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Abstract

The transition towards climate neutrality requires the development of spatially explicit
planning approaches that account for territorial differences and land-use dynamics. Within
this conceptual framework, this study has the objective of identifying and discussing spa-
tially explicit planning approaches that can support the transition to climate neutrality in
different regional spatial contexts. With reference to this research question, a methodolog-
ical framework is introduced and applied that is designed to support climate neutrality
through spatial planning strategies. Carbon sequestration (CS) serves as a key metric
to evaluate both the current state and the temporal evolution of this process, examined
in connection with the provision of specific ecosystem services (ESs) within the relevant
spatial setting. The work is structured as follows. An approach is developed to define the
provision of ESs. Drawing on previous research and detailed assessments of environmental,
landscape, and socio-cultural features, the study considers the following ESs: maintaining
or improving habitat quality to sustain the life cycles of wild species valuable to humans;
regulating climate by mitigating land surface temperature; agricultural and forestry produc-
tion; and nature-based recreational opportunities. Moreover, spatial relationships between
CS capacity and ES provision are examined through geographically weighted regressions,
allowing comparisons across Basilicata, Campania, and Sardinia, three Regions in southern
Italy forming the Italian Mezzogiorno. The multifunctional characteristics of ES supply
contributes to optimizing CS capacity and advancing climate neutrality goals. In particular,
in all three regional contexts, high values of CS capacity elasticity are recognized in relation
to habitat quality and ground temperature mitigation, and very low elasticity conditions as
regards the supply of recreational ESs and agricultural and forestry production.

Keywords: carbon sequestration; climate neutrality; ecosystem services; geographically
weighted regression (GWR); InVEST model; spatial planning

1. Introduction

Climate change (CC) currently represents one of the most significant challenges to
global stability, increasingly affecting both rural and urban environments by compromising
human health, physical well-being, and overall quality of life [1]. The evident consequences
of global warming necessitate urgent and decisive action to meet the targets established
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by the Paris Agreement, which seeks to limit the temperature increase to 1.5 ◦C above pre-
industrial levels. Achieving this objective requires a long-term balance between greenhouse
gas emissions and removals, a pursuit often referred to as climate neutrality. This task
is made more arduous by the persistence of carbon dioxide (CO2) in the atmosphere;
even if all human-induced emissions were to cease immediately, existing concentrations
are projected to cause an additional warming of approximately 0.6 ◦C over the next one
hundred years [2]. Consequently, the European Union (EU) has formalized its commitment
through the European Climate Act, the Green Deal, and the “Ready for 55” package,
targeting a 55% reduction in emissions by 2030 and full climate neutrality by 2050.

Human activities, particularly the combustion of fossil fuels and extensive land clear-
ing, have fundamentally disrupted the global carbon cycle. Currently, anthropogenic
activities influence over 70% of the Earth’s ice-free land surface, utilizing a third of its po-
tential biological productivity. In the Italian context, this pressure is manifest in increasing
land consumption and urban sprawl, which have led to biodiversity loss and heightened
environmental risks such as floods and heat islands [3,4].

Within this framework, regulating ecosystem services (ESs), specifically Carbon Cap-
ture and Storage (CCAS), are vital for mitigation and adaptation. CCAS is a natural
phenomenon, primarily driven by photosynthesis, through which terrestrial ecosystems
remove CO2 from the atmosphere and store it in biomass and soil [5]. Soil, in particular,
constitutes the largest terrestrial carbon pool; the quantity of carbon locked within the soil
is significantly greater than that in above-ground biomass [6]. Therefore, even minor fluctu-
ations in soil organic carbon concentration can exert a substantial impact on atmospheric
CO2 levels [7].

Natural ecosystems provide a multifunctional supply of services that interact in
complex ways. While the principle of multifunctionality suggests that a single area can
provide multiple benefits, certain functions may be mutually conflicting, leading to trade-
offs where the enhancement of one service (e.g., carbon storage) may negatively affect
another (e.g., biodiversity or agricultural production). Conversely, synergies occur when
multiple services improve simultaneously.

Multiple studies document trade-offs and synergies between CCAS and other services.
Früh-Müller et al. [8] mapped carbon storage alongside timber supply, crop production,
and outdoor recreation across two German counties, Wetterau and Vogelsberg, finding
positive relationships among these services except where food production created trade-offs.
Bateman et al. [9] quantified land-use conflicts between agriculture, carbon sequestration,
recreation, and biodiversity across the UK, demonstrating that targeted planning can
increase overall ecosystem service values. Viglizzo et al. [10] provides a comprehensive
regression-based analysis, using both parametric and non-parametric regression to examine
how carbon sequestration partitions with water-flow regulation, soil protection, and climate
regulation across 1348 studies. On the other hand, although regression analysis is a method
used by several studies in order to analyze relationships among multiple ESs [10,11], these
relationships are analyzed in a stationary way. This study seeks to go beyond the limitations
of stationary regression analysis by studying non-stationary relationships in Mediterranean
landscapes using a geographically weighted regression (GWR).

From this perspective, this work aims to analyzes the relationship between CCAS and
multiple ESs, such as habitat quality, land surface temperature mitigation, agricultural and
forestry production, and nature-based outdoor activity potential using a GWR model, in
order to determine and critically examine geographically delineated planning methodolo-
gies capable of facilitating the progression toward climate neutrality across heterogeneous
regional territorial configurations. A GWR-based approach is preferred over ordinary
regression models in ES studies for its ability to handle spatial non-stationarity, where
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relationships vary across locations. ESs like CCAS exhibit spatial variability due to factors
such as land use, topography, and climate. Moreover, the correlations are identified in
heuristic terms and may form the basis for future studies aimed at identifying causal links
between the CCAS supply and the supply of the various ecosystem services considered.
This in-depth analysis should be considered an important future development of the re-
search based on the results described and discussed in this study, which show, through the
implementation of a GWR-based approach, that there is statistically significant evidence of
the existence of these correlations.

The work presents and implements an integrated methodological framework aimed
at promoting climate neutrality through spatially oriented planning policies. CCAS is
employed as a central indicator to assess both the existing conditions and the dynamic
progression of sequestration processes, analyzed in relation to the supply of selected ESs.
The methodological approach is structured into two main steps. In the first step, the provi-
sion of multiple ESs is assessed. In particular, the study focuses on the following four ESs:
maintaining or improving habitat quality to sustain the life cycles of wild species valuable
to humans; regulating climate by mitigating land surface temperature; agricultural and
forestry production; nature-based recreational opportunities. Each ecosystem service is
assessed and mapped using different methods. For example, the use of the InVEST (Inte-
grated Valuation of Ecosystem Services) Suite is, in this conceptual framework, exclusively
aimed at identifying, in direct and clear terms, the extent of CCSA provision and habitat
quality. In the second part, the spatial interdependencies between CS potential and ES
distribution are investigated using a GWR model, enabling comparative analyses among
Basilicata, Campania, and Sardinia, three regions located in southern Italy that collectively
constitute the Italian Mezzogiorno.

The paper is structured as follows. Section 2 describes the contexts of the three regional
case studies and the methodologies used to evaluate and map the selected ESs and for
implementing the GWR. Section 3 presents the results obtained, which are then discussed
in Section 4. Finally, Section 5 concludes with final remarks and future research directions.

2. Materials and Methods

2.1. Study Area

The study area comprises three regions of the Italian “Mezzogiorno”: Basilicata,
Campania, and Sardinia (Figure 1).

Figure 1. Study areas: Sardinia (panel A), Basilicata, and Campania (panel B).
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Basilicata covers an area of approximately 10,000 km2 [12]. The region is predomi-
nantly hilly, with plains accounting for about 10 percent of the surface and mainly con-
centrated along the Ionian coastline, and its landscape is predominantly agricultural, with
extensive farming practices and high biodiversity [13]. Mountain ranges are mainly located
to the west and include Mount Pollino and the Vulture volcanic complex [14]. The main
watercourses, characterized by a predominantly torrential regime, flow into the Ionian
Sea and include Bradano, Basento, and part of the Ofanto River. Concerning land covers,
according to the latest CORINE data [15], around 57 percent of the region is agricultural,
around 41 percent is covered by forests and semi-natural vegetation, and only 1.6 percent is
artificial. As of 1 January 2025, 530,005 people [16] lived in Basilicata’s 131 municipalities, of
which the main important are Potenza and Matera, the latter being a designated UNESCO
site [17].

Campania extends over approximately 13,700 km2 [12]. The regional territory is
mainly hilly and mountainous, while alluvial plains account for about 14 percent of the
surface. The main mountain systems include the Matese Mountains and the Cilento Massif.
Volcanic landforms are a distinctive feature of the region, with two major active volcanoes:
Vesuvius and the Campi Flegrei–Ischia volcanic district [18]. The main watercourses are
the Volturno and Sele rivers, which exhibit a predominantly torrential regime. Concerning
land covers, according to the latest CORINE data [15], around 55 percent of the region
is agricultural, around 37 percent is covered by forests and semi-natural vegetation, and
7.5 percent is artificial. As of 1 January 2025, 5,582,337 people [16] lived in Campania’s
553 municipalities, of which the most important are Avellino, Benevento, Caserta, Salerno,
and Naples.

Sardinia is the second-largest island in the Mediterranean Sea and has a landmass of
approximately 24,000 km2. The regional territory is predominantly hilly and character-
ized by numerous isolated mountain groups, including Gennargentu, Sette Fratelli, and
Limbara [19]. The island’s geomorphology reflects a complex volcanic history and diverse
lithological formations [20], and distinctive granite landscapes, particularly to the north
of the island, shape unique landforms including inselbergs and tors [21]. Watercourses
exhibit a marked torrential regime due to the characteristics of the terrain, dry summers,
and limited rainfall [19], and coastal wetlands constitute a distinctive landscape feature.
Concerning land covers, according to the latest CORINE data [15], around 46 percent of the
region is agricultural, around 50 percent is covered by forests and semi-natural vegetation,
and only 3 percent is classed artificial. As of 1 January 2025, 1,562,381 people [16] lived in
Sardinia’s 377 municipalities, of which the most important are Cagliari and Sassari.

2.2. Carbon Capture and Storage

We assess carbon capture and storage (CCAS) assessed using the InVEST Suite, which
quantifies overall carbon sequestration by integrating four distinct carbon pools: living
biomass located both above the surface (aboveground biomass) and in subsurface layers
(belowground biomass, confined to the upper 30 cm of the soil profile), dead organic
material, and soil organic matter. According to the InVEST User Guide, aboveground
biomass (AGB) encompasses all living vegetation located above the soil surface, including
structural and foliar components such as stems, bark, branches, and foliage. In contrast,
belowground biomass (BGB) refers to the living root systems associated with aboveground
vegetation. Dead organic material includes both surface litter and woody debris, whether
standing or downed. Lastly, soil organic matter, constituting the largest pool of terrestrial
carbon, comprises the organic constituents embedded within the soil matrix [22].

The InVEST Model requires only two inputs: a land cover map and a table in .CSV
format showing carbon density values corresponding to the classes in the land cover map.
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The table should have the density values for at least one of the four pools. We utilize
Corine Land Cover (CLC) 2018 as the land cover map. The information on the carbon
density values for different carbon pools is sourced from various data sources such as
NASA’S ORNL DAAC [23], used for aboveground biomass and belowground biomass,
National Inventory of Forests and Carbon Pools in Italy [24,25], used for dead organic
material and soil organic matter, ISPRA (Italian Institute for Environmental Protection and
Research) [26], used for soil organic matter, and AGRIS Sardegna (Regional Agency for
Agricultural Research of Sardinia) [27], used for soil organic matter.

The methodology is implemented in two stages. First, we upload to InVEST infor-
mation on three pools except belowground biomass. Then, we overlay the result with the
ORNL DAAC BGB map, as data for BGB was sourced from this single map; therefore, we
integrated it as a separate step by summing cell by cell the values of the ORNL DAAC BGB
map and the map related to the three pools using the “Raster calculator” tool in ArcGIS. The
decision to use the sum reflects the methodological approach used by InVEST to calculate
the value of the final map. In fact, InVEST adds up the values for the three different pools
to obtain the final values.

2.3. Habitat Quality

We assessed habitat quality (HQ) using the InVEST Habitat Quality Model, which
requires four key inputs: a land cover map, a directory containing threat maps, a sensitivity
table, and a threats table. We adopted threats from the study by Sallustio et al. [28], which
identifies the following:

• Roads 1: Motorways; trunks; primary roads;
• Roads 2: Secondary and tertiary roads;
• Roads 3: Residential and service roads;
• Roads 4: Tracks and bridleways;
• Railways;
• Intensive agricultural lands;
• Extensive agricultural lands;
• Buildings and other artificial areas or impervious soils.

Threat maps were generated using the Geofabrik Download Server [29] and CLC
2018 [15]. The land cover map was derived from the CLC 2018, reclassified into 12 habitat
types following the classification by Sallustio et al. [28]:

• Beaches, dunes, and sands
• Water bodies
• Wetlands
• Grasslands
• Shrublands
• Broadleaves forests
• Conifers forests
• Inland unvegetated or sparsely vegetated areas
• Intensive agricultural lands
• Extensive agricultural lands
• Buildings and other artificial areas or impervious soils
• Open urban areas

In the case of Sardinia, we introduced the additional habitat type “mixed forest” to
reflect local characteristics.

The sensitivity table details how each habitat responds to the defined threats. The
average values of “broadleaves forests” and “conifers forests” were utilized for the “mixed
forest” category.
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The threats table provides three parameters: MAX_DIST, the maximum distance at
which each threat impacts HQ; WEIGHT, the relative weight of each threat compared
to other threats; and DECAY, the spatial decay function of each threat. We assumed
the decay parameter as linear in this study as there are no available data supporting
alternative functions.

The model integrates these inputs to calculate the HQ scores using a degradation
equation, which employs the half-saturation constant (K) to calibrate the spread and
variation of scores along the 0–1 scale. K selection directly affects the absolute HQ scores,
which serve as key inputs for the GWR analysis and therefore influence the scale of the
resulting outputs. To maximize visual contrast, we performed a preliminary run with the
default K = 0.05 to identify the maximum degradation value; we the adjusted K to half this
value for the final run, following recommendations in the InVEST model’s user guide [30],
consistently with previous applications [31–33]. The final output is a continuous gradient
map that illustrates the spatial distribution of HQ.

2.4. Regulating Local Climate: Land Surface Temperature Mitigation

We assessed the Land Surface Temperature (LST) using satellite images provided by
USGS Earth Explorer [34]. First, the images from the specified date range were downloaded
for selection, which was set from the last week of June to the first week of September to
cover the summer season to capture the highest average temperatures in each of the three
study areas. The maximum cloud cover was set to a 6%. All downloaded images were
analyzed further to identify the one with the highest median LST. In all cases considered,
i.e., five Landsat images selected for Sardinia, four selected for Campania, and one selected
for Basilicata, the selection of images is such that those with the highest median coincide
with those with the highest means. To do so, the digital number (DN) values in the raster
image were converted into degree Celsius (◦C) by using the formula (1), as per the USGS
guide [35].

0.00341802 ∗ DN + 149.0 − 273.15, (1)

Depending on the research area, one or more satellite pictures may be necessary to
encompass the entire region. Table 1 shows the full set of images utilized to create an LST
map for the three regions. It is important to note that temporal variability in temperature
measurement may lead to minor inconsistencies. This limitation is absent for the Basilicata
Region, where LST is derived from a single image (Table 1), whereas for Campania and
Sardinia full regional coverage is obtained by combining multiple LANDSAT images as
indicated in Table 1.

Table 1. Selected Landsat images to create an LST map for Basilicata, Campania, and
Sardinia Regions.

Region Image Code

Basilicata LC08_L2SP_188032_20230718_20230725_02_T1_ST_B10

Campania

LC09_L2SP_189031_20230717_20230719_02_T1_ST_B10
LC09_L2SP_189032_20230717_20230719_02_T1_ST_B10
LC09_L2SP_190031_20230825_20230827_02_T1_ST_B10
LC09_L2SP_190032_20230825_20230827_02_T1_ST_B10

Sardinia

LC08_L2SP_192033_20230730_20230805_02_T1_ST_B10
LC08_L2SP_192032_20230730_20230805_02_T1_ST_B10
LC09_L2SP_193033_20230814_20230817_02_T1_ST_B10
LC09_L2SP_193032_20230814_20230817_02_T1_ST_B10
LC09_L2SP_193031_20230814_20230817_02_T1_ST_B10
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2.5. Agricultural and Forestry Production

We classified agricultural and forestry production among provisioning ESs, a cate-
gory that encompasses material goods such as food, freshwater, timber, fiber, and energy
resources. Recognized by the Millennium Ecosystem Assessment [36], provisioning ESs rep-
resent a fundamental component of sustainable land management, particularly in regions
characterized by high landscape heterogeneity and extensive agro-forestry systems, as is
the case in Italy. In recent years, also in response to the reforms of the European Common
Agricultural Policy [37] and international frameworks on climate and sustainable develop-
ment, the economic valuation of provisioning ESs has increasingly been incorporated into
land-use planning and strategic environmental assessment.

In the three regions analyzed, the evaluation of the value of agricultural and forestry
production (AFPL) relies on the market value on the production related to land uses, as a
proxy indicator based on geographic and environmental variables such as location, altitude,
morphology, and orography. This methodological approach, consolidated in recent studies,
employs two primary datasets: (i) the national agricultural land value database produced
by the Council for Agricultural Research and Economics (CREA), which provides average
monetary values per unit area for agricultural lands; (ii) the dataset issued by the National
Revenue Agency (NRA) reporting mean land values for forestry areas. Information on
agrarian and forestry regions, organized by municipality, province, and elevation zone,
enables detailed spatial analyses [38]. To integrate the datasets, correspondence was
established between the CLC 2018 classes, and the crop typologies identified by CREA
for agricultural land, as well as the NRA’s taxonomy for forest land. The resulting data
were combined through spatial overlay of the land-cover vector map with the agro-forestry
value map, allowing the assignment of production values to each classified spatial unit.

2.6. Nature-Based Outdoor Activity Potential

We conducted the assessment of nature-based outdoor activity potential using the
ESTIMAP (Ecosystem Service Mapping Tool) methodology, a GIS-based framework, de-
veloped by the Joint Research Centre (JRC) [39]. The study specifically implements the
first part of the original model developed by Vallecillo et al. [40], Barton et al. [41], and
Isola et al. [42] to quantify the recreational potential, defined as the capacity of ecosystems
to support nature-based outdoor activities. We structured the methodological approach
into three distinct phases. The first phase evaluates the availability of recreational areas
based on their degree of naturalness. Central to this assessment is the hemeroby index,
which measures the divergence of an ecosystem from its natural state due to human inter-
vention on a scale from zero (no modification) to nine (maximum modification) [43]. For
agricultural land, we determined the index by cross-referencing nitrogen nutrient inputs
(utilizing ISTAT data from 2019 for Sardinia, and 2023 for Basilicata and Campania) and
livestock density measured in Livestock Units (LSU) [44]. Forested areas are qualitatively
assessed by comparing current land cover with potential natural vegetation maps to de-
termine the level of disturbance [43]. The final values are inverted and normalized into
a 0–1 range, where 1 represents maximum naturalness. The second phase integrates the
presence of recreationally significant natural features, such as national and regional parks,
Ramsar sites, and Natura 2000 sites. Scores are expert-based and attributed according to
IUCN management categories, resulting in a raster map with discrete values [0; 0.8; 1]
representing the legal and environmental significance of the land [39,45]. The final phase
focuses on the attractiveness of coastal zones through three parameters: (i) distance from
the coastline, modeled via an inverse logistic function; (ii) coastal geomorphology, using
the Eurosion dataset [46]; and, (iii) bathing water quality, based on European Bathing
Water Directive data [47]. We calculated the total potential supply of nature-based outdoor
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activity potential by summing the normalized outputs of all three phases, providing a
comprehensive spatial representation of recreational potential for outdoor activities across
the diverse topographies of Basilicata, Campania, and Sardinia.

2.7. Geographically-Weighted Regressions

We investigated the relationship between CCAS capacity and the supply of the four
ESs selected for the study proposed here using a GWR model, according to the formalization
proposed by [48], which is briefly described below.

The model provides information on how the dependent variable, representing CCAS,
is associated with the explanatory variables, which express the supply of ESs, when the
relationship is not spatially stationary and, therefore, presents a more or less pronounced
variability across the territory.

We formalize the spatially stationary multiple linear regression according to the
following formulation, in which the coefficients of the explanatory variables are considered
constant in the spatial context of reference, therefore, in our case, in the three regional study
areas: Basilicata, Campania, and Sardinia:

CCAS = a0 + a1 LOHM + a2 QOHA + a3 AFPL + a4 NOAP, (2)

where (units of measurement in parentheses):

• CCAS is the density of carbon capture and storage capacity (Mg/m2);
• LOHM is the heat mitigation reference, i.e., the land surface temperature (LST), which

serves as a measure of urban heat fluctuation and, consequently, to assess changes; if
it were to decrease, it would indicate an improvement in the quality of life for users of
local environments (◦C);

• QOHA measures the level of habitat quality, and takes values ranging from 0 and 1, as
described in Section 2.3;

• AFPL is the value of agricultural and timber production (€/ha);
• NOAP measures the potential for nature-based outdoor activities, and takes values

ranging from 0 to 1, as described in Section 2.6.

The estimated coefficients of the explanatory variables show the marginal impacts
of these covariates on the CCAS. The regression model is typically used when no prior
assumptions can be made about the functional relationships between the variables [49–52].

The linear regression operationalizes the equation of a hyperplane, which is tangent
to a hypersurface of an unknown shape within an n-dimensional hyperspace that includes
the dependent variable CCAS, together with four explanatory variables. Near the point of
tangency, the linear correlations between the five factors, which come from the estimation of
model (2), effectively approximate the unknown equation of the hypersurface of unknown
shape mentioned above [53,54].

Significance tests for the estimated coefficients are usually assessed using p-values,
and the adjusted R-squared is the reference for evaluating the goodness of fit.

The GWRs model replaces the linear regression model when, as in the case of the
three regions considered in this study, there is a large number of records, in our case
tens of thousands, located in a vast and non-homogeneous territory, such as the regions
of Basilicata, Campania, and Sardinia. In this case, the linear relationship between the
variables, expressed by model (2), is not stationary in the spatial contexts of reference, but
varies with location point, which corresponds to one of the thousands of records, in which
it is estimated.

The GWRs model proposed by [48], therefore, estimates a cloud of multiple linear
regressions represented by the following formulation:
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CCAS(xi,yi) = α0 (xi,yi) + α1 (xi,yi) LOHM + α2 (xi,yi) QOHA + α3 (xi,yi) AFPL + α4 (xi,yi) NOAP, (3)

where xi and yi represent the geographical coordinates, in the regional territories of Basili-
cata, Campania, and Sardinia, of the various records represented by quintuples of values of
the dependent variable and explanatory variables.

For each of the points where the records of the three spatial contexts are located, we
implement the regression estimate (3) by assuming a decay function of the influence of
the explanatory variables on the dependent variable, according to which this influence
decreases as the distance of the point (xi,yi), where the i-th record is located and where the
i-th GWR is estimated, increases. We express the decay function, as a function of distance,
according to the Gaussian weighting scheme [48], using a weight wij, according to the
following formula:

wij = exp[−(dij/b)2], (4)

where wij is the weight of the j-th record, located at the point with coordinates (xj, yj) at
a Euclidean distance dij from the point with coordinates (xi, yi), where the i-th record is
located, with respect to whose location the i-th GWR is being estimated. Formulation (4) is
such that: (i) wij = 1 when the record (xj, yj) coincides with the one detected at the point
with coordinates (xi, yi), with respect to which the i-th GWR is estimated; (ii) wij decreases
exponentially as the distance of the point (xj, yj) from the point (xi, yi) increases; (iii) records
located at a distance dij greater than some multiple of b have a progressively reduced
influence in the estimation of the GWR estimated with reference to the point (xi, yi).

According to the detailed and analytical discussion of the model proposed by [48], the
value of b, called bandwidth, must be chosen in such a way as to bear in mind that there
is a trade-off in terms of unbiasedness and reliability of the GWR estimate. This trade-off
must be considered when choosing the bandwidth, which defines the decay function, and
therefore the weight wij to be assigned to the records based on their distance from the point
at which the GWR is estimated.

On the one hand, the smaller the bandwidth, i.e., the faster the weight wij decreases
with increasing distance dij, the more records become irrelevant and are therefore essen-
tially excluded from the GWR estimate. Thus, the smaller the bandwidth, the higher the
biasedness of the biased estimator of the variable CCAS(xi, yi), expressed by model (3).

On the other hand, the larger the bandwidth, the more records are included in the
GWR estimate. Therefore, in this case, although the bias decreases, the variance of the
biased estimator of the variable CCAS(xi, yi) of model (3) is greater.

It is therefore very important, for the purposes of applying the GWRs model, to
identify the bandwidth in such a way as to find the best compromise between minimizing
the variance and the bias of the estimate of the dependent variable CCAS(xi, yi).

As suggested by [48], the choice of the bandwidth measure is defined by the solution
to the following problem of minimizing the variance of the CCAS(xi, yi) estimate.

The minimization problem is operationalized as follows, with reference to the GWR
estimate at the coordinate point (xi, yi), where the i-th record is located:

minb ∑i = 1,n (Yi − Ŷi)
2, (5)

In our case, Yi corresponds to the value of the dependent variable CCAS(xi,yi) relative
to the i-th record, and Ŷi is the estimate of the variable based on the implementation of
GWRs, determined using the estimates of the coefficients αj, âj, j = 0, . . . 4, of (2).
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The estimates âj’s are defined by the following matrix formula [48]:

â(xi,yi,b) = [XT W(xi,yi,b) X]−1 XT W(xi,yi,b) Y, (6)

where

• â(xi,yi) is the vector of the estimates of the α’s coefficients of (3);
• X is the matrix (n × 5) of the n records related to the constant and the four explanatory

variables of (3);
• W is the diagonal matrix (n × n) whose diagonal elements represent the weights of

the n records representing the observations relating to the explanatory variables; the n
weight values are defined by formula (4);

• Y is the vector of n observations relating to the dependent variable CCAS(xi,yi).

The estimates âj, j = 0, . . . 4, derived from (6), allow us to express, in (5), Ŷi, i.e., the
estimate of Yi, value of the dependent variable of the record detected in the location (xi,yi),
using (3) and, therefore, to solve, in b, the minimization problem (5). The search for the
value of the bandwidth b that solves the minimization problem (5) can be carried out, as
suggested by [48], by applying the golden section share algorithm described by [55], with
reference to the field defined by the minimum and maximum distances of the locations of
the records detected.

With regard to the goodness-of-fit of the GWRs estimate, the following statistics are im-
portant: (i) the adjusted R-squared or adjusted coefficient of determination, which measures
the share of the overall variance of the phenomenon represented by the dependent variable,
in our case the CCAS, explained by the GWRs estimate, purifying this measurement from
the increase in the coefficient linked to the number of explanatory variables; (ii) the adjusted
critical value of pseudo-t statistics, which is used to verify the statistical significance of the
estimated coefficients using a two-tailed t-test, at a significance level of 5%; this test takes
into account the degree of freedom of the estimate and checks in relation to the family-wise
error rate (FWER).

The spatial distribution of the vector â(xi,yi), which derives from the GWRs estimate,
locally characterizes the correlations between the dependent variable CCAS(xi,yi) and the
four explanatory variables that express the availability of the four ESs.

The methodology described above, based on the aforementioned seminal article by
Fotheringham et al. [48], has been applied in the field of analysis relating to the spatial
profiles of ES supply. The following are some examples of these studies. Shi and Xu [56]
analyze the distribution of ESs in an urban green space system in the coastal metropolis of
Suzhou, Jiangsu Province, China, through the integrated use of the InVEST suite, machine
learning techniques, and the GWR approach, in relation to the spatial heterogeneity of ES
supply. Another very interesting study is that of Neill et al. [57], which applies a spatial
analysis based on GWRs to examine the relationship between environmental indicators
and cultural ecosystem services in multiple sites in Europe, with the aim of bypassing the
limitations of models that do not take into account the non-stationarity of ES supply.

3. Results

3.1. Carbon Capture and Storage

The CCAS taxonomy is intrinsically linked to the biophysical characteristics of the
territory, with particular reference to land cover, especially in relation to forest types. As
can be seen below, the spatial distribution of this ES supply shows the highest values in
forest-covered soils, albeit with significant differences depending on forest types, while
significantly lower values are found where vegetation is lower and sparser, and, above all,
in more or less densely built-up areas.
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The CCAS assessment yields that in all three regions highest capacity is observed
in forests (Figure 2). Campania exhibits the highest density at 23.82 kg/m2, followed
by Basilicata at 21.21 kg/m2, both observed in broad-leaved forests, whilst Sardinia’s
maximum value is 17.75 kg/m2, noted in the coniferous category. In all three regions, forest
ecosystems (CLC 311, 312, 313) represent the primary carbon pool. However, average
forest productivity varies significantly. Campania’s forests range from 15.07 to 17.40 kg/m2,
followed by Basilicata (12.88–14.76 kg/m2) and Sardinia (10.99–12.65 kg/m2). A notable
regional anomaly is identified in Sardinia, where broad-leaved forests consistently store
less carbon (10.99 kg/m2) than coniferous or mixed forests across all carbon pools. Spatially,
high-density clusters are strongly correlated with mountainous topography and protected
areas, such as the Cilento and Vesuvius parks in Campania, the Pollino and Appennino
Lucano in Basilicata, and the eastern/southwestern massifs in Sardinia. Intermediate
storage levels (7.77–10.54 kg/m2) are found in shrublands and marshes, while artificial
areas and water bodies consistently yield the lowest results. Moreover, these regions act as
natural reservoirs. Campania serves as a high-capacity tank, Basilicata as a well-distributed
network of medium basins, and Sardinia as a specialized reservoir where specific cluster,
coniferous forests, are more efficient than others.

3.2. Habitat Quality

The analysis of HQ shows consistent contrasts between high values characterizing
natural areas and low values found in urban and intensive agricultural areas. Human in-
frastructures are recognized as major sources of degradation, reducing HQ scores according
to their proximity and their threat level.

Sardinia records the highest average HQ (0.54) and the greatest proportion of high-
quality habitats (40.86%). Basilicata follows with an average score of 0.51, but with the
highest percentage of low-quality habitats (44.45%). Campania reports the lowest average
HQ (0.49) and the smallest share of high-quality habitats (31.43%). In all regions, the best
habitats are forested areas; broadleaved forests exhibit the highest mean scores (ranging
from 0.85 to 0.86), followed by grasslands and wetlands. Conversely, artificial surfaces
and impervious areas score near zero (0.09) across all regions, with open urban fabric
and intensive arable land also exhibiting very low values (0.21–0.25). Spatial patterns
reflect this gradient: high values cluster in national and regional parks, such as Pollino and
Appennino Lucano in Basilicata, Cilento and Vesuvius in Campania, and Gennargentu,
Limbara, and Gutturu Mannu in Sardinia, while low values characterize major urban
centers, like Matera, Potenza, Naples, Salerno, and Cagliari, and intensively cultivated
plains. Differently, extensive agricultural systems and sparsely vegetated inland areas
occupy an intermediate position (0.43–0.53).

The biophysical characteristics of the reference territory, in all three regional cases
analyzed, are decisive in identifying the HQ level. First of all, we note that some of these
characteristics are decisive in relation to the classification of threats, which are linked to
agricultural land use, whether extensive or intensive, or to the degree of soil permeability.
This is strongly influenced by the biophysical characteristics of the soil as modified by
human activities and, in particular, by the level and type of infrastructure. In this regard, it
is worth highlighting the radical difference between threats related to green infrastructure
and those related to gray infrastructure, with particular reference to transport infrastructure.

Secondly, we note how the biophysical characteristics of soils come into play, in a
structural and pervasive manner, with reference to the assessment of HQ in the InVEST
Suite, where these characteristics identify the quality of soil cover through the Corine Land
Cover mapping units and their sensitivity to threats in terms of loss of ESs supply capacity.
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Figure 2. Spatial distribution of the five ecosystem services in the three study areas.
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3.3. Regulating Local Climate: Land Surface Temperature Mitigation

In Campania, LST ranges from about 27.5 to 64.5 ◦C (Figure 2), with the highest values
concentrated in densely urbanized and artificial areas. Hotspots include the Metropolitan
City of Naples, the Campanian and Phlegraean plains, the areas in the crown of the
Vesuvius Volcano, and agricultural sectors in Avellino, Benevento, and the Sele Plain. Lower
temperatures occur along the Apennine ridge, where mountainous and hilly landscapes
dominate. CLC data show that artificial fabrics (CLC 111–112) exhibit the highest mean
LSTs (47.6–53.3 ◦C), while water bodies, wetlands, forests, and herbaceous or shrub-covered
areas (CLC 512, 521, 311–313, 323–324) display the lowest values (34.3–39.4 ◦C). Overall,
thermal patterns align with land-use intensity, with cooler conditions in vegetated and
high-elevation zones.

In Sardinia, LST ranges from around 27.8 to 61.9 ◦C (Figure 2). The highest tempera-
tures occur mainly in agricultural zones, especially in the eastern sector, while cooler values
characterize mountainous, forested, and protected areas such as Limbara, Sulcis-Iglesiente,
Gennargentu, and Sette Fratelli. CLC data show that while the highest temperatures are
observed in agricultural fields and discontinuous urban fabric (both 61.9 ◦C), the highest
mean values are observed in artificial areas such as construction sites (54.0 ◦C), dump sites
(51.2 ◦C), and airports (50.1 ◦C). Water bodies and forests remain the coolest (32–40 ◦C).

Basilicata’s LST, derived from a single Landsat scene covering the entire region, ranges
from 24.1 to 62.5 ◦C (Figure 2). Higher values occur in industrial, commercial, and agricul-
tural areas of the northeast, including the Bradano basin, Vulture Hills, and the urban zone
of Matera, as well as the Metapontino Plain and Ionian coast. Cooler temperatures char-
acterize the Lucanian Apennines. CLC data indicates the highest mean LSTs in irrigated
and mixed agriculture and artificial surfaces, and the lowest in water bodies, forests, and
rocky areas.

The relationship between the territorial distribution of LST and spatial biophysical
characteristics is evident from the above results. For example, the lowest temperatures in
Basilicata and Campania are recorded in the Apennine Mountain range, while in Sardinia
they are found in the mountainous areas of Sulcis-Iglesiente, Limbara, Sette Fratelli, and
Gennargentu. All these areas are also characterized by their proximity to or inclusion of
wetlands, waterways, lakes, woods, and forests.

In the three regions, the highest temperatures are consistently found in intensive
agricultural areas, in urbanized areas with high building density, and in peri-urban areas
characterized by scattered settlements with marked fragmentation of the spatial continuity
of permeable soils and habitats. These areas are, in particular, as already partly highlighted:
in Basilicata, the Bradano basin, Vulture Hills, and the urban zone of Matera, the Metapon-
tino Plain, and Ionian coast; in Campania, the Phlegraean plains, the areas in the crown of
the Vesuvius Volcano, and agricultural sectors in Avellino, Benevento, and the Sele Plain;
in Sardinia, the Campidano Plain, the Upper Oristano area, and the south-eastern coast.

3.4. Agricultural and Forestry Production

The 2023 AFPL map for Campania reveals a highly uneven spatial configuration, with
values ranging from zero, where no agricultural or forestry classification is present, to a max-
imum of EUR 82,316/ha (Figure 2). About 22.08% of the region records a null value, while
the mean reaches EUR 12,552/ha. Over half of the territory (52.11%) shows values below
EUR 10,000/ha, mainly in the eastern mountain sectors of the Campanian Apennines and
the Cilento area. The highest AFPL values are concentrated in the coastal hills of Naples and
the Sorrento Peninsula, characterized by high-value arable and horticultural production.

A similar distribution emerges in Sardinia, where the 2023 AFPL values range from
zero to EUR 34,766/ha (Figure 2). Around 17.41% of the region falls below EUR 1000/ha,
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with an overall mean of EUR 5091/ha. Values above EUR 10,000/ha are concentrated in
fertile plains such as Campidano di Cagliari, Campidano di Oristano, and Nurra, areas
typically dedicated to vineyards, orchards, citrus groves, and horticultural crops. Peaks
exceeding EUR 30,000/ha occur in the coastal hills of Sarrabus, in the Lower Tirso plain,
and in the Campidano of Serrenti.

In Basilicata, AFPL values range from zero to EUR 20,646/ha (Figure 2). Approxi-
mately 9.86% of the Region shows a null value, while 11.44% falls below EUR 1000/ha.
The average value is EUR 5689/ha. Higher AFPL values, above EUR 20,000/ha, are found
in the Metapontino Plain near the river mouths of the Sinni, Agri, Cavone, Basento, and
Bradano, where agricultural production is dominated by orchards and vineyards.

Even in the case of agricultural and forestry production, it is clear that supply is closely
linked to the biophysical characteristics of the territory in all three regions considered.
In all three cases, the highest values are found where there are flat or hilly, arable soils
characterized by vegetable crops, olive groves, vineyards, and citrus groves, located in the
Metapontino area in Basilicata, in the plain and coastal hills of Naples in Campania, and in
Campidano and Nurra in Sardinia.

More than with reference to the characterization of other ESs, in this case the relation-
ship between ES supply and biophysical characterization is almost deterministic. Finally, it
should be noted that the values for Campania are significantly higher than those for the
other two regions.

3.5. Nature-Based Outdoor Activity Potential

The assessment of nature-based outdoor activity potential in Basilicata, Campania,
and Sardinia reveals significant spatial heterogeneity driven by naturalness and coastal
proximity. According to the sources, potential values range from 0.1 to 2.8 in Basilicata
and 0.1 to 3.0 in Campania, while Sardinia covers the full 0 to 3 scale with a mean of 1.21
(Figure 2). A common geographical trend emerges, represented by high-value clusters
predominantly located along coastal strips, such as the Tyrrhenian and Ionian coasts in
Basilicata and the Campania coastline, and within mountainous protected areas. Notable
inland clusters include the Pollino and Lucanian Apennines National Parks in Basilicata, the
Cilento and Vesuvius National Parks in Campania, and the Gennargentu and Supramonte
massifs in Sardinia. Statistical analysis of CLC classes confirms that natural and semi-
natural areas provide the highest service levels. Specifically, salt marshes (CLC 421),
beaches (CLC 331), and water bodies (CLC 512/522) consistently show the highest mean
values across all regions. Conversely, the lowest values are systematically associated
with anthropized environments, including industrial units, urban fabrics, and intensive
agricultural plains like the Volturno in Campania and the Campidano in Sardinia. These
results emphasize that nature-based outdoor activity potential is intrinsically linked to
environmental conservation and the presence of significant landscape features.

In the case of outdoor recreational potential, the biophysical characteristics of the terri-
tory relate, for all three regions, to the spatial taxonomy of the ES offer in a homogeneous
and easily recognizable manner.

In all three cases, in fact, there are two profiles that play a fundamental positive role
in identifying areas with high recreational potential: coastal areas and protected natural
areas. With regard to the latter, the ES offer is very high: in the Pollino and Lucanian
Apennines National Parks in Basilicata; in the Cilento and Vesuvius National Parks in
Campania; and in Gennargentu and Supramonte in Sardinia. In terms of land cover, the
highest recreational potential values are found on sandy beaches, in coastal lagoons, and in
water bodies. The lowest values, on the other hand, are generally found on artificial land
and, in particular, in urban areas with high building density.
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3.6. Geographically Weighted Regressions

To run the GWR, we created a vector layer composed of one-kilometer square polygons
arranged in a regular grid. For each polygon, we calculated the average values of CCAS,
LOHM, QOHA, AFPL, and NOAP from the ES maps described in Sections 3.1–3.6 and
shown in Figure 2, using zonal statistics.

Prior to the GWR, we performed an ordinary least squares regression to check for
global multicollinearity. For all explanatory variables, the Variance Inflation Factor was
always lower than four, and therefore well below ten, a commonly used threshold for
identifying potentially problematic multicollinearity [58–60].

Subsequently, we implemented the GWR model presented in Equation (3), in which
the dependent variable CCAS is locally regressed against the four explanatory variables—
LOHM, QOHA, AFPL, and NOAP—by using the tool “Geographically Weighted Regres-
sion (GWR) (Spatial Statistics)” in ESRI ArcGIS Pro 3.6.0 separately for each of the three
study areas. This tool requires, as input, a shapefile where for each feature the attribute
table provides the value of the dependent and of the explanatory variables; users need to
set a few parameters, among which include the model type, the neighborhood type, the
neighborhood selection method and, optionally, the local weighting scheme.

As for the model type, we selected the “Continuous (Gaussian)” one, since the de-
pendent variable CCAS is continuous. We constructed the neighborhood type as a fixed
distance and, consistent with the theoretical explanation provided in Section 2.7, in the
“Neighborhood selection method” dropdown menu we chose the golden search selection
option to define the neighborhood size, without predefining any lower or upper search
distance. This means that the tool itself identifies the optimal distance, by testing the
Akaike Information Criterion at various distances between a minimum and maximum
distance. As per the ArcGIS Pro documentation [61], the lower bound corresponds to the
distance at which each feature has at least 5 percent of the dataset features as neighbors,
while the upper bound represents the distance at which each feature includes half of the
total input features as neighbors. Finally, as for the local weighting scheme, we adopted
a Gaussian-based weighting approach to implement the decay function of the influence
of the explanatory variables on the dependent variable. With this option, every feature is
assigned a weight; however, the magnitude of these weights decreases exponentially as the
distance from the target feature increases.

For each GWR, Table 2 reports the main details, namely the number of features and the
bandwidth, together with the model diagnostics, i.e., adjusted R2 and adjusted critical value
of pseudo-t statistics already introduced in Section 2.7. Good levels of model goodness-of-
fit are indicated by the adjusted R2 values, very high in Basilicata and Campania and high
in Sardinia, and by the extremely low p-values corresponding to the adjusted critical values
of pseudo-t statistics reported in Table 2. Moreover, Tables 3–5 provide the descriptive
statistics of the coefficients α1, α2, α3, α4, as well as of the local R2, for Basilicata, Campania,
and Sardinia, respectively.

Table 2. GWR: details and main model diagnostics for the three regional case studies.

Region
No.

of Records
Bandwidth

[Meters]
Adjusted

R2
Adjusted Critical Value of

Pseudo-t Statistics

Basilicata 10,429 6708.38 0.931 3.203
Campania 14,079 6708.51 0.935 3.285
Sardinia 24,565 8062.39 0.774 3.351

https://doi.org/10.3390/su18042146

https://doi.org/10.3390/su18042146


Sustainability 2026, 18, 2146 16 of 30

Table 3. GWR: descriptive statistics of the coefficients of the models presented in Equation (3) and of
the local coefficient of determination (R2) for Basilicata.

Region
Explanatory

Variable
Descriptive

Statistics
Coefficient t-Statistic

% Significant
Records at 0.95 Level

Basilicata

LOHM

minimum −0.3873 −19.5713
87.35maximum 0.2263 12.1438

mean −0.1712 −8.4322

QOHA
minimum 1.3038 1.2611

99.88maximum 16.7384 50.0964
mean 11.1508 24.1314

AFPL

minimum −0.0002 −4.6978
79.83maximum 0.0013 28.4700

mean 0.0003 10.1066

NOAP

minimum −3.6491 −13.1826
62.43maximum 6.5122 16.7003

mean 1.0311 3.6148

No. of records: 10,429; Local R2: min 0.4921; max 0.9812; mean 0.8764.

Table 4. GWR: descriptive statistics of the coefficients of the models presented in Equation (3) and of
the local coefficient of determination (R2) for Campania.

Region
Explanatory

Variable
Descriptive

Statistics
Coefficient t-Statistic

% Significant
Records at 0.95 Level

Campania

LOHM

minimum −0.8388 −30.1517
96.78maximum 0.1788 5.6609

mean −0.3097 −11.9467

QOHA
minimum 5.8714 7.3816

100.00maximum 20.3862 35.9835
mean 13.6702 24.0552

AFPL

minimum −0.00018 −5.7950
62.01maximum 0.00042 14.9714

mean 0.00004 4.2351

NOAP

minimum −4.8632 −12.6429
38.14maximum 3.5577 8.5280

mean −0.0973 −0.9962

No. of records: 14,079; Local R2: min 0.4389; max 0.9644; mean 0.896.

Table 5. GWR: descriptive statistics of the coefficients of the models presented in Equation (3) and of
the local coefficient of determination (R2) for Sardinia.

Region
Explanatory

Variable
Descriptive

Statistics
Coefficient t-Statistic

% Significant
Records at 0.95 Level

Sardinia

LOHM

minimum −0.2817 −15.1436
70.84maximum 0.6353 19.8301

mean −0.0419 −3.0587

QOHA
minimum 2.4342 4.7891

100.00maximum 15.5463 54.8433
mean 8.8116 21.8081

AFPL

minimum −0.0003 −7.7093
38.75maximum 0.0003 15.4141

mean 0.0001 2.5219

NOAP

minimum −4.7603 −18.8702
45.54maximum 2.2537 9.2818

mean −0.3690 −2.3808

No. of records: 24,565; Local R2: min 0.1703; max 0.9352; mean 0.7173.
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The spatial distribution of the local R2 values, which represent for each element in
the vector grid the goodness of fit of the local correlation between CCAS and the four
explanatory variables at that location, is shown in Figure 3. Among the three regions,
Sardinia exhibits not only the lowest adjusted R2 in Table 2, but also the lowest local R2

statistics when looking at Tables 3–5; however, as shown in the map, values below 0.5
are identified only as below the first decile, highlighting the general strength of the local
correlation even on the island. The highest values tend to cluster in all three regions,
with two notable agglomerations in Basilicata and three in Campania, all located in the
mountainous Appennine area, and four in Sardinia, two of which are in the island’s main
alluvial plain, with the remaining two in the mountainous regions of Marghine, to the
north, and Linas, to the southwest.

Figure 3. Spatial distribution of the local R2’s of the GWR model in the three study areas.

As shown in Tables 3–5, the most important variable in terms of significance levels is
QOHA, whose estimates are nearly always significant at the 0.95 level. LOHM ranks second,
with significance at the 0.95 level ranging from approximately 71% to approximately 97%
of the records in Sardinia and Campania, respectively. As for the remaining two variables,
the percentage of records for which the estimates are significant is high in Basilicata
(AFPL ≃ 80% and NOAP ≃ 62%) and low in Sardinia (AFPL ≃ 39% and NOAP ≃ 46%),
with Campania showing intermediate values (AFPL ≃ 62% and NOAP ≃ 38%).

Figures 4–6 show the spatial distribution of the coefficients of the GWR model pre-
sented in Equation (3) for the three case studies, overlaid on a basemap that shows the
location of the mail urban centers and provides some qualitative information on the local
geomorphology. Shades of red indicate negative values, shades of blue positive values, and
grey null values.
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Figure 4. GWR coefficients in Basilicata.

Figure 5. GWR coefficients in Campania.
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Figure 6. GWR coefficients in Sardinia.

For LOHM, the mean value reported in Tables 3–5 is always negative, and, accordingly,
red shades prevail in Figures 4–6, as expected, indicating that an increase in LOHM is
generally associated with a decrease in CCAS and vice versa; the impact of an increase
in LST of one degree Celsius, on average, results in a decrease of CCAS by 0.17 kg/m2 in
Basilicata, 0.30 in Campania, and 0.05 in Sardinia. This association is more pronounced in
Basilicata and Campania, whereas in Sardinia positive (blue) values are mainly distributed
along the coastline and in some inland clusters, with very low absolute magnitudes. As
shown in Figures 4–6, the main settlements in the three regions are mostly characterized
by red shades, indicating negative coefficients. The main exceptions are Matera (Figure 4),
where, however, the significance of the correlation is low (see Figure 3), and the Cagliari area
(Figure 6), where the coefficients are positive and therefore shown in blue, most likely due
to the city’s proximity to the sea and its location between two large wetlands. Elevated areas
characterized by natural land cover, such as the Appennines in Campania and Basilicata,
and the Gennargentu-Supramonte massifs in Sardinia tend to display darker shades of red
in Figures 4–6. This indicates that in these areas an increase in CCAS is associated with a
decrease in temperature, which is fairly intuitive from the maps in Figure 2.

QOHA is the only explanatory variable whose coefficients in Tables 3–5, in addition to
being relatively high, are always positive across the three regions. This pattern is clearly
illustrated in Figures 4–6, which display only varying shades of blue and no red tones,
signaling that an increase in habitat quality is consistently associated with an increase in
CCAS. An increase in QOHA of ten percent, on average, results in an increase of CCAS
by 1.12 kg/m2 in Basilicata, 1.37 in Campania, and 0.88 in Sardinia, which correspond to
percent changes close to 10 percent in all three cases. Although the coefficient is always
positive, lower values tend to correspond to areas where the main settlements and transport
infrastructures are located, as indicated by the light shades of blue in Figures 4 and 5. In
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contrast, the darker shades are generally associated with hilly landscapes in Basilicata
and Campania, namely, the area bordering the river Agri (Figure 4), and two sparsely
populated areas to the east of Benevento (Figure 5). Conversely, in Sardinia (Figure 6) the
darker shades are found in a flat, low-elevation area in the southeastern part of the island,
corresponding to the Santa Gilla wetland and Natura 2000 site west of Cagliari.

AFPL takes an average positive, but very small value in the three regions, and even the
minimums and the maximum values are in the order of |10−3| to |10−4|, highlighting the
negligible impact of this variable on CCAS. The dominance of blue shades in Figures 4–6
indicates that the coefficients are mostly positive, which is consistent with the fact that the
mean values in in Tables 3–5 are always positive, with negative (red) values clustering in
a distinct area in northeast Basilicata bordering the Alta Murgia National Park in Apulia
and in a few isolated clusters in Campania, most notably the one including the town of
Benevento, whereas in Sardinia several negative clusters are spread across the island. An
increase in AFPL of one euro, on average, does not produce any changes in CCAS in
Campania, and an increase of only 0.1 g/m2 in Sardinia and 0.3 in Basilicata. Because of
the extremely low coefficient values and the resulting narrow range between the minimum
and maximum, no clear pattern can be identified in relation to either geomorphology or
land cover, including the artificial–natural dichotomy.

Finally, as for NOAP, the coefficients are the highest after those of QOHA, and their
spatial distribution varies considerably across the three regions. An increase in NOAP of
one unit, on average, is associated with an increase of CCAS by 1.03 kg/m2 in Basilicata
and a decrease by 0.1 kg/m2 in Campania, and 0.37 in Sardinia. In Basilicata, the mean
value reported in Table 3 is positive; accordingly, the prevalence of blue shades in Figure 4
indicates that coefficients are mostly positive except along the coastal strips on both the
Ionian and Tyrrhenian coasts where red tones are visible. Conversely, in Campania the
mean value in Table 4 is negative, as signaled by the prevailing red shades in Figure 5, with
four notable positive (blue) agglomerations in inland areas, largely coinciding with natural
protected areas: the Roccamonfina and Foce Garigliano Regional Park to the northwest, and
the Monti Picentini Regional Park together with the Cilento and Vallo di Diano National
Park to the southeast. These blue clusters are separated by red wedges that essentially
connect the coastal strip with hilly and mountain areas, where diffuse small settlements are
located within a predominantly rural landscape featuring both agricultural and natural
land covers. In Sardinia the mean value reported in Table 5 is also negative. Moreover,
values are less clustered than in the other two regions, and are predominantly negative
(red) in Figure 6, with positive (blue) clusters mostly concentrated inland, similarly to
what is observed in Campania. In addition, and still similar to what happens in Campania,
negative coefficient values also characterize the island’s most important mountain areas
with natural land covers, namely the Gennargentu-Supramonte massifs. As shown in
Figures 4–6, the areas surrounding all the main settlements in the three regions’ light
shades of red, indicating negative but low coefficients, prevail.

4. Discussion

4.1. CCAS and Habitat Quality

Based on the figures reported in Tables 3–5 and the discussion in the preceding section,
the GWR results for all three regions consistently show that increases in QOHA correspond
to increases in CCAS at its mean level. Specifically, the estimated supply elasticity of CCAS
is about 72% in Basilicata, 78% in Campania, and 68% in Sardinia.

The positive correlation between CCAS and the habitat quality level is consistent
with several studies available in the current literature concerning this issue, some of
which are mentioned below, among many. The findings of Spohn et al. [62], related to
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grasslands of 84 sites located on five continents, suggest that species richness in plant
communities affects the accumulation of carbon in soils, primarily by modifying the
characteristics of organic inputs rather than their overall amount. Their results further
indicate that management practices aimed at recovering plant diversity can promote greater
soil organic carbon (SOC) sequestration, with especially pronounced benefits in hot and
dry environmental conditions.

Using 146 soil samples from urban plots across Beijing, Xie et al. [63] find that SOC
is strongly linked to the structural attributes of the habitat quality of urban forests. Their
results suggest that increasing tree cover and density, within the limits of urban planning,
can effectively enhance SOC storage in cities by targeting the spatial framework and species
complexity of urban forests.

Schittko et al. [64] show, as regards the metropolitan area of Berlin, that the quality
of habitats has a consistently positive impact on both soil multifunctionality and soil
organic carbon stocks. Structural equation modeling indicates that these effects are largely
mediated by an increase in the diversity of soil-dwelling organisms. Importantly, the
positive influence of plant diversity on soil functions and fauna is observed not only for
native plant species but also, although to a somewhat lesser extent, for non-native species.
Similar findings are reported, among many, by Reiff et al. [65] and Lange et al. [66].

Furthermore, a comparison of the spatial distribution of the GWR coefficients of QOHA
and LOHM shows a significant association between growth in carbon capture and storage
capacity, improvement in habitat quality, and a decrease in LST, and therefore a positive
correlation between the latter two variables. In other words, in all three regional cases
examined, where carbon storage capacity is higher, habitat quality is also comparatively
higher and LST is lower. This result is confirmed in the literature. For example, a study
by Hu et al. [67], referring to the urban context of Zhengzhou, a city of over four million
inhabitants in Central China, shows that higher levels of LST are associated with lower
habitat quality values, thus with opposite spatial patterns. Similarly, in a study by Parvar
and Salmanmahiny [68], referring to the provinces of Gilan, Golestan, and Mazandaran
in Northern Iran, we note that areas with degraded habitats show comparatively higher
average LST values than areas with good habitat quality, thus highlighting a significant
negative correlation. Finally, a study by Müllerová and Šiffel [69], conducted with reference
to the Bohemian Switzerland National Park in the Czech Republic, shows that areas with
better vegetation conditions and greater water availability tend to have lower LSTs, while
areas with more or less pronounced vegetation cover degradation show higher LSTs, thus
revealing a negative correlation.

4.2. CCAS and Local Climate Mitigation

According to the results shown in Tables 3–5 and described in the previous section, in
all three regions the GWR estimates indicate, with fairly small differences, that a decrease
in LOHM is associated with an increase in CCAS, at its average value, more or less pro-
portional in the case of Basilicata and Campania, and lower in the case of Sardinia. The
elasticity of CCAS supply for the three regions is, in fact, approximately 89%, 150%, and
2%, respectively.

This result of the GWR estimation reflects a spatial characterization of LOHM coeffi-
cients that is consistent for Basilicata and Campania, while it is significantly different for
Sardinia. As can be seen from a comparison of Figures 3 and 4 (Basilicata and Campania)
with Figure 5 (Sardinia), the LOHM coefficients are practically always negative for Basili-
cata and Campania, while for Sardinia they take on positive values in a significant part of
the coastal areas, namely in the south, west, northeast, and southeast.
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This different pattern, which is clearly reflected in the different elasticity values found
in Basilicata and Campania on the one hand, and in Sardinia on the other, can be explained
by the significant presence of wetlands in the Sardinian coastal areas, which are much more
widespread than in Basilicata and Campania and distributed over much longer stretches
of coastline: the coastline of Sardinia is almost 1900 km long, that of Campania about
500 km, and that of Basilicata about 70 km. As Zhang et al. [70] point out with regard to
Bohai Bay, China, the spatial distribution of SOC is associated with environmental variables
that include various climatic factors, with areas of higher SOC corresponding to areas
with higher temperatures, which favor carbon input into wetland soils. The study uses
satellite images, climate data, and machine learning models. Similar results are also found
in the study by Osland et al. [71], referring to US coastal wetlands in the Gulf of Mexico,
which highlights positive relationships between average temperature values and CCAS,
linked to higher plant productivity and greater biomass in warmer sites. The inland areas
of Sardinia, on the other hand, offer a spatial pattern very similar to those of Basilicata
and Campania, characterized by a generalized positive correlation between CCAS and
decrease in LOHM. This result finds numerous and consistent confirmation in the current
literature, some of which are reported here below. The findings of Tan et al. [72], based on
400 mm isohyet sampling in the Chinese Country, indicate that higher temperatures are
associated with a reduction in soil organic carbon reserves, with an estimated sensitivity
coefficient of 0.24. According to this study, thermal conditions alone accounted for over
50% of the observed variation in SOC stocks, exceeding the joint influence of moisture
conditions, soil characteristics, vegetation cover, and soil classification. Moreover, the
inverse association between temperature and SOC levels was consistent across different
vegetation and soil types, implying that this relationship represents a broadly applicable
trend. Such positive correlation is supported by the results proposed by Hartley et al. [73],
who, by analyzing over 9000 soil profiles located in the five continents, show that stored
organic carbon decreases sharply with an increase in average annual temperature, thus
finding that lower soil temperatures are associated with higher amounts of organic carbon.

Zeng at al. [74], with reference to two distinct Chinese sites, such as the Shennongjia
Mountain and the Tibetan Plateau, show that site-specific warming is associated with
declines in both microbial residue carbon and soil organic carbon. Moreover, they show
through additional examination that temperature increases led to lower SOC levels primar-
ily through a reduction in microbial residue carbon, providing a mechanistic explanation
for the expected loss of soil carbon under future warming scenarios. Overall, the results
suggest that ongoing climate warming may impair soil carbon sequestration by accelerating
the breakdown of microbial-derived carbon, thereby intensifying the reinforcing feedback
between elevated temperatures and carbon dioxide emissions. Analogous outcomes can
also be retrieved, among many, from Huang et al. [75] and Kirschbaum [76].

4.3. CCAS and Agricultural and Forestry Production

Based on Tables 3–5, the consistently positive but very small AFPL coefficients indicate
that increases in AFPL are associated with only modest increases in CCAS at mean values.
Overall, the impact of AFPL on CCAS is quite weak, and less significant than that of
QOHA and LOHM, particularly in Sardinia, where significance occurs for only about
38% of observations. This limited effect may reflect the heterogeneous and sometimes
contradictory evidence from the literature.

Aryal et al. [77] identify the trade-off between crop production and carbon or climate
services as the most frequently studied relationship between 2005 and 2020. Such trade-offs
have been observed in Quebec, Canada [78], and the Beijing area, China [79], and often
emerge from scenario analyses [80–82]. Conversely, some studies report synergistic rela-
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tionships between food production and carbon sequestration or storage, such as in a region
along the Yellow River in China [83]. These differing outcomes depend on site-specific
characteristics, including altitude and shade [84], and especially on management practices.
Crop residue retention, crop rotation, and reduced tillage are generally considered effective
for conserving soil organic carbon [85], although this view has been questioned [86,87].

For forested areas, most studies report a positive association with carbon sequestration;
however, as with agriculture, effective management is essential [88] to ensure the synergistic
effect: timber harvesting can either increase or decrease carbon storage depending on
management strategies [89], while species composition, biodiversity, and forest age also
play key roles [90,91].

Moreover, the inner hilly and mountain landscapes in all three regions are charac-
terized by traditional Mediterranean grazing practices, with livestock living on natural
pastures and wooded grassland [92] and, in the case of sheep and goats, even on mediter-
ranean maquis and garrigue or forest undergrowth [93]. While these practices are not
only culturally and socially rooted but also generally sustainable due to their low intensity,
long-term grazing is associated with reductions in carbon stocks, as shown in numerous
studies (among many: [94–96]). This might explain the absence of a strong and consistent
regional signal even in forested areas, with only a few exceptions, i.e., the blue spots emerg-
ing to the west in Basilicata (Figure 4) and to the south in Campania (Figure 5), where
two major national parks (Cilento-Vallo di Diano and Pollino, respectively) are located, and
in a central eastern belt in Sardinia (Figure 6), hosting some large Natura 2000 sites.

Future research could therefore test whether GWR results improve in significance
by distinguishing agricultural from forested areas and, especially, by incorporating man-
agement practices; although, to the best of our knowledge, such data are not currently
available for the study areas.

4.4. CCAS and Nature-Based Recreational Potential

The figures reported in Tables 3–5 indicate that the GWR results differ across the three
regions. An increase in NOAP is associated with higher CCAS values at the mean level
in Basilicata, whereas it corresponds to modest decreases in Campania and Sardinia. The
estimated supply elasticity of CCAS at the mean level is approximately 13% in Basilicata,
−1% in Campania, and −5% in Sardinia; in the latter two regions, fewer than 50% of the
records are statistically significant.

A clear pattern emerges from the spatial distribution of the negative coefficients,
which cluster along coastal areas in all three study regions, meaning that in these areas an
increase in recreation is associated with a decrease in carbon sequestration and storage. The
recreation potential in coastal areas, as modeled in ESTIMAP, is high due to the combined
presence of natural ecosystems such as sandy beaches, proximity to water, and protected
areas [97]. This pattern is intuitive and consistent with empirical evidence worldwide,
which confirms the popularity of coastal areas for daily recreation due to the abundance
of recreational opportunities and high environmental quality [98,99], including presence
of ecosystem that are intrinsically perceived as significant [100], as well as concentration
of urban areas, and thus beneficiaries of this ES, near coastlines [101]. On the other hand,
carbon storage tends to be lower in arid regions such as Mediterranean coastlines, driven
by the relatively limited forest cover and by calcareous and acidic soils [102], and in spite
of the presence of coastal wetlands, which function as important carbon sinks [103]. The
key takeaway, therefore, is that in Mediterranean coastal areas, a balance must be struck
between promoting recreation and optimizing carbon storage, as enhancing one may come
at the expense of the other.
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By contrast, positive coefficients characterize most of Basilicata and large inland areas
of both Campania and Sardinia, possibly reflecting the presence of forests and other vege-
tated areas that simultaneously support carbon storage and outdoor recreation. Proximity
to urban settlements is a key determinant of daily recreation, as walking and cycling trips
typically occur within 8 km of the place of residence [40]. From a policy perspective,
therefore, increasing recreational opportunities through afforestation in inland areas near
human settlements could also lead to enhanced carbon sequestration and storage.

5. Conclusions

This study establishes a comprehensive methodological framework for analyzing the
functional relationships between CCAS, assumed as the reference ES for evaluating the role
of regional spatial contexts in achieving global climate neutrality, and the provision of four
additional ESs. These include two regulating ESs, namely HQ and LST; one provisioning
service, represented by AFPL; and one cultural service, nature-based outdoor activity
potential. The empirical application of this framework is conducted within the spatial
contexts of the Italian regions of Basilicata, Campania, and Sardinia. The core of the analysis
involves correlating the spatial distribution of each of these four ESs with the taxonomy of
CCAS in urban, peri-urban, rural, and natural areas.

Since these relationships are not stationary in the spatial contexts of reference, they
are analyzed by employing a GWR, run on 1 km grid cells, adopting a Gaussian-based
weighting approach, and choosing bandwidths that are optimized through the golden
search selection method. HQ consistently showed a strong positive relationship with
CCAS, indicating that areas with higher ecological integrity tend to support greater carbon
stocks. Conversely, LST shows negative associations, confirming that cooler microclimatic
conditions are associated with higher carbon stocks. AFPL shows a negligible association
with CCAS, which can be positive or negative, depending on management strategies. Simi-
larly, nature-based outdoor activity potential displays spatially variable results, negative
correlations in coastal areas, and synergistic relationships in forested inland regions.

Maps obtained through GWR visualize spatially varying correlations among ESs
that enable the identification of leverage areas, where local coefficients are highest and
targeted interventions (e.g., habitat restoration) would yield the greatest synergistic co-
benefits (e.g., CCAS), as well as the delineation of zones of inevitable trade-offs, where
conflicting ecosystem service priorities, such as tensions between coastal tourism and
CCAS, must be negotiated. By making these spatial asymmetries explicit, GWR provides a
direct, evidence-based foundation for differentiated regional planning, supporting targeted
measures, priority-setting, and context-sensitive policy design that cannot be derived
from non-spatial models. Thanks to GWR outputs, it is possible to focus restoration or
protection efforts in high-leverage areas to maximize multifunctionality and ecosystem
service synergies, while implementing mitigation measures or zoning restrictions in trade-
off areas to minimize losses and balance competing demands.

Despite its innovative contribution and rigorous approach, the proposed methodology
presents some critical limitations. The first concerns the nature of the data employed and is
caused by the reliance on proxy-based estimations drawn from secondary sources, which
gives rise to uncertainties regarding their accuracy and spatial representativeness. The
second limitation relates to the methods applied for assessing and mapping the ESs. For
example, the habitat quality model relies on expert evaluations, which may introduce
subjectivity and potential biases, and it only considers a limited number of threats under
static provision. The third limitation concerns the adoption of a linear decay function for
threats to habitat quality because no available data support alternative functions. The
fourth limitation pertains to the exclusion of climate change mitigation actions, which often

https://doi.org/10.3390/su18042146

https://doi.org/10.3390/su18042146


Sustainability 2026, 18, 2146 25 of 30

involve land use changes having implications for land functionality, from the analytical
framework. The fifth limitation relates to the lack of an explicit assessment of how set-
tlements and human infrastructure influence trade-offs among ESs. Promising directions
for further research involve the following: i. exporting and applying the methodology to
other geographical regions to identify similarities and differences in outcomes, and in the
consequent related territorial policy implications; ii. broadening the set of ESs included
in integrated assessments of their interactions with climate neutrality, beyond the four
considered here, including, for example, hydraulic and hydrogeological risk mitigation;
iii. implementing alternative statistical techniques within the same data infrastructure; iv.
exploring alternative, non-linear forms of decay functions concerning threats to habitat
quality; v. extending the framework to explicitly incorporate climate change mitigation
scenarios, dynamic land-use modeling, or mitigation-specific interventions, in order to in-
vestigate long-term synergies and trade-offs in ecosystem multifunctionality; vi. exploring
the specific role of settlements and human infrastructure in modulating ES trade-offs.
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