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Abstract

To develop carbon farming practices, decision-makers need detailed spatial data on the
soil carbon sequestration (SCS) opportunities that conventional crop and soil management
creates. This study exploratorily assessed SCS capacity across agricultural land in the Va-
lencian Community using a simple carbon balance model within a GIS framework. Within
this modelling approach, maps of net primary production (NPP), land-use-derived crop
harvest indices, current soil organic carbon (SOC) stocks, and NPP and SOC mineralization
coefficients were combined. Results show that while NPP across Valencian croplands and
grasslands ranges from 0.64 to 6.43 Mg C ha−1 yr−1 (mean 2.42 Mg C ha−1 yr−1), the
actual SCS capacity is much lower, ranging from −0.04 to 1.31 Mg C ha−1 yr−1 (mean
0.25 Mg C ha−1 yr−1). Significant variation exists among land uses: rice paddies exhibit the
highest SCS capacity, while olive groves present the lowest. Between 2017 and 2021, SCS in
Valencian agroecosystems may have offset the sector’s greenhouse gas (GHG) emissions,
primarily driven by pasture and citrus because of their large extent and moderate SCS
capacity, making agriculture a net-zero emitter. However, helping achieve cross-sectoral
mitigation targets will depend in part on the widespread deployment of regenerative soil
management (RSM) practices. While this study identifies priority areas for RSM implemen-
tation, further research is needed to determine which specific practices are most suitable
for each location to maximize SCS.

Keywords: carbon footprint; carbon neutrality; climate change; horticulture; irrigation;
LUCAS; MODIS; soil health; viticulture; winegrowing

1. Introduction
Almost 25% of global land is subjected to degradation, resulting in a severe loss of net

primary production (NPP) [1], which impairs key soil ecosystem functions such as water
cycle regulation, biodiversity reservoir and weather and climate regulation [2]. Erosion
by water, compaction, sealing, salinization and the loss of organic carbon constitute the
leading soil processes that degrade lands throughout the world [3,4]. These processes
increase the desertification risk where, additionally, the conditions of water scarcity are
met, since soil water and thermal regimes are the main constraints to land productivity [5].
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With nearly 70% of soils classified as unhealthy, Europe is significantly affected by
land degradation [6]. In particular, the Mediterranean area, with sloping terrain, arid-to-dry
sub-humid climates, high water scarcity in summer and intense seasonal rainfall events,
meets the conditions for the most degradative processes to develop, such as water erosion,
salinization and, more specifically, the loss of organic carbon, thereby exacerbating soil
health decline [7].

In Europe policies are being developed to assess the extent, causes and intensity of
land degradation, and to lead actions aimed at improving soil health. With this objective,
the European Green Deal with the strategy “from farm to fork” is aimed at reaching climate
neutrality in the European Union by 2050 [8]. Within this strategy, agriculture is key for
increasing carbon assimilation in plants and, ultimately, carbon sequestration in soils,
thereby contributing to the restoration of soil health. Therefore, the proposal for a European
Directive on soil monitoring and resilience [9] puts forward the ambitious aim of recovering
soil health across Europe by 2050.

The soil organic carbon (SOC) mass fraction (wSOC) and, specifically, the ratio of
wSOC to its potential value, is one of the most important indicators of soil health [10].
Moreover, SOC is, apart from the carbonate rocks of the lithosphere, the greatest reservoir
of carbon on the Earth’s surface [11,12]. At European scale, several soil studies show
very low wSOC because of a constant decline in soil organic matter (SOM), particularly in
agricultural lands [13–16], thus leading to very low fertility and health status of cropped
soils. Specifically, in the Valencian Community (eastern Spain), 64% of agricultural soils
present an average topsoil (0–30 cm) SOM mass fraction (wSOM) under a reasonable average
3% potential.

Soils can recover a substantial proportion of their original SOC, thereby improving
soil health for enhancing crop yields, while simultaneously reversing carbon losses to the
atmosphere with climate change mitigation effects [17]. In this regard, only part of the
carbon that plants assimilate is transferred to soil where, depending on management, again,
only part is stabilized [18]. This process leads to SOC storage and, more importantly, to
soil carbon sequestration (SCS) if SOC is retained over the long-term, specifically at least
100 years [19,20].

Because agriculture can assimilate and potentially sequester substantial amounts of
carbon from atmospheric CO2, it may become a key activity for climate change mitigation.
In the context of the current climate crisis, agricultural activity is thus evolving beyond food
production to include the development of “carbon farming” practices aimed at offsetting at
least part of the anthropogenic CO2 emissions [21]. Carbon farming may also create new
revenue streams for farmers through carbon credit markets, provided that climate integrity
requirements are met [22]. In this way, agriculture can assume a dual function, combining
productive and environmental roles. Achieving this transition requires replacement of
conventional soil management by regenerative practices that enhance soil carbon seques-
tration while maintaining or even increasing crop yields, thereby fostering a virtuous cycle
of mutually reinforcing benefits [17].

The prioritization of agricultural areas for SCS depends on both NPP and on the
soil’s capacity to stabilize SOC. These factors are, in turn, governed by soil characteristics,
climate conditions, land use and crop management, all of which continuously vary across
landscapes, therefore making it challenging to accurately assess the SCS capacity of agricul-
tural lands. This complexity is reflected in the wide variability of SCS capacity observed
across agricultural landscapes, which range from 0.1 to over 1.0 Mg C ha−1 yr−1 [23–28].
Consequently, evaluating the SCS capacity across different combinations of soil, climate,
land use and crop factors is essential to support decision-makers and land practitioners
in the design and implementation of effective policies, strategies and regenerative soil
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management (RSM) practices [28]. Moreover, mitigating climate change impacts requires
providing decision makers with accurate spatially explicit information on the current state,
dynamics, and distribution of carbon sources and sinks within managed territories [29].

At the regional scale, the SCS capacity can be effectively assessed using mapping
techniques [30,31], particularly through the coupling or integration of simulation models
with Geographical Information Systems (GIS) [32]. Available models range from relatively
simple carbon budget approaches [18,24,33–36], typically used for large-scale estimations,
to more complex process-based models, such as RothC [37], Century [38], Daycent [39],
DNDC [40], etc., which are better suited for detailed, site-specific analyses.

Janzen et al. [18] proposed a simple model for estimating the SCS capacity based on
a linear algebraic equation, in which NPP and current SOC stock are the variables, and
organic matter translocation and mineralization coefficients are the parameters. Although
originally developed to estimate the SCS capacity at global scale, this model can be readily
adapted to regional application by means of GIS because of its simplicity and adequate
previous performance [18], enabling the exploration of the spatial distribution of the SCS
capacity across agricultural regions.

To our knowledge, such an application of Janzen’s model has not been undertaken.
However, it has the potential to generate valuable insights for tailoring SCS strategies to
specific conditions of soil, climate, land use and crop management. This approach is partic-
ularly relevant for Mediterranean semi-arid regions, where high spatial variability in SCS
capacity has been reported, albeit in still scarce studies [41,42]. Accordingly, the objectives
of this research were the following: (i) to conduct an exploratory assessment of the spatial
distribution of the SCS capacity across the agricultural land of the Valencian Community
(eastern Spain), as a representative semi-arid Mediterranean region, by applying Janzen’s
model in combination with GIS; and (ii) to examine how the SCS key controlling factors
determine its magnitude, thereby providing practical guidance for decision-makers and
practitioners engaged in SCS-related efforts.

2. The Model by Janzen et al.
2.1. Model Description

The model by Janzen et al. [18] assesses the SCS in kg C ha−1 yr−1 as the difference
between the SOC input minus the SOC output (Figure 1):

SCS = SOC input − SOC output = NPP (1 − k1) k2 − SOC k3 (1)

The SOC input is the fraction of the NPP that enters the soil and remains there for at
least 5 years. Therefore, the k1 coefficient stands for the fraction of the NPP that is exported
out of the agroecosystems in the form of harvest and crop residues and that does not return
in the form of recycled plant materials such as manures, sewage sludges, composts, etc., as
represented by Equation (2):

k1 = ΣiHIi + ΣiERIi − IOMI (2)

In Equation (2), HIi is the harvest index of the ith plant species in the plot, defined
as the harvestable biomass of the ith plant species divided by its total biomass. ERIi is
the exported residues index of the ith plant species, expressed as the exported residues
biomass of the ith plant species divided by its total biomass. Finally, IOMI is the imported
organic matter index, which is expressed as the organic matter that is imported divided by
the addition of the biomass of all plants in the plot.
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Figure 1. Carbon reservoirs and flows that the model by Janzen et al. [18] uses to estimate the
soil carbon sequestration (SCS) capacity, in which CO2 is the atmospheric carbon dioxide reservoir,
SOCephemeral and SOClingering are, respectively, the short-lived and long-lived, soil organic carbon
(SOC) stocks, and k1, k2 and k3 are the coefficients of the model. These represent, respectively, the net
ratio of the net primary production (NPP) that is drawn from the agroecosystem (k1), the ratio of the
NPP that is not drawn and remains in the soil 5 years later (k2), and the ratio of the SOC stock that is
mineralized each year (k3).

The addition of ΣiHIi and ΣiERIi is bounded above by 1, i.e., ΣiHIi + ΣiERIi ∈ [0, 1].
For a wide enough land expanse, the average IOMI can be regarded as well below the
addition of ΣiHIi and ΣiERIi, i.e., IOMI << ΣiHIi + ΣiERIi, and then IOMI << 1. This
occurs because the biomass that is exported from crop fields is respired by consumers
and decomposers and the remainder is converted to excreta and microbial biomass that
takes the form of manures, sewage sludges, composts, etc. These organic materials, upon
recirculation to agricultural fields, necessarily make, on average for a large expanse, a
comparatively little fraction of the original weight of harvest and crop residues. Therefore,
in a plot under agricultural exploitation, the k1 coefficient may be regarded as bounded
between ΣiHIi and one. Accordingly, 1 − k1 represents the fraction of plant biomass that is
not removed from the agroecosystem. This fraction may enter the soil as plant residues
and rhizodepositions, or, if removed, may be partially returned in the form of manures,
sewage sludges, composts, etc.

In this analysis, the concept of plant has been used instead of crop because, for the
sake of comprehensiveness, the summations in Equation (2) are extended to all plant
species in the plot, including the main crop, as well as cover crops and spontaneous plants.
However, under conventional monocropping systems characterized by bare soil between
plants and rows, as well as the absence of organic matter recirculation, the biomass source
is overwhelmingly the monocrop, such that ΣiERIi ≈ 0 and IOMI ≈ 0, allowing the analysis
to be simplified to

k1 = HI (3)
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where, additionally, it is considered that no crop residues are withdrawn from the plot, i.e.,
ERI ≈ 0:

Following k1, the k2 coefficient represents the ratio of the NPP entering the soil that
remains five years later, which is the timeline that may appropriately serve to separate
fast- and slow-decaying SOC, as discussed by Janzen et al. [18]. At the global level, this
lingering SOC has been estimated to account for 15% of the NPP entering agricultural soils,
i.e., k2 = 0.15.

Following the SOC input, the SOC output (Equation (1)) is the fraction of the SOC
that mineralizes over 1 year. Therefore, the k3 coefficient represents this fraction. It has
been estimated that, yearly, 0.2% of the SOC undergoes mineralization in agricultural soils
globally, i.e., k3 = 0.002 [43].

2.2. Model Adaptation

The Janzen model was originally developed to obtain a crude estimate of the SCS
capacity of agriculture at global scale. Therefore, it was not intended to consider the spatial
variability of the input data, i.e., both variables (NPP and SOC) and parameters (k1, k2 and
k3). However, in this work, the Janzen model has been adapted to ascertain how the SCS
capacity spatially varies across a large agricultural area, assuming conventional crop and
soil management, and explicitly accounting for the geographical distribution of the Janzen
model’s variables and parameters. Therefore, this work expands on the original aim of
Janzen’s model by exploring its capacity for mapping the SCS capacity of agricultural lands
at regional scale when used within a GIS framework.

3. Material and Methods
3.1. Data Acquisition

The agricultural area of the Valencian Community, comprising both croplands and
grasslands, covers 11,135 km2 [44]. To adapt the model proposed by Janzen et al. [22] to this
region, five primary geographic information layers were acquired or specifically developed
in this study, forming the basis for mapping its SCS capacity using Equation (1).

3.2. Net Primary Production (NPP)

The net primary production (NPP) of agroecosystems is the difference between the
carbon fixed by photosynthesis and the carbon released by autotrophic respiration (Ra)
in an ecosystem during a convenient timeframe [45], hence representing the assimilated
carbon, i.e., the carbon that is available to feed the first heterotrophic level in such an
ecosystem [46]. The NPP of agroecosystems can be estimated by means of several methods:
(i) from inventories of biomass production, both harvestable and non-harvestable, (ii) by
using validated models, both empirical and process-based, which simulate the build-up of
crop biomass in both reproductive and vegetative organs, and (iii) by estimations based on
the remote sensing of NPP-related properties [47].

In this work, the MODIS NPP was used to characterize the spatial variation of the NPP,
whose calculation was described in detail in Running et al. [48]. The MODIS NPP algorithm
provides annual continuous NPP estimates at 1 km resolution based on a model that
considers the biophysics of photosynthesis and autotrophic respiration and the vegetation
feedback to the climate. Specifically, a simple light-use efficiency model is at the core of the
algorithm, requiring daily inputs of incoming photosynthetically active radiation (PAR), the
minimum temperature over 24 h periods, and a daytime average vapour-pressure deficit.
The necessary estimation of Ra is based on leaf area index (LAI) and temperature data.

The MODIS NPP algorithm is a robust methodology. However, in the valida-
tions it has undergone throughout different biomes and land uses, including cropland,
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it has been shown to smooth differences of NPP, hence overestimating it where it is
low and underestimating it where it is high [49]. Therefore, in this work, the MODIS
NPP was corrected by comparing it with the actual NPP obtained from statistics of
agricultural yields.

Specifically, the MODIS NPP images of the Valencian Community for the five years
2017–2021 were retrieved. Concurrently, statistics of agricultural yields were obtained
for the same years [50–54]. Since these statistics are available on a provincial basis, the
MODIS NPP data were averaged per land use, year, and province. In addition, appropriate
dry matter coefficients (DMj), harvest indices (HIj), and carbon mass fractions in the
harvested biomass (wC,j) for each j crop were also retrieved from de Paz et al. [55] and
Guzmán et al. [56], thus allowing the actual NPP of each land use, year, and province
(NPPl-u,y,p) to be calculated with Equation (4).

NPPl-u,y,p =
1

Sl-u,y,p

N

∑
j=1

DMjwC,j

HIj
Sl-u,y,p,jYf ,l-u,y,p,j (4)

In Equation (4) Yf,l-u,y,p,j is the fresh yield and Sl-u,y,p,j is the extent of crop j in the land
use l-u, year y and province p, and Sl-u,y,p is the total surface of the land use l-u in the year y
and province p. Then, simple linear regression (SLR) was tried to estimate the actual NPP
from the MODIS NPP, and the model thus obtained was next applied to assess the actual
NPP in each pixel of the MODIS NPP map.

3.3. Harvest Index (k1 Coefficient)

The harvest index (HI) in lieu of k1 (Equation (3)) was mapped by first assigning
an average HI to each land use (Table 1). Next, the assigned harvest indices were spa-
tially allocated by using the geographical delimitations of the different land uses in the
land-use map [44]. For citrus, the HI of mature orchards was estimated from data ob-
tained for Valencian plantations by Quiñones et al. [57]. For the composite land uses,
i.e., (i) herbaceous and vegetables and (ii) woody non-citrus, the land use HI was es-
timated as a crop-extent weighted mean in the Valencian Community using the HI
data in de Paz et al. [55] and Guzmán et al. [56] and the crop expanses in agricultural
statistics [50–54]. For olive trees, the HI was taken from Villalobos et al. [58]. For rice,
it was taken from Bueno et al. [59]. Then, for vineyards, the HI was taken from a study
carried out in Murcia, which is an area nearby, similar to the Valencian Community [60].

Table 1. Harvest Indices (HIs) assigned to the different land uses in the IGN (2016) map [44].

Land Use Harvest Index (HI) Reference

Citrus 0.33 Quiñones et al. [57]
Herbaceous, vegetables 0.53 This work
Olive 0.55 Villalobos et al. [58]
Pasture 0.19 This work
Rice 0.50 Bueno et al. [59]
Vineyard 0.51 Mota et al. [60]
Woody non-citrus 0.38 This work

Finally, for pasture, the HI was estimated as the ratio of the annual grazed pasture to
the annual pasture yield. To assess the annual grazed pasture, it was considered (i) that
the pasture is only grazed by the livestock, (ii) that the livestock only grazes on pasture,
and (iii) that the livestock is composed of sheep and goats, which constitute most of the
animal stock in the Valencian Community. Therefore, for this HI assessment to be made, the
population of sheep and goats per livestock function in the Valencian Community [50–54]
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were multiplied by rough estimates of calorie intake per each one (Table 2) and finally
divided by a calorie-to-grass-weight conversion coefficient of 4.3 kcal g−1. To estimate
the annual pasture yield, the actual NPP obtained (Section 4.1) was multiplied by the
pasture extent.

Table 2. Estimated calorie intake requirements of sheep and goats.

Livestock Function Calorie Intake/kcal day−1

Growing 3500
Adult maintenance 1900
Pregnancy 2750
Lactation 4000

Next, the assigned HIs per land use were spatially allocated by using the geographical
delimitations of the different land uses [44]. This way, an HI map was developed from the
land-use map.

3.4. k2 Coefficient

In the Janzen et al. [18] model, the k2 coefficient is a parameter representing the
proportion of NPP that persists in the soil after five years, and is assigned a constant value
of 0.15. In the adaptation of the Janzen model to the Valencian Community, the k2 parameter
was treated as a variable defined as

k2 = 0.15abcd (5)

where deviations from the global average value of 0.15 are related to (i) soil temperature
deviations from the global mean (T = 14.9 ◦C), (ii) soil water content (SWC) deviations
relative to the interval of θFC − x (θFC − θPWP) to θFC (x = 0.444), (iii) differences in soil
management compared to bare soil conditions and (iv) deviations in NPP composition from
the global average. These effects were quantified using response functions for temperature
(a), SWC (b) and soil management (c) from the RothC model [37], along with a function
for NPP composition (d) (Appendices A.1–A.3) and then regionalized (Appendix A.4).
However, consistent with the conventional management baseline adopted in this study,
and to preserve the simplicity of the Janzen model, parameters c and d were set to their
defaults of 1. This assumes, respectively, bare soil conditions (c = 1) [37] and no deviation
of NPP composition from the global average (d = 1).

3.5. k3 Coefficient

In the Janzen et al. [18] model, the k3 coefficient is a parameter representing the annual
mineralization rate of SOC, and is assigned a constant value of 0.002. In the adaptation of
the Janzen model to the Valencian Community, the k3 coefficient was also treated as variable.
Consequently, k3 was spatially modelled as dependent on the same rate-modifying factors
due to soil temperature (a), SWC (b), soil management (c) and SOC composition (d), and
taking the same assumptions regarding c and d indicated above for k2, albeit through a
slightly different functional formulation (Appendix A.1):

k3 = 1 − 0.998abcd (6)

3.6. Soil Organic-Carbon Stock

A database of soil sites from the study area was compiled by integrating soil informa-
tion from 34 partial research surveys conducted between 1983 and 2018. Only sites with
available data for at least one surface soil layer or horizon were retained. This resulted in
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1338 sites with measurements of wSOC and mass fraction of coarse fragments (wCF), and
415 sites with bulk density (ρb) data (Table 3).

Table 3. Statistical summary of the soil organic-carbon mass fraction on a dry-matter basis (wSOC),
the bulk density (ρb) and the coarse-fragment (Ø > 2 mm) mass fraction (wCF) in the topsoil for the
database of soil sites.

Statistic wSOC
(%)

ρb
(g/cm3)

wCF
(%)

Count 1338 415 1338
Minimum 0.15 0.69 0.0
Maximum 5.68 1.78 79.9
Mean 1.54 1.32 12.9
Standard Deviation 1.09 0.15 23.1

The 0–30 cm depth interval is the one recommended as the minimum for SOC assess-
ment in agricultural lands, because this is where most SOC changes usually occur [61].
However, according to the database, the soil-depth intervals that had been sampled at each
site were not uniform, because at least two criteria had been used for sampling. These
criteria were (i) to split the soil depth according to horizon identification objectives, or
(ii) to split the soil depth according to predetermined intervals, depending on the specific
objectives of each survey. Therefore, the information on wSOC, ρb and wCF for the 0–30 cm
depth range was estimated before the geostatistical analysis was performed.

Specifically, for ρb and wCF, weighted averages were calculated from the soil layers
that partially or totally included the 0–30 cm interval by using the layer thickness as
weighting factor. However, for wSOC, the fact that SOC exponentially decreases as depth
increases from a maximum at the surface was taken advantage of [62]. Therefore, the
average wSOC in the 0-dB layer (wSOC,B), with dB = 30 cm, was estimated from the average
wSOC in the 0-dA layer (wSOC,A), where dA corresponds to another depth, preferentially the
shallowest available.

wSOC,B =
dA(e

−δdB − 1)

dB(e
−δdA − 1)

wSOC,A (7)

In Equation (7), δ is the logarithmic rate at which the wSOC decreases with depth. The
δ parameter was computed from the wSOC against depth data from the same soil site if
information from at least two soil layers was available. Otherwise, if only information from
one layer was available, δ was calculated from the average wSOC decrease with depth in
the whole database.

The extension of the point information to the entire study area was performed by
using the following geostatistics approach. First, the experimental semi-variograms for
wSOC and wCF were fitted with spherical models and the ρb with a Gaussian one, due to
the fewer sample points in this case (Figure 2). Then, ordinary kriging was used for the
spatial interpolation based on the semi-variograms previously fitted.

Then, the SOC stock was assessed by using map algebra in which the maps of wSOC,
ρb and wCF were combined according to the following equation.

SOCstock = 100 wSOC ρb (1 − wCF) d (8)

where SOCstock is the SOC stock in Mg ha−1, wSOC is in g g−1, ρb in g cm−3, wCF in g g−1,
and d is the soil depth in cm, i.e., 30 cm in this work, as previously stated.
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Figure 2. Semi-variograms obtained for the soil organic-matter mass fraction (a), the bulk density (b)
and the coarse-fragment mass fraction (c).

3.7. Spatial Processing of the Information

Data processing was conducted using the Geographical Information System (GIS)
ArcGIS 9.3 (ESRI; Redlands, CA, USA), following the workflow in Figure 3. Spatial analysis
techniques were applied to delineate agricultural areas, distinguishing them from other land
uses, and to further subdivide these areas into homogeneous zones to which specific values
of intermediate variables—NPP, k1, k2, k3 and SOC—and, ultimately, the SCS capacity,
could be assigned. Built-in GIS geostatistical tools were used to interpolate point-based
soil property data for mapping purposes. Finally, map algebra was applied to combine the
different spatial layers according to Equation (1) and to derive the SCS capacity.

Temperature 

Figure 3. Workflow followed to apply the Janzen et al. [18] model by using geostatistics and map
algebra and to derive the spatial distribution of the soil carbon sequestration (SCS) capacity across
the agricultural lands of the Valencian Community as a function of the net primary production (NPP),
the soil organic-carbon (SOC) stock and the translocation and transformation coefficients (k1, k2

and k3).
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4. Results
4.1. Net Primary Production

Agricultural yield statistics could only be assessed for the following land uses: herba-
ceous and vegetables, woody non-citrus, citrus, vineyard, olive, and rice; therefore, actual
NPP could only be obtained and compared to MODIS NPP for these. The comparison, as
shown in Figure 4 and Table 4, reveals that, within each land use, MODIS NPP exhibits
higher mean and variance than actual NPP. The comparison also reveals that the land use
explains a remarkable amount of the variance of both. However, the land use explains
more variance of the actual NPP than of the MODIS NPP. In this regard, as the land use
changes, both actual and MODIS NPP increase. This is in accordance with expectations.
However, within each land use, as actual NPP increases MODIS NPP decreases, which is
contrary to expectations.

Figure 4. Annual average provincial actual net primary production (NPP) versus annual average
provincial MODIS-derived NPP arranged according to land use in the Valencian Community during
2017–2021. Lines show the simple linear regressions (SLR) of actual against MODIS NPP for each land
use except pasture, for which the line was estimated by considering the mean slope of all the other
land uses and the SLR between mean actual and MODIS NPP across all land uses (Mean values).

Therefore, according to the linear dependence that was observed between actual NPP
and MODIS NPP within each land use, a different SLR was tried for each one, thereby
obtaining the regression coefficients shown in Table 4. For the land uses for which no
actual NPP data were available, i.e., pasture, the coefficients of the SLR between actual and
MODIS NPP were estimated following another approach.

For pasture, the slope of the regression between actual NPP and MODIS-derived NPP
was set equal to the mean slope obtained across the n cropland land uses. The intercept was
subsequently calculated using this slope, together with the mean actual NPP across the n
cropland land uses (NPPa,pasture) and the mean MODIS NPP for pasture (NPPMODIS,pasture):

slopepasture =
∑n

i=1 bi

n
(9)

https://doi.org/10.3390/agronomy16070747

https://doi.org/10.3390/agronomy16070747


Agronomy 2026, 16, 747 11 of 32

interceptpasture =
∑n

i=1 NPPa,i

n
− ∑n

i=1 bi

n
NPPMODIS,pasture (10)

Using the SLRs (Table 4), the actual NPP was calculated from MODIS NPP at the pixel
level, producing a spatially distributed NPP map (Figure 5). In summary, mean NPP by
land-use type ranged from 0.64 Mg C ha−1 yr−1 for olive groves to 6.43 Mg C ha−1 yr−1 for
rice, with citrus ranking second at 4.50 Mg C ha−1 yr−1, and a mean of 2.43 Mg C ha−1 yr−1

over the total land extent (Table 5). In terms of total NPP, it ranged from 0.06 Tg C yr−1 for
olive to 1.02 Tg C yr−1 for pasture, with citrus following closely at 0.91 Tg C yr−1, and a
grand total of 2.70 Tg C yr−1 (Table 5).

Table 4. Descriptive statistics of actual and MODIS NPP and of the simple linear regression (SLR) of
the former against the latter.

Land Use

NPP (Mg C ha−1)
SLR of Actual Against MODIS NPP Actual

NPP †Actual MODIS

Mean Std. Dev. Mean Std. Dev. Slope Intercept R2

Citrus 4.45 0.59 7.72 0.95 −0.313 * 6.87 0.26 Meas.
Herbaceous, vegetables 2.35 0.62 5.26 0.67 −0.596 ** 5.49 0.41 Meas.
Olive 0.64 0.20 5.63 0.85 −0.041 * 0.88 0.32 Meas.
Pasture 2.43 0.58 6.10 0.97 −0.391 4.81 − Estim.
Rice 4.96 1.91 7.78 1.92 −0.622 ** 9.80 0.39 Meas.
Vineyard 0.89 0.47 4.45 1.11 −0.340 ** 2.40 0.65 Meas.
Woody non-citrus 0.95 0.46 5.49 0.96 −0.432 ** 3.32 0.81 Meas.

* Non-significantly different from zero at the 95% confidence level; ** significantly different from zero at the 95%
confidence level; † Estim.: estimated; Meas.: measured.

Figure 5. Distribution map of the 2017–2021 average Net Primary Production (NPP) across the
agricultural lands of the Valencian Community.
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Table 5. Extent, net primary production (NPP), soil organic-carbon (SOC) stock and soil carbon-
sequestration (SCS) capacity, both in the topsoil (0–30 cm depth), as a function of the land use.

Land Use Extent (ha)
NPP SOC Stock SCS Capacity

Mg C ha−1

yr−1 Tg C yr−1 Mg C ha−1 Tg C Mg C ha−1

yr−1 Tg C yr−1

Citrus 201,924 4.50 0.91 53.8 10.9 0.365 0.0736
Herbaceous, vegetables 130,172 2.46 0.32 62.5 8.1 0.189 0.0245
Olive 87,916 0.64 0.06 66.0 5.8 −0.041 −0.0036
Pasture 419,144 2.44 1.02 72.6 30.4 0.356 0.1491
Rice 16,956 6.43 0.11 76.7 1.3 1.308 0.0222
Vineyard 83,020 1.17 0.10 49.3 4.1 0.033 0.0027
Woody non-citrus 174,372 1.07 0.19 65.9 11.5 0.048 0.0084

4.2. Harvest Indices (k1 Coefficient)

The HI map of the Valencian Community was derived from the land-use map using
the HI values assigned in Table 1 (Figure 6). HI values ranged from 0.19 for pasture to 0.55
for olive, with a mean HI of 0.34 across the study area.

Figure 6. Distribution map of the Harvest Index (HI) across the agricultural lands of the Valencian
Community as obtained from the land-use map by using the HI values in Table 1.

4.3. k2 and k3 Coefficients

As illustrated in Figure 7, the modeled k2 coefficient exhibits considerable spatial
variability, which runs from 0.16 for citrus to 0.42 for rice, with a mean of 0.21 across the
extent of the study area (Table 6).

Similarly to k2, the modelled k3 coefficient also exhibits considerable spatial variability
(Figure 7), which runs from 0.0012 for rice to 0.0022 for citrus, with a mean of 0.0018 over
all the study area (Table 6).
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Figure 7. Distribution map of coefficient k2 (a) and coefficient k3 (b) across the agricultural lands of
the Valencian Community.

Table 6. Average values of the coefficients k2 and k3 as a function of the land use.

Land Use Extent (ha) Coefficient k2 Coefficient k3

Citrus 201,924 0.156 0.00217
Herbaceous, vegetables 130,172 0.208 0.00178
Olive 87,916 0.200 0.00176
Pasture 419,144 0.235 0.00165
Rice 16,956 0.422 0.00119
Vineyard 83,020 0.185 0.00184
Woody non-citrus 174,372 0.207 0.00174

4.4. Soil Organic-Carbon Stock

The spatial estimations of the topsoil data from which the SOC stock is calculated, i.e.,
wSOC, ρb and wCF, were compared to LUCAS-topsoil measured or estimated wSOC, ρb and
wCF values [6] as shown in Figure 8. This comparison is not intended to be a validation,
but it is convenient because of the benchmark the LUCAS data constitutes for many soil
studies in Europe.

For wSOC, the individual estimations appreciably disagree, featuring a Root Mean
Square Error (RMSE) of 0.90%, which may be a consequence of the different dates in which
the soil points gathered in this work and in the LUCAS campaigns were sampled. However,
on average, the estimations of wSOC in this work are consistent with the LUCAS wSOC, as
the mean difference at the 95% confidence level of 0.03 ± 0.30% reveals. Regarding ρb, the
RMSE is 0.29 g cm−3 and the mean difference between this work’s estimation and LUCAS
measurements is 0.18 ± 0.15 g cm−3, which is different from zero at the 95%, but not at the
99% confidence level. Finally, for wCF, the RMSE is 13.2%, but the mean difference between
this work’s estimations and LUCAS measurements is 0 ± 10%, which is not significatively
different from zero at the 95% confidence level.

Therefore, it can be accepted that the wSOC, ρb and wCF values from the soil data points
gathered in this work are reliable enough to base the SOC stock estimations on them.
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Figure 8. Spatially estimated values in this work for the soil organic-carbon mass fraction (a), bulk
density (b) and the coarse-fragment mass fraction (c) against LUCAS measured or estimated values.

Therefore, according to these estimations, the SOC stock in the topsoil (0–30 cm
depth) of Valencian agricultural lands was mapped (Figure 9). In summary, it ranges from
49.3 Mg C ha−1 for vineyards to 72.6 Mg ha−1 for pastures, with a land-extent mean of
64.8 Mg C ha−1 for the entire study area, which gives rise to a total of 72.1 Tg C (Table 5).

Figure 9. Distribution map of the Soil Organic Carbon stock in the topsoil (0–30 cm depth) across the
agricultural lands of the Valencian Community.

4.5. Soil Carbon-Sequestration Capacity

Although the NPP of the crops from the Valencian Community lies between 0.64 and
6.43 Mg C ha−1 yr−1, with a mean of 2.43 Mg C ha−1 yr−1 and a total of 2.70 Tg C yr−1

(Figure 5; Table 5), the SCS capacity of the agricultural lands is remarkably below. Specifi-
cally, the SCS capacity ranges from −0.04 for olive groves to 1.31 Mg C ha−1 yr−1 for rice
paddies, with a mean of 0.25 Mg C ha−1 yr−1 for the whole study area, which gives rise to
a total of 0.28 Tg C yr−1 for Valencian agriculture (Figure 10; Table 5).
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Figure 10. Distribution map of the 2017–2021 average Soil Carbon Sequestration capacity in the
topsoil (0–30 cm depth) across the agricultural lands of the Valencian Community.

5. Discussion
5.1. Net Primary Production

The MODIS-derived NPP is between 36 and 95% lower than the actual NPP. The
validation of the MODIS NPP algorithm over other agricultural areas has shown a similar
trend of NPP underestimation. Specifically, Turner et al. [49] found that the MODIS
algorithm underestimated the actual NPP of a temperate-climate corn and soybean field
by 21%.

Rice shows the strongest agreement between MODIS-derived NPP and observed NPP
in the Valencian Community, with an underestimation of only 36%. This bias is comparable
to the previously reported underestimations of 21% for corn and soybean. Notably, rice
is the crop in the Valencian Community most similar to corn and soybean. Like these
crops, rice is extensively cultivated, and provides a homogeneous soil cover. Moreover,
rice is a single-crop land use in this study, which further enhances spatial homogeneity
across rice-growing areas. In contrast, NPP for the other land uses in the study area is
highly underestimated. Unlike rice, these land uses do not provide homogeneous soil cover,
due to the presence of bare-soil alleys between plant rows. In addition, several of these
land uses, such as vegetables, woody non-citrus crops, and even citrus, are considered
multi-crop in this work, therefore leading to further reduced soil-cover homogeneity within
their dominant areas.

Consequently, the tendency of the MODIS-derived NPP to be biased toward lower
values is likely attributable, among other factors, to inhomogeneity in soil cover within
and among fields and its effect on the estimation of the gross primary production (GPP),
which underpins the MODIS NPP estimates. GPP is computed as the product of the
maximum light-use efficiency for carbon fixation (ε) and the photosynthetically active
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radiation (PAR) that is absorbed by plant canopies, the latter being derived from MODIS
reflectance measurements [63]. Consequently, issues in the representativeness of ε and in
reflectance-based absorbed PAR estimates arising from surface inhomogeneous covering
may propagate into biases in GPP and, ultimately, in NPP [49,63].

Remarkably, however, MODIS-derived and observed NPP exhibited an apparent linear
relationship independently, for each land use, with the coefficient of determination (R2)
ranging from 0.26 for citrus to 0.81 for woody crops. Although the slope of the SLR was
significantly different from zero for only four of the six land uses, particularly those with
R2 over 0.5 (Table 4), the SLRs were used to correct the MODIS underestimation of NPP at
the pixel level, thereby producing the values that were used for producing the NPP map of
the Valencian Community.

According to the NPP map (Figure 5), the agricultural lands to the north and east of
the study area are the most productive, whereas the agricultural lands to the south and
west are the least. Water availability, from either rainfall or irrigation, is arguably the most
important factor that determines plant productivity [64,65]. In the Valencian Community,
the aridity, in general, increases from north to south [66], whereas irrigation dominates the
central coastal, eastern and southern parts of the area, and rain-fed cropping prevails in the
inland western and northern parts [67].

Therefore, the water availability for agriculture seems to explain a good deal of the
geographical distribution of the agricultural NPP. Specifically, olive groves, fruit trees and
vineyards exhibit the lowest NPP, with values of 0.64, 1.07, and 1.17 Mg ha−1 (Table 5),
largely attributable to water scarcity. In contrast, rice and citrus show the highest NPP, with
6.43 and 4.50 Mg ha−1, respectively (Table 5), reflecting much greater water availability.
Between both NPP extremes, vegetables and pasture exhibit a similar NPP, of 2.44 and
2.46 Mg ha−1, respectively.

Olive and grapevine are two crops that have been traditionally rain-fed managed
and, though they are nowadays being converted to irrigation in Spain, water supplies
are still scarce, thereby limiting their productivity [68,69]. Specifically, less than 20%
of the olive-growing area in the Valencian Community receives irrigation [54]. These
rainfed-to-irrigation transitional characteristics of olive and grapevine are shared by the
almond, which accounts for 64% of the cropping area classified as fruit tree in the Valencian
Community [54]. After almond, carob, almost entirely non-irrigated, represents 12% of the
fruit-tree area [54].

In addition to water scarcity, crop management may also deliberately decrease the
NPP. In particular, 91% of the vineyard area in the Valencian Community is devoted to
winemaking [54], which is characterized by prioritizing quality over yield. Specifically, for
achieving certain must features as a means to obtain desirable wine-quality traits, the vines
are managed to constrain both their vegetative and reproductive growth by means of leaf
and shoot removals [70], as well as cluster thinning operations [71,72], which keeps their
NPP well below potential.

At the other NPP extreme, there is rice and citrus. Interestingly, cereals like wheat, corn,
and rice, along with sugarcane, present the highest biological production among crops,
due to their photosynthetic efficiency, high planting density and nitrogen utilization [73,74]
and, therefore, it is not surprising that rice, as the most important cereal in the Valencian
Community, stands out as the crop with the highest NPP. Regarding citrus, they are woody
crops like olive and grapevine. However, contrary to the case of these crops, citruses are
managed to maximize their productivity by applying irrigation and fertilization schedules
that, in general, satisfactorily fulfil their water and nutrient requirements all the year round.

The total NPP of the Valencian agroecosystems during 2017–2021 amounted to
2.70 Tg C yr−1. This figure can be compared with the agricultural greenhouse gas (GHG)
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emissions of 1.03 Tg CO2-eq yr−1, i.e., 0.28 Tg C-eq yr−1, which occurred in the same area
and time span from processes classified as manure management (36%), non-conservative
soil management (30%), enteric fermentation (23%), rice cultivation, burning of agricultural
residues, land-use changes and the use of synthetic fertilizers [75]. Therefore, it can be
estimated that the Valencian agriculture featured a carbon footprint of −2.42 Tg C yr−1 as
of 2017–2021.

5.2. Harvest Indices (k1 Coefficient)

The estimated carbon footprint of −2.42 Tg C yr−1 for agriculture in the Valencian
Community underscores the significant role agriculture may play in the current climate
crisis. However, effective climate change mitigation requires that assimilated carbon does
not return to the atmosphere for at least 100 years [19,20]. This requirement contrasts with
the brief half-life of assimilated carbon: in harvested biomass it is rapidly consumed and
largely returned to the atmosphere within weeks to months, whereas in non-harvested
biomass it persists from several months to about one or two years, in the case of herbaceous
crops and vegetables, and from one year to a few decades, in the most favorable case of
woody crops.

Specifically, the fraction of plant biomass that is not exported from the agricultural
fields and contributes to the NPP inputs into the soil is given by the difference 1 − HI.
This fraction ranges from 0.45 to 0.81, with a mean value of 0.66 in the study area. Pasture
presents the highest 1 − HI value, with 0.81. This figure, along with the intermediate
NPP of pasture and its large expanse, makes this land use the one that contributes the
most to the NPP inputs into the soil in the study area, with 0.83 Tg C yr−1, specifically
45% of the Valencian agriculture potential for generating NPP inputs into the soil. Fol-
lowing pasture, citrus feature the second highest non-exported NPP values, with 0.67
(Table 1). Consequently, since citrus present also the second highest NPP, it contributes
0.61 Tg C yr−1, i.e., 33% of the Valencian agriculture potential for generating NPP inputs
into the soil in the form of rhizodepositions, fallen leaves and pruning wood. Similarly,
other woody crops show non-exported NPP values comparable to citrus (0.62). However,
for most other land uses, less than half of the NPP is left within the agricultural system
(Table 1), fundamentally limiting the SCS capacity of agriculture in the study area.

In particular, for vegetable crops, the 1 − HI is often low, as most of the plant biomass
is harvested, leaving few residues in the field, and with onion (0.03), carrot (0.31), and the
green-leaved ones, e.g., lettuce (0.38) and spinach (0.39), standing out [55]. However, there
are other vegetables that are important producers of crop residues, e.g., artichoke (0.78) and
cauliflower (0.75) [55], thus making the expanse-weighted average 1 − HI of horticulture
only somewhat below that of the vineyards (0.47).

Besides boasting intermediate 1 − HI values, vegetables also present an NPP between
that of grapevines and citrus, so both facts mean that horticulture lies halfway between
both extremes as a contributor of NPP inputs to the soil, in the study area. Interestingly,
horticultural crops might rank higher in NPP inputs because they are the ones typically
receiving more manure applications. Therefore, the organic carbon input represented by
IOMI in Equation (2) is generally non-negligible for vegetable systems. However, under
the conventional management baseline adopted here, IOMI is neglected, and the term was
set to zero.

If, conversely, IOMI were assumed to be non-zero, the estimated NPP inputs to the
soil, and consequently the estimated SOC input and SCS capacity of vegetable systems,
would increase. Moreover, owing to its higher proportion of stabilized organic fractions,
manure typically mineralizes more slowly than other SOC inputs, e.g., crop residues, and,
therefore, this characteristic would enhance its contribution to SCS [76–78]. Accordingly,
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excluding IOMI from the model has resulted in an underestimation of SCS, especially in
horticultural systems where organic amendments are more prevalent.

5.3. k2 and k3 Coefficients

The variable mineralization rate of the SOC input due to its composition would be
reflected by variations in k2. Nevertheless, by assuming d = 1 in Equation (5) this inves-
tigation did not address potential variability in k2 related to the SOC input composition,
focusing only on the effects of soil temperature and moisture. Because these factors in
the Valencian Community differ markedly from their global averages, k2 deviates substan-
tially from the global mean of 0.15 [18], with more than 74% of the study area exhibiting
higher values (Figure 7). The highest ones, exceeding 0.40, are predominantly found in
two contrasting environments: (i) rice paddies, where anaerobic conditions due to high
SWC minimize microbial decomposition of crop residues, and (ii) the drier southern part
of the region, where low SWC constrains decomposition, thereby promoting higher soil
retention of crop residues.

The k3 coefficient exhibits an antiparallel trend relative to k2 (Figure 7), because of
their opposite definitions (Equations (5) and (6)). The k3 changes according to several
factors such as climate, soil texture and tillage [79]. However, by assuming c = 1 in
Equation (6) according to the conventional management baseline adopted in this work,
only the influence of soil temperature and moisture has been considered. Accordingly, our
results show a clear spatial pattern in k3, depending on both factors (Figure 7), with (i) rice
paddies exhibiting the lowest values (<0.0011), because anoxic conditions strongly reduce
microbial activity and thus carbon mineralization, and (ii) coastal areas, with the exception
of paddy areas, presenting the highest k3 (>0.0022), indicating enhanced mineralization
rates under their favorable temperature and SWC conditions.

5.4. Soil Organic-Carbon Stock

The spatial predictions of the topsoil variables used to calculate SOC stock, i.e., wSOC,
ρb, and wCF, were, on average, consistent with the corresponding LUCAS topsoil measure-
ments (Figure 8), although the fitting precision was limited. In contrast, wSOC predictions
derived from the Organic Carbon content in the TOPsoils dataset (OCTOP) showed sys-
tematic disagreement with the LUCAS observations in the Valencian Community, resulting
in a marked underestimation [80]. Therefore, this analysis improves previous modelling
efforts and strengthens confidence in the pixel-level estimates of SOC stocks that have been
carried out in this study.

The highest SOC stocks in the Valencian Community are located in three areas: the
northwest, center and southeast (Figure 9). These three areas feature dry–subhumid climate
conditions and lower temperatures, in contrast to the semi-arid and warmer characteristics
of the rest of the study area [66], and such climate conditions may explain how SOC lasts
longer, something which eventually shows up in higher SOC stocks. Conversely, the lower
SOC stocks are located to the south of the area, where the climate is warmer and drier.

Higher temperatures generally enhance SOC decomposition [81], whereas climatic
dryness tends to favor SOC preservation by constraining soil biological activity [82]. How-
ever, the high-intensity rainfall events characteristic of the Mediterranean climate can
substantially accelerate SOM respiration beyond the enhancing effects of intermediate
SWC [83]. This response may be largely attributed to rewetting effects, which accelerate
SOC mineralization and can override the SOC gains accumulated during preceding dry
periods [82,84,85]. In addition, increasing rainfall intensity enhances SOC losses through
water erosion [86]. Water erosion may therefore represent a significant factor of SOC loss
in the Valencian Community, particularly in southern areas, where SOC stocks are lower,

https://doi.org/10.3390/agronomy16070747

https://doi.org/10.3390/agronomy16070747


Agronomy 2026, 16, 747 19 of 32

because of their steep relief and semi-arid-to-arid conditions. In these areas, very limited
vegetation cover on the alleys between plant rows leaves soils remarkably exposed to rain-
drop impact and compaction from agricultural traffic, resulting in low infiltration capacity
and high susceptibility to runoff.

Regarding the SOC stock in the topsoil under the different land uses, vineyard feature
the lowest, with 49.3 Mg C ha−1 (Table 5), which is surprisingly higher than the estimate
made for French vineyards, which is roughly 32 Mg C ha−1 [87,88]. The SOC stock for citrus
follows, with 53.8 Mg C ha−1 (Table 5), which is like that of Chinese citrus orchards [89]. The
SOC stock in vegetable systems is 62.4 Mg C ha−1, which is higher than French croplands,
which feature 56.4 Mg ha−1 [87]. Surprisingly, the SOC stock for olive groves is quite high,
i.e., 66.0 Mg ha−1 (Table 5), which is like the values found for olive groves cropped under
the same hot-summer Mediterranean climate in southern Italy [90].

The high SOC stock featured by olive groves is probably because olive trees are usually
grown in agroforestry areas, which are aimed at not only producing olives, but, importantly,
at raising swine, thus favoring the development of spontaneous plants that contribute a lot
of plant debris to the soil [91]. However, under the conventional management approach
adopted in this study, only one plant, i.e., the crop, or an average one in the case of
vegetables and fruit-trees, treated separately, has been considered.

5.5. Soil Carbon-Sequestration Capacity

On average, the Valencian agriculture would be able to assimilate 2.43 Mg C ha−1 yr−1

and sequester in the soil 0.25 Mg C ha−1 yr−1. This SCS capacity compares well with the
results of Follet [92], who assessed an SCS capacity of between 0.1 and 0.6 Mg C ha−1 yr−1

for US croplands. Since the SOC stock in the topsoil from the study area is 72.1 Tg C, the
whole SCS capacity of 0.28 Tg C yr−1 of the Valencian agroecosystems leads to an annual
increase of 3.8 per mille, thus almost matching the objective of 4 per mille that was raised
in the COP21 agreement in Paris [24].

If both the NPP and the SCS capacity are compared by land use (Table 5), rice is not only
the highest in the former (6.43 Mg C ha−1 yr−1), but also in the latter (1.31 Mg C ha−1 yr−1).
Conversely, olives, grapevines and fruit trees sequester very little carbon in the soil (−0.041,
0.033 and 0.048 Mg C ha−1 yr−1), which is in accordance with the low NPP of 0.64, 1.17
and 1.07 Mg C ha−1 yr−1 which they feature, respectively, as well as their relatively
low 1 − HI, which means that roots, pruning wood and fallen leaves contribute very
little to the SOC input under these land uses. Moreover, this contribution would more
favorably occur in cases where these crop residues were incorporated into soils. However,
this is a management practice not very widespread in, particularly, the vineyards of the
study area, because of concerns about the role dead-wood debris may play as shelter for
fungal plant pathogens, specifically behaving as an inoculum source for grapevine trunk
diseases from one year to the next [93,94]. However, the low SCS that vineyards feature
could be increased if RSM practices were implemented, such as the use of cover crops or
the importation of organic amendments [95,96], provided these have been conveniently
sanitized and decontaminated.

The SCS of 0.28 Tg C yr−1 of the agricultural land of the Valencian Community
amounts to only 10% of its NPP. Moreover, according to the agricultural greenhouse gas
(GHG) emissions of 0.28 Tg C-eq yr−1, which were contributed in the same area during
2017–2021 [75], the SCS of the Valencian agroecosystems would have made up just 100%
of these. In this way, Valencian agriculture would offset its emissions and become carbon
neutral, primarily because of pasture (0.15 Tg C yr−1) and citrus (0.07 Tg C yr−1), due
to their large extent and moderate SCS capacity. However, nothing would be left to
compensate for emissions from past agricultural activity or from other anthropogenic
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sectors. Therefore, though the agricultural SCS is considered a strategy for climate change
mitigation, these results suggest that, by itself, the SCS of agroecosystems cannot fix the
present climate crisis, as already addressed [24,97,98].

The only way in which Valencian agriculture may contribute to offset the GHG emis-
sions from the past and other anthropogenic sectors in the same region, and therefore help
mitigate climate change, is by growing from the conventional baseline of 0.28 Tg C yr−1. In
this regard, the widespread deployment of RSM practices, particularly in areas identified in
this study as having the most favorable conditions, emerges as the most effective strategy.
By increasing SOM, these practices not only contribute to climate change mitigation, but
also enhance soil health by reinforcing soil ecological functions, thereby improving land
adaptation to climate change [99].

In particular, under the arid-to-dry sub-humid climate featured in the Valencian
Community, the soil health enhancement the SOM increase brings about might boost
agricultural yields [100] and harvest quality [101], thus decisively supporting Valencian
agriculture in its adaptation to climate change. However, more research is needed to
support this hypothesis of mutually reinforcing effects due to the implementation of RSM,
especially for woody crops.

Remarkably, the deployment of RSM must be system specific, as shown in this work.
In irrigated systems, the focus should be on enhancing SCS through active management
practices, chiefly the regular incorporation of crop residues into the soil and the use of
cover crops, either sown or spontaneous, because without groundcover the agroecosystem
NPP is below its maximum [102,103], while additionally bare soil conditions promote
SOC decomposition (c = 1 for bare soil and c = 0.6 otherwise in Equations (5) and (6)).
In particular, citrus is the most promising land use for SCS in the Valencian Community,
because of the high NPP it boasts in combination with a low SOC stock (Table 5), and then
the low harvest index (0.33), and the large expanse of land it covers (Table 5). Therefore,
the implementation of RSM practices to increase the SCS under citrus, such as the use of
cover crops, the recirculation of organic matters and reduced tillage could enhance the SCS.

In rainfed systems, where increasing NPP is inherently challenging due to water
scarcity, the primary objective should be soil conservation and the preservation of existing
SOC stocks. This can be achieved by minimizing soil disturbance; for instance, by adopting
minimum-till practices. Moreover, the abuse of tillage operations negatively impacts soil
fauna and fungi survival rates [104,105] and boosts soil aeration remarkably [106], thus
accelerating the mineralization of both the ephemeral and lingering SOC pools, which
would show up in the increase of the k2 and k3 coefficients.

Furthermore, conventional tillage also renders the soil highly erodible, resulting in
SOC losses because of topsoil water erosion [107,108]. The effect of water erosion on SCS
would enter Equation (1) as an SOC output, i.e., a subtrahend. Therefore, excluding water
erosion from the present analysis to preserve the simplicity of Janzen’s model may have
led to SCS overestimation. Nevertheless, this SCS overestimation could be, at least in
part, counterbalanced by the SCS underestimation caused by disregarding cover crops,
both seeded and spontaneous, as well as organic-matter recirculation to croplands as
SOC inputs.

6. Conclusions
The Janzen’s simple soil-carbon sequestration (SCS) model has been adapted and

applied at regional scale within a GIS framework, using the calibrated NPP map, the SOC
stock map from a geostatistical analysis of layered-soil point data, and the land-use map
combined with crop-specific harvest indices for the study area, together with spatially
distributed estimates of NPP and SOC decay-rate coefficients. Using this approach, the
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spatial distribution of SCS capacity under conventional management across a representative
semi-arid Mediterranean agricultural region has been explored, showing that it ranges
from −0.04 to 1.31 Mg C ha−1 yr−1.

The geographic distribution of SCS is primarily controlled by water availability, either
from rainfall or irrigation, because of its control over the NPP, SOC and NPP and SOC decay-
rate coefficients. In total, under the assumption of conventional crop and soil management,
the agroecosystems from the study area may assimilate 2.70 Tg C yr−1, i.e., the NPP, and
sequester 0.28 Tg C yr−1 in the soil, i.e., barely 10% of the NPP, led by pasture and citrus
with 0.15 and 0.07 Tg C yr−1, respectively, due to their large extent and moderate SCS
capacity. This total SCS would have nearly met the 4-per-mille objective and accounted
for 100% of the greenhouse gas (GHG) emissions from agriculture in the study area, which
were 0.28 Tg C-eq yr−1 during the five-year period 2017–2021. Therefore, the total SCS that
has been estimated just offsets the agricultural GHG emissions.

This result suggests that under continued conventional crop and soil management,
without enhancing the agricultural carbon sink, the SCS of agriculture in the study area
is insufficient to offset GHG emissions from past agricultural activity or from other an-
thropogenic sectors and, therefore, the objectives of the “carbon farming” strategies will
not be met. Nevertheless, fortunately, the SCS can only increase from the 0.28 Tg C yr−1

conventional baseline, hence overcoming the 4-per-mille objective, if the following regen-
erative soil management (RSM) practices are implemented: (i) the use of cover crops to
increase the agroecosystem NPP, and decrease SOC loss due to mineralization and soil
water erosion; (ii) the application of organic amendments, to recirculate as much NPP
as possible to agroecosystems; (iii) and reduced tillage, to decrease the NPP and SOC
mineralization rates and SOC losses because of water erosion.

Importantly, such an SCS increase may strengthen the soil health of agriculture in the
study area, with likely consequences of enhancement of crop yields and harvest quality.
The geographic distribution of SCS in the study area, as revealed in this work, can ade-
quately support decision-makers in planning the implementation of RSM practices aimed
at increasing SCS. However, which RSM practices are more adequate and how they should
be applied to obtain the most SCS, as well as to enhance produce yield and quality, must be
researched in more depth.
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Abbreviations
The following abbreviations are used in this manuscript:

GIS Geographical Information System
HI Harvest Index
IOMI Imported Organic Matter Index
LUCAS Land Use/Cover Area frame Survey Soil
MODIS Moderate Resolution Imaging Spectroradiometer
NPP Net Primary Production
RSM Regenerative Soil Management
SCS Soil Carbon Sequestration
SOC Soil Organic Carbon

Appendix A
Appendix A.1. Coefficients of the Janzen et al. [18] Model for a One-Year Time Span Under
Variable Non-Standard Soil Temperature and Moisture

The residual net primary production (RNPP) and the soil organic carbon (SOC)
that remain in the soil t years after time t = 0 can be calculated with, respectively,
Equations (A1) and (A2), which consider that they both decay according to first-order kinetics:

RNPP = RNPP0e−kRNPPt (A1)

SOC = SOC0e−kSOCt (A2)

In Equation (A1), RNPP0 is the residual net primary production at time t = 0
(RNPP0 = (1 − HI) NPP), and kRNPP is the decomposition first-order kinetics rate coefficient
of the residual net primary production. In Equation (A2), in parallel to Equation (A1), SOC0

is the soil organic carbon at time t = 0, and kSOC is the decomposition first-order kinetics
rate coefficient of the soil organic carbon.

The decomposition rate of organic carbon depends on the composition of the organic
matter, weather conditions, and how it is managed. Therefore, the decomposition rate
coefficient of organic carbon can be expressed as the product of several factors, each
accounting for one of these influences [37]. Accordingly, we can write the following
equations as applied to the RNPP and SOC, respectively:

kRNPP = a b c d kRNPP,std (A3)

kSOC = a b c d kSOC,std (A4)

where a, b, c and d are modifying factors that account for, respectively, soil temperature,
soil water content, organic carbon management and composition of the organic matter, and
kRNPP,std and kSOC,std represent the decomposition rate coefficients under standard condi-
tions of soil temperature (T), soil water content (θ), organic composition and conventional
crop and soil management, for which a = 1, b = 1, d = 1 and c = 1, respectively.

In the Janzen et al. [18] model, the decomposition rate coefficients for RNPP and SOC
differ from the kRNPP and kSOC definitions. Specifically, in the Janzen et al. [18] model, the
coefficient for RNPP decomposition, denoted as k2, was defined as the fraction of the RNPP
remaining after five years under standard conditions of T, θ and biomass composition so
a = 1, b = 1 and d = 1, and conventional crop and soil management so c = 1, while the
coefficient for SOC decomposition, denoted as k3, was defined as the fraction of SOC
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decomposed in one year, also under standard conditions of T, θ and soil organic matter
composition so a = 1, b = 1 and d = 1, and conventional soil management so c = 1. Therefore,

k2 =
RNPP1

RNPP0
= e−kRNPP,std (A5)

k3 = 1 − SOC1

SOC0
= 1 − e−kSOC,std (A6)

By using Equations (A1)–(A4), the fraction of RNPP remaining after one year, on the
one hand, and the fraction of SOC decomposed after one year, on the other hand, under
non-standard and non-conventional management conditions, i.e., conditions so that a ̸= 1,
b ̸= 1, d ̸= 1 and c ̸= 1, can be obtained:

k2,non−std =
RNPP1

RNPP0
= e−abcdkRNPP,std (A7)

k3,non−std = 1 − SOC1

SOC0
= 1 − e−abcdkSOC,std (A8)

Therefore, if the value of kRNPP,std is isolated from both Equations (A5) and (A7) and
equaled, and if the same is done with the value of kSOC,std in Equations (A6) and (A8), the
decomposition coefficients in the Janzen et al. [18] model for a one-year time span and
under non-standard T, θ, organic carbon management and organic matter composition
(k2,non-std and k3,non-std) can be expressed based on the k2 and k3 as originally defined for
standard conditions and conventional management:

k2,non−std = kabcd
2 (A9)

k3,non−std = 1 − (1 − k3)
abcd (A10)

Appendix A.2. Decomposition Rate Modifying Temperature Factor a Regarding the Global
Mean Temperature

The following expression can be assumed for the decomposition rate modifying
temperature factor a [37]:

a =
α

1 + eβ/(T+γ)
(A11)

where T is in ◦C and α, β and γ are constants that take values of, respectively, 47.9, 106 and
18.3, so that the standard temperature at which a = 1 is the annual mean temperature for
Rothamsted, England [37], which is 9.25 ◦C.

However, the decomposition rate coefficients k2 and k3 in the Janzen et al. [18] model
take the global mean temperature as standard, not Rothamsted’s.

The decomposition rate modifying temperature factor a in Equation (A11) can be
defined as the ratio of the decomposition rate coefficient at whichever temperature T to the
decomposition rate factor at the standard temperature, i.e., Rothamsted’s (TR), by means of
the following equation:

kT
kTR

=
α

1 + eβ/(T+γ)
(A12)

Therefore, at another temperature, e.g., global mean temperature (TG), the decomposi-
tion rate modifying temperature factor is the following:

kTG

kTR

=
α

1 + eβ/(TG+γ)
(A13)
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By dividing Equation (A12) by Equation (A13), the decomposition rate modifying
temperature factor a at temperature T with regards to temperature TG is obtained:

kT
kTG

=
1 + eβ/(TG+γ)

1 + eβ/(T+γ)
(A14)

If we define αG as
αG = 1 + eβ/(TG+γ) (A15)

and calculate it for the global mean temperature TG = 14.9 ◦C, we obtain αG = 25.4, which is
the value that should be used instead of 47.9 to calculate the decomposition rate modifying
temperature factor a regarding the global mean temperature, with the following equation
in which β and γ present the same values of 106 and 18.3, respectively:

aG =
αG

1 + eβ/(T+γ)
(A16)

Appendix A.3. Decomposition Rate Modifying Soil Moisture Factor b

The decomposition rate modifying soil water content (SWC) factor b was originally
defined based on the topsoil moisture deficit (TSMD):

b =


bmin if TSMD > TSMDmax

bmin + (bmax − bmin)
TSMDmax−TSMD

TSMDmax−xTSMDmax
if TSMD ∈ [x, 1] TSMDmax

bmax if TSMD < x TSMDmax

(A17)

where bmin and bmax are the bottom and top bounds of the b factor: bmin = 0.2 and
bmax = 1.0, 0; TSMDmax are the bottom and top bounds of the TSMD; and x is a frac-
tion (0 ≤ x ≤ 1) of the TSMD range, i.e., from 0 to TSMDmax, which is taken as being
x = 0.444.

The TSMD can be defined in terms of the SWC (θ), the SWC at field capacity (θFC),
and the SWC at permanent wilting point (θPWP), and the TSMDmax:

TSMD =
θFC − θ

θFC − θPWP
TSMDmax (A18)

Then TSMD in Equation (A17) can be replaced by its definition according to Equation
(A18), and b can be expressed based on the SWC (Figure A1):

b =


bmin if θ < θPWP

bmin + (bmax − bmin)
θ−θPWP

(1−x)(θFC−θPWP)
if θ ∈ [θPWP, x θPWP + (1 − x)θFC ]

bmax if θ > x θPWP + (1 − x)θFC

(A19)
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Figure A1. Coefficient b evolution as function of the soil water content (SWC) from dryness
(θDRY = 0) to field capacity (θFC), passing through permanent wilting point (θPWP), and the transition
to optimum SWC for soil organic-carbon mineralization, which is x θPWP + (1 − x) θFC with x = 0.444,
according to Coleman et al. [37]. Between θFC and water saturation (θSAT), the coefficient b is not
defined, which limits the application of this calculation to conditions where SWC is expected to be as
much as θFC.

Appendix A.4. Assessment of the Spatial Distribution of the a and b Coefficients

The coefficients of the Janzen et al. [18] model under variable non-standard temper-
ature (T) and SWC (θ) conditions (k2,non-std and k3,non-std) were spatially estimated by
first assessing the spatial distribution of the coefficients a and b on which they depend
(Equations (A9) and (A10)).

To spatially estimate the soil-temperature coefficient a, air temperature (Tair) was
used as surrogate for soil temperature (T). Consequently, rasterized monthly Tair for
the 1991–2020 climatological mean was obtained from AEMET [109] and used directly to
compute the rasterized monthly a coefficient using Equation (A16). The 12 monthly values
were subsequently averaged to derive the annual mean map of the coefficient a throughout
the Valencian Community (Figure A2).

To spatially estimate the SWC coefficient b, a spatially distributed soil-water balance
was performed. Previously, the SWC at permanent wilting point (θWP) and at field capacity
(θFC) were spatially generated by geostatistical interpolation of the soil properties required
to apply the Mualem–van Genuchten soil-water retention model at pressure heads of
−15,000 and −200 cm, respectively. Model parameters were taken from the calibration of
Wösten et al. [110] for European soils, and from the resulting SWC the volume occupied by
coarse fragments was subtracted.

Next, rasterized monthly cumulative rainfall (R) and Penman–Monteith reference
evapotranspiration (ET0) for the 1991–2020 climatological mean were obtained from
AEMET [109]. Crop evapotranspiration for each month i (ETc,i) was computed as the
product of land-use-specific crop coefficients (Ki, Table A1) and reference evapotranspiration:

ETc,i = Ki ET0,i (A20)
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Annual irrigation rates (I) were also selected, depending on the land use (Table A2),
and distributed across months according to the following equation:

Ii =
IRi

∑12
i=1 IRi

I (A21)

where IRi denotes the irrigation requirement for month i, calculated as the difference
between crop evapotranspiration and precipitation for that month. Negative values were
set to zero (Equation (A22)).

IRi =

{
0 if Kc,iETc,i − Pi ≤ 0
Kc,iETc,i − Pi if Kc,iETc,i − Pi > 0

(A22)

Figure A2. Distribution map of the soil-temperature coefficient a (a) and the soil-moisture coefficient
b (b) throughout the agricultural lands of the Valencian Community. Data from AEMET [109].

Table A1. Monthly crop coefficients (Ki) used to calculate crop evapotranspiration.

Land Use Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec

Citrus 0.63 0.62 0.63 0.59 0.52 0.59 0.65 0.75 0.70 0.80 0.69 0.60
Herb., veg. 0.46 0.47 0.48 0.48 0.50 0.51 0.51 0.49 0.47 0.46 0.46 0.47
Olive 0.45 0.45 0.59 0.54 0.50 0.50 0.50 0.50 0.50 0.54 0.59 0.45
Pasture 0.46 0.47 0.48 0.48 0.50 0.51 0.51 0.49 0.47 0.46 0.46 0.47
Rice − − − − − − − − − − − −
Vineyard 0.00 0.00 0.00 0.29 0.29 0.33 0.40 0.41 0.42 0.37 0.00 0.00
Woody N. Cit. 0.00 0.05 0.23 0.39 0.53 0.60 0.64 0.69 0.62 0.53 0.19 0.00
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Table A2. Annual irrigation rates used for estimating monthly irrigation rates.

Land Use Irrigation (mm)

Citrus 394
Herbaceous, vegetables 392
Olive 0
Pasture 0
Rice −
Vineyard 146
Woody non-citrus (almond, carob, pomegranate, persimmon, etc.) 120

The water balance was initialized in September (month 9), which marks the beginning
of the hydrological year, by setting the SWC equal to the wilting point (θ9 = θWP). Subse-
quently, the SWC for the ith month (θi) was computed by adding monthly precipitation (Pi)
and irrigation (Ii) to the SWC at the end of the previous (i − 1)th month and subtracting
crop evapotranspiration. The resulting θi was constrained to lie between θWP and θFC:
values below θWP were set to θWP, and values above θFC were set to θFC (Equation (A23)).
The water balance was iterated until convergence of θ9 was achieved.

θi =


θWP if θi−1 + Pi + Ii − ETc,i < θWP

θi−1 + Pi + Ii − ETc,i if θi−1 + Pi + Ii − ETc,i ∈ [θWP, θFC]

θFC if θi−1 + Pi + Ii − ETc,i > θFC

(A23)

The rasterized monthly SWC values were used to compute the rasterized monthly b
coefficient using Equation (A19).

The water-balance approach combined with the calculation of coefficient b in
Appendix A.3 was not applied to rice-land use because paddy fields remain flooded for
several months annually and, in all cases in the study area, are characterized by shallow
water tables. These features result in paddy soils that are either water-saturated or remain
between field capacity and saturation year-round, which are conditions that are not simu-
lated by the water-balance approach in combination with the calculation of coefficient b in
Appendix A.3. However, these over field-capacity conditions lead to b coefficient values
consistently below unity, with lower values associated with higher soil-water content [111].
Therefore, coefficient b was assigned according to the values found by calibration by Shirato
and Yokozawa [111]: b = 0.2 during flooded months, b = 0.6 during drainage months, and,
consequently, b = 0.4 during transition months between flooded and drained conditions,
following the rice water cycle in the paddy fields around L’Albufera [112], which is the
most important rice-cropping area in the Valencian Community (Figure A3).

In both cases—application of the water balance and coefficient b calculation approach
in Appendix A.3, and the rice land-use case—the 12 monthly b values were averaged to
derive an annual mean map of coefficient b across the Valencian Community. The rasterized
parameters representing the mean annual coefficients a and b (Figure A2) were then used
to compute the final k2non-std and k3non-std maps.
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Figure A3. Average monthly values of coefficient b assigned to paddy soils based on the water cycle
in the paddy fields around L’Albufera (Valencian Community).
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