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Abstract

Effective implementation of silvopastoralism, a key Nature-Based Solution for Europe’s
climate goals, is hindered by a lack of decision-support tools clarifying trade-offs be-
tween efficiency and extent of carbon sequestration. To address this, we developed a
multi-objective scenario analysis (4064 scenarios) to identify optimal strategies for sil-
vopastoral expansion across the EU27 Mediterranean bioregion. We found an inverse
relationship defining a clear trade-off: scenarios achieving the highest mean sequestration
(up to 2.5 Mg CO, ha~! year 1) are spatially limited, whereas those maximising total gains
(approaching 107 Mg CO, year~! in total) do so by incorporating vast areas, lowering mean
rates. This trade-off is formalised by a Pareto front, from which we defined a best-balanced
optimal scenario and three policy regimes (conservative, balanced, expansive). Progressing
across the front involved shifting from converting primarily shrubby and sparsely veg-
etated lands to incorporating grasslands and mixed agro-systems. At the NUTS2 level,
Spain and Greece emerged as hotspots. Notably, converting arable land was not a primary
contributor to carbon gains, as the marginal carbon benefit on these productive soils is
lower than on marginal lands due to their higher baseline soil carbon levels, indicating
that large-scale implementation can focus on marginal lands to avoid conflicts with food
security. While subject to uncertainties of the underlying land-use and carbon models,
this analysis demonstrates that our framework enables policymakers to select spatially
explicit strategies aligned with specific budget or sequestration goals. These insights can
inform CAP eco-schemes and national LULUCEF strategies. The resulting maps and code
are freely available.

Keywords: silvopasture; agroforestry; optimisation; carbon; sequestration; Pareto;
Mediterranean; land use; modelling; policy

1. Introduction

The escalating climate crisis has placed land-based carbon sequestration at the heart
of EU decarbonisation policy through frameworks like the European Green Deal and
LULUCEF Regulation [1-4]. Translating these high-level commitments into concrete land-
use strategies, however, remains a central challenge, requiring a balance between climate,
biodiversity, and socio-economic objectives [5,6].

Silvopastoral agroforestry is a Nature-Based Solution with exceptional potential to
contribute to this balance, enhancing carbon stocks, soil health, and biodiversity [7-13].
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Despite this multifunctionality, it remains underrepresented in European landscapes and
policy [14,15], though emerging instruments like the CAP eco-schemes now recognise
its value [16]. The effective implementation of such policy instruments requires spatially
explicit evidence on where such systems are most feasible and beneficial.

Policymakers and stakeholders increasingly demand decision-support tools capable
of identifying priority areas, quantifying potential gains, and assessing trade-offs under di-
verse environmental and management conditions [17]. A critical requirement for such tools,
especially in the context of constrained budgets and competing land-use objectives, is the
ability to transparently map the trade-offs between maximising per-hectare sequestration
efficiency and maximising total sequestration extent across a landscape. However, evidence
for agroforestry has identified a persistent research gap in tools that generate spatially
explicit, trade-off-aware guidance for policy implementation [18]. Existing spatial models
for land-based carbon mitigation often focus on reforestation, afforestation, or soil carbon
enhancement under single-objective criteria [19,20]. Although valuable, these approaches
tend to overlook the multifunctionality of agroforestry systems and the socio-ecological
variability across Europe. Moreover, they frequently provide static outputs, identifying
a single “optimal” map, without accounting for the multiple, often competing objectives
that underpin policy decisions [21]. This is a critical methodological shortfall, as recent re-
views confirm that while decision-support tools exist, they often fail to effectively integrate
the competing socio-economic and ecological objectives inherent to real-world land-use
planning or to produce a set of alternative optimal solutions that reflect different policy
priorities [22,23].

Recent advances in multi-criteria and multi-objective spatial optimisation have opened
new opportunities for overcoming these limitations. Tools such as Marxan, Zonation, and
spatially explicit Pareto front analyses have been widely adopted for conservation planning,
renewable energy siting, and agricultural resource allocation [24-26]. These frameworks
allow the explicit quantification of trade-offs between conflicting goals, such as maximising
ecosystem service provision while minimising economic cost or land-use conflict. Despite
this potential, applications of such optimisation approaches to agroforestry or silvopastoral
planning remain rare and geographically limited. Most existing models operate at regional
or national scales, focusing on discrete ecological objectives or policy-specific indicators
rather than providing a transparent exploration of decision space [27-29]. Consequently,
policymakers are often left with coarse or prescriptive recommendations that cannot easily
be adapted to differing regional priorities or constraints.

The Mediterranean bioregion provides a particularly compelling context for applying
these advanced spatial tools. Characterised by steep climatic gradients, recurrent droughts,
and centuries-long anthropogenic transformation, Mediterranean landscapes are inherently
complex mosaics of cropland, shrubland, and woodland [30,31]. Many of these areas
face acute land degradation, declining soil fertility, and depopulation of rural commu-
nities [32-34]. Yet, this same heterogeneity provides an ecological and socio-economic
foundation for adaptive land-use systems such as silvopastoralism. Traditional Mediter-
ranean practices—such as the Spanish dehesa and Portuguese montado—exemplify the
long-standing coexistence of productive use and ecological stewardship, sustaining both
biodiversity and cultural heritage [35,36]. Recent continental-scale analysis confirms that
these and related systems are central to Europe’s agroforestry carbon sink, with silvopas-
toral areas predominantly clustered in this bioregion [37]. These systems demonstrate
that tree-livestock integration can thrive even under semi-arid conditions, provided that
management is locally adapted and supported by enabling policies. However, outside
the Iberian Peninsula, such models have not been systematically assessed. Widespread
adoption is also challenged by structural socio-economic constraints common to Mediter-
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ranean rural areas, such as an ageing farmer population, low farm profitability, and land
fragmentation [38]. Furthermore, recent stakeholder analyses highlight that silvopastoral-
ism in Mediterranean regions continues to face significant policy and economic barriers,
including a framework perceived as ineffective and issues of low competitiveness [38],
leaving considerable uncertainty about where and how silvopastoral expansion could best
contribute to the EU’s climate and land restoration goals [39,40].

A key challenge lies in developing analytical tools that can capture the intrinsic
trade-offs between efficiency and extent in land-based mitigation strategies. For example,
prioritising the highest sequestration efficiency per hectare may favour small, isolated
patches of high productivity, while maximising the total area of intervention could lead
to broader, but less carbon-dense, outcomes [29,41,42]. Identifying this continuum of
possible strategies, and understanding where the balance between them lies, is essential
for informed, context-sensitive policymaking. Furthermore, such analyses must consider
both the biophysical potential of land and the practical realities of agricultural systems,
including land availability, existing land uses, and local socio-economic conditions [43].

This study aimed to answer the following research questions: (1) What is the spatial
trade-off frontier (Pareto front) between the mean carbon sequestration per hectare and
the total carbon sequestration potential for silvopastoral expansion in the Mediterranean
bioregion? (2) How can this frontier be partitioned into distinct, policy-relevant strategic
regimes? (3) What key environmental and management thresholds (e.g., suitability, slope,
livestock density) define the transition between these regimes? These questions extend
earlier, more generic spatial optimisation by focusing explicitly on the policy-actionable
outcomes for silvopastoral systems in the Mediterranean: the trade-off frontier, strategic
regimes, and defining thresholds.

We addressed these questions by developing a spatially explicit, multi-objective opti-
misation framework that mapped the trade-off frontier for silvopastoral expansion across
the Mediterranean bioregion of the EU27. Building on the foundations of spatial ecology,
carbon modelling, and decision science, our approach generated a Pareto front of opti-
mal scenarios that jointly maximised (i) sequestration efficiency (mean carbon gain per
hectare) and (ii) total sequestration potential (total area). By visualising the continuum
between these competing objectives, we identified distinct strategic regimes corresponding
to alternative policy preferences. In doing so, this work quantifies the spatial potential of
silvopastoralism as a land-based mitigation pathway, and provides a flexible, evidence-
based decision-support framework for scaling up agroforestry measures in alignment with
European climate, land-use, and carbon neutrality objectives.

2. Materials and Methods

This study quantified the potential carbon sequestration gains from the hypothetical
adoption of silvopastoral practices across the Mediterranean bioregion of the European
Union (EU27). Our methodology was based on a high-resolution, spatially explicit sim-
ulation framework (Figure 1). We first established a baseline of current land cover and
associated carbon stocks. We then projected plausible land cover transitions reflecting
pro-silvopastoral land management. The carbon sequestration potential was estimated by
quantifying changes in three primary pools from the baseline to the projection of taking
measures for silvopastoralism: vegetation biomass, soil organic carbon (SOC), and livestock-
mediated soil carbon inputs. Finally, we conducted a comprehensive scenario analysis of
prioritising high-potential Areas Of Interest (AOI) for agroforestry implementation under
varying biophysical and policy constraints, culminating in the identification of an optimal
trade-off between sequestration efficiency and land area commitment to silvopastoralism
management. Analyses were performed at a spatial resolution of 1 km? (100 ha per grid
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cell) in the European ETRS89-LAEA (EPSG:3035) projection, to harmonise datasets, and to
facilitate regional aggregation at the NUTS-2 level. All spatial analyses were performed in
version 4.1.2 of the R programming environment [44], using the terra package for raster
data manipulation [45], and the tidyterra and ggplot2 packages for visualisation [46,47].

Data preprocessing Suitability (MaxEnt) CLC transitions
CLC, vegetation, LUCAS occurrence + Apply 20-yr
s —_—
SOC, predictors — predictors — transition rules —
1 km grid suitability map projected map

Carbon sequestration estimation
Compute A vegetation, A SOC, A livestock-mediated C

Annualise stocks, sum fluxes — A CO,e

I

b, 4

Scenario analysis prioritisation
Threshold grid — High-potential AOI — Efficiency, Pareto, clustering, GAM
Aggregate outputs (maps, NUTS2 metrics)

Figure 1. Simplified workflow of our silvopastoral carbon simulation, from data harmonisation and
suitability modelling to carbon estimation, scenario analysis, and final spatial outputs. Abbreviations:
SOC stands for Soil Organic Carbon; AOI stands for Area Of Interest; and GAM stands for Generalized
Additive Model.

2.1. Study Region and Baseline Land Cover

To define the study region’s baseline extent of lands suitable for silvopastoral sys-
tems (Figure 1), we identified a set of “eligible” CORINE Land Cover (CLC) classes [48],
which were in any terrestrial region within the EU27 classified under the Mediterranean
biogeographical region [49]. The total coverage of the study region was approximately
817,680 km?2. The foundational land cover data was derived from the CORINE Land Cover
(CLC) 2018 dataset [50], resampled from its native 100 m resolution to 1 km pixel dimension
(Figure 2).

The eligible CLC classes included agricultural, semi-natural, and forest landscapes
where silvopastoralism is either currently practiced, or could be feasibly introduced. The
primary eligible classes were (class code): Pastures (231), Complex cultivation patterns
(242), Land principally occupied by agriculture, with significant areas of natural vegetation
(243), Agro-forestry areas (244), Natural grasslands (321), Sclerophyllous vegetation (323),
Transitional woodland-shrub (324), Broad-leaved forest (311), Coniferous forest (312), and
Mixed forest (313).

The selection was expanded to include Non-irrigated arable land (211), Vineyards (221),
Fruit trees and berry plantations (222), Olive groves (223), Moors and heathland (322), and
Sparsely vegetated areas (333). The final baseline land cover raster was created by masking
the CLC map to retain only pixels belonging to the 16 entirely eligible classes.
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211: Arable non-irrigated 231: Pastures 311: Forest broadleaf 322: Moors/heathland
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Figure 2. Baseline land cover and study region. Extent and distribution of CORINE Land Cover
(CLC) classes eligible for silvopastoralism within the Mediterranean bioregion of the EU27. Map uses
the official CLC palette, focusing on the overall distribution. Raster resolution: 1 km.

These 16 classes were selected because they represent established or potential sil-
vopastoral systems where tree-livestock integration is ecologically plausible, economically
viable without major structural changes, and aligns with current landowner capacities.
We excluded wetlands, urban areas, and intensive croplands. Exclusions were based on
ecological unsuitability (e.g., wetland hydrology), prohibitive conversion costs, or high
conflict with existing intensive land uses, making silvopastoral introduction infeasible.

The CLC classes were grouped into 10 land cover groups based on functional and
structural similarity (e.g., all forest types, all shrublands), primarily to facilitate the visu-
alisation and interpretation of results (Table 1). The percent cover of the 10 land cover
groups in the study region’s NUTS2 regions (Nomenclature of Territorial Units for Statistics
Level 2) is provided in Table S1.

Table 1. Grouping the 16 eligible CLC classes into 10 land cover groups to facilitate visualisation.

Land Cover Group

CLC Code, Name (% Baseline Cover)

Agroforestry
Arable land
Forest
Grasslands

Mixed agro-systems

Pastures

Shrubby vegetation
Sparsely vegetated
Tree plantations
Woodland-shrub

244, Agroforestry (4.3%)

211, Arable non-irrigated (21.2%)

311, Broadleaf (13.2%); 312, Coniferous (7.8%); 313, Mixed (3.7%)
321, Natural grasslands (5.8%)

242, Complex cultivation (5.3%); 243, Agri-natural mosaic (4.8%)
231, Pastures (1.7%)

322, Moors/heathland (1.5%); 323, Sclerophyllous (11.5%)

333, Sparse vegetation (1.3%)

221, Vineyards (3%); 222, Fruit/berry (2.3%); 223, Olive groves (6%)
324, Woodland-shrub (6.6%)

2.2. Silvopastoralism Suitability Modelling

To identify areas with high potential for silvopastoralism, we developed a species
distribution model (SDM), using the Maxent algorithm [51]. This approach models the
environmental suitability for silvopastoral systems based on a set of known occurrence
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points, and a comprehensive suite of environmental and socioeconomic predictors [28].
The resulting continuous suitability map (ranging from 0 to 1) served as a key input for the
subsequent scenario analysis.

2.2.1. Silvopastoralism Occurrence Data

Occurrence data for existing silvopastoral systems were derived from the 2022 Land
Use and Cover Area frame Survey (LUCAS), a harmonised in situ survey conducted across
the EU [52]. We developed a classification scheme based on the LUCAS microdata fields [53],
focusing on the columns for primary land cover (SURVEY_LC1, SURVEY_LC1_SPEC) and
observed grazing (SURVEY_GRAZING).

A LUCAS point was classified as “silvopastoral” if it met two criteria: (1) visible signs
of grazing were recorded, and (2) the primary land cover was a woody type, including
woodlands (codes starting with ‘C’), shrubland with sparse trees (‘D10’), or permanent
woody crops like fruit trees and olive groves (codes ‘B7” and ‘B8’). Given the focus of
this study, only the 4426 points classified as silvopastoral and located within the EU27
Mediterranean bioregion were retained for modelling (Figure Slc).

Background data are required for Maxent modelling [51]. To minimise sampling
bias inherent in presence-only datasets, we employed a “target-group background” ap-
proach [54]. The background points were randomly sampled (1 = 20,000) from all LUCAS
points within the study region that were not classified as silvopastoral (Figure Sla,b). This
ensures that the background data share the same geographic and methodological biases as
the presence data, leading to a more robust model.

The classification of LUCAS points as silvopastoral is based on harmonised field ob-
servations and is considered the best available continental-scale data for this purpose [55].
However, some degree of misclassification is possible, for example, if grazing was tempo-
rary or if tree cover was misrecorded. To mitigate the impact of such potential errors on
the model, we used a spatially structured validation approach (block cross-validation) and
a target-group background, both of which reduce the influence of spatial and sampling
biases that could arise from classification inaccuracies.

2.2.2. Ecological and Socioeconomic Predictors

All predictors were processed to a common 1 km spatial resolution and aligned to
the ETRS89-LAEA (EPSG:3035) projection. Data gaps within the study region were filled
using a focal median (for continuous data) or focal modal (for categorical data) filter
with an 11 x 11 moving window, followed by a global mean/modal fallback to ensure
complete coverage.

A total of 14 predictor variables were compiled to represent the climatic, topographic,
soil, and socioeconomic conditions influencing silvopastoral suitability (Table 2):

e Land cover: A CLC 2018 raster [48], aggregated to 1 km using a modal function
(Figure S2), was included as a categorical predictor to capture the influence of the
surrounding landscape matrix.

e  Bioclimatic variables: Four variables were sourced from the WorldClim 2.1 dataset [56]:
annual mean temperature (BIO1), temperature seasonality (standard deviation x 100,
BIO4), annual precipitation (BIO12), and precipitation seasonality (coefficient of vari-
ation in percentage, BIO15). These were processed from their native 30 s resolu-
tion, reprojected, resampled to the 1 km grid, and finally classified to ordinal levels
(Figure S3).

e  Topographic variables: Elevation, aspect, and slope were derived from the Copernicus
Digital Elevation Model (DEM) over Europe (EU-DEM) [57], aggregated to 1 km.
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Elevation and slope were classified into five ordinal levels, and aspect was categorised
into eight cardinal directions (Figure S4).

Soil properties: Three topsoil (0-30 cm) variables were obtained from the European Soil
Database (ESDB) of the JRC [58]: total organic carbon content (TOC), total available
water content (TAWC), and soil texture class (TTEXT). These were reclassified into
ordinal levels, or categories based on their original documentation, and resampled to
the 1 km grid (Figure S5).

Socioeconomic variables: Three NUTS3-level indicators for the year 2022 were sourced
from Eurostat: median population age [59], population density [60], and employment
rate for ages 15-64, i.e., percentage of the population in the 15-64 year range [61]
that is employed [62]. These vector-based data were rasterized to the 1 km grid.
Missing values were imputed using the mean of neighbouring NUTS3 regions, with a
country-level median as a fallback (Figure S6).

Table 2. Predictor variables used in the MaxEnt silvopastoralism suitability model.

Predictor

Resolution Rationale Source

Land cover (categorical)

Annual mean temperature
(BIO1)

Temperature seasonality
(BIO4)

Annual precipitation (BIO12)

Precipitation seasonality
(BIO15)

Elevation

Slope
Aspect

Topsoil organic carbon (TOC)

Topsoil available water
content (TAWC)

Soil texture class (TTEXT)
Median population age
Population density

Employment rate (ages 15-64)

1 km (modal aggregation)

Represents dominant landscape
context affecting grazing and
tree cover

CLC 2018 [48]

Captures climate suitability for

/"
1 km (from 307) woody vegetation and livestock

WorldClim 2.1 [56]

Reflects climatic extremes
influencing vegetation and
forage stability

1 km (from 30") WorldClim 2.1 [56]

Indicates water availability for

/!
1 km (from 30”) biomass productivity

WorldClim 2.1 [56]

Represents drought stress risk

/! .
1 km (from 30”) affecting grazing capacity WorldClim 2.1 [56]
Topographic constraint shaping
1 km (aggregated) vegetation structure EU-DEM [57]
and microclimate
Limits accessibility for livestock
1km (aggregated) and mechanised management EU-DEM [57]
1 km (categorised) Influences sqlar radiation and EU-DEM [57]
vegetation patterns
1 km (reclassified) Indicator of soil fertility and ESDB [58]
biomass retention potential
1 km (reclassified) Determines Veg.etatlon resilience ESDB [58]
under grazing pressure
1 km (categorical) Affects root penetration, water ESDB [58]

retention and tree establishment

Proxy for demographic structure

1 km (rasterised) influencing labour availability

Eurostat (2022) [59]

Indicates human pressure and

land-use competition Furostat (2022) [60]

1 km (rasterised)

Represents socio-economic

1km (rasterised) conditions supporting farming

Eurostat (2022) [61,62]

Multicollinearity among the predictors was assessed using Spearman’s rank corre-

lation and Generalized Variance Inflation Factors (GVIFs) calculated from the presence
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and the background point data. All absolute pairwise correlations were below 0.7, and all
GVIFs were below 2.98, confirming acceptable independence for MaxEnt modelling.

2.2.3. MaxEnt Model Implementation and Selection

We used the ENMeval R package to tune and evaluate a set of candidate MaxEnt
models [63]. ENMeval systematically tests different combinations of feature classes (FC)
and regularization multiplier (RM) values to identify the optimal model configuration. We
tested three feature class combinations (Linear-Quadratic ‘LQ’, Linear-Quadratic-Hinge
‘LQH’, and Hinge ‘H’) and a range of regularisation multipliers from 1 to 3 (in steps of 0.5).

Model performance was evaluated using spatial block cross-validation, which parti-
tions the data into four geographic quadrants to account for spatial autocorrelation. Both
occurrence and background data were partitioned into the same geographic blocks. This
block method is robust to spatial sorting bias, and model performance was consistent across
partitions, indicating low sensitivity to specific quadrant boundaries. The best model was
selected based on the lowest Akaike Information Criterion corrected for small sample sizes
(AICc), which balances model fit and complexity.

The optimal model (LQH features, RM = 2.0) achieved a test AUC of 0.736 with mod-
erate overfitting (AAUCtrain-test = 0.044). While AUC values from presence-background
models should be interpreted with caution as they are sensitive to the extent of background
sampling, our model’s validation AUC of 0.736 indicates moderate discriminatory ability,
and is sufficient for regional policy prioritization, as it effectively identifies broad geo-
graphic patterns of silvopastoral potential rather than requiring pixel-specific prediction.
Average omission rate at the 10% training presence threshold was 0.129. Permutation
importance identified CLC as the strongest contributor (61.3%), followed by population
density (11.6%) and precipitation seasonality (7.5%). Percent contribution was led by CLC
(56.8%). Jackknife tests confirmed CLC provided the most unique information when used
in isolation (training gain = 0.3045). This final, tuned model was then run on the full dataset
(all presence and background points) to generate the final silvopastoralism suitability map
for the entire study region (Figure S7).

In summary, we employed a presence-only MaxEnt model to map silvopastoralism
suitability across the Mediterranean bioregion. Occurrence data (n = 4426) were extracted
from the 2022 LUCAS survey, using a target-group background sampling approach. Four-
teen climatic, topographic, soil, and socioeconomic predictors at 1 km resolution were
compiled. Model selection identified optimal parameters (LQH features, regularization
multiplier = 2.0), with spatial block cross-validation yielding a robust predictive perfor-
mance. The resulting continuous suitability map served as a foundational spatial input for
the subsequent scenario analysis.

2.3. Projection of Land Cover to Silvopastoralism Transition

We projected the baseline land cover in a 20-year horizon for simulating the potential
impact of policies promoting the maintenance, expansion and intensification of agroforestry
in general, and silvopastoralism in particular, in the study region. Our selection of a
20-year horizon aligns with the EU’s 2030-2050 decarbonisation trajectory outlined in the
European Green Deal [1], and the LULUCF Regulation [3], while providing sufficient time
for measurable carbon stock changes—such as initial tree growth and soil organic carbon
(SOC) accumulation—as recommended in IPCC AFOLU guidelines [5].

The land cover projection is based on a set of plausible transitions between the el-
igible CLC classes, informed by CLC nomenclature guidelines and ecological succes-
sion principles.
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The core of these land cover changes involves the conversion of open agricultural
and grassland systems to more integrated, wooded systems. Specifically, the following
transitions were modelled, representing biophysically plausible pathways where socio-
economic conditions (e.g., farmer incentives, market shifts) could enable adoption:

1.  Non-irrigated arable land (211), Vineyards (221), Fruit trees (222), Olive groves (223),
Pastures (231), Complex cultivation (242), Agri-natural mosaic (243), and Natural
grasslands (321) were transitioned to Agroforestry (244).

2. Sclerophyllous vegetation (323), Moors and heathland (322), and Sparsely vegetated
areas (333) were transitioned to Transitional woodland-shrub (324).

Classes that already represent stable silvopastoral or forested systems were assumed
to remain unchanged. These include existing Agroforestry (244), Transitional woodland-
shrub (324), and all forest classes (311, Broad-leaved; 312, Coniferous; and 313, Mixed
forest). This conservative assumption reflects that transitions of established forests are
generally restricted under EU policy.

The modelled transition and persistence resulted in the land cover change of the base-
line with the 10 land cover groups to the projection with only three groups: Agroforestry,
Forest, and Woodland-shrub (Figure 3).

8
Land cover group
Agroforestry
Arable land
6 —
— Forest
£ B
~ Grasslands
)

Mixed agro-systems
= 4 gro-sy:
~
© Pastures
[<})

—
< Shrubby vegetation
2 Sparsely vegetated
. Tree plantations
- Woaodland-shrub
0
Baseline Projection

Corine map

Figure 3. Land cover groups and transitions in the study region for the assumed 20-year period. Bars
indicate the area of each land cover group, and flows from baseline to projection depict the transitions.

The transition rules were applied to the baseline land cover raster using a reclassifica-
tion matrix to generate the map of projected land cover. Figure 4 illustrates the baseline
and projection maps of land cover groups in the study region.
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Figure 4. Land cover groups in the study region: (a) baseline based on Corine 2018 land cover;
(b) projection assuming policies for enhancing silvopastoralism in a 20-year horizon. Raster resolution:
1 km.

2.4. Carbon Sequestration Modelling

The total change in carbon sequestration was calculated as the sum of changes across
three key components over a 20-year time horizon:

1.  Above- and below-ground vegetation carbon stock.
2. Soil organic carbon (SOC) stock.
3. Livestock-mediated carbon sequestration from manure deposition.

Changes in vegetation and SOC stocks were amortised over the 20-year period to yield
an annual rate, (projection — baseline) /20, while the livestock component was modelled as a
direct annual flux, consistent with IPCC Tier 2 accounting methodologies [64].

The three components were modelled independently (additively), without simulating
biogeochemical feedbacks between them, consistent with a Tier 2 accounting approach.
The central assumption for the vegetation and SOC projections is that, over 20 years,
transitioned land will develop carbon stocks analogous to existing, stable systems of the
target land cover class under similar environmental conditions.

All carbon stock and flux values were ultimately converted to CO, equivalents (CO5e)
using a conversion factor of 3.67 (i.e., the molar mass ratio of CO,/C) [65].
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2.4.1. Vegetation Carbon Stock

The baseline vegetation carbon stock was derived from the Global Vegetation Carbon
Stock dataset for the year 2020 (units: Mg C ha~!), which provides data at a 300 m
resolution [66]. The global raster was cropped to the buffered extent of the study region,
reprojected to the EPSG:3035 coordinate system, and resampled to the 1 km analysis grid
using bilinear interpolation. The resulting raster was masked to the eligible land cover
extent. Any remaining data gaps within the study region were filled using a focal median
function with an 11 x 11 moving window (Figure S8a).

To estimate the projection of vegetation carbon stock in a 20-year horizon, we de-
veloped a k-Nearest Neighbours (k-NN) imputation model. This approach estimates the
carbon stock for a transitioned pixel by borrowing values from existing, persistent in their
land cover pixels that share similar characteristics. Specifically, for each pixel undergoing a
land-cover transition, we identified the k = 10 nearest spatial neighbours that already ex-
isted in the target land cover class under baseline conditions and shared the same levels of
environmental characteristics in: annual mean temperature (Figure S3a), total precipitation
(Figure S3c), elevation levels (Figure S4a), and slope (Figure S4c). The new carbon value
was imputed as the mean of these neighbours’ baseline carbon stocks. A nested fallback
logic was implemented to handle cases with insufficient neighbours:

1. Primary: Mean of 10 nearest neighbours with the same target land cover and environ-
mental group.

2. Fallback 1: Mean of fewer than 10 nearest neighbours with the same target land cover
and environmental group (at least one neighbour required).

3. Fallback 2: Mean of 10 nearest neighbours with only the same target land cover.

4. Fallback 3: Mean of 10 nearest neighbours with only the same levels of environmen-
tal conditions.

5. Fallback 4: If no analogues are found, the pixel retains its baseline carbon value.

Finally, to ensure the projection only represented carbon gains, the final imputed values
for transitioned pixels were clamped to be no less than their baseline values (Figure S8b).

2.4.2. Soil Organic Carbon (SOC) Stock

Baseline SOC stock (0-30 cm depth) was obtained from the SoilGrids 2.0 dataset at
250 m resolution (units: Mg C ha=1) [67]. The dataset was processed following the same
workflow as for vegetation carbon: reprojection to EPSG:3035, resampling to 1 km, masking
to the study region, and gap-filling using a focal median filter (Figure S10a). SOC stock for
the projection after 20 year was estimated using the same k-NN imputation methodology
described for vegetation carbon, using topsoil texture category instead of slope level in the
set of environmental predictors: annual mean temperature (Figure S3a), total precipitation
(Figure S3c), elevation levels (Figure S4a), and topsoil texture (Figure S5c). To reduce the in-
fluence of artefactual extreme values, SOC values greater than 212 Mg C ha~! (approximate
maximum expected from the SoilGrids web map) were clamped. Finally, projection SOC
values were similarly clamped to be greater than or equal to baseline values (Figure S10b).

2.4.3. Livestock-Mediated Carbon Sequestration

The contribution of livestock to soil carbon sequestration was estimated using a stream-
lined mass-balance model applied per livestock unit (LSU) [64]. This model calculates the
net amount of carbon returned to the soil via manure after accounting for all major carbon
outflows from the animal system. The model was parameterised separately for cattle and
for a combined sheep and goats category. The final sequestration rate in Mg C ha~! year~!

was derived by multiplying the per-animal sequestration by the LSU density (LSU ha~!).

https://doi.org/10.3390/su18010439


https://doi.org/10.3390/su18010439

Sustainability 2026, 18, 439

12 of 33

Baseline LSU density for cattle (grazing and seminatural) and for sheep/goats (sem-
inatural) was obtained at 100 m resolution [68], based on an integrated methodology
combining agricultural and veterinary datasets with field observations, expert assessments,
and machine-learning techniques to produce spatially explicit maps of grazing livestock
distributions across the European Union [69]. The dataset was processed by resampling to
1 km, and masking to the study region (Figure 512).

The mass-balance calculation proceeds as follows for the baseline map (Figure S14a):

1.  Carbon Intake (C;,): Annual carbon intake was calculated as the product of annual
dry matter intake DMI,,,,,,,,; and the carbon content of forage dry matter Ciontent, oM
which was assumed to be 45% [70]:

Cin = DMIannual X Ccontent,DM- (1)

DMI;ppua was estimated as the percentage DM Iy, of animal body weight BWj,,
using values of 2.5% for cattle [71] and 4.0% for sheep/goats [72]:

DMIy,pw

DMIyppyar = Bwkg X 100

X 365. )

BWj, was assumed to be 365 kg and 45 kg for cattle and sheep/goats, respec-
tively [71,72].

2. Carbon Outflows (Cout = Cproducts + Crespiration + Cinethane): Carbon outflows were
partitioned into the following pathways:

O Animal Products (Cprpguctsfrom milk and growth): Carbon exported in milk
and new body tissue was subtracted. This was calculated using literature-
derived values for annual milk yield assumed to be 3500 kg and 400 kg for,
respectively, the cattle and sheep/goats [73,74], the carbon content of milk
assumed to be 11% of its weight [75], annual body growth assumed to be ap-
proximately 65 kg and 123 kg for, respectively, and cattle and sheep/goats [76],
and carbon content of body tissue assumed to be approximately 19% and 15%
for respectively the cattle and sheep/goats [77].

O Respiration (Crespiration): Carbon lost as CO, through maintenance respira-
tion was estimated. We first calculated the maintenance energy requirement
scaled by metabolic body weight (BW%75), relative to a reference weight
for expressing results per LSU (650 kg) [78]. This maintenance energy
(MJ day ') was converted to CO, production using a fixed energy-to-CO,
factor (0.07 kg CO, MJ~1) [79]. The carbon percent of DMI (45%) provided the
ingested carbon, while 27.3% of CO, mass corresponds to carbon [80]. The
resulting carbon respired, and percentage of ingested carbon lost as CO,, quantify
respiration-related carbon turnover per animal.

O Methane Emissions (C,,,1,010): Carbon lost as methane (CH,) from enteric fer-
mentation and manure management was assumed to be 87 kg CH, LSU ™! year !

and 8 kg CHy LSU ! year~! for cattle and sheep/goats, respectively [64]. The

mass of methane was converted to the mass of carbon using the molar mass

ratio of carbon to methane (12/16).

3. Net Manure Carbon Input (Cy;anure): The carbon remaining for deposition as manure
was calculated as the residual of intake minus all outflows:

Crmanure = Cin — Cout = Ciyy — (Cproducts + Crespiration + Cmethane) (3)
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4. Final Sequestered Carbon (Cseguestered,Lsu): The amount of manure carbon that be-
comes stabilised in the soil was estimated by applying a sequestration efficiency
coefficient (77s¢;) to the net manure C input. This coefficient represents the fraction
of deposited carbon that is incorporated into long-term SOC pools. Based on meta-
analyses of manure application studies, we used efficiency values of 15% for cattle [81],
and 30% for sheep/goats [82]. The model assumes uniform manure deposition and
does not account for non-linear density effects such as soil compaction:

Csequestered,LSU = Cmanure X Mseq (4)

For the projection of livestock-mediated sequestration rates we imputed using the
same k-NN methodology applied to vegetation and SOC, ensuring that sequestration rates
in transitioned pixels were analogous to those in structurally similar, established landscapes
(Figure S14b).

Parameter uncertainty was estimated through the mass-balance model assuming mod-
erate uncertainty levels: body weight (10%), dry matter intake (£15%), milk yield (£15%),
growth rate (£20%), methane emissions (£25%), and sequestration efficiency (£15%).
We estimated an asymmetric 90% confidence interval [0.0453,0.1178] Mg C ha~! year !,
which reflects the log-normal nature of biological distributions. Uncertainty in livestock-
mediated carbon sequestration was quantified via Monte Carlo simulation (n = 100). The re-
sulting 95% confidence interval for total sequestration was [0.0430, 0.1218] Mg C ha~! year~!
around the mean estimate of 0.0786 Mg C ha~! year~!, representing a coefficient of variation
of 27.1%. Cattle contributions accounted for 93.6% of the total variance, with sequestration
efficiency coefficients and dry matter intake rates identified as the dominant sources of
uncertainty. This level of uncertainty (+27%) is comparable to other land-based carbon
accounting studies and reflects the inherent variability in livestock production systems and
soil carbon dynamics [83].

2.5. Scenario Analysis Framework for Identifying High-Potential Areas

To move beyond a single, static projection, we developed a scenario analysis frame-
work to explore a wide parameter space, and identify AOI with high potential for sil-
vopasture under different assumptions. A “high-potential” pixel was defined as one that
satisfied a combination of five filtering thresholds: it had a slope and suitability not lower
than, respectively, the minimum slope and suitability thresholds, it had a tree cover and
livestock density not higher than respectively the maximum tree cover and livestock den-
sity thresholds, and it was not included under a land protection regime. We created a
parameter grid by systematically varying the thresholds for these criteria, resulting in 4064
unique scenarios.

The filtering thresholds for including a pixel as high-potential were the following:

1.  Minimum slope: We tested thresholds of 1°, 3°, 5°, 7°,10°, 15°, and 20°. Pixel slope
was given from the continuous version of the slope raster (Figure S4c).

2. Minimum silvopastoralism suitability: We tested thresholds from 0.3 to 0.9 with a
0.1 increment. This threshold was based on the map of predicted suitability from the
previously developed MaxEnt SDM (Figure S7).

3. Maximum tree cover density: Thresholds ranged from 10% to 60% with a 10% in-
crement. Tree cover density for the study area was derived from 2021 GLOBMAP
Fractional Tree Cover tiles [84]. We applied a mosaicking of all MODIS sinusoidal
tiles intersecting the area of interest, reprojecting the mosaic to the EPSG:3035 grid,
and resampling it to 1 km resolution. Remaining data gaps were filled using an
11 x 11 median focal filter and global mean fallback (Figure 516).
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4. Maximum livestock density: We tested thresholds 0.01, 0.05, 0.1, 0.2, 0.4, 0.6, and
1.0 LSU ha~! from the baseline map of LSU density (summing the LSU densities from
cattle and sheep/goats in Figure S12a,b, respectively).

5. Land protection status (strict versus relaxed): We hypothesised two protection regimes:
strict versus relaxed. Initially, a protected areas map was created by merging the
Natura 2000 sites (Birds and Habitats Directives; types B and C) [85], and the CDDA
national designations (IUCN la-III and equivalent strict conservation categories) [86].
Both datasets were reprojected to the EPSG:3035 grid, clipped to the study extent,
simplified, and dissolved into a single exclusion mask that identifies zones that could
be restricted from agroforestry or land-use modification (Figure S17). We defined two
policy regimes regarding the protected areas:

. Strict regime: All protected areas were excluded from consideration.

. Relaxed regime: Protected areas were excluded unless they already supported
grazing (LSU density greater than 0 LSU ha™!), acknowledging that some
forms of agriculture are permissible in certain designated areas.

The tested threshold ranges for slope, tree cover, and livestock density were designed
to systematically target marginal agricultural and semi-natural landscapes, a recognised
strategic priority for silvopastoral implementation. This “marginal lands first” approach
focuses on areas with lower agronomic potential or existing pastoral use, where introducing
trees and livestock adds ecosystem value with minimal socio-economic conflict, and aligns
with documented strategies for scaling agroforestry [38,87,88].

For each of the 4064 scenarios, we generated a binary mask of high-potential AOI and
calculated the total and mean carbon sequestration change across the identified area.

2.6. Statistical Analysis and Scenario Prioritisation

The outputs from the scenario analysis were used to understand the trade-offs and
drivers of carbon sequestration potential.

First, we conducted a Pareto front analysis to identify the set of “Pareto-optimal”
scenarios. In this context, a scenario is optimal if no other scenario exists that provides both
a higher total sequestration and a higher mean sequestration per hectare. This allowed us
to filter out suboptimal scenarios and focus on the direct trade-off between the scale and
intensity of carbon gains.

Second, to identify a single “best-balanced” scenario among the Pareto-optimal set, we
calculated an efficiency score for each optimal scenario, defined as the min-max normalised
sum of the scaled total sequestration and scaled mean sequestration, penalised by the
scaled land area required. We then located the “knee point” of the efficiency curve using a
curvature-based method (with the uik function from the inflection R package [89]). This
point represents the optimal trade-off, where the marginal gain in efficiency per unit of
additional land begins to diminish significantly.

Third, to understand the underlying structure of the optimal solutions, we applied
k-means clustering to the Pareto-optimal scenarios based on their threshold parameters
and efficiency scores. This partitioned the Pareto front into three distinct policy-relevant
“regimes” representing conservative, balanced, and expansive approaches to agroforestry
implementation, respectively.

Fourth, to quantify the influence of each threshold parameter on sequestration effi-
ciency, we fitted a Generalised Additive Model (GAM) using the mgcv package [90]. The
efficiency score was modelled as a non-linear function of the four continuous threshold pa-
rameters and the categorical protection regime. All possible two-way interactions between
the five predictor variables were systematically tested. Model selection via AIC identified
the interaction between minimum suitability and minimum slope thresholds as the most
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parsimonious. The partial effects from this best-fit GAM were used to interpret how each
constraint influences the overall efficiency of the agroforestry transition.

Finally, to provide useful output at the administrative level, we focused on three
metrics that were aggregated for each NUTS2 area of the study region: (a) the extent of
high potential, as the inter-scenario mean percentage of each NUTS2 area’s cover selected
for measures; (b) the patchiness, or spatial heterogeneity of potential, quantified as the
coefficient of variation (CV) of the selection frequency values of all pixels within each
NUTS2 region; and (c) the mean total sequestration change, derived by averaging the total
carbon gains per NUTS2 region across all scenarios. Moreover, we analysed the land cover
composition of the high-potential AOI in the three scenarios representing the endpoints of
the conservative, balanced, and expansive regimes on the Pareto front. For each NUTS2
area, we identified the single land cover group that accounted for the largest portion of that
NUTS2 area’s total sequestration gain. This “top contributor” was then mapped to visualise
the geographic distribution and dominant landscape drivers of carbon gains under each of
the three distinct policy-relevant strategies.

In summary, we identified optimal scenarios via Pareto front analysis, filtering for
non-dominated solutions. A best-balanced scenario was selected using a min—max nor-
malised efficiency metric, with the knee point identified subsequently. k-means clustering
grouped optimal solutions into three policy-relevant regimes (conservative, balanced,
expansive). GAMs quantified non-linear threshold influences on efficiency. Finally, we
aggregated outcomes to NUTS2 regions, calculating extent, patchiness, mean sequestration,
and identifying dominant land cover contributors across regimes.

3. Results
3.1. Carbon Stock Changes from Baseline to Projection

The transition from the baseline land cover to the pro-silvopastoral projection resulted
in a net increase across all three modelled carbon pools, though the magnitude and distri-
bution of these gains varied significantly (Figure 5). The total carbon stock in the study
region’s vegetation increased from a baseline mean of approximately 100 Mg CO, ha~! to
a projected mean of over 200 Mg CO, ha~!, with the largest gains concentrated in areas
transitioning to more wooded systems (Figure 5a). Similarly, the SOC stock showed a
consistent, albeit less pronounced, increase across the region (Figure 5b). The most dynamic
changes were observed in the livestock-mediated carbon sequestration potential, under-
scoring the critical, dual role of livestock in sustainable Mediterranean agroecosystems:
providing livelihood security while contributing to soil health through the recycling of or-
ganic nutrients in manure. While many areas had negligible baseline values, the projection
showed a substantial increase in potential carbon inputs from manure, particularly in newly
established agroforestry and transitional woodland-shrub systems (Figure 5c). The mean
total sequestration change due to vegetation, SOC, and livestock together was approxi-
mately 7 Mg CO, ha~!, with a standard deviation of 13.42 Mg CO, ha~! for vegetation,
3.66 Mg CO, ha~! for SOC, and 0.05 Mg CO, ha~! for livestock manure.
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Figure 5. Baseline versus projection carbon stock, and the area they covered in the study region. The
stocks are from the sum of: (a) vegetation carbon stock; (b) SOC stock; and (c) livestock-mediated
carbon through manure.

3.2. Scenario Analysis and Identification of Optimal Strategies

The scenario analysis, comprising 4064 unique combinations of biophysical and policy
constraints, revealed a clear trade-off between the mean sequestration rate per hectare,
and the total sequestration achieved across the high-potential landscape. This relationship
is demonstrated by the Pareto front, which algorithmically isolated the set of optimal
scenarios where it is impossible to increase total sequestration without decreasing mean
sequestration rate (Figure 6). From the 4064 simulated scenarios, the Pareto filter identified
40 non-dominated (optimal) points, defining the trade-off frontier.
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Figure 6. Pareto front along the mean versus total change in sequestration rates from the baseline to
the 4064 high-potential AOI of the scenarios. The Pareto points are filled with the colour/shading of
their area, according to the legend. The red circle indicates the optimal Pareto point, with the label in-
dicating its efficiency. The dashed vertical lines divide the Pareto front in the three identified regimes.

The Pareto-optimal scenarios formed a distinct curve, showing that scenarios deliver-
ing the highest mean sequestration change (up to ~2.5 Mg CO, ha~! year™!) are limited to
very small, highly suitable AOI Conversely, scenarios achieving the highest total seques-
tration (approaching 107 Mg CO, year~!) do so by incorporating vast land areas, which
drives the mean sequestration rate down to ~0.5 Mg CO, ha~! year~!.

Using the min-max normalised efficiency metric that balances total gains, mean
gains, and land area, we identified the optimal “knee point” of the Pareto front at an
efficiency of 41.25% of its maximum value (indicated with the red circle in Figure 6). This
optimal scenario, the 26th in the descending order of Pareto points, represents the best-
balanced trade-off, capturing substantial carbon gains before the onset of significantly
diminishing marginal returns in the AOIL Notably, the empirically derived knee point
from the Pareto front—balancing total change, mean change, and area—did not exactly
match the GAM maxima (Figure 518). This reflects that the GAM shows isolated effects
assuming other predictors are typical, whereas the knee reflects trade-offs actually realised
in the simulations.

The k-means clustering of the Pareto-optimal scenarios further partitioned the front
into three distinct policy-relevant regimes: (1) a conservative regime of high mean gain,
and low total area (Pareto points 1-9); (2) a balanced regime of moderate mean gain, and
moderate total area (Pareto points 10-26); and (3) an expansive regime of low mean gain,
and high total area (Pareto points 27—40).

3.3. Drivers of Sequestration Potential Along the Pareto Front

Analysis of the environmental and threshold variables along the 40 scenarios of the
Pareto front reveals the shifting characteristics of high-potential AOI as the strategy moves
from the conservative to the balanced and then to the expansive regime (Figure 7).
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Figure 7. Environmental and threshold characteristics across Pareto-optimal scenarios. Key variables
within the high-potential Areas of Interest (AOI) are shown for the 40 scenarios on the Pareto front.
(a—d) Core scenario outputs: mean sequestration change, total sequestration change, total area,
and efficiency score. (e-h) Applied selection thresholds: minimum slope, minimum suitability,
maximum tree cover, and maximum livestock density. Crosses (+) indicate the threshold value used
to define each scenario. (i-1) Environmental predictors for k-NN imputation: elevation, annual
mean temperature, annual precipitation, and topsoil texture. In panels (a-h), the boxplots show the
distribution of actual values within the selected AOI for each scenario; dashed vertical lines separate
the three policy regimes (conservative, balanced, expansive).

Regarding the core outputs of the scenario analysis, mean sequestration change per
hectare decreases with a Spearman correlation coefficient r = —1 against the total area and
total sequestration change increases across the front, as expected (Figure 7a—c). This extreme
coefficient value is by construction, as the Pareto-optimal scenarios are rank-ordered by
the fundamental trade-off between efficiency and extent. The efficiency metric peaks early
and then declines with a Spearman correlation » = 1 against mean sequestration change
per hectare, confirming that the most area-efficient gains are found in the initial, more
restrictive scenarios (Figure 7d).

Regarding the threshold parameters that define each scenario, the transition between
regimes along the Pareto front is driven by the progressive relaxation of these selection
criteria (Figure 7e-h). The conservative regime is characterised by strict thresholds, requir-
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ing steeper minimum slopes and higher minimum suitability values (Figure 7e,f), while
only allowing for very low maximum tree cover and livestock density (Figure 7g,h). As
the strategy becomes more expansive, the thresholds for suitability and slope are relaxed,
while the tolerance for higher existing tree cover and livestock density increases. Notably,
the distributions of the actual environmental values within these high-potential AOI were
not clustered near the threshold boundaries (point/crosses). For instance, the median slope
of selected AOI was consistently much steeper than the minimum threshold required, and
the actual tree cover and livestock densities were far below the maximum allowable limits
(Figure 7e-h).

Regarding the rest of the environmental characteristics, the conservative scenarios on
the Pareto front target localities at moderate to high elevations with lower annual temper-
atures and varied precipitation (Figure 7i-k). As the scenarios become more expansive,
they increasingly incorporate lower-elevation, warmer, and drier areas. Topsoil texture
shows a clear trend, with the initial, high-efficiency scenarios dominated by coarse and
medium-textured soils, while the balanced and expansive scenarios are almost entirely
composed of medium-textured soils (Figure 71).

The land cover composition of the Pareto front AOI further clarifies these trends
(Figure 8). The initial, high-efficiency scenarios primarily consist of converting shrubby
and sparsely vegetated lands. The balanced regime introduces a mix of tree-covered
and grassland localities. The final, expansive regime achieves its large area by including
significant portions of mixed agro-systems, and existing forests and tree plantations, which
contribute to the total area but offer lower marginal gains from transition.
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Figure 8. Area distribution of land cover groups in the high-potential areas in the scenarios of the
Pareto front. The vertical lines denote change of regime. The two insets are zoomed-in versions of the
first and second regime (note: y-axes have different scaling).
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3.4. High Potential for Sequestration Change at the Administrative Level

The inter-scenario analysis reveals distinct geographic hotspots for silvopastoral im-
plementation across the NUTS2 areas (Figure 9). The mean percentage of a NUTS2 area
selected for measures was highest in central and southern Spain, in many areas of Greece,
in Croatia, and in southern Italy (Figure 9a). These regions consistently appeared as high-
potential across a wide range of scenarios. The spatial heterogeneity (patchiness) of selected
areas within the NUTS2 areas had a negative relationship with the extent of high potential,
being higher in Italy’s Apulia and Liguria areas in, respectively, the south and north, in
southern France, and in northern Spain (Figure 9b). This indicates that in these regions,
suitable areas are fragmented. In contrast, large contiguous areas of Spain and Greece show
low patchiness of high potential, suggesting that broad, landscape-scale implementation is

more feasible there.
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Figure 9. Potential of NUTS2 areas for being selected for silvopastoralism measures: (a) percent
of each area’s cover which was selected for measures; (b) spatial heterogeneity (uncertainty) of
being selected for measures within each NUTS2 area, quantified as the coefficient of variation (CV)
of selection frequency across all scenarios; and (c) total sequestration change contributed by each
NUTS2 area from the baseline to the scenario measures, averaged across all 4064 scenarios.

https://doi.org/10.3390/su18010439


https://doi.org/10.3390/su18010439

Sustainability 2026, 18, 439

21 of 33

Latitude

(a)

42°N

40°N

38°N

36°N

34°N

(c)

42°N

40°N

38°N

36°N

34°N

The largest total carbon sequestration gains were concentrated in the NUTS2 regions
of Andalucia, Castilla-La Mancha, and Extremadura in Spain (Figure 9¢). Significant
contributions are also predicted for parts of central and southern Greece, e.g., Peloponnisos
(Table S6). The spatial distribution of total change at the endpoints of the Pareto front’s
policy regimes highlights this pattern: (1) the largest high-potential AOI of the conservative
regime targets scattered hotspots in southern Spain and Greece (Figure 10a); (2) the largest
high-potential AOI of the balanced regime, which was also the optimal, consolidated
gains by extending from southern Spain and Greece to northern areas of these countries
(Figure 10b); and (3) the largest high-potential AOI of the expansive regime broadened
the implementation area across most of the Iberian Peninsula, secondarily from Greece,

with moderate contributions from southern Croatia and France, as well as from Sardinia
(Figure 10c).
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Figure 10. NUTS2 total change in carbon sequestration between the baseline and three Pareto

scenarios: (a) the last of the conservative regime; (b) the last of the balanced regime, which is also the
optimum Pareto point; and (c) the last of the expansive regime.
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The analysis of the land cover groups contributing most to regional carbon gains re-
veals a distinct shift in the drivers of sequestration as the scenarios move from conservative
to expansive (Figure 11).

Land cover group
Agroforestry Forest [ Mixed agro-systems [ll  Shrubby vegetation [ll Tree plantations

Arable land Grasslands [l Pastures B sparselyvegetated [ll Woodland-shrub

0° 10°E 20°E 30°E
Longitude

Figure 11. Dominant land cover drivers of carbon gains by policy regime. The land cover group
that contributed most to total change in carbon sequestration between the baseline and three Pareto
scenarios in each NUTS2 area: (a) the last of the conservative regime; (b) the last of the balanced
regime, which is also the optimum Pareto point; and (c) the last of the expansive regime. The legend
uses the consistent land cover group color palette defined in Figure 2 and Table 1.

In the conservative regime (Figure 11a), which prioritises high mean sequestration
rates in small areas, the gains are almost exclusively driven by the transition of shrubby
vegetation to woodland-shrub, primarily in central and southern Spain, in Greece, and the
Republic of Cyprus. Under the balanced regime, which corresponds to the optimal sce-

https://doi.org/10.3390/su18010439


https://doi.org/10.3390/su18010439

Sustainability 2026, 18, 439

23 of 33

nario (Figure 11b), the portfolio of contributing landscapes diversifies significantly. While
shrubby vegetation remains a key contributor, especially in Spain and Greece, grassland
transition to agroforestry emerges as another driver of sequestration gains across large ter-
ritories, e.g., in the Iberian Peninsula and Italy. In the expansive regime (Figure 11c), which
maximises total sequestration over the largest area, the pattern largely mirrors the balanced
regime but with a broader spatial footprint. Shrubby vegetation continues to dominate as
the top contributor across most of Spain, while mixed agro-systems become central to the
gains in Italy, and in north/central Portugal where they take over the dominance of tree
plantations in the balanced scenario. Notably, in no was the transition of arable land to
agroforestry a top contributor to total change of carbon sequestration. Although arable land
contributed a larger absolute area to the agroforestry transition than grasslands (Figure 3),
its lower per-hectare sequestration potential resulted in it not being preferentially selected
as high-potential in our scenarios.

3.5. Key Drivers of Carbon Sequestration Change

The analysis revealed that carbon sequestration potential in the Mediterranean is
spatially concentrated, primarily in Spain and Greece, and is driven by the transition of
marginal lands rather than prime agricultural areas. Key drivers include steep slopes
(greater than 8°), low baseline tree cover (less than 30%), and minimal livestock density
(less than 15 LSU ha™!). The most effective strategies target shrublands and grasslands
for conversion to woodland-shrub or agroforestry systems, while arable land conversion
proved less impactful. A clear trade-off existed between achieving high mean sequestration
rates in small, high-quality areas versus maximising total sequestration through extensive,
lower-quality land incorporation.

4. Discussion

This study sought to bridge the gap between Europe’s ambitious climate neutrality
targets and the practical implementation of land-based mitigation strategies by developing
a spatially explicit, multi-objective optimisation framework for silvopastoral expansion.
Our analysis quantified the inherent trade-off between the efficiency (mean carbon gain
per hectare) and the extent (total carbon gain) of silvopastoral implementation across the
EU27 Mediterranean bioregion. The resulting Pareto front reveals a continuum of optimal
strategies, which we categorised into three policy-relevant regimes: conservative, balanced,
and expansive. These regimes provide a direct, quantitative pathway for aligning on-the-
ground land-use decisions with the specific operational objectives of the EU Green Deal,
such as the 2030 Climate Target Plan and the 2050 carbon neutrality goal, by offering a clear
menu of options to balance immediate impact against long-term, large-scale carbon seques-
tration. Our findings pinpoint key geographic hotspots for implementation, primarily in
the Iberian Peninsula and Greece, and demonstrate that the most efficient carbon gains
are initially achieved by transitioning shrubby and sparsely vegetated lands to a mosaic
of multipurpose mixed agro-systems, forests and tree plantations. This framework offers
a flexible decision-support tool that allows policymakers to select strategies aligned with
varying priorities, from maximising impact with limited budgets to achieving large-scale
sequestration targets.

4.1. Total and Mean Carbon Sequestration Rates

The estimated annual sequestration rates in our high-potential silvopastoral areas
(~0.5-2.5 Mg CO, ha~! year~!, equivalent to 0.14-0.68 Mg C ha~! year™!) are consistent
with the lower-to-mid range of values observed in Mediterranean agroforestry systems.
Field measurements of soil and biomass carbon accumulation under olive, fruit, and mixed
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tree-pasture systems generally fall between 0.35 and 1.8 Mg C ha~! year~!, depending on
stand age and management intensity [91]. Meta-analyses report similarly broad variability,
from modest rates of about 0.24 Mg C ha~! year~! in older European agroforestry systems
to peaks near 1.5 Mg C ha~! year~! under improved management in Andalucian olive
groves [92]. Higher values, up to 2 Mg C ha~! year~!, have been documented for almond
and vineyard systems with dense cover crops, and even 5.3 Mg C ha~! year~! where
organic amendments were applied [93]. Recent research on Iberian dehesa systems aligns
with this upper range, reporting total carbon stocks of 25-75 Mg C ha~! and confirming
the superior sequestration in wooded versus non-wooded shrublands [94]. Furthermore, a
recent meta-analysis of Mediterranean carbon farming practices, including agroforestry-
relevant measures like intercropping and cover crops, found an average 29% increase in
soil carbon content [95].

Our higher-end mean estimates under the conservative regime reflect such a potential
of transitioning degraded, low-carbon lands, where initial gains can be substantial, a phe-
nomenon also observed in other regions where afforestation or agroforestry is established
on marginal land [92]. While some studies suggest that temperate agroforestry systems can
achieve even higher sequestration rates, the unique climatic stressors of the Mediterranean,
such as water scarcity and high temperatures, naturally constrain productivity and carbon
accumulation [96,97], a factor our spatially explicit model implicitly captures through its
environmental predictors. This constraint is evidenced by recent field data from Mediter-
ranean afforestation, which shows that young plantations may not yield a net total carbon
sink for decades due to initial soil carbon losses [98]. Overall, our results align well with
the conservative end of this empirical spectrum, reflecting model assumptions that exclude
intensive biomass inputs and favour long-term equilibrium soil carbon accumulation.

Importantly, a portion of the projected gains, particularly in systems transitioning
from open pastures, is attributable to enhanced nutrient cycling from managed livestock
integration, highlighting manure’s role as a valuable natural fertiliser beyond its carbon
sequestration value.

4.2. Policy Implications

The identification of Spain and Greece as primary hotspots for silvopastoral expansion
corroborates their long history of traditional silvopastoralism, and their significant extent
of landscapes suitable for such transitions [28,35,36,99]. Our framework’s preference
for converting shrubby vegetation and grasslands over arable land in the most efficient
scenarios is a critical finding. Many land-based mitigation strategies focus on afforesting or
converting croplands, often creating conflicts with food security objectives [41,100]. Our
results suggest that targeting the restoration of semi-natural shrublands and grasslands—
areas often considered marginal and facing degradation or abandonment [41]—offers a
more efficient pathway for initial carbon gains. The fact that arable land was never a top
contributor to sequestration gains in any NUTS2 region, despite its large area, suggests that
the marginal carbon benefit of converting these relatively productive soils is lower than
that of restoring marginal lands.

Consequently, the primary contribution of this work is its potential to function as a
decision-support tool for evidence-based policymaking. The challenge of implementing
EU-level frameworks like the Green Deal, the Biodiversity Strategy, and the CAP lies
in their translation to heterogeneous local contexts [1,2,101]. Our Pareto-based frame-
work directly addresses this by making trade-offs transparent. The choice between these
strategic regimes can be directly guided by the design of financial instruments like CAP
eco-schemes. Policymakers can select from three strategic regimes—conservative, balanced,
or expansive—depending on specific objectives and constraints. A conservative strategy,
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aligned with a limited-budget CAP eco-scheme, would focus on small, targeted areas
to maximise carbon gain per euro invested. An expansive strategy, suited for meeting
ambitious national LULUCEF targets [3], would incentivise widespread adoption to max-
imise total carbon sink, even at lower average efficiency. The balanced regime offers a
strategic compromise, achieving a large proportion of the total potential gain with a feasible
land area.

The feasibility of implementing such strategies is heightened by their alignment with
existing national agricultural and forestry frameworks. For instance, Spain’s “Plan Forestal”
and Greece’s “National Climate Law” explicitly promote agroforestry and land restora-
tion, providing a ready policy vehicle for the conservative or balanced regimes identified
here. Furthermore, growing stakeholder interest is evidenced by farmer cooperatives
in Andalucfa and Thessaly actively piloting silvopastoral systems supported by CAP
eco-schemes, indicating a tangible demand for such spatially explicit guidance [14,39,43].

Furthermore, the aggregation of our results at the NUTS2 administrative level provides
actionable insights for regional planners. The maps depicting the extent, patchiness, and
total sequestration potential (Figure 9) allow for the prioritisation of entire regions for
investment and policy support. For example, the vast, contiguous areas of high potential
in Andalucfa and Castilla-La Mancha in Spain suggest that landscape-scale programs
appear well-suited, and are already supported by existing initiatives like MOSAICO [102].
In contrast, regions of high spatial heterogeneity, such as parts of southern France and
northern Italy, require different approaches. The literature for such patchy Mediterranean
mosaics emphasises participatory, networked strategies and farmer-to-farmer knowledge
exchange, as top-down, single-measure programs are less effective [103-105].

Finally, by identifying the dominant land-cover contributor to carbon gains within each
region and policy regime (Figure 11), local authorities can better tailor advisory services and
incentives to local realities. This is particularly important in patchy Mediterranean mosaics
where one-size-fits-all programs may perform poorly [103]. For example, our results
indicate that shrubland enrichment in Greece and tree integration in Italian grasslands
are key pathways. This aligns with empirical studies from Greece that call for region-
specific changes like shrubland succession in marginal areas [106-108], and Italian works
that favour networked, small-holder oriented interventions in mosaic grasslands [104,109].
This need for tailored approaches is underscored by a recent stakeholder analysis in
Mediterranean Spain, which found that barriers vary markedly by locality (e.g., farm
abandonment vs. land access issues) and that the economic viability of silvopastoralism
remains a core challenge, with current policy frameworks often inadequately addressing
these regional specificities [38].

While this biophysical optimisation identifies where interventions could be most ef-
fective, translating this into on-the-ground implementation requires parallel attention to
socio-economic drivers. Ultimately, adoption depends on farmers’ perceptions of profitabil-
ity, social norms, and access to knowledge and capital [39,110].

4.3. Limitations

Despite its novel approach, our study has several limitations that must be acknowl-
edged. First, the modelling framework relies on a static, 20-year time horizon, comparing a
baseline snapshot with a future projection. Future work could integrate dynamic ecosys-
tem models, such as the soil carbon model CENTURY, the dynamic global vegetation
models LPJmL or LPJ-GUESS, or remote sensing-driven approaches like the BEPS model,
to simulate carbon trajectories and feedbacks under evolving climate and management
conditions [111-114]. Carbon accumulation in terrestrial ecosystems is a non-linear process
that can take many decades to reach equilibrium [98]. Moreover, our use of a k-NN space-
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for-time substitution to project future carbon stocks is a well-established method [115], but
assumes that transitioned landscapes will eventually converge with the carbon stocks of
existing analogous systems, which may not fully account for novel climatic conditions or
path dependency in ecosystem development.

Second, our livestock-mediated carbon model, while based on IPCC guidelines [64],
uses generalised parameters for intake and sequestration efficiency. These factors can vary
significantly based on species, breed, animal age, forage availability and quality, grazing
intensity, and applied systems and practices of grazing [116-118]. The model also does not
account for potential negative impacts of livestock, such as soil compaction or methane
emissions, which could offset some of the carbon benefits, particularly at high stocking
densities [116]. Nevertheless, to minimise the aforementioned risks, we deliberately limited
our simulations to a maximum stocking density of 1 LSU per hectare. This conservative
threshold aligns with the need for high-resolution data to assess environmental risks,
as emphasised by recent efforts to create harmonised European livestock datasets for
sustainability analyses, and thereby assumes that negative contributions from high grazing
intensity are limited [119-121].

Third, the scope of our optimisation is currently limited to a single objective: carbon se-
questration. While this is a primary goal of climate policy, the true value of silvopastoralism
lies in its multifunctionality, delivering co-benefits such as enhanced biodiversity, improved
water regulation, reduced soil erosion, and increased farm resilience [39,122]. A key critique
of many carbon-centric land-use models is that they can inadvertently lead to strategies
that compromise other ecosystem services, for instance by promoting monoculture tree
plantations [123]. Expert-based assessments of Mediterranean systems confirm that such
trade-offs are inherent, revealing, for example, potential conflicts between carbon storage
and other services like wildfire prevention [124]. By not including these co-benefits in the
optimisation, our framework may overlook scenarios that are suboptimal for carbon alone
but superior from a holistic sustainability perspective. The spatially explicit Pareto front
developed here provides the foundational architecture for such a multi-objective expansion.
Future iterations could incorporate additional policy targets (e.g., biodiversity scores, water
quality indices) as separate axes in the optimisation, allowing decision-makers to visualise
and navigate a multi-dimensional trade-off space.

Finally, our analysis is fundamentally biophysical and does not directly incorporate
key socioeconomic dimensions critical to farmer decision-making, such as perceived prof-
itability, land tenure security, or social acceptance. These factors are often the primary
determinants of adoption, as highlighted by studies on agroforestry uptake in Mediter-
ranean Europe [39], and by broader reviews of adoption drivers for sustainable land-use
practices [15,110]. Recent quantitative studies consistently identify specific variables that
are crucial for uptake, such as secure land tenure (a prerequisite for long-term invest-
ment), access to technical training, the influence of neighboring adopters, and farmers’
perceptions of profitability and system complexity [110,125,126]. Moreover, the costs of
transitioning—including labour, planting materials, and potential short-term income loss—
are not included in our model, yet they constitute potential barriers for land managers.
Future modeling efforts could integrate such socioeconomic data by adopting comprehen-
sive conceptual frameworks that categorize drivers of adoption, from farm characteristics
and social networks to individual perceptions and economic feasibility, into a structured
system for spatial policy evaluation [126].
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4.4. Future Perspectives

Building on this work, several avenues for future research could address these
limitations, ranging from short-term technical improvements to long-term integra-
tive frameworks.

As a short-term priority, the integration of dynamic ecosystem models to simulate
the temporal trajectories of carbon accumulation under different transition pathways and
climate change scenarios would provide a more detailed understanding of the timeline
over which mitigation benefits can be realised.

A medium-term extension would involve incorporating economic variables, such
as implementation and opportunity costs, to generate cost-effectiveness frontiers. This
module could leverage harmonised, farm-level data from the EU’s Farm Accountancy
Data Network (FADN), allowing the identification of strategies that maximise carbon
sequestration per euro invested, a critical metric for policy design [127].

In the longer term, the framework should be expanded into a true multi-objective
tool that optimises for a suite of ecosystem services simultaneously, including biodiversity
indicators, water quality, and soil health. This would help identify win-win scenarios and
manage trade-offs between competing environmental goals. This envisioned extension
follows a clear progression: from integrating dynamic biophysical models, to coupling
them with economic data, then expanding the optimisation to multiple objectives.

Finally, coupling these spatial models with social science methodologies, such as
farmer surveys and choice experiments, would help ground the scenarios in the lived reali-
ties and constraints of the rural communities expected to implement them. To encourage
external validation and collaboration, core components of this modelling framework could
be shared as open data and code, following the practice of other major land-use carbon
assessments [114].

5. Conclusions

This study provides a robust, transparent, and scalable decision-support framework
that quantifies the vast potential of silvopastoralism as a Nature-Based Solution for climate
mitigation in the Mediterranean. By explicitly mapping the trade-offs between the intensity
and scale of intervention, our work equips policymakers with the evidence needed to move
from broad ambition to targeted, effective action. While important limitations remain,
the optimisation approach presented here lays a critical foundation for developing more
integrated and context-sensitive land-use policies that can help steer Europe towards
its goal of climate neutrality while fostering resilient and multifunctional landscapes.
More broadly, the framework demonstrates how integrating spatially explicit trade-off
analysis into NbS planning can bridge the gap between global ecological ambition and
local implementation. To be effective, such high-resolution spatial guidance should be paired
with participatory policy design that incorporates local knowledge and stakeholder priorities,
offering a replicable model for evaluating multifunctional land-use transitions worldwide.
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Socioeconomic predictors; Figure S7: Predicted suitability for silvopastoralism; Figure S8: Vegetation
carbon stock; Figure S9: Change in vegetation stock; Table S2: Statistics of baseline-to-projection
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