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Abstract: Changes in land use and land cover (LULC) in protected areas can lead to an ecological
imbalance in these territories. Temporal monitoring and predictive modeling are valuable tools for
making decisions about conserving these areas and planning actions to reduce the pressure caused
by activities such as agriculture. This study accordingly developed an LULC analysis framework
based on open-source software (QGIS and R language) and predictive methodology using artificial
neural networks in the Alvão Natural Park (PNA), a protected area in northern Portugal. The results
show that in 2041, Agriculture and Open Space/Non-vegetation classes will evidence the greatest
decrease, while Forest and Bushes will have expanded the most. Spatially, the areas to the west and
northeast of the protected area will experience the most significant changes. The relationship of
land use classes with data from the climate model HadGEM3-GC31-LL (CMIP6) utilizing scenarios
RCP 4.5 and 8.5 demonstrates how through the period 2041–2060 there is a tendency for increased
precipitation, which when combined with the dynamics of a retraction in classes such as agriculture,
favors the advancement of natural classes such as bushes and forest; however, the subsequent climate
data period (2061–2080) projects a decrease in precipitation volumes and an increase in the minimum
and maximum temperatures, defining a new pattern with an extension of the period of drought and
precipitation being concentrated in a short period of the year, which may result in a greater recurrence
of extreme events, such as prolonged droughts that result in water shortages and fires.

Keywords: LULC; Molusce plugin; WordClim; OpenLand

1. Introduction

Among the Sustainable Development Goals (SDGs), environmental sustainability is
a key theme that emphasizes the preservation of natural resources at levels that will not
compromise future generations. The mitigation of climate change is directly linked to the
preservation of ecosystems through Protected Areas (PAs), which guarantee the balance
of natural systems [1,2]. PAs territories play a crucial role in ensuring the sustainability
promoted by the SDGs. They possess natural, ecological, and cultural values that must be
preserved [3].

The earliest Protected Areas (PAs) were established to preserve iconic landscapes
and species, such the first National Park in the United States, Yellowstone. Currently,
PAs play a variety of roles, including developing tourism-related activities, conserving
biodiversity, achieving social and community goals, and providing ecosystem services. If
PAs had not been developed throughout the twentieth century, then the current biodiversity
crisis would be worse. With insufficient funding for the management of PAs, a countries’
efforts to address the current biodiversity issue will fall short of what was outlined in the
Convention on Biological Diversity (CBD) strategic plan for 2020 [4,5].

Climate change makes conservation initiatives harder. The relevance and concern
around the conservation of PAs grows owing to the pressure on natural ecosystems brought
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on by global population growth and resource usage. In addition to supplying necessities
such as water, food, and pharmaceuticals derived from native species, PAs are also playing
an increasingly significant role in absorbing carbon and helping mitigate climate change’s
consequences [4].

According to Melillo et al., PAs on Earth yearly capture 0.5 Pg C, approximately
one-fifth of the carbon stored by terrestrial ecosystems. They predict that in 2100, due to
changes in usage and coverage, this amount will decrease to 0.3 Pg C [6].

PAs experience changes in Land Use and Land Cover (LULC), which diminish their
resilience and affect the availability of ecosystem services, failing to meet their protection
and conservation objectives. This scenario is observed in various PAs worldwide, including
Brazil [7–9], Equador [10], the African continent [11,12], and the European continent [13,14].

LULC monitoring is essential for analyzing temporal patterns and for identifying
the variations responsible for changes in the use and coverage of a location. Scientific
research in the field of LULC is currently developing methodologies based on artificial
neural networks (ANN) for predicting use and coverage, using a database with a high
spatial resolution that makes it possible to identify patterns of changes at local levels, which
can help territorial governance actions to mitigate the effects resulting from the lack of
territorial planning and to plan actions to mitigate climate change resulting from the loss of
biodiversity [15–18].

ANN are self-learning computer models used to recognize patterns. In the LULC
modeling, the ANN relates past and future land-use changes, training itself based on land
use maps from different years, while recognizing and reproducing patterns of land use
categories [19].

The application of spatial prediction using ANN in PAs helps to understand whether
there were changes in LULC in areas where the preservation and conservation of the
natural environment must prevail to guarantee the functioning of ecosystems and thus
the provision of ecosystem services such as water supply, carbon stock, and retention of
sediments that result in the loss of biodiversity [20,21].

The joint analysis of LULC data and climate models resulting from the Coupled Model
Intercomparison Project Phase 6 (CMIP6) provides an analysis to identify whether the
patterns identified in the LULC predictive model are valid when related to climate models
that provide future climate patterns, with variables that are important for understanding
the possible dynamics of retraction or increase of LULC [22–24]. Guo et al. [25] examined
the associations between LULC and RCP 4.5 and 8.5 climatic scenarios, showing how
RCP scenarios may correspond to different LULC changing trends and affect the supply
of ecosystem services in the future. Expanding forest areas in the Val d’Aran region of
the Pyrenees, Spain, may assist for reducing susceptibility to landslides in places with a
history of these events, according to Hürlimann et al. [26] who examined the impacts of
LULC changes and precipitation on landslide susceptibility. Accordingly, this study uses
only open source software, namely QGIS (plugin MLUSCE) and R language to develop
an LULC predictive analysis framework for the year 2041 in the Alvão Natural Park
(PNA) in northern Portugal, and the relationship between this change and the climate
conditions, based on data from the HadGEM3-GC31-LL (CMIP6) model [27] utilizing
the Representative Concentration Pathways (RCP) 4.5 and 8.5 scenarios, referring to the
minimum temperature, maximum temperature, and precipitation variables provided by
the WordClim portal [22] for the historical periods 2021–2040, 2041–2060, and 2061–2080 in
30-s resolution.

With the help of this analysis, it was possible to develop a future scenario for the
climate in each LULC class. This relationship can aid in the formulation of public policies
to protect the PNA’s biodiversity in a scenario of climate change where the occurrence
of extreme events, such as wildfires, are becoming more frequent and degrading the
biodiversity of PNAs.
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2. Materials and Methods

The LULC modeling steps of the PNA were divided between obtaining and pre-
processing the data and modeling using the Molusce plugin, available in QGIS, version 2.18.
Figure 1 shows a flowchart with the processing steps.
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Figure 1. Methodology steps.

2.1. Inputs

The Land Use and Occupation Charters (COS, Portuguese acronym) of 1995 and 2018
have been made available by the Directorate-General for Territory (DGT). COS provides
land use and coverage cartography with a minimum cartographic unit defined as 1 ha. To
maintain consistency between the years 1995 and 2018, we used the level 1 detail provided
by COS.

In addition to the land use and land cover maps, we utilized elevation and slope
data that were derived from the Digital Elevation Model (DEM) with a resolution of 25 m
and the distance from rivers, which were calculated using the Euclidean Distance tool in
ArcGIS using the drainage network. The DEM and drainage network were provided by
the European Environment Agency (EEA). The road distance was also calculated using
the Euclidean Distance tool from the National Road Network database, which was made
available by the Dados.gov portal.

2.2. Evaluating Correlation

The correlation analysis between the model’s input variables is conducted at the
LULC modeling first step. Three correlation methods are covered in this module: Joint
Information Uncertainty, Cramer’s coefficient, and Pearson’s correlation. In investigations

Dados.gov
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connecting LULC with other environmental factors, the Pearson’s correlation coefficient
with statistical significance at the p < 0.05 level approach is frequently used [28–30].

2.3. Change Analysis

The space-time change of the Land Use Cover (LUC) is estimated in the change
analysis step, with the class statistics showing the initial and final areas of the LUC and
the calculation of the transition matrix showing the proportion of pixels changed from one
LUC to another. It is also in this step that the change map, raster with changes in classes,
is performed.

2.4. Transition Potential Modeling

The transition potential between LULC can be modeled using four methods: Artificial
Neural Networks (ANN), Logistic Regression (LR), Pairwise Comparison Matrix (PCM),
and Weights of Evidence (WoE).

The ANN method is widely used in LULC models, as demonstrated in previous
studies such as [31–35]. In our study, we defined five input parameters:

- Neighborhood, that defines the number of pixels neighboring to the central pixel. For
this analysis, we set the size to 1, which is equivalent to a 3 × 3 matrix.

- Learning rate, momentum, and maximum iterations which define the model learning
parameters. Among these parameters, the learning rate determines the speed of the
model learning; large rates enable fast but unstable learning that results in spikes in
the graph, whereas small rates provide stable but slow learning. We set the values to
0.001 for the learning rate, 100 for maximum iterations, and 0.005 for momentum.

- Hidden layers, which is a list of numbers (n1, n2, n3 . . . , nk), where n1 is the number
of neurons in the first hidden layer, n2 is the number of neurons in the second, and so
on up to nk, which is the number of neurons in the last hidden layer. For this research,
we set the value to 10 for the hidden layers.

After processing, three numerical results are presented: the minimum validation
overall error, which indicates the minimum error found in the validation of the set of
samples; ∆ overall accuracy, which shows the difference between the found error and the
actual error; and the current validation kappa, which sets the kappa value.

Molusce also offers the options of using Logistic Regression (LR), Pairwise Com-
parison Matrix (PCM), and Weights of Evidence (WoE) methods. However, all three
methods require user intervention to define parameters, intervals, samples, and values,
thus requiring human interpretation in the process, which may affect the results of the
process. Therefore, considering the extensive literature on the application of ANN in LULC
models, we consider the use of this method as the most appropriate option [36–40].

2.5. Cellular Automata Simulation and Validation

In the Cellular Automata Simulation step, it is possible to produce the LULC simu-
lation map derived from the result of the Transition potential modeling step. In this step,
we set the year 2041 to maintain the proportion between the dates of the entry use and
coverage maps (t0 and t1).

Then, the simulation results were validated. For this, it is necessary to load the
reference use and coverage, and we used the classification of 2018 and the simulated use
and coverage of 2041. We define the value of 5 iterations. After validation, the values of %
of correctness, kappa (overall), kappa (histo), and kappa (loc) can be calculated.

2.6. LULC Time Series Analysis

The time series analysis of LULC was conducted using the R language with the
OpenLand package developed by Exavier and Zeilhofer [41]. This package provides
several functions for visualization and analysis from LUC to intensity analysis that use
cross-tabulation matrices. In this process, the deviation between the observed change
intensity and the intensity of uniform change is evaluated at three levels: (1) indication
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of the size and rate of change over time intervals; (2) category level analysis of the size
and intensity of losses and gross gains in categories in each time interval; and (3) the
transition level, which determines the intensity and size in each category in the analyzed
time interval.

In this study, we used the analysis functions of net and gross gains and losses of the
use classes to create a bar chart, an elaborate Sankey chart that provides the visualization
of the transitions of the use classes in all of the time series, and an analysis of accumulated
changes in pixels, where the results are presented in percentage of changes per transition
class, indicating the number of changes in the total time interval analyzed.

2.7. Climate Data and LULC Time Series Analysis

The climate data analyzed are projections from the Coupled Model Intercomparison
Project (CMIP6), which underwent calibration (bias correction) and a downscaling process
and were made available by the WorldClim platform, version 2.1. Monthly data from the
global climate model (GCM) HadGEM3-GC31-LL were analyzed [23,27,42], representing
Representative Concentration Pathways (RCP) scenarios 4.5 and 8.5 for the variables of min-
imum temperature, maximum temperature, and precipitation, available as average values
for the periods of historical climate data, 2021–2040, 2041–2060, and 2061–2080 at a resolu-
tion of 30 s. Data access was performed using the R language and the geodata package.

The raster was uploaded to ArcGIS, where a shapefile of sampling points was initially
generated using the Create Fishnet tool with 7217 points spaced 100 m apart. Afterward,
the Extract Multi Values to Points tool was used to extract the values of the pixels referring
to the variables of minimum temperature, maximum temperature, precipitation, and land
use classes for 1995, 2018, and 2041. Figure 2 and Table 1 show the number of sampling
points by land use class in 1995, 2018, and 2041.
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Table 1. Number of sample points by land use class.

LU 1995 LU 2018 LU 2041

Bushes 3538 3894 3983
Forest 1846 2008 2072

Open space or non-vegetation 1183 760 624
Agriculture 542 310 289

Artificial surface 47 146 156
Water 37 62 61

Pasture 24 37 32
Total 7217 7217 7217

Next, the shapefile files were inserted into R language, and using the ggplot2, gridEx-
tra, dplyr, tidyverse, sf packages, a descriptive statistical analysis was carried out, creating
bloxplot graphs and histograms to identify average values of minimum temperature, maxi-
mum temperature, and precipitation by class of land use in the historical and future periods
2021–2040 and 2041–2060.

3. Results

We present LULC prediction results for 2041, area tables (ha), Sankey analysis, Net and
Gross gain and loss, changes in the interval 1995–2041, and climate analysis relating LULC
classes with climate variables. In the Supplementary Materials, we provide additional
analysis data.

3.1. LULC

Pearson’s correlation (Table 2) measured the degree of association between the ex-
planatory variables, which can influence the expansion or retraction of LU classes.

Table 2. Evaluation correlation of variables in PNA.

Road Distance Slope Elevation River Distance

Road distance -- −0.496 0.672 0.181
Slope -- −0.523 −0.333

Elevation -- 0.650
River distance --

The variables road distance and elevation (0.672), in addition to river distance and
elevation (0.650) plus river distance and road distance (0.181) have a positive correlation.
The variables road distance and slope (−0.496), slope and elevation (−0.523), and slope
and river distance (−0.333) have a negative correlation.

The LULC with the areas (ha) of the classes is represented in Figure 3 and Table 3. The
validation of the LULC model for 2041 recorded kappa 0.96.

Table 3. LULC area change (ha) in PNA.

Classes 1995 2018 2041 Difference
1995–2018

Difference
2018–2041

Difference
1995–2041

Artificial surface 45.14 58.82 57.03 13.68 −1.79 11.89
Agriculture 561.14 323.61 302.53 −237.53 −21.08 −258.61

Pasture 26.56 153.61 159.27 127.06 5.66 132.72
Forest 1864.86 2018.94 2086.70 154.08 67.76 221.84
Bushes 3526.49 3896.19 3989.86 369.70 93.67 463.37

Open space or non-vegetation 1178.73 751.74 614.95 −426.99 −136.79 −563.78
Water 35.38 35.38 28.31 0.00 −7.07 −7.07
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PNA classes with a significant decrease in the area are Agriculture (−258.61 ha) and
Open Space or non-vegetation (−563.78 ha), in addition to Water (−7.07 ha) which also
registered a small decrease. Meanwhile, the Pasture, Forest, Bushes, and Artificial surface
classes increased, respectively, by 132.72 ha, 221.84 ha, 463.37 ha, and 11.89 ha in the period
1995–2041. The changes that took place between classes are best visualized in Figure 5.

The Agriculture class (322.97 ha of permanence) was the most altered in the period
1995–2018, converting to all other classes, except Water (35.3 ha of permanence). Next
were the classes Forest (1524.89 ha permanence) and Bushes (322.97 ha permanence) which
became Artificial surface (1 ha and 3.98 ha), Pasture (10.7 ha and 1.77 ha), Open space or
non-vegetation (20.53 ha and 50.49 ha), and between these were Bushes (308.62 ha) and
Forest (381.38 ha), evidencing ecological succession. The Open space or non-vegetation
class was converted into Artificial surface (0.2 ha), Forest (31.12 ha), and mainly Bushes
(467.35 ha), demonstrating revegetation of areas where there was no vegetation cover.
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The Pasture class was converted into Forest (4.59 ha) and mainly Bushes (19.94 ha). The
Artificial surface class became Agriculture (0.04 ha).
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Figure 5. Sankey graphic, change between classes in the PNA.

Between 2018 and 2041, the Artificial surface class (57.11 ha of permanence) has a
greater forecast of change to the Forest (0.2 ha), Bushes (8.01 ha), Open space or non-
vegetation (0.54 ha), and Water (28.25 ha) classes. The Agriculture class (302.67 ha perma-
nence) changes to Pasture (14.07 ha), Forest (3.77 ha), and Bushes (2.5 ha). The Pasture class
(144.83 ha of permanence) changes to Forest (0.03 ha), Bushes (6.67 ha), and Open space
or non-vegetation (1.82 ha). The Forest class (1980.92 ha permanence) changes to Bushes
(36.62 ha) and Open space or non-vegetation (2.4 ha). In the Bushes class (3794.71 ha of
permanence), the alteration registered is to Forest (101.51 ha) and Open space or non-
vegetation (0.06 ha). Finally, Open space or non-vegetation (611.71 ha of permanence)
registers a tendency to change to Bushes (140.31 ha).

The observed changes are not evenly distributed across the territory. Some locations
were more altered than others and this can be seen in Figure 6:
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The simulation indicates that the territory of the PNA will remain unchanged in
75.91% of its area, in 22.51% there will be at least one change, and in 1.57% there will be two
changes. There is a concentration of two changes in the southwest and northeast regions of
the PNA, while one change occurs distributed throughout the territory.

3.2. Climate Historical and Future Data by Land Use Classes in 1995, 2018, and 2041

Figure 7 shows the boxplots with historical precipitation values and RCP 4.5 and
8.5 scenarios of the sampling points by land use class in 1995, 2018, and 2041.
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Historical precipitation values registered a small change in volume only in the pasture
class, with the minimum value increasing by 0.9 mm, the maximum value decreasing by
2 mm, and the mean decreasing by 3.1 mm in the period 1995–2018. The Pasture class
recorded the largest average decrease of 1.8 mm over the historical period.

In turn, between 2018 and 2041 in the RCP 4.5 scenario, there is an increasing trend
between 6.3 (Water, Pasture, and Artificial surface) and 6.9 mm (Forest and Bushes) in
the minimum values of precipitation in all LULC classes. The maximum values tend to
increase between 5.1 mm (Pasture) and 6.3 mm (Bushes and Water). The average values
tend to range between 5.2 mm (Open space or non-vegetation) and 6.3 mm (Artificial
surface and Water).

In the RCP 8.5 scenario, the minimum precipitation values tend to decrease between
7.7 mm (Forest and Bushes) and 8.38 mm (Water). The maximum precipitation values tend
to decrease by 8.5 mm (Water) and 9.62 mm (Open space or non-vegetation). Mean values
showed a downward trend of 8.4 mm. Between the RCP 4.5 and 8.5 models, there is an
average difference in rainfall decrease between 14.45 and 14.79 mm.

Figure 8 shows the historical minimum temperature boxplots and the RCP 4.5 and
8.5 scenarios.
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Figure 8. Historical and future (RCP 4.5 and 8.5) minimum temperature by LU classes.

Historical values (1995–2018) of minimum temperature register stability, with greater
variation in the pasture class, which decreased by 1 ◦C. In the RCP 4.5 scenario, the most
significant increase registered was in the pasture class with an increase of 2.6 ◦C, while the
other LULC classes registered an increase between 1.96 and 1.98 ◦C. In the RCP 8.5 scenario,
the highest minimum temperature increase tends to be an average increase of 2.59 ◦C, with
the Agriculture class recording the highest average increase of 2.63 ◦C concerning historical
data (1975–2018).

Figure 9 shows historical values and scenarios RCP 4.5 and 8.5 of maximum temperature.
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Historical values (1995–2018) of maximum temperature recorded a decrease of 1.63 ◦C
(Pasture) and −1 ◦C (Water), with an average increase of 0.09 ◦C, representing the stability
of climatic conditions in the period. In the RCP 4.5 scenario, the maximum temperature of
all LULC classes registers an average increase trend of 2.82 ◦C. In turn, the RCP 8.5 scenario
registers an average increase of 3.8 ◦C in all LULC classes.

4. Discussion

LULC modeling is a technique that is currently used in various land management stud-
ies. As protected areas (PAs) are environments that are susceptible to external conditions
resulting from human occupation, their management plan must include proposals for pre-
dictive modeling of LULC to propose actions for control and management of the territory.

In Portugal, the model adopted is the occupation permit, with activities that were
already installed in the territory that became a PA and now have their regulation. In
addition to this characteristic in the management of its PAs, since the 1960s the country has
experienced a process of abandonment of the interior, with a diversified migration process
that takes place from the interior to large cities in the country, such as Porto and Lisbon, in
addition to migration to other countries, mainly in Europe [43,44].

It is observed in the 2041 LULC scenario that the migration process continues in prac-
tice, with the tendency of increasing Forests, replacing Bushes, and decreasing agricultural
areas. The LULC scenario generated by the QGIS plugin Molusce, achieved satisfactory
results, with Kappa 0.96. The continuity of the analysis with the Open-Land package
allowed a temporal analysis in graphs and maps identifying the trend of LULC variation.
The use of these two open-source tools together enabled a low-cost analysis using meth-
ods already validated by land science, such as Artificial Neural Networks and cellular
automata simulation.

Historically, the PNA has been predominantly occupied by small urban centers and
agricultural activities [28]. The pattern of occupation in conjunction with the limits imposed
on the type of activity that can be carried out in these areas aims to guarantee the balance
of ecosystems. In this context, the results indicate that from 1995 to 2041, the Forest
and Agriculture classes register changes. The Forest class is forecasted to increase by 3%
and the Agriculture class is forecasted to retract by −3.5%. Changes in these two classes
demonstrate the tendency over time for agricultural activity to cease to be a viable economic
activity in these areas, thus facilitating the process of forest restoration.

The Bushes class tends to increase by 6.3%, while the Open space or non-vegetation
class registers a tendency to decrease by −7.7%. These alterations are related to a change
in areas without vegetation and with low vegetation in areas with arboreal vegetation,
according to the dynamics of the place which may also be influenced by the implementation
of silviculture activities.

In the Artificial surface class, even with an increase of 11.89 ha between 1995 and
2041, in the period from 2018 to 2041, the decrease of 1.79 ha indicates stability in the
growth of inhabited areas in the PNA. This factor can be related to the continuity of the
process of migration from the interior to larger centers, in process namely deruralization
and litoralisation [45], which are characteristics of the population dynamics in Portugal.

To Calix [45], the northwest region of Portugal is continuously occupied with different
densities, the Porto’s metropolitan conurbation operating as its primary hub. Here, the
industrial and logistical sectors are concentrated, along with public services and equipment.
Due to the quality of life and employment opportunities provided in this area, these
qualities influence internal migration, worsening the rural exodus from lower-density areas
and causing the interior’s physical condition to decline quickly.

The exodus process seen in Portugal during the twentieth century may have been
intensified by climate change and its associated environmental and social effects. Warner
et al. [46] emphasize that the ability of families to migrate is affected by climate change, with
an increase in the frequency of droughts being a variable more likely to induce migration
due to its more long-lasting effects.
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Regarding climate changes related to the dynamics of LULC, precipitation registers an
increasing trend in the period from 2021 to 2040, yet reversing in the subsequent period
(2061–2080), which favors, together with the migration of the population, the process of
revegetation and succession with the transformation of areas of Bushes into Forest, due
to the dynamics of rising temperatures, combined with a lack of action on the part of the
public powers in minimizing the effects of fires, which tend to grow even worse in the area
in the twenty-first century.

However, when analyzing the RCP 4.5 and 8.5 scenarios, it is observed in the RCP
4.5 scenario that average precipitation is between 110 mm and 120 mm, while in the RCP
8.5 scenario the average precipitation is around 100 mm. The consequences of a scenario
with 10 mm less precipitation as a climate pattern are severe changes in the dynamics of
ecosystems, such as greater evaporation of surface water, contributing to a decrease in the
area of the LU class Water [47,48].

Regarding temperature, the RCP 4.5 and 8.5 scenarios indicate months with significant
trends of over 1.5 ◦C for increases in minimum temperatures and increases in maximum
temperatures of more than 2 ◦C in summer and autumn months. It was also observed that
the minimum temperature is the most sensitive parameter, with increases that condition a
new pattern of temperature variation through the period from 2061 to 2080.

The increase in temperature, added to stability in precipitation volumes through
2041–2060, and the expansion of months with higher temperatures through autumn, are
characteristics that will favor greater evaporation of surface water, which may result in
lower water availability for the growth of vegetation, making it more susceptible to fire
due to long periods of scarcity.

The area where the PNA is located has a history of rural area abandonment and
exodus, resulting in the territories being more vulnerable to the occurrence of wildfires
and water scarcity due to an increase in drought times. This scenario, as demonstrated
by Kaczan and Orgill-Meyer [49] and Warner et al. [46], points to a tendency for the
intensification of migratory processes and environmental degradation due to the territories’
lack of resilience to climate change, something dependent on public policies that aid
in the establishment of the population in the territories, as long as they have access to
infrastructures, public services, and financial resources to develop activities that support
their local permanent population.

Consequently, it is important to recognize some of the limitations of this kind of study:
(1) Studies on LULC modeling are limited by the scale of the available data; in the present
research the COS scale has a scale of 1:25,000, an adequate value for planning actions on a
regional-local scale. However, depending on the scale of LULC data available, the results
may not be suitable for regional-local planning actions [50]. (2) Using temperature and
precipitation data obtained from the WordClim portal, we established an association to
comprehend the pattern of change in these variables over periods of 20 years. According
to the objectives, future studies can be produced for any period; this must be taken into
account when defining the dates of the use and occupation models (LULC) and the database
of the climatic variables that will be employed [51,52]. (3) LULC and climate modeling are
predictions based on pre-defined models that have been verified in the scientific literature,
but which may be contested or replaced as scientific study advances [53,54].

Future research should focus on analyzing the effects of LULC and climate change
on the availability of ecosystem services in the PNA, with a focus on ecosystem services
related to water supply to emphasize the important role of PA in producing and retaining
water as well as regulating surface flow.

5. Conclusions

The main function of a PA is to ensure the long-term functionality of ecosystems
by providing ecosystem services such as water supply, carbon storage, and microclimate
regulation. The management models for PAs vary across countries, with some allowing
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human occupation while others have strict preservation policies that forbid any human
activity within the PA boundaries.

Studies [18,35,36,55] frequently employ LULC modeling and prediction. With the
Molusce plugin, it is possible to implement this tool at a low cost despite the fact that its
use usually requires using commercial software. The results of the LULC modeling can
then be examined with the aid of another piece of open-source software (RStudio), which
provides the necessary packages for the relationship made between the land use classes
and the history and climate trends in the PA, by using the WordClim database that provides
the latest CMIP6 data. This analysis validated the LULC modeling, identifying a trend of
increased precipitation through the period 2041–2060, which confirms the expansion of
forested and bush areas, mainly with the replacement of open areas or non-vegetation. It
also shows a stabilization of the artificial surface and a retraction of agricultural activity,
with a tendency for these areas to decrease.

Even if the scenario of changes in the LULC can be considered important for the
stability of the ecosystems, it must be considered that the climatic data in the subsequent
period 2061–2080 indicate an accentuated trend in the decrease of precipitation and an
increase in temperatures.

According to studies [56–58], the Iberian Peninsula will be experiencing a 10–15%
decrease in precipitation by the end of the twenty-first century, with an increase in the
intensity and frequency of extreme precipitation concentrated in winter. Changes in
precipitation variability and extreme events were previously investigated on the Iberian
Peninsula over the last 50 years of the twentieth century and the early decades of the
twenty-first century [59–61]. These scenarios can accentuate the occurrence of extreme
events such as wildfires and increase the period of water scarcity [62,63].
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minimum temperature in PNA (HadGEM3-GC31-LL, RCP 4.5); Table S7: Mean month minimum
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