage in high Alps.
The decrease in permanent areas covered by snow in
glaciers on 34% (from 28,04 to 9.64 ha) indicated climate
change and the rise in temperatures in recent decades. The
increase in forest areas on 9% (from 12748,35 to 13937,72
ha) showed the positive processes of restoration of forests.

12.5°E

18.5°E

455°N

FAO-based land cover map of Italy
Data: MODIS

Class 1: Artificial surfaces [ |
Class 2: Crops
Class 3: Forest

415°N

Class 4: Herbaceous vegetation
Class 5: Water

Class 6: Grassland

Class 7: Barren land

Class 8: Shrubland

Class 9: Snow and glaciers

N\
B

.

200 km
> Satellite image of Italy.

Source: MODIS, NASA/

Figure 3. Reclassified CORINE-based land cover types in Italy using RS dataset MODIS. Map software: QGIS. Source: author

The agriculture activities experienced fluctuations from
12 % by 2015 (from 11859,17 to 10568,7 ha) following a
stable increase during recent decade on 2 % by 2023
(10897,35 ha). Moreover, the analysis revealed that in some
areas, particularly in the central Apennines, have seen a
shift from barren land to agricultural land, caused by human
activities like reclamation and irrigation. Such dynamics
indicates recent intensification of agriculture activities and
farming. A gradual increase in the land cover occupied by
shrubland (by 21%, from 23.5 in 2001 to to 4,92 ha in
2023), herbaceous vegetation (drop by nearly 28%, from
284,73 ha to 201,67 ha in the same period) and fluctuations
in grassland (by 3%, from 3220,95 to 3124,04 ha) illustrate
positive dynamics in reforestation during recent two
decades, according to MODIS, Figure 4. Land degradation,
including the formation of quarries and salt-affected soils,
has also been observed in certain areas of Italy, which is
mostly related to human activities and land abandonment.

Such dynamics leads to a significant decrease in natural
habitats such as forests and bare land which corresponds to
the SDG. While the rate of net forest loss slowed regional
increase between 1990 and 2015, the snow and glaciers

have decreased which indicated the global warming and
recent increase in temperature. Besides, urban sprawl has
continued to accelerate due to population growth which is
reflected in the increase of urban spaces (artificial surfaces).

Quantifying land cover changes in forest and dynamics
in agricultural areas over long-time frame in consistent and
reproducible way is necessary for ecological monitoring.
This is possible using FAO statistics and comparative
analysis of environmental variables.

The above-ground biomass in forest for the country
experienced a slight increase from 95.2 in 2000, to 105.3 in
2010 and reached 110.6 t/ha in 2020 (FAO statistics). Such
positive dynamics indicates the ongoing processes of
regeneration and restoration of the forest areas in Italy.

Nevertheless, the dominating part of forest regeneration
is taken by natural restoration rather than artificial
plantations, Figure 5. Here, the share of naturally
regenerated forest in Italy has the dominance over the
planted forest for the period of 1990-2025.

The annual recession in forest area as change rate has
also demonstrated positive dynamics in Italy. Thus, the
detected changes of recession area from 0.76 % in 2010 to
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0.58 % in 2020 (FAO statistics). Such values indicate the
recession of forest cutting and, in contrast, regeneration of
areas occupied by trees. It enables us to evaluate the
proportion of forest area and crop areas with a long-term
management plan for the sustainable development goals
(SDG), Table 1.

According to recent FAO data on 2020 for Italy, the
proportion of forest area within legally established
protected areas and natural parks consists of 35.12 %,

which indicates a positive dynamic compared to the value
of 30.91 % in 2020 that corresponds to the SDG (FAO).
Forest area that is covered by the independently verified
forest management certification scheme has demonstrated
positive dynamics with the increase up to 1044.66 T ha
compared to the initial data on 14.32 in 2000 (FAO), Table
1.
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Figure 4. Dynamics of and cover classes in Italy (1000 ha), 1990-2025.RS data: MODIS. Sofware: R. Source: author.

Table 1. Forest indicators of Sustainable Development
Goals (SDQG) in Italy: FAOSTAT statistics.

Forest area as a share of total land area (%)

2000 2010 2015 2016 2017 2018 2019 2020
283 3053 3144 31.62 31.8 3198 32.17 3235
Forest area under an independently verified forest management
certification scheme (1000 ha)

2000 2010 2015 2016 2017 2018 2019 2020
14.32  626.52 536.56 828.34 819.91 840.11 818.27 865.94
Forest area in 1000 ha
2000 2010 2015 2016 2017 2018 2019 2020

8369.25 9028.04 9297.08 9350.89 9404.7 9458.51 9512.32 9566.13
Carbon stock in living biomass of forest

2010 2015 2016 2017 2018 2019 2020

593.14 614.59 620834 627078 633322 639566 645.81

2000
496.3

The computational analysis and graphical output
improved the understanding of the effects of climate drivers
on LULC change and for assessments of environmental
risks to climate change. We employed statistical data
analysis allowing a characterization of the proportion of
forests with regards to shares of human-based regenerated
and naturally regenerated, Figure 5.

Forest land data were analysed based on the Forest
Resource Assessment (FRA, 2025) data. These included the
folloiwng categories covering Italy: “’Forest area’ and
‘Carbon stock as below and above-ground biomass’. The
area values were analysed for forest sub-category items,
such as “Planted forest”, and “Naturally regenerating
forest”. These categories were used as input to produce the
corresponding plot showing dynamics for period 1990-
2025, Figure 5.
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The agricultural cropland per capita in Italy is ca. 0.18
ha per person (p/p), based on 2025 data. This value comes
from dividing the total arable land of the country (6,601 T
ha) by its population. The dynamics in data showing land
share divided by all major land categories for country level
is shown in Figure 6, and agriculture land share by sub-
categories in Figure 7.

Explanatory modelling using combination of computing
techniques and statistical data was performed through R-
based statistical analysis for ecosystem modelling. We
developed a framework to guide data analysis for detection
and robust attribution of land cover changes in Italy using
FAO statistics. Changes in land cover types were studied by
comparison of data on several years (1990-2025).

Share of planted forest in Italy, 1990-2025. Data: FAO - Ral
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Figure 5. Forest regeneration in Italy, 1990-2025: share of planted
forest and naturally regenerated forest. Software: R. Plot source:
author.

The analysis of the agricultural land area (cropland) per
capita in Italy (ha/person) is shown in Figure 8. It
demonstrates trends in both land area (increase of the land
occupied by croplands and arable lands and population
change over time. Compared to the global average data
(FAO Statistics), the situation in Italy shows positive trends
in availability of arable land for population. Hence, the
global average for agricultural cropland per capita is ca. 0.2
ha p/p, according to recent available data on 2021. This
value has decreased falling by ca. 18% since 2000.

The FAO data were imported into an R environment for
further post-processing. After defining the database and
metadata structure, the tables were read in R using
library(readr). As a result, the dataset presented an
internally  coherent, complementary and strongly
interrelated project. Coherence stems from the common
natural substrate of the three study areas located across
different ecoregions.

A series of plots highlighted climate-environmental
links, to produce plots of LULC dynamics as exposure to
climate change. By interpreting graphs, we evaluated
current situation in trends in agricultural sector of Italy and
LULC dynamics in roughly 3 decades (1990-2025).

Complementarity of this research relates from the
different expertise (GIS mapping, statistical analysis, RS
data integration, data from FAO on agriculture, climate,
socio-economic development and environment). The
interrelation depends on the main expertise and applications
of data analysis in forest, crop and agriculture. Besides, we
applied techniques of scripts (Lemenkova, 2022b, 2024b)
for data automation.

Land Use: share in land (total area) for Italy (1990-2023). Data source: FAO
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Figure 6. Land use trends in Italy (1990-2023): share by land
categories). Software: R. Plot source: author.
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&
&
= &
g
e
£
w0
©
o
o
o o o~ o o~ 2o P P
Year
Categories Arable land . Cropland . P crops . P and pastures

Figure 7. Land share by categories: agriculture land use in Italy
(1990-2023). Software: R. Plot source: author.
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Figure 8. Agricultural land area (cropland) per capita in
Italy (ha/person). Data: FAO. Software: R. Plot source:
author.

Forest regeneration in Italy triggered profound changes.
Many areas underwent a process of landscape restoration.
These areas can be seen as a benchmark for assessing how
nature regeneration performs in improving resilience of
natural ecosystems and agriculture stability. Agriculture
and environmental analysis was performed by R to
effectively implement the qualitative aspects. The data were
modelled using multiple statistical methods to highlight the
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links between environmental variables, climate and food
availability. The correlations between variables (land use
structure and changes) was modeled to highlight the effects
of climate on land cover, we used FAO dataset on LULC.

This study achieved the following main conceptual and
methodological advances, together with the relevance and
technological readiness.

(@) Multi-temporal FAO-based database
(b) Statistical models by R integrating data.
(c) Qualitative-quantitative data analysis.

Quantitative modelling of FAO-based datasets was
performed by R to interpret the long-term processes within
forest stands (areas occupied by forests, carbon emissions,
processes of regeneration).

Figure 8 shows the decrease in agricultural land area per
capita reflects the effects of factors contributing to this
trend. First of all, population growth naturally affects the
share of the total cropland, which becomes smaller along
with the increase of the population. As a result, a significant
factor driving the per capita decrease. Second, cropland
expansion explains that the changes in the rate of expansion
has not kept pace with population growth. While the total
global cropland area has expanded, the population growth
has higher rate of increase which makes the allocation per
person smaller. Third, the imbalance in cropland area per
capita between different regions of Italy has increased due
to the contrasting processes of urbanization on the one hand
and intensification of agriculture on the other, particularly
affecting developing rural regions of south of the country.

In contrast, value of agricultural production in Italy (Int.
$) per area (USD PPP/ha) demonstrated the increase in
recent decades, Figure 9. This can be explained by the
growing market value of land and the increase of value of
the actual crops produced in Italy, both demonstrate the
positive dynamics which proves the inclusion of smart
technologies that enable to obtain more yield and optimize
the agriculture activities. The increase in highly valuable
production is notable for central regions with intensification
of crop and type of farmland.

Value of agricultural production (Int. $) per area in Italy (USD_PPP/ha). Data: FAO
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Figure 9. Value of agricultural production in Italy (Int. $) per area
(USD_PPP/ha). Data: FAO. Software: R. Plot source: author.

For instance, Italy leads in EU agriculture value due to
its diverse horticultural sector, where olives have high
values making Italy as the second-largest global producer.
Besides, specific crops grown in Italy for commercial value
have a major impact. These include wine grapes, fruits, and
vegetables (tomatoes), rice and wheat (in the southern

regions). The value of agricultural production per area in
Italy differs by region, influenced by climate, soil quality,
and infrastructure that generally contrast for southern and
northern regions of the country. Overall, Italy is one of the
key countries for the EU agricultural production, Figure 9.

Figure 10 shows the dynamics in the degraded mountain
land in Italy, which is primarily a result of the abandonment
of traditional farming and forestry. The processes of
restructuring in LULC and agriculture sector lead to a
decline in landscape diversity and an increase in soil
erosion. Besides, depopulation of mountain areas in the
Apennines, Dolomites and higher Alps has caused a loss of
traditional land management practices, such as terracing
and chestnut orchards.

Area of degraded mountain land in Italy (km2) from 2015 to 2021
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Figure 10. Dumbbell chart showing the area (km?) of the
degraded mountain land in Italy from 2015 to 2021 as discrete
values by categories. Data: FAO. Software: R. Plot source: author.

Land degradation increased the risk of desertification,
which is particularly notable in southern regions where the
effects of climate warming accelerate these processes.

The demonstrated results provide the environmentalists
with a clearer understanding of the socio-ecological and
climate drivers in LULC of Italy. Data analysis supported
by R improves the decision-making process for allocation
of resources to protect habitat and detect trends in
agriculture resources through a statistical approach to
LULC processes, which internalizes uncertainties linked to
global change. The statistical analysis by R enabled to
reveal shares in LULC for the country level (Italy) and
level-based hierarchical subdivisions as follows.

a) The components of forest and agriculture were
analysed as parts of total shares for Italy.

b) The agriculture share was analysed as components
(arable land, croplands, meadows and permanent crops).

¢) The LULC shares were analysed as time series

d) The social-economic factor was analysed as financial
revenues from agriculture and division of available
agricultural land for population per capita.

R-based data analysis enabled us to highlight trends in
nature protection and agriculture management. The
outcomes of this study are applicable for professionals in
agricultural production, food sustainability, land managers,
nature protection and conservation practitioners. The
presented a case study of R-based environmental data
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analysis are applicable in a diverse pool of environmental
research areas where data processing and modelling are
required. Therefore, this report can be leveraged for getting
applications in environmental projects and data science.

4. Discussion

Influencing factors for land cover change in Italy
include three major drivers: socio-economic, climate-
environmental and regional geographic ones.

First, the socio-economic factors comprise the
urbanization (Khachoo et al., 2023), policies on land
ownership fragmentation, and agricultural intensification,
which all play a role in land cover changes.

Second, the environmental factors combine climate
change (Limoncella et al., 2025) which results in rise in
temperature, water availability (Chiesa Turiano et al., 2025)
and precipitation patterns that affect vegetation (Falanga
Bolognesi et al., 2020). Another driving force is provided
by geological hazards (landslides in the mountainous
regions). The combination of these factors plays a crucial
role in landscape dynamics with some areas showing
warming and changes in precipitation patterns.

Third, regional differences of Italy are important factor,
because the environment of this country is diversified with
contrasting setting in the northern, central and southern
regions. Here, the specific dynamics vary according to the
regional setting. For example, southern Italy experiences
soil erosion (Minervino Amodio, et al., 2023) and wildfire
events during hot and dry summers (Parente et al., 2023),
which can drastically alter land cover types, while central
areas are more prone to occasional floods, and northern
Italy experience melt of glaciers and snow in the Alps.

Here, we integrated geospatial and statistical data to
evaluate recent land cover changes in Italy with focus on
situation of forests. In this way, this paper contributed to
analysis of forest, agriculture and environmental dynamics
of Italy. Climate change and LULC have an intertwined
nature and has consequences on Earth and inhabitants
(Cavlovi¢ et al., 2012). Given its essential role for societal
well-being and agriculture development, tackling these
crises is important issue. To foster transformative change of
the economic, social and environmental systems, it is
necessary to better understand the consequences of global
change on food security (Faz et al., 2025). This is possible
using advanced research methods that integrate spatial
analysis, statistical modelling, RS data and mapping.

In this study, we demonstrated such integration through
combination of spatial visualization and statistical analysis.
We showed the cartographic processing of environmental
datasets and RS data and demonstrated the extraction from
FAO repositories using R. that R libraries provide excellent
possibilities for such analysis through diversity of
modelling tools and embedded statistical algorithms. This
study has shown the application of such techniques through
R libraries (ggplot2 and others) to the environmental
analysis of multi-format data from FAO.

Using the data from FAO on sustainable development,
conservation, ecology, food management and LULC, we
performed a study on eco-informatics and habitat
interpretation using both statistical and geospatial analysis.
Trends in food security and LULC dynamics in Italy were
evaluated using FAO database through R-based data
analysis, while landscape maps were presented based on RS
data processed in GIS. With respect to the coherence with

the forest recovery, this study highlights the need of
balance between ecological protection, nature conservation,
and agricultural development for food security.

5. Conclusions
5.1. Summary

This study integrated expertise in data science, R
modelling, eco-informatics, agriculture and landscape
ecology. Such multi-disciplinary aspects of this project are
faced towards the land use science, and environmental
modelling supported by R. The specific tasks implemented
in this study are based on the interdisciplinary extension.
To this end, the FAO-based statistical surveys investigated
the LULC with climate change, evaluating correlations and
modelling impacts and risks.

This study also monitored links between societal
development, dynamics of forest and agriculture through
the statistical data analysis (revenues from agriculture
sector). In line with the strategy of agriculture development
and nature protection, we contributed to enhancing
measures on sustainable land management.

Besides the environmental aspects, we demonstrated the
important technical aspect in data science. This study
strengthens the capacity of R libraries and GIS for
implementation of statistical and geospatial analysis of
large datasets, such as FAO data, as an advanced and
integrated tool for environmental monitoring systems.

5.2. Limitations

Possible limitations of this study may include the issues
related to data collection, such as statistical data
acquisition, geographic extent of the GIS layers, size and
quality of the satellite images, availability of the cloudless
RS data and statistical survey on the FAO repository. The
lack of suitable data with required extent and parameters
can significantly affect data-driven research. Hence, data
availability is an important factor for research design.

Second, when selecting R libraries, the data should be
checked for potential bias in surveys and social-economic
analysis. The methodological limitations of GIS can also
arise from the research design itself, such as mapping
methods and limitations in GIS functionality. Hence, the
selection of reliable methods improves the generalizability,
validity, and replicability of the findings.

Third, integrated analysis that includes statistical data,
RS images and GIS layers requires the development of the
optimized stepwise workflow, as we demonstrated in this
study. Nevertheless, possible constraints in similar research
can be easily overcome through selection of robust data and
methods. The dataset processed by the advanced methods
improves the credibility and utility of the results to provide
a framework for evaluating the outcomes.

5.3. Future directions

The approach of the research presented can be extended
for future studies which can use its major benefits:

(D). It benchmarks the ecosystem-level effectiveness of
forest restoration through R-based modelling, providing
evidence of increase of tree-covered areas.

(ii). It brings clear methodological innovation by
merging statistical modelling, qualitative data collection
and LULC analysis in the climate-environmental context.
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Similar research can develop environmental and
agriculture analysis using multi-source data integration on
other regions and territories. The next research can be
performed at different scales of socio-ecological context,
using diverse components computed from official FAO
statistics and analysed for varied periods as time series.

Future studies can increase the knowledge of the
environmental and agriculture dynamics in other countries.
In this regard, this study presents the example of the multi-
disciplinary analysis which can be followed up in similar
studies. The developed framework of the environmental
and statistical analysis can focus on the sustainability
issues, agriculture and food security and climate change
effects in diverse regions worldwide.
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