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Abstract

Reliable quantification of soil organic carbon (SOC) change is essential for evaluating
long-term restoration trajectories and constraining the potential contribution of restored
soils to atmospheric CO2 mitigation. However, long-term SOC monitoring based exclu-
sively on field measurements is often limited by data scarcity, spatial heterogeneity and
the high cost of repeated sampling. This study assesses the potential of combining field
observations, remote sensing-derived proxies and process-based modelling to simulate
SOC dynamics in the Guadiamar Green Corridor, Seville, Spain, a restored area affected by
the 1998 Aznalcóllar mining spill. SOC dynamics were simulated using the RothC model
under a set of boundary condition scenarios, in which field-measured or locally observed
input variables were progressively replaced by alternative data sources. The reference
scenario was based mainly on field SOC and clay measurements and local meteorological
records, while the remaining scenarios tested the use of NDVI-derived carbon inputs,
satellite-derived and reanalysis-based climate variables, and SoilGrids-derived estimates of
SOC and clay content. The simulations were evaluated against field observations collected
over the restoration period. Overall, RothC reproduced the general direction of the surface-
layer SOC decline observed in the monitoring plots, although most scenarios did not fully
capture the magnitude of SOC loss measured in the field. Differences among boundary
conditions highlighted the sensitivity of RothC to specific input variables, particularly ini-
tial SOC, clay content and evapotranspiration. Scenarios based on alternative soil datasets
showed that global soil products can provide useful information where field data are lim-
ited, but their performance depends strongly on their agreement with local soil conditions.
Similarly, the replacement of local climatic data with remote sensing or reanalysis products
affected model outputs, especially when evapotranspiration was substituted. These results
indicate that satellite-derived products, climate reanalysis and open-access environmental
datasets can complement field measurements in SOC modelling, particularly in data-scarce
restoration contexts. However, their use requires careful validation, as model accuracy
depends on the variable being replaced, the quality of the proxy dataset and the calibration
of RothC to plot-specific conditions.
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1. Introduction
Soil organic carbon (SOC) is a fundamental component of terrestrial ecosystems, play-

ing a crucial role in soil health, agriculture, the global carbon cycle, and climate change [1].
It has been estimated that SOC accounts for around 25% of the potential of natural climate
solutions, although approximately 60% of this potential corresponds to the restoration of
depleted stocks [2]. Multiple benefits arise from soil carbon sequestration, including (1) the
formation, protection, and remediation of soils and sediments, (2) regulation of risks and
extreme events, (3) climate regulation, and (4) the creation and maintenance of habitats; all
of which are aligned with the United Nations Sustainable Development Goals (SDGs) [3].

SOC dynamics are controlled by the balance between organic carbon inputs, decompo-
sition, stabilisation and losses through erosion or leaching. Soils do not accumulate carbon
indefinitely as their stocks tend to approach a dynamic equilibrium determined by climate,
vegetation, soil properties and management [4,5]. This behaviour may be particularly com-
plex in restored or heavily disturbed ecosystems. Mining activities, contaminant removal,
soil excavation and the application of mineral or organic amendments can abruptly modify
soil structure, texture and carbon stocks [6]. Consequently, the SOC measured shortly
after restoration may represent a transient condition rather than a stable baseline, and
subsequent decreases do not necessarily indicate renewed ecosystem degradation. They
may instead reflect the mineralisation and redistribution of recently incorporated organic
matter and the gradual development of a new soil equilibrium [7,8].

Reliable assessment of these long-term changes usually requires repeated field sam-
pling. However, conventional SOC monitoring is constrained by the cost of laboratory
analyses, strong spatial heterogeneity, differences in sampling depth and bulk density,
and the difficulty of maintaining comparable sampling designs over several decades [3,9].
These constraints are particularly relevant in restored landscapes, where amendments and
soil reconstruction can generate pronounced small-scale variability in soil properties [10].
Field observations therefore remain essential for establishing and validating SOC baselines,
but they may provide insufficient spatial and temporal coverage when used alone [5,11].

These monitoring constraints have increased interest in combining field observations
with spatially continuous environmental datasets. Satellite-derived vegetation indices and
productivity products can provide information on vegetation dynamics and potential or-
ganic carbon inputs, while climate reanalysis datasets offer temporally consistent estimates
of precipitation, temperature and evapotranspiration. Global digital soil mapping products
can also provide estimates of SOC and clay content where local soil information is unavail-
able. However, these datasets differ substantially in their origin, spatial resolution and
ability to represent local conditions. They should therefore be considered complementary
to field observations rather than direct substitutes for site-specific measurements [5,12].

The integration of field observations, spatial datasets and process-based models is also
increasingly relevant for monitoring, reporting and verification (MRV) frameworks. Such
approaches can improve spatial coverage and reduce monitoring costs, but their reliability
depends on the quality and representativeness of the underlying input data [13].

Process-based models provide a framework for integrating field observations and spa-
tial environmental datasets to simulate long-term SOC dynamics. RothC (the Rothamsted
Carbon Model) is designed to estimate SOC turnover in non-waterlogged soils, considering
climate, soil texture, and organic inputs on a monthly basis. The model divides SOC into
conceptual pools with different decomposition rates, allowing predictions of how carbon
stocks will evolve under contrasting scenarios [14]. Recent applications have further ex-
tended RothC towards spatially explicit and hybrid modelling frameworks, combining
process-based SOC simulations with satellite-derived indicators, gridded climate data and
digital soil information to support regional carbon accounting and carbon farming assess-
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ments [15–17]. This type of input-substitution approach is particularly relevant because
recent RothC applications have shown that model outputs can be strongly affected by the
estimation of carbon inputs, evapotranspiration, initial SOC stocks and soil-property layers,
especially when spatial datasets are used instead of locally measured information [15,17,18].

The Guadiamar Green Corridor in southwestern Spain provides a particularly relevant
case for evaluating SOC dynamics in a restored and heavily disturbed landscape. Following
the 1998 Aznalcóllar mining spill, contaminated sludge was removed, substantial quantities
of clay-rich mineral and organic amendments were applied, and the affected floodplain
was progressively revegetated and transformed into a protected ecological corridor [19–21].
These interventions produced strongly modified soil conditions that may not be adequately
represented by regional or global environmental datasets. The site therefore offers an
opportunity to assess how field measurements and alternative environmental data sources
influence long-term SOC simulations.

Despite the increasing integration of field observations, remote sensing, climate reanal-
ysis and digital soil products in SOC modelling, their performance remains insufficiently
evaluated in soils that have undergone abrupt anthropogenic disturbance and reconstruc-
tion [22,23]. In such environments, globally modelled soil properties may fail to capture
the legacy of contamination, soil removal and amendment application [6,24]. Furthermore,
errors in initial SOC stocks or other boundary conditions may propagate throughout the
simulated period and lead to misleading interpretations of subsequent carbon dynam-
ics [25].

The overarching aim of this study was to evaluate how alternative input datasets
affect RothC simulations of long-term SOC dynamics in the Guadiamar Green Corridor.
Specifically, the study aimed to: (i) quantify SOC changes observed between 2000, 2014
and 2024 in permanent monitoring plots representing riparian woodland, shrubland and
grassland; (ii) compare a field-based reference configuration with boundary-condition
scenarios in which selected soil and climate inputs were replaced by satellite-derived,
climate-reanalysis and global soil datasets; (iii) identify the variables and land-cover types
associated with the greatest model sensitivity; and (iv) implement a spatially explicit
RothC simulation to evaluate landscape-scale SOC patterns and uncertainty. The purpose
was not to assess whether alternative datasets can replace field measurements, but to
assess the conditions under which they can complement field observations in data-scarce
restored landscapes.

2. Materials and Methods
2.1. Study Area and Experimental Plots

The Guadiamar Green Corridor was established following the accidental mining
tailings spill in Aznalcóllar on 25 April 1998, as an ecological recovery measure. Acid
waters and sludge containing heavy metals from the tailings pond were discharged into
the Agrio River and subsequently into the Guadiamar River. This event also caused both
rivers to overflow, leading to widespread contamination of their floodplains [19,20]. The
affected area covered 4286 ha, of which 2557 ha were agricultural lands [19,20].

The deposition of tailings on the soil not only introduced severe contamination from
mining residues but also removed parts of the soil profile, reduced fertility, and altered its
physical structure [26]. To remediate the affected soils, amendments were applied as an
assisted natural remediation technique aimed at accelerating ecosystem recovery [6,20].
Inorganic amendments were used for arsenic stabilisation, while organic amendments
were applied to restore soil fertility. Complementary techniques of phytoremediation and
phytoextraction were also implemented [6,20,26].
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The area is characterised by a Mediterranean climate, with mild, rainy winters (mean
annual precipitation approximately 500 mm) and hot, dry summers. The mean annual daily
temperature is around 17 ◦C, with a maximum of 33.5 ◦C in July and a minimum of 5.2 ◦C
in January [26,27]. In the Guadiamar floodplain, soils generally present a neutral to slightly
alkaline pH. However, lower pH values have been recorded in some terraces on the right
bank, where clay contents are comparatively lower. Soil texture ranges from sandy loam to
clay loam [27].

Six long-term monitoring plots were considered in this study (Figure 1). These plots
were established between 1998 and 2000 as part of the post-spill monitoring network
and were used as fixed landscape-monitoring units representing the main land-cover
categories within the Guadiamar Green Corridor. The selected plots represented the main
vegetation-cover types currently present in the study area: woodland (GUAD1, GUAD3 and
GUAD6), shrubland (GUAD4 and GUAD5), and grassland (GUAD2). In this manuscript,
the term “plot” refers to each of these six fixed landscape-monitoring units, while “soil
replicates” refers to the individual soil samples collected within each plot during each
sampling campaign.

Figure 1. Guadiamar Green Corridor area of interest (AOI) composition. (A) The Guadiamar Green
corridor Landscape level. (B) Sub-landscape level, showing the sampling points per land use. (C) The
Iberian Peninsula and AOI location.

In the first sampling campaign (2000), five soil replicates were collected from each
monitoring plot at two depths (0–15 cm and 15–30 cm), resulting in a total of 10 samples
per plot. Replicates were spaced approximately 15–30 m apart, with the aim of capturing
the internal spatial variability of each plot while maintaining consistency with the historical
monitoring design. In the 2014 campaign, three replicates per plot were again collected
at the same two depths. The 2024 sampling campaign was designed to reproduce, as
closely as possible, the previous sampling locations using the georeferenced points from
the 2000 and 2014 campaigns. In contrast to the previous campaigns, the 2024 sampling
focused exclusively on the upper 0–20 cm soil layer, because the MRV4SOC campaign
was designed to assess and validate SOC stocks in the topsoil layer most relevant for
monitoring, reporting and verification purposes. Therefore, comparisons involving the
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2024 campaign were interpreted as surface-layer SOC dynamics rather than as strictly
equivalent full-profile comparisons with the 0–30 cm depth sampled in the 2000 and
2014 campaigns.

The higher number of replicates collected in 2000 was intended to capture the pro-
nounced within-plot heterogeneity expected shortly after the remediation works. The
monitoring design was therefore based on long-term georeferenced landscape units rather
than on a fully balanced experimental design. Although several soil replicates were col-
lected within GUAD2 during each sampling campaign, grassland was represented by only
one independent monitoring plot. Consequently, the grassland results should be interpreted
as a site-specific long-term case within the restored corridor and cannot be extrapolated to
grassland areas across the wider region.

Prior to laboratory analysis, soil samples were air-dried, gently disaggregated and
passed through a 2 mm sieve to separate the fine earth fraction from coarse fragments,
roots and visible plant residues, following standard soil laboratory procedures as com-
monly recommended in soil survey protocols. SOC concentrations were determined using
the Walkley–Black wet oxidation method [28]. Due to the application of organic–clay
amendments and the dynamic nature of the soils, substantial differences were found in
SOC contents, including abnormally high values compared with other Mediterranean
Fluvisols [29]. Clay content was determined by particle-size analysis using the Boyoucos
hydrometer method on field samples. Bulk density was determined using the undisturbed
core method. For each soil layer, a known-volume metal cylinder was inserted into the
soil, carefully extracted to preserve the soil structure, and transported to the laboratory
(LABORATORIO AGRAMA C. Carmen Martín, 10, NAVE 11, 41300 Sevilla, Spain). The
samples were oven-dried at 105 ◦C until constant weight, and bulk density was calculated
as the ratio between the oven-dry soil mass and the volume of the cylinder. When visible
roots, plant residues or coarse fragments were present, they were removed before weighing,
and the corresponding correction was applied when coarse-fragment data were available.
Soil organic carbon stocks were calculated from SOC concentration, bulk density and
sampling depth according to the following equation:

SOCstock

(︂
Mg C ha−1

)︂
= SOC(%)× BD

(︂
g cm−3

)︂
× D (cm)

For each study area, mean clay values were considered, since the application of amend-
ments (such as red clays) altered soil granulometry in some zones of the study area, producing
marked variability over short distances, like that observed in SOC concentrations.

2.2. RothC Configuration

In this study, we employed the RothC model (Rothamsted Carbon Model, version
26.3), developed by Rothamsted Research and described by Coleman and Jenkinson. The
choice of RothC was based on several reasons: It requires a relatively small set of input
data. It has been validated under a wide range of climatic and edaphic conditions, and it is
widely used internationally for estimating SOC stocks, both in its original configuration
and in adapted versions. In this case, the model was implemented in Rstudio 2023.06.0+421
using the SoilR package [15,30,31].

RothC partitions SOC into five conceptual compartments: decomposable plant ma-
terial (DPM), resistant plant material (RPM), microbial biomass (BIO), humified organic
matter (HUM), and one inert pool (IOM) [14,32]. Organic matter inputs to the soil are
partitioned between DPM and RPM according to residue quality and land use. Carbon in
these pools flows into BIO and HUM, with part being released as CO2 through microbial de-
composition processes. BIO and HUM also exchange carbon and release CO2. Each active
pool is characterised by a specific decomposition rate: DPM (0.165 years), RPM (2.31 years),
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BIO (1.69 years), and HUM (49.5 years). The total CO2 flux resulting from these processes
can be compared with the monthly heterotrophic respiration of soils, providing an estimate
of soil carbon turnover under varying climatic and management conditions [14,32].

RothC requires a set of essential parameters to initialise soil conditions and define the
factors regulating carbon dynamics. Among these, the initial SOC content provides the
baseline condition from which temporal SOC trajectories are simulated, while monthly
carbon inputs, derived from plant residues (both above- and below-ground) or organic
amendments such as manure or compost, represent the main source of decomposable
organic matter [33]. Monthly climate variables, including precipitation, mean temperature,
and potential evapotranspiration, further regulate microbial activity and thus the rate of
carbon mineralisation [14,34]. Finally, clay content, expressed as weight percentage, plays a
decisive role in SOC stabilisation, since higher fractions enhance its physical and chemical
protection, thereby prolonging its persistence in the soil [35].

In the context of this study, several of these variables such as SOC, clay content,
and climatic factors were obtained both from direct field measurements and from remote
sensing products and statistical modelling. This combination enabled an evaluation, under
the concept of boundary conditions, of the extent to which alternative input datasets
can complement field measurements and support RothC simulations when local data
are incomplete or unavailable, providing a framework applicable to contexts where field
data availability is limited. For the execution of the model, eight different scenarios were
defined, referred to as boundary conditions (BC), and labelled from BC0 to BC7. These
scenarios were linked to the five key parameters considered in RothC: soil organic carbon,
clay, precipitation, temperature, and evapotranspiration.

2.3. Input Data

RothC requires a range of soil, climate, and management input variables. Soil-related
inputs include clay content (%), initial soil organic carbon stocks (t C ha−1), and the
initial distribution of carbon among the decomposable plant material (DPM), resistant plant
material (RPM), microbial biomass (BIO), humified organic matter (HUM), and inert organic
matter (IOM) pools. Climate inputs comprise monthly precipitation (mm), mean monthly
air temperature (◦C), and monthly open-pan evaporation or potential evapotranspiration
(mm), depending on data availability and model configuration. Management inputs include
carbon additions from plant residues, roots, rhizodeposition, and organic amendments
(t C ha−1), together with information on soil cover and the DPM/RPM ratio of the incoming
organic material. The main soil and land-cover characteristics of the monitoring plots
used to support model parameterisation are summarised in Table 1 meanwhile the set of
minimum parameters for RothC is shown as Table 2.

The initial content of soil organic carbon (SOC) and clay was determined from sam-
pling campaigns conducted in the study area between 1998 and 2000. To establish the
baseline scenario, data from the year 2000 were used, collected only a few years after the
restoration of the Guadiamar Green Corridor. The initial SOC stock and clay content used
in the field-based reference configuration were derived from the 2000 sampling campaign,
which was considered the baseline for the RothC simulations. SOC values were expressed
as stocks after conversion from measured SOC concentrations using bulk density and sam-
pling depth. The 2014 and 2024 field data were used for model evaluation. For each plot
and campaign, SOC stock values were averaged across the available soil replicates before
comparison with the corresponding RothC simulations. This approach was adopted due to
the high variability in carbon content observed in this area because of organic amendment
applications. Thus, for each study zone a single value was used, derived as the average of
all collected samples.
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Table 1. Soil and land-cover characteristics of the monitoring plots in 2024. Soil parameters correspond
to mean values calculated from the soil replicates collected within each plot.

CODE LULC pH 1:5
Bulk

Density
(g/cm3)

Sand
(USDA

%)

Silt
(USDA

%)

Clay
(USDA

%)
Main Species Soil Class

GUAD1 Woodland 8.3 1.30 27.0 43.0 30.0
Populus alba, Ulmus

minor, Fraxinus
angustifolia

Fluvisols

GUAD2 Grassland 8.3 1.32 22.3 43.7 33.3 Herbaceous plants Fluvisols

GUAD3 Woodland 8.3 1.29 21.0 44.3 33.0
Populus alba, Ulmus

minor, Fraxinus
angustifolia

Fluvisols

GUAD4 Shrubland 8.3 1.24 9.0 46.0 45.0
Pistacia sp.,

Salix sp.,
Arbutus unedo

Fluvisols

GUAD5 Shrubland 7.7 1.16 40.3 40.7 19.0
Pistacia sp.,

Salix sp.,
Arbutus unedo

Fluvisols

GUAD6 Woodland 8.3 1.28 18.7 46.3 35.0
Populus alba, Ulmus

minor, Fraxinus
angustifolia

Fluvisols

Table 2. Set of minimum parameters of RothC model.

Climate Data Soil Data Land-Use and Management Data

Monthly precipitation (mm) Initial soil organic carbon stock at
0–30 cm depth (t C ha−1)

Monthly soil cover (binary: bare
or vegetated)

Monthly mean air temperature (◦C)
Initial carbon stocks in the RothC

pools: DPM, RPM, BIO, HUM, and
IOM (t C ha−1)

Monthly irrigation amounts added to
precipitation (mm)

Monthly open-pan evaporation or
potential evapotranspiration (mm) Clay content (%)

Annual carbon inputs from plant
residues, including aboveground

biomass, roots, and rhizodeposition
(t C ha−1 yr−1)

— Soil depth (cm)
Annual carbon inputs from organic

fertilisers and grazing-animal excreta
(t C ha−1 yr−1)

— —
DPM/RPM ratio, representing the

relative decomposability of the
incoming plant material

Annual carbon inputs represent the continuous incorporation of organic matter into
the soil, either in the form of plant residues (both aboveground biomass and roots) or
organic amendments such as manure or compost. As direct records were not available
for the entire study period, these inputs were estimated by combining land-cover data,
residue production coefficients reported in the literature for each vegetation type, and
assumptions about the proportion of biomass returned to the soil after the production cycle.
To obtain realistic estimates of the annual carbon inputs required by the RothC model, an
empirical approach was adopted that integrates vegetation dynamics observed through
remote sensing with eco-physiological parameters drawn from the literature.

For each land use type (grassland, shrubland, and woodland), mean annual NDVI val-
ues were calculated from Landsat imagery (2000–2024), as shown in Figure 2. These values
were then converted into the fraction of absorbed photosynthetically active radiation (fPAR)
using the widely applied linear relationship fPAR = 1.24·NDVI—0.168 [36]. Absorbed
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photosynthetically active radiation (APAR) was derived by multiplying fPAR by local
estimates of incident annual photosynthetically active radiation (≈2000 MJ m−2 yr−1 in
southern Spain) [37]. Net primary productivity (NPP) was then estimated as the product of
APAR and light use efficiency (ε), using ecosystem-specific values reported in the literature:
0.85 g C MJ−1 for grasslands [38], 0.65 g C MJ−1 for Mediterranean shrublands [37,39], and
0.95 g C MJ−1 for riparian forests [40].

Figure 2. Mean annual NDVI values derived from Landsat imagery for the land-cover categories
represented by the monitoring plots during 2000–2024: (a) grassland, (b) woodland and (c) shrubland.

To approximate the fraction of NPP returning to the soil via roots, litterfall, and below-
ground detritus, specific allocation coefficients (fsoil) were applied: 0.40 for grasslands,
reflecting their high root turnover and herbaceous inputs; 0.25–0.30 for shrublands, consis-
tent with their woodier and more recalcitrant biomass; and 0.15–0.20 for riparian forests,
where a large share of NPP accumulates in persistent tissues [41]. These coefficients were
further adjusted to reflect Mediterranean eco-physiological constraints such as summer
drought and seasonal growth pulses. Finally, the fractions of rapidly decomposable and
resistant materials were parameterised in RothC using the recommended DPM/RPM ratios
for each land use (DR = 1.44 for improved grasslands, 0.67 for shrublands or unimproved
grasslands, and 0.25 for forests), reflecting differences in residue quality and lignin con-
tent [14]. This procedure yielded coherent, literature-based estimates of annual carbon
inputs (t C ha−1 yr−1), which were subsequently used to drive RothC simulations of soil
organic carbon dynamics under different land-use scenarios.

Climatic information on precipitation, temperature, and monthly evaporation in
situ was obtained from the Aznalcázar meteorological station, located at 37◦09′06′′ N,
06◦16′24′′ W, at an elevation of 2 metres above sea level. This database provided continuous
records from October 2000 to February 2025. In parallel, to obtain gridded precipitation,
temperature and evaporation estimates from climate reanalysis, a script was implemented
in the Google Earth Engine (GEE) processing environment. The ERA5-Land dataset [42]
was employed, which is a high-resolution climate reanalysis product developed by the
European Centre for Medium-Range Weather Forecasts (ECMWF) within the framework of
the Copernicus Climate Change Service (C3S). This dataset is available from 1950 onwards,
with a spatial resolution of approximately 9 km and a monthly temporal frequency. The
selected variables were extracted and processed through GEE for the study period.

Finally, since radiocarbon measurements and SOC stock pools were not available, the
RothC model was initialised through a spin-up procedure using the SoilR implementation.
First, the monthly environmental modifier (ξ) was calculated from temperature (fT), water
balance (fW; soil depth of 20 cm, pClay), and a constant cover factor (fC = 0.6), under
the long-term mean climate. Subsequently, a function was used to derive an equilibrium
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allocation of the observed initial SOC stock across the DPM, RPM, BIO, HUM, and IOM
compartments, assuming the following respective litter quality ratios for forest, shrubland,
and grassland: DR = 0.25, DR = 0.67, and DR = 1.44. The IOM compartment was not
prescribed using a pedotransfer function but emerged from the equilibrium solution. This
procedure also provided a baseline carbon input (≈2.20 Mg C ha−1 yr−1), which was then
used as a reference for transient simulations, with time-varying inputs derived from the
litter table.

2.4. Model Spin-Up Initialization

Before running the RothC simulations, a spin-up procedure was applied to initialise
the distribution of SOC among the model pools. This step was necessary because direct
measurements of the different RothC carbon compartments were not available for the
study area. The spin-up was implemented using the SoilR package in R, following the
RothC model structure. For each land-cover type, the observed initial SOC stock from
the baseline sampling period was used as the target SOC value. The model was then run
under long-term mean climatic conditions until an equilibrium state was reached. Monthly
environmental modifiers were calculated from temperature, soil moisture and vegetation
cover effects. The soil moisture modifier was estimated using monthly precipitation and
evapotranspiration data, soil depth and clay content, while a constant vegetation cover
factor was applied to represent the protective effect of plant cover on decomposition. The
quality of organic inputs was defined through land-cover-specific DPM/RPM ratios. A ratio
of 0.25 was used for forested areas, 0.67 for shrubland, and 1.44 for grassland, reflecting
differences in residue decomposability and lignin content. These ratios determined the
allocation of fresh organic matter inputs between the fast-cycling and more resistant plant
material pools.

The spin-up procedure allowed the model to derive an internally consistent initial
allocation of SOC across the RothC pools. This ensured that the baseline SOC stock used in
the simulations was compatible with local climate, soil texture and land-cover conditions.
The resulting pool distribution was subsequently used as the initial condition for the
transient simulations covering the 2000–2024 period. In this way, the spin-up reduced the
uncertainty associated with unknown initial pool sizes and provided a stable starting point
for comparing the different boundary condition scenarios.

2.5. Sub-Landscape Analysis Using Boundary Conditions Scenarios (BC0–BC7)

To evaluate the performance of the RothC model in simulating soil organic car-
bon (SOC) dynamics in the monitoring plots of Guadiamar Green Corridor, a boundary
condition-based approach was implemented (Table 3) across the three main land-use types
considered in this study: grassland, shrubland and woodland. Boundary conditions (BCs)
were defined as alternative model-input configurations in which specific field-derived
variables were replaced by values obtained from satellite-derived products, climate re-
analysis datasets or global soil databases. This approach allowed us to assess the extent to
which non-field-based data sources can be used to support SOC modelling and monitoring,
reporting and verification (MRV) methodologies under different levels of data availability.

The analysis started with the reference scenario, BC0, in which all RothC input vari-
ables were derived from field measurements or local meteorological records, with the
exception of carbon inputs. Since direct records of annual carbon inputs were not available
for the whole study period, this variable was estimated from vegetation dynamics using
NDVI-derived proxies, as described in the previous section. BC0 was therefore considered
the closest approximation to an in situ-based modelling configuration and was used as the
baseline scenario against which the remaining boundary conditions were compared. BC1
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was designed to evaluate the effect of replacing the initial SOC stock with values derived
from SoilGrids. In this scenario, the baseline SOC used to initialise the RothC model was ob-
tained from global soil information rather than from field observations, while the remaining
variables were kept consistent with the reference configuration. This scenario was included
to assess whether globally available SOC datasets can provide a reliable alternative for
RothC initialisation in areas where field measurements are scarce or unavailable. BC2
assessed the influence of replacing clay content with SoilsGrids values. Clay is a key param-
eter in RothC because it influences the stabilisation of organic carbon and the partitioning
of decomposed material between CO2, microbial biomass and humified organic matter.
Therefore, this scenario allowed us to test the sensitivity of SOC dynamics to modelled
soil texture information. BC3 to BC6 focused on the substitution of climatic variables. In
BC3, precipitation data were replaced by remote sensing or reanalysis-derived estimates; in
BC4, air temperature was substituted; and in BC5, evapotranspiration was replaced. BC6
combined the substitution of all climatic variables, providing an integrated assessment
of the effect of using remote sensing-based climate inputs instead of local meteorological
station records. These scenarios were used to evaluate the suitability of open-access climate
datasets for driving RothC simulations in contexts where long-term local climatic records
are incomplete or unavailable. Finally, BC7 evaluated the effect of replacing all selected
field-derived inputs with alternative open-access datasets.

Table 3. Boundary-condition scenarios used to evaluate the replacement of field-derived RothC
inputs with alternative open-access datasets.

Model Baseline C Clay Climate C input

BC0 Init C Clay Climate C input
BC1 Init C Clay Climate C input
BC2 Init C Clay Climate C input
BC3 Init C Clay Climate (Prec) C input
BC4 Init C Clay Climate (Temp) C input
BC5 Init C Clay Climate (Evap) C input
BC6 Init C Clay All Climate C input
BC7 Init C Clay Climate C input

2.6. Landscape Analysis
2.6.1. Data Acquisition and Spatiotemporal Structuring

Baseline soil organic carbon stocks (SOC0) and soil clay content (%) were obtained
from the SoilGrids and OpenLandMap global datasets at a 250 m spatial resolution.
Monthly hydrometeorological forcing data (air temperature, precipitation, and poten-
tial evapotranspiration) were extracted from the ECMWF ERA5-Land reanalysis dataset
for the 2000–2024 period. Annual soil carbon inputs

(︁
Cinput

)︁
were estimated using

Net Primary Productivity (NPP) products from the MODIS sensor (MOD17A3HGF).
All spatial layers were reprojected to the UTM Zone 31N coordinate reference sys-
tem (EPSG:32631) and bilinearly resampled to the 250 m reference grid. To optimize
computational efficiency, the spatial domain was vectorized into a 2D spatiotempo-
ral matrix

(︂
Npixels × 300 months

)︂
. Because the satellite-derived NPP data were an-

nual, carbon inputs were temporally disaggregated into monthly intervals using an
empirical weighting vector derived from Mediterranean ecosystem litterfall dynamics
(w = [3.8, 6.9, 4.7, 2.7, 5.6, 6.6, 5.7, 11.7, 12.3, 24.7, 10.8, 4.2] from January to December ,
capturing the characteristic autumn litterfall peak.
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2.6.2. Model Parameterization, Spin-Up, and Transient Simulation

The RothC model was parameterized with a soil depth profile of 20 cm, a land-cover
factor ( fc) of 0.6, zero external farmyard manure additions (FYM = 0) and a decomposable-
to-resistant plant material (DPM/RPM) ratio of 0.2 (representing 17% decomposable and
83% resistant biomass). Default specific decomposition rates at 20 ◦C were retained (10.0,
0.3, 0.66, and 0.02 yr−1 for the DPM, RPM, BIO, and HUM pools, respectively). To establish
thermodynamic equilibrium between the active carbon pools and local edaphoclimatic
conditions, an analytical spin-up procedure was performed. Steady-state initial carbon
compartments (C0 ) were resolved via matrix inversion using the SoilR R package, driven by
the 2000–2010 baseline climatology. Following spin-up equilibrium, pixel-by-pixel transient
simulations were executed dynamically across the 2000–2024 historical period. At each
monthly time step, carbon pool stocks were updated based on local temperature and soil
moisture rate-modifying factors. From the resulting spatiotemporal matrix, annual SOC
stock rasters were extracted for each modelled year, alongside a final spatial map of net
cumulative SOC stock changes (∆SOC = SOC2024 − SOC2000), expressed in

(︂
t C · ha−1

)︂
.

2.6.3. Spatial Uncertainty Propagation and Raster Outputs

To account for landscape heterogeneity and input data uncertainty, a spatially ex-
plicit bounding scenario framework was implemented. For each valid grid cell, upper and
lower simulation bounds were calculated by simultaneously perturbing annual carbon
inputs

(︁
Cinput

)︁
and the decomposition rate modifier (DR) by 20. This yielded a conser-

vative lower-bound scenario
(︁
Cinput × 0.8, DR × 0.8

)︁
and an optimistic upper-bound sce-

nario
(︁
Cinput × 1.2, DR × 1.2

)︁
. Based on these bounding runs, spatial uncertainty metrics

were derived for the final year (2024), mapping the 5th and 95th carbon stock percentiles(︁
SOCp05 and SOCp95

)︁
, the absolute uncertainty range

(︁
SOCp95 − SOCp05

)︁
, and the relative

spatial uncertainty via the Prediction Interval Ratio
(︁

PIR =
[︁
SOCp95 − SOCp05

]︁
/SOC2024

)︁
.

The workflow yielded a high-resolution GeoTIFF database comprising monthly and annual
SOC time-series raster stacks, baseline and final SOC inventories, the cumulative ∆SOC
balance map, and the comprehensive suite of spatial uncertainty layers.

3. Results
3.1. Observed SOC Changes in the Monitoring Plots

Observed soil organic carbon stocks varied substantially among monitoring plots and
sampling campaigns (Table 4). At the beginning of the monitoring period, SOC stocks
ranged from 51.75 Mg C ha−1 at the grassland plot GUAD2 to 83.81 Mg C ha−1 at the
shrubland plot GUAD4. The woodland plots showed intermediate initial values, ranging
from 55.31 Mg C ha−1 at GUAD1 to 70.88 Mg C ha−1 at GUAD3.

Table 4. Mean SOC stock and standard deviation for each monitoring plot and sampling campaign.

Sampling
Site Land Use

2000 Mean
SOC Stock

(t C/ha)

2000 STD ±
(t C/ha)

2014 Mean
SOC Stock

(t C/ha)

2014 STD ±
(t C/ha)

2024 Mean
SOC Stock

(t C/ha)

2024 STD ±
(t C/ha)

GUAD1 Woodland 55.31 22.00 59.44 2.9 16.69 6.3
GUAD2 Grassland 51.75 10.17 57.94 7.97 19.56 12.9
GUAD3 Woodland 70.88 28.63 63.19 5.31 42.38 5.9
GUAD4 Shrubland 83.81 9.23 60.94 4.13 30.81 1.27
GUAD5 Shrubland 69.19 11.13 55.88 9.61 16.81 3.6
GUAD6 Woodland 60.38 26.55 46.69 4.37 41.94 10.9
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Between 2000 and 2014, the direction and magnitude of SOC change differed among
plots. SOC increased moderately at GUAD1, from 55.31 to 59.44 Mg C ha−1, and at
GUAD2, from 51.75 to 57.94 Mg C ha−1. In contrast, SOC declined at the remaining
four plots. The largest decrease during this first period was observed at GUAD4, where
SOC fell by 22.87 Mg C ha−1, followed by GUAD6 and GUAD5, with decreases of 13.69
and 13.31 Mg C ha−1, respectively. GUAD3 showed a smaller reduction of 7.69 Mg C ha−1.
A general decline was observed between 2014 and 2024 across all six monitoring plots. The
greatest decreases occurred at GUAD1, GUAD2 and GUAD5, where SOC stocks declined
by 42.75, 38.38 and 39.07 Mg C ha−1, respectively. GUAD4 and GUAD3 showed decreases
of 30.13 and 20.81 Mg C ha−1, whereas GUAD6 showed the smallest change during this
period, declining by 4.75 Mg C ha−1.

Over the complete 2000–2024 period, all monitoring plots showed lower SOC stocks
in the final campaign than at baseline. The largest absolute declines were recorded in
the shrubland plots GUAD4 and GUAD5, with reductions of 53.00 and 52.38 Mg C ha−1,
respectively. Woodland plots showed more variable trajectories, with total reductions of
38.62 Mg C ha−1 at GUAD1, 28.50 Mg C ha−1 at GUAD3 and 18.44 Mg C ha−1 at GUAD6.
At the single grassland plot, GUAD2, SOC declined by 32.19 Mg C ha−1 between 2000
and 2024.

Within-plot variability also differed among sampling campaigns. The largest standard
deviations were generally observed in the 2000 campaign, particularly at GUAD3 and
GUAD6, indicating substantial initial spatial heterogeneity within these monitoring units.
Lower standard deviations were generally recorded in 2014 and 2024, although variability
remained comparatively high at GUAD2 and GUAD6 in the final campaign. These dif-
ferences should be interpreted cautiously because the number of soil replicates differed
among sampling years.

Overall, the field observations suggest a dominant reduction in surface-layer SOC
stocks, particularly after 2014. The largest losses were observed in the two shrubland
plots, whereas the woodland plots displayed more heterogeneous trajectories. Results
for grassland represent only the site-specific behaviour of GUAD2, because this land-
cover category was represented by a single independent monitoring plot and cannot be
extrapolated to other grassland areas within the region.

3.2. Model Performance Across Land-Cover Categories

Model performance differed among the three land-cover categories when the results
were aggregated across all evaluated input configurations (Table 5). Overall, woodland
showed the closest agreement between observed and simulated SOC stocks, whereas shrub-
land presented the highest average errors and the greatest variability in model performance.
The grassland results showed an intermediate level of agreement, although they represent
only the site-specific response of the single grassland monitoring plot, GUAD2.

Table 5. Mean performance per land use.

Land Use Mean RMSE Mean EF Mean d (Willmott) Mean PBIAS (%) Mean Bias

Woodland 8.62 0.487 0.802 +0.04 0.02
Grassland 14.90 0.208 0.616 −5.61 −2.42
Shrubland 18.79 0.213 0.712 +10.45 5.53

Woodland showed the best overall model performance, with the lowest mean RMSE
(8.62 Mg C ha−1), the highest mean Nash–Sutcliffe efficiency (EF = 0.487) and the highest
mean Willmott agreement index (d = 0.802). Both mean PBIAS (+0.04%) and mean bias
(+0.02 Mg C ha−1) were close to zero, indicating that the simulations showed little sys-
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tematic deviation from the observed SOC stocks when the different input configurations
were considered together. Woodland also showed the most consistent performance across
configurations, with RMSE values ranging from 7.26 to 13.52 Mg C ha−1.

The single grassland monitoring plot, GUAD2, showed a higher mean RMSE than
the woodland category (14.90 Mg C ha−1), together with lower mean EF and Willmott
agreement values of 0.208 and 0.616, respectively. Mean PBIAS (−5.61%) and mean bias
(−2.42 Mg C ha−1) indicated a moderate overall tendency towards lower simulated than
observed SOC stocks under the sign convention adopted in this study. RMSE values ranged
from 14.29 to 18.69 Mg C ha−1. However, because grassland was represented by only
one independent monitoring plot, these metrics describe model behaviour specifically at
GUAD2 and cannot be extrapolated to other grassland areas within the Guadiamar Green
Corridor or the wider region.

Shrubland showed the highest mean RMSE among the evaluated land-cover categories
(18.79 Mg C ha−1). Its mean EF was 0.213, similar to that obtained for the grassland plot,
whereas its mean Willmott agreement index was higher (d = 0.712). Mean PBIAS (+10.45%)
and mean bias (+5.53 Mg C ha−1) indicated an overall tendency towards higher simulated
than observed SOC stocks. Shrubland also showed the widest variation in RMSE, ranging
from 14.86 to 31.20 Mg C ha−1, indicating that model performance was less consistent for
this category than for woodland or the grassland plot.

In summary, woodland showed the most accurate and consistent model performance
across the evaluated input configurations, as indicated by its lower errors, higher agreement
metrics and minimal systematic bias. Shrubland showed the greatest average error and the
highest variability, whereas the grassland plot presented intermediate performance. The
influence of the individual input configurations on these land-cover-specific differences is
examined separately in Section 3.3.

3.3. Sensitivity to Boundary-Condition Scenarios

Model performance varied according to the input variables replaced in each boundary-
condition scenario (Table 6 and Figure 3). Overall, the replacement of the initial SOC stock
produced the largest deterioration in model performance, whereas the use of alternative
climate data generally maintained or improved agreement with the field observations.

Table 6. Results from the model performance analysis per land use and boundary conditions.

BC Land Use RMSE EF (Nash–
Sutcliffe) d (Willmott) PBIAS (%) Mean Bias

BC0 Woodland 8.26 0.550 0.796 +4.8% 2.42
BC0 Grassland 14.30 0.278 0.600 −0.9% −0.37
BC0 Shrubland 17.78 0.339 0.717 +20.4% 10.79
BC1 Woodland 13.52 −0.205 0.649 −20.1% −10.20
BC1 Grassland 18.69 −0.235 0.586 −26.5% −11.44
BC1 Shrubland 31.20 −1.037 0.533 −47.3% −25.04
BC2 Woodland 8.14 0.563 0.806 +4.3% 2.17
BC2 Grassland 14.30 0.278 0.598 −0.8% −0.32
BC2 Shrubland 17.92 0.328 0.712 +20.5% 10.85
BC3 Woodland 8.06 0.571 0.813 +3.8% 1.91
BC3 Grassland 14.35 0.273 0.604 −1.3% −0.57
BC3 Shrubland 17.52 0.358 0.722 +19.8% 10.46
BC4 Woodland 7.91 0.587 0.823 +3.4% 1.74
BC4 Grassland 14.29 0.278 0.614 −1.7% −0.73
BC4 Shrubland 17.52 0.358 0.720 +19.7% 10.44
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Table 6. Cont.

BC Land Use RMSE EF (Nash–
Sutcliffe) d (Willmott) PBIAS (%) Mean Bias

BC5 Woodland 7.48 0.632 0.863 +0.1% 0.08
BC5 Grassland 14.50 0.258 0.653 −5.1% −2.22
BC5 Shrubland 15.71 0.484 0.774 +15.9% 8.42
BC6 Woodland 7.26 0.652 0.877 −0.9% −0.46
BC6 Grassland 14.46 0.261 0.671 −6.4% −2.76
BC6 Shrubland 14.86 0.538 0.803 +14.3% 7.58
BC7 Woodland 8.32 0.544 0.789 +4.9% 2.49
BC7 Grassland 14.34 0.273 0.603 −2.2% −0.94
BC7 Shrubland 17.79 0.338 0.715 +20.3% 10.73

Figure 3. Carbon dynamics of each BC scenario. Yellow—Grassland land use; Green—Woodland
use; Red—Shrubland use. BC0 (in situ variables), BC1 (SOC SoilsGrid), BC2 (clay SoilsGrid), BC3
(precipitation), BC4 (temperature), BC5 (ETP), BC6 (all climatic variables), BC7 (all RS variables).

BC1 showed the poorest performance across all land-cover categories. Replacing
the initial SOC stock increased RMSE to 13.52 Mg C ha−1 in woodland, 18.69 Mg C ha−1

in the grassland plot and 31.20 Mg C ha−1 in shrubland. EF values were negative in
all three categories, while PBIAS ranged from −20.1% to −47.3%, indicating systematic
underestimation of observed SOC stocks. These results demonstrate the strong sensitivity
of RothC to the SOC baseline used for model initialisation.

The substitution of clay content in BC2 and of precipitation or temperature in BC3
and BC4 produced relatively small changes compared with the reference configuration,
BC0. Their performance metrics remained broadly similar across land-cover categories,
indicating a lower model sensitivity to these individual substitutions.

Replacing evapotranspiration in BC5 improved model performance, particularly in
woodland and shrubland. BC6, in which all climate variables were replaced simultane-
ously, provided the most consistent overall performance. It produced the lowest RMSE in
woodland and shrubland—7.26 and 14.86 Mg C ha−1, respectively—and the highest EF
and Willmott agreement values for these categories. In the grassland plot, BC6 produced
the highest Willmott agreement index (d = 0.671), although its RMSE was slightly higher
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than that obtained under BC4. BC7 showed results broadly similar to the reference con-
figuration and did not retain the improvements observed when only the climate variables
were replaced.

The simulated trajectories in Figure 3 were consistent with the statistical metrics. BC5
and BC6 generally followed the observed SOC dynamics more closely, whereas BC1 showed
the largest and most persistent deviation from the field observations. Overall, the results
indicate that RothC was more sensitive to the initial SOC dataset than to the replacement
of clay or individual climate variables, while BC6 showed the most consistent statistical
performance among the evaluated boundary-condition scenarios.

3.4. Landscape-Scale SOC Dynamics

Across the 1008 valid 250 m grid cells, mean simulated SOC stock increased from
22.68 Mg C ha−1 in 2000 to 25.45 Mg C ha−1 in 2024 (Figure 4). This represented a mean
net change of 2.77 ± 2.62 Mg C ha−1. SOC gains occurred in 85.02% of the modelled area
(857 grid cells), with a mean increase of 3.59 Mg C ha−1 and a maximum simulated gain of
10.21 Mg C ha−1. SOC losses occurred in the remaining 14.98% of the area (151 grid cells),
with a mean decrease of 1.86 Mg C ha−1 and a maximum simulated loss of 6.42 Mg C ha−1.

Figure 4. Landscape-scale simulated SOC stocks in 2000 and 2024, and simulated SOC change
between 2000 and 2024 across the Guadiamar Green Corridor. SOC maps for 2000 and 2024 use the
same colour scale to allow direct comparison, while ∆SOC is displayed using a separate scale centred
on zero.

Simulated SOC change was positively correlated with mean annual MODIS-derived
carbon inputs (r = 0.743). Grid cells acting as carbon sinks received mean annual inputs of
3.48 Mg C ha−1 yr−1, compared with 2.89 Mg C ha−1 yr−1 in cells acting as carbon sources.
SOC change was also negatively correlated with the initial SOC stock (r = −0.797). Cells
showing net SOC losses had higher mean baseline stocks (26.34 Mg C ha−1) than cells
showing net gains (22.03 Mg C ha−1).

Overall, the spatial simulation indicated that SOC trajectories were associated with
both the magnitude of organic carbon inputs and the initial SOC conditions.
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3.5. Spatial Uncertainty

The bounding-scenario analysis, based on ±20% perturbations in annual carbon
inputs and decomposition-rate modifiers, produced a mean relative uncertainty of 11.28%
across the modelled area, with spatial values ranging from approximately 7% to 14%
(Figure 5). The lower-bound simulation retained a positive mean regional SOC balance,
indicating that the overall simulated increase remained positive under the conservative
input configuration.

Figure 5. Spatial distribution of uncertainty in simulated SOC stocks across the Guadiamar Green
Corridor: (Left) absolute uncertainty range and (Right) relative uncertainty. Uncertainty was es-
timated using lower- and upper-bound scenarios based on ±20% perturbations in annual carbon
inputs and decomposition-rate modifiers.

Across the 1008 valid grid cells, the Prediction Interval Ratio (PIR) had a mean value
of 0.226, equivalent to 22.56% of the central SOC estimate. The interquartile range ex-
tended from 0.213 to 0.238, while values across the full modelled area ranged from 0.156
to 0.280. Spatial uncertainty was therefore relatively homogeneous, although higher PIR
values occurred in areas showing greater sensitivity to the perturbed input parameters. PIR
was strongly correlated with the absolute magnitude of simulated SOC change (r = 0.991),
indicating that grid cells with larger simulated gains or losses also showed wider uncer-
tainty intervals. Overall, the uncertainty analysis showed that the magnitude of local SOC
change was more sensitive to input perturbations than the direction of the mean regional
carbon balance.

4. Discussion
4.1. Sub-Landscape

Among the evaluated land-cover categories, riparian woodland showed the most con-
sistent agreement between observed and simulated SOC stocks. A plausible explanation
is that the combined effects of canopy cover, forest-floor litter and root systems reduce
short-term hydrothermal variability and provide comparatively regular organic carbon
inputs [40]. Forest canopies buffer temperature extremes and modify near-surface moisture
conditions, while the litter layer protects the mineral soil and supplies carbon through grad-
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ual decomposition. Fine-root turnover, rhizodeposition and root exudates also introduce
carbon directly into the soil, where part of it may contribute to particulate or mineral-
associated organic matter [43,44]. These comparatively buffered environmental conditions
and more continuous above- and below-ground inputs may be better represented by
RothC’s monthly temperature and moisture modifiers and its pool-based treatment of
organic matter than the more episodic and spatially heterogeneous conditions found in
shrubland and grassland. However, canopy microclimate, litter stocks and root dynamics
were not measured directly in this study; therefore, these mechanisms should be interpreted
as literature-supported explanations rather than demonstrated causal relationships.

In contrast, grassland and shrubland formations presented intermediate to high mod-
elling uncertainty, accompanied by lower efficiency coefficients. In Mediterranean grass-
lands, carbon turnover is inherently dynamic and subject to pronounced interannual cli-
matic fluctuations. The high allocation of net primary productivity to fine roots and easily
decomposable herbaceous tissues makes grassland topsoils highly responsive to seasonal
precipitation pulses and summer drought dormancy [38]. However, the interpretation of
grassland model performance requires additional caution because this land-cover class
was represented by a single long-term monitoring plot. Therefore, the grassland results
provide useful information on model behaviour under herbaceous vegetation within the
Guadiamar restoration context, but they should not be interpreted as a fully replicated
assessment of grassland SOC dynamics at landscape scale. In shrublands, the observed
temporal dispersion stems from the extreme spatial heterogeneity of vegetation coloniza-
tion and structural patchiness following the post-mining restoration. Patchy shrub canopies
generate highly localized islands of fertility separated by bare or sparsely vegetated soil,
resulting in high micro-scale variability in field SOC measurements that a 1D point-based
simulation cannot fully capture without high-resolution spatial aggregation.

The progressive substitution of in situ observations with remote sensing and reanal-
ysis datasets (the boundary condition framework, BC0–BC7) provided critical insights
into the operational feasibility and sensitivity of process-based soil organic carbon (SOC)
modelling in restoration contexts. A notable finding of this study was the comparatively
strong performance of scenario BC6, where local meteorological station records of tem-
perature, precipitation, and evapotranspiration were entirely replaced by the ERA5-Land
reanalysis dataset. Across all evaluated land uses, most notably in woodland formations(︂

RMSE = 7.26 Mg C · ha−1, EF = 0.65
)︂

, the BC6 configuration matched or even slightly
exceeded the predictive accuracy of the in situ reference scenario (BC0).

A notable pattern identified in the sub-landscape simulations was the widespread
decline in SOC stocks across several monitoring plots in soil organic carbon (SOC) stocks ob-
served across several monitoring plots over the 25-year timeframe. Rather than indicating
an ecosystem degradation process, this downward trajectory may reflect a post-remediation
adjustment phase towards a new soil carbon equilibrium. The initial soil inventories mea-
sured in 2000 were strongly influenced by the substantial application of organic-clay
amendments implemented as an emergency remediation strategy to immobilize heavy met-
als and reconstruct the topsoil profile immediately after the 1998 Aznalcóllar mine spill [6].
These baseline inventories far exceed the natural carrying capacity of typical Mediterranean
Fluvisols under dryland conditions, which baseline models and empirical regional stud-
ies estimate to range between 20 and 35 [29,45]. Once the active external organic inputs
ceased, the highly active microbial pools simulated in RothC rapidly mineralized the labile
fractions of these exogenous amendments. Crucially, only the riparian forest (woodland)
formations possessed high net primary productivity (NPP), stable litterfall inputs, and
buffered microclimatic moisture conditions necessary to physically protect and sustain
these elevated carbon stocks. In contrast, the water-limited grasslands and shrublands,
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subjected to intense Mediterranean summer drought and lower organic return rates, could
not support the amended carbon inventories, triggering a steep transient decay toward
their true biogeochemical carrying capacity.

This initial anthropogenic distortion was further compounded by extreme micro-
spatial heterogeneity within the experimental plots, as evidenced by the exceptionally
high standard deviations (STD) recorded among sampling replicates during the baseline
campaign in the year 2000. In these early post-remediation stages, the spatial variance
reached critical magnitudes relative to the plot means. This was most notable in woodland
plots where the standard deviation represented nearly 40% to 45% of the total carbon
stock. This massive spatial noise serves as a direct diagnostic signature of the highly un-
even, mechanically patchy application of composted amendments and red clays during
the emergency soil reconstruction phase [26]. Over the 25-year chronosequence, however,
this early spatial heterogeneity experienced a highly pronounced natural stabilization and
homogenization. By 2014 and 2024, the standard deviations between replicates dropped
dramatically across almost all monitoring plots. This long-term spatial stabilization reflects
the gradual biogeochemical integration of the exogenously added organic matter through
continuous root expansion, macro-invertebrate bioturbation, and localized microbial min-
eralization of carbon hotspots [27]. These findings confirm that while empirical baseline
inventories in reconstructed soils are highly vulnerable to micro-scale spatial noise, nat-
ural soil development processes act as spatial homogenizers over multi-decadal scales,
gradually reconciling local field inventories with regional baseline projections.

These contrasting outcomes underscore a key methodological principle for large-scale
MRV frameworks: remote sensing products and global databases cannot be applied as
universal substitutes for all model inputs. While continuous meteorological drivers and
relatively stable soil physical parameters, such as clay content, may be reliably replaced
by open-access reanalysis or gridded datasets, the initial SOC baseline (SOC0) remains a
critical parameter that requires empirical ground-truthing. This is particularly important
in restored or heavily disturbed systems, where historical management legacies, organic
amendments, soil reconstruction practices, and local contamination-remediation actions
may generate baseline SOC stocks that strongly deviate from the natural biogeochemical
carrying capacity of the system. In such cases, process-based models such as RothC may
reproduce the general direction of SOC change, but they cannot fully recreate SOC dynam-
ics under all situations, especially when the initial carbon stock is far above what the soil,
vegetation, and bioclimatic conditions can sustain over the long term. Therefore, accurate
baseline sampling is essential not only for model initialisation, but also for interpreting
whether subsequent SOC losses reflect model failure, ecosystem degradation, or a natural
adjustment towards a new equilibrium state. These findings highlight the need to combine
field observations, remote sensing products, and process-based simulations within a care-
fully validated framework, rather than treating spatial datasets as direct replacements for
local soil information.

4.2. Landscape

The landscape-scale simulation provides a complementary perspective to the plot-
based boundary condition analysis. However, it is important to emphasise that this ap-
proach was not based on SOC measurements. Instead, all input variables were derived from
remote sensing products, climate reanalysis data, and global soil databases. In particular,
the SOC values used to initialise the year 2000 baseline were obtained from SoilGrids,
representing an attempt to reconstruct the spatial baseline condition of the Guadiamar
Green Corridor using globally available soil information. Therefore, the landscape analy-
sis should be interpreted as a spatially explicit modelling exercise based on open-access
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datasets, rather than as a direct reconstruction of measured SOC stocks across the restora-
tion area. Under this configuration, the model simulated an overall increase in SOC stocks
between 2000 and 2024, with most of the landscape acting as a carbon sink. This result
contrasts with some of the plot-scale observations, where several sampling plots showed a
decline in SOC over the same period. This apparent discrepancy is mainly explained by
the different nature of the baseline used in each analysis. At plot scale, the 2000 baseline
reflected field-measured SOC stocks shortly after remediation, when large amounts of
organic and clay-rich amendments had been applied to the most contaminated areas. These
initial SOC values were therefore strongly influenced by local restoration practices and,
in several plots, were considerably higher than what the soil–vegetation–climate system
could sustain over the long term. By contrast, the SoilGrids-derived baseline used in the
landscape simulation represents a modelled regional estimate of SOC, which is more likely
to reflect broader edaphoclimatic conditions than the highly localised effects of post-spill
amendment applications.

This distinction is critical for interpreting the results. The positive SOC balance ob-
tained at landscape scale does not necessarily contradict the SOC decline observed in
some field plots. Rather, it suggests that, when initial SOC stocks are defined from a
global soil product and driven by remotely sensed productivity and reanalysis climate
data, the Guadiamar landscape has the potential to function as a moderate carbon sink
under current vegetation and climatic conditions. In other words, the landscape simulation
represents the expected SOC trajectory under a harmonised, gridded baseline, whereas
the sub-landscape analysis captures the legacy of site-specific remediation actions and the
subsequent relaxation of artificially elevated SOC stocks towards a new equilibrium.

The use of SoilGrids as the baseline dataset also introduces an important method-
ological limitation. Global digital soil mapping products are designed to provide spatially
continuous estimates over large areas, but they may not capture abrupt, localised or anthro-
pogenic soil modifications, such as those associated with mining-spill remediation, topsoil
removal, clay amendment application or organic amendment incorporation. This reinforces
the conclusion obtained from the boundary condition analysis: global soil datasets can be
useful for regional modelling where field data are unavailable, but their outputs must be
interpreted cautiously in disturbed or reconstructed landscapes.

The strong relationship between simulated SOC accumulation and MODIS-derived
carbon inputs further indicates that vegetation productivity was a major driver of landscape-
scale SOC dynamics. MODIS GPP/NPP products are specifically designed to provide
spatially continuous estimates of terrestrial vegetation productivity and are widely used for
ecosystem status assessment, carbon-cycle analysis and environmental monitoring [37,46].
Areas receiving higher annual organic inputs tended to behave as carbon sinks, whereas
areas with lower productivity or higher initial SOC stocks were more likely to show limited
accumulation or carbon losses. This pattern should not be interpreted as direct evidence
that the soils were approaching a mineral-controlled carbon saturation threshold. The
study did not quantify mineral-associated organic carbon, reactive mineral surface area
or carbon saturation deficit. Therefore, the negative relationship between initial SOC and
subsequent simulated change is better interpreted as an initial-stock-dependent response
within the RothC modelling framework. In this context, cells with higher initial SOC stocks
had lower relative potential for additional simulated accumulation, whereas cells with
lower initial SOC stocks showed greater simulated gains under the imposed carbon-input
scenario [47,48]. Therefore, the observed relationship should be interpreted as an initial-
stock-dependent response within the RothC modelling framework, rather than as direct
evidence of mineral-controlled SOC saturation.
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The uncertainty analysis showed that the simulated carbon sink remained relatively
robust under perturbations of carbon inputs and decomposition modifiers. Nevertheless,
this robustness should be understood within the assumptions of the gridded modelling
framework. The relatively stable prediction interval ratio indicates internal consistency
of the spatial RothC implementation, but it does not eliminate the uncertainty associated
with the choice of baseline dataset. SoilGrids 2.0 provides globally consistent soil-property
predictions at 250 m resolution with spatially explicit uncertainty, using machine-learning
models trained on global soil observations and environmental covariates [24]. However,
recent studies also highlight that global soil raster products may provide useful regional-
scale information while still showing important local inaccuracies when evaluated against
external soil datasets, especially in heterogeneous landscapes or areas affected by spe-
cific local processes [49]. In this sense, the largest source of uncertainty is not only the
propagation of model parameters, but also the representativeness of the initial SOC map
used to initialise the simulation. This limitation is particularly relevant in the Guadiamar
Green Corridor, where the year 2000 baseline derived from SoilGrids represents a modelled
regional approximation rather than a field-measured post-remediation SOC inventory.

Overall, the landscape analysis demonstrates the potential of combining SoilGrids,
OpenLandMap, ERA5-Land and MODIS-derived productivity data to implement spatially
explicit RothC simulations in areas where complete field datasets are unavailable. However,
the results should be interpreted as a regional modelling scenario based on remote sensing
and global baseline products, not as a direct substitute for field-based SOC monitoring.
For restored and anthropogenically disturbed systems such as the Guadiamar Green
Corridor, landscape-scale simulations are most valuable when used together with plot-scale
observations, allowing the identification of discrepancies between modelled background
SOC trajectories and local soil dynamics shaped by remediation history.

5. Conclusions
This study evaluated how alternative soil and climate datasets influence RothC simu-

lations of long-term SOC dynamics at plot and landscape scales in the Guadiamar Green
Corridor. Field observations suggested a decline in surface-layer SOC by 2024, although
this result should be interpreted cautiously because the 2024 campaign focused on the
0–20 cm topsoil layer. Model performance was most consistent in riparian woodland,
whereas shrubland showed greater variability. The initial SOC stock was identified as the
input with the greatest influence on the simulated trajectories.

At the sub-landscape scale, model performance varied among land-cover categories
and boundary-condition scenarios. Riparian woodland showed the most consistent model
performance, whereas shrubland showed greater variability. The grassland results should
be interpreted as site-specific because this land-cover category was represented by only
one independent monitoring plot. The boundary-condition analysis showed that not all
RothC input variables have the same influence on model performance. Replacing the
initial SOC baseline produced the largest deterioration in model performance, whereas the
alternative climate configuration used in BC6 provided the most consistent overall results.
This indicates that the representativeness of the initial SOC stock is a critical requirement
for RothC application in restored and anthropogenically disturbed soils.

The results therefore show that remote sensing products and global environmental
datasets can support SOC modelling, but they cannot be applied as universal replacements
for field data. This is especially relevant in restored or anthropogenically disturbed systems,
where local management history, soil reconstruction and amendment application may
generate SOC stocks that differ markedly from the values expected under natural soil, veg-
etation and bioclimatic conditions. Under these circumstances, process-based models may
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capture broad tendencies, but they cannot be expected to fully reproduce all SOC dynamics
when the baseline state is strongly influenced by remediation and amendment application.

At landscape scale, the spatial RothC implementation provided a complementary
regional perspective based on gridded datasets. However, the simulated regional SOC
increase contrasted with the decline observed in the field plots. This difference was mainly
associated with the use of a globally modelled SOC baseline at landscape scale, which did
not fully represent the legacy of soil remediation and amendment application captured by
the field observations. The spatial simulation should therefore be interpreted as an open-
dataset-driven modelling scenario rather than as a direct reconstruction of field-observed
SOC changes across the Guadiamar Green Corridor.

The uncertainty analysis indicated that the spatial model was internally robust under
perturbations of carbon inputs and decomposition modifiers. Nevertheless, the main source
of uncertainty remains the representativeness of the initial SOC map used to initialise the
simulations. Global soil products such as SoilGrids can therefore support regional screening
in data-scarce contexts, but their outputs should be validated against field observations in
areas affected by strong local disturbance or restoration interventions.

Overall, this study supports the use of RothC, remote sensing and open-access envi-
ronmental datasets as complementary tools for scalable SOC monitoring. However, it also
demonstrates that robust SOC modelling in restored landscapes requires a hybrid frame-
work in which field measurements are used to constrain and validate model baselines, while
remote sensing and gridded datasets provide spatial continuity and temporal consistency.
In Mediterranean restoration contexts such as the Guadiamar Green Corridor, this com-
bined approach is essential to distinguish between real ecosystem degradation, natural SOC
stabilisation after remediation, and model uncertainty arising from baseline assumptions.
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BC Boundary condition
RS Remote sensing
GEE Google Earth Engine
NDVI Normalised Difference Vegetation Index
fPAR Fraction of absorbed photosynthetically active radiation
APAR Absorbed photosynthetically active radiation
NPP Net primary productivity
MODIS Moderate Resolution Imaging Spectroradiometer
MOD17A3HGF MODIS annual gap-filled gross and net primary productivity product
ERA5 ECMWF Reanalysis v5 Land dataset
ECMWF European Centre for Medium-Range Weather Forecasts
C3S Copernicus Climate Change Service
BIO Microbial biomass
HUM Humified organic matter
DPM Decomposable plant material
RPM Resistant plant material
DR DPM/RPM ratio
IOM Inert organic matter
GPP Gross primary productivity
ET Evapotranspiration
ETP Potential evapotranspiration
RMSE Root mean square error
EF Nash–Sutcliffe efficiency coefficient
PBIAS Percentage bias
PIR Prediction interval ratio
STD Standard deviation
UTM Universal Transverse Mercator
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