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Abstract

Decision support systems (DSSs) help farmers and decision-makers to find cropping sys-
tems which increase productivity while decreasing the use of fertilizers and irrigation;
however, few DSSs exist which integrate soil carbon models, especially in Mediterranean
climate. Here, we test whether RothC20_N, a version of the widely used RothC model
adapted for Mediterranean and arid climates, can estimate the soil water content (SWC),
soil organic carbon (SOC), and soil respiration (Rs), observed in two different cropping
systems, one traditional and the other informed by the DSS by Horta Srl. The model was
calibrated and tested against two long-term (8 years) field experiments in two different
areas in Italy. The two sites showed characteristically dry soils during the summer period;
RothC20_N was able to predict correctly the soil water content time series observed in
both sites. RothC20_N could predict the measured SOC and heterotrophic respiration time
series with Nash-Sutcliff efficiency ~0.3, normalized root mean squared error ~0.4, and
Kling-Gupta efficiency > 0. This study shows that the multi-objective calibrated RothC20_N
is an interesting candidate for inclusion in a DSS to broaden the potential of the DSS to
increase the sustainability of agricultural practices by also addressing soil carbon dynamics
while maintaining high agricultural productivity.

Keywords: sustainable development; climate change adaptation; soil carbon modelling;
decision support systems; sustainable agricultural practices

1. Introduction

Soils in Mediterranean climatic zones are often depleted in soil organic carbon
(SOC; [1]); this can be seen as an opportunity for the sequestration of carbon into the
soil using focused agricultural practices [2]. Soil is both a sink and a source of CO, due
to anthropogenic and natural drivers [3]; as such, agriculture can also be a source or a
sink of CO,, depending on the cropping system used and the conditions in which it is
deployed [4]. There are many agricultural practices with the potential to increase SOC
(referred to as soil carbon sequestration practices); among them are the use of cover crops,
reduced tillage, green mulching, etc. [5-7]. Turning agricultural soils into net sinks of
CO; is fundamental to reach carbon neutrality and maintain the global temperature rise
within 1.5 °C [8], while also avoiding food shortages. As such, it is important to develop
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decision support systems (DSSs) aimed at soil carbon sequestration to help policy makers
and farmers estimate and verify which practices are best suited to increase SOC and reduce
greenhouse gases emissions, without affecting food production [9].

Carbon enters the soil as organic matter and is then degraded by the soil microor-
ganisms, resulting in the emission of CO, from the soil [10]; SOC can thus be increased
by increasing the input of organic matter and/or decreasing the rate of its degradation to
CO; (a process here referred to as mineralization [11,12]). The total flow of CO,; exiting
from the soil is called soil respiration (Rs) and can be thought as the sum of the respiration
by autotrophic organisms (R,;, mostly plant roots) and the respiration by heterotrophic
organisms (Rj, mostly microbes and fungi in the soil degrading dead organic matter [13]).
Every agricultural practice aimed at increasing SOC should study both soil inputs and
outputs: some studies show that increasing the input of organic matter to the soil, for
example, can result in a net increase in soil CO, emissions [14,15]. Soil carbon and soil
respiration can be directly measured in the field [16]; however, soil organic carbon pools
are affected by large uncertainties and need measurement intervals of at least 5-10 years
to detect statistically significant trends in SOC, while R; measurements are, in general,
very expensive [17]. Measurements of SOC and R; are important to assess and verify the
effect of different cropping systems on SOC, but not to predict possible future SOC changes
related to the use of a certain cropping system.

Soil carbon sequestration practices increase SOC by increasing the input of organic
matter in the soil, reducing the degradation of SOC, or both [18]. Cover crops, typically,
decrease the time the bare soil is exposed to the elements, reducing soil erosion and SOC
degradation; moreover, when incorporated into the soil, they result in a large increase in car-
bon inputs to the soil [19]. Reduced tillage has the potential of decreasing SOC degradation
by avoiding the exposure of the lower soil to the elements and reducing the disturbance of
the soil structure [20]. The efficacy of soil carbon sequestration practices changes depending
on the type of soil on which they are applied. Vertisols, soils with relatively high clay
content and often showing deep cracks forming in dry periods, have usually already high
percentages of SOC protected by the clay fraction: in this case, soil sequestration practices
should focus on the decrease in the degradation of SOC [21]. Inceptisols, young soils
with moderate development, may vary greatly in their properties; recent studies show
that a combination of increased carbon inputs (with diversified cropping systems) and
decreased soil disturbance (with reduced tillage) have the potential of increasing SOC in
inceptisols [22,23].

Soil carbon models are aimed at predicting SOC changes and Rj, emissions [24]; they
can be both empirical (based on statistical analysis of existing SOC datasets) or mechanistic
(trying to represent the processes involved in soil carbon dynamics). A widely used empiri-
cal model is that formulated in the IPCC (Internation Panel for Climate Change) national
GHG (greenhouse gases) inventory guidelines (Tier 1), which estimates broad, general
SOC trends in a certain climate, soil, and management combination [25]. Mechanistic
models are usually based on the concept of different soil organic matter pools decaying
exponentially at different rates depending on soil conditions (temperature, water content,
etc.) and on soil management practices (crop rotation, tillage, etc.). Different models vary in
their robustness, geographical area of applicability, number of processes represented, and
amount of data required; however, the use of soil carbon models is still mostly restricted to
research studies.

A promising way to use soil carbon models to inform policy makers and farmers’
decisions is to integrate them into DSSs [17]. DSSs are already used in agriculture to increase
efficiency by decreasing irrigation, fertilization, and the application of pesticides [26]. Most
of the existing DSSs aimed at soil carbon estimation employ empirical models (e.g., IPCC
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Tier 1 method [17,27]). However, some DSSs integrated with mechanistic models exist, for
example, the USA COMET-Farm integrated with the DayCent model [28], or the Full CAM
model, used in Australia’s National Greenhouse Gas Accounts [29], integrated with the
RothC model.

The example of FullCAM is particularly interesting: here, a soil carbon sub-model
(RothC) is integrated with a plant litter sub-model and a vegetation growth sub-model
to predict carbon fluxes due to various types of land managements in Australia [30]. The
RothC model is one of the most used soil carbon dynamic models, with a simple design
and low requirement of data [31,32]. RothC models only the carbon fluxes in the soil, with
no sub-model for plant growth; it modifies the decay rate of the carbon pools depending
on air temperature, soil water content (modelled with a simple bucket model for water
balance), and presence/absence of vegetation. As such, RothC can be easily integrated
into a DSS which already models vegetation physiology, soil temperature, and agricultural
practices [33].

Even if RothC can be considered a mechanistic model, it still uses empirical rela-
tionships to estimate the effects of the soil conditions of SOC dynamics; therefore, these
relationships have to be adapted to various different conditions around the world with
different approaches [33,34]. For example, due to the reported limitations of RothC in
estimating SOC dynamics in semi-arid regions [35], Farina et al. [36] developed a modified
version of RothC, called RothC20_N, modifying the soil water balance bucket model of
RothC and the effects of low soil water content on SOC pool mineralization. RothC20_N
successfully simulated the SOC data collected in five long-term (12-100 years duration)
field experiments in semi-arid areas [36].

Another problem of the RothC model is its over-parametrization, which leads to
equifinality [37], meaning that different sets of parameter values can give the same results
for SOC projections, thus decreasing the reliability of the model. Cagnarini et al. [38] have
shown that RothC’s equifinality problem can be minimized by conducting a multi-objective
calibration: instead of using only SOC data as a target for calibration, multiple time series
of relevant soil variables should be used to constrain the model parameters. In particular,
the use of soil water content time series can help in the calibration of the soil water balance
sub-model [39], and it has been shown that R; time series, once partitioned into its R, and
Ry, components, can yield reliable RothC calibration with only 3 years of data [40,41].

RothC20_N seems, thus, a promising carbon model to integrate into agricultural
DSSs aimed at Mediterranean (and semi-arid) conditions, to estimate changes in SOC
dynamics due to the adoption of the DSS. However, the model should be able, after proper,
multi-objective calibration, to simulate the different SOC dynamics in a certain area, when
DSSs informed cropping systems are applied, with respect to a cropping system managed
traditionally, without the use of the DSS. Here, we hypothesize that RothC20_N can
successfully estimate the difference in SOC dynamics in a field when the cropping system
is informed by a DSS, with respect to a field with no use of DSS, in Mediterranean climate.

To test this hypothesis, our objectives were to (a) analyse the difference in soil organic
carbon, soil respiration, and other variables related to carbon fluxes, between two different
cropping systems, a traditional cropping system not using the DSS (here referred to as
conventional cropping system, CCS) and a DSS informed cropping system (here referred
to as efficient cropping system, ECS), in two long-term (8 years) field studies in different
parts of Italy; (b) use a multi-objective calibration for RothC20_N and assess the level of
agreement between model estimates and measurements in the two cropping systems, in
the two areas. Integrating a validated SOC model with a DSS would greatly help farmers
in mediterranean and semi-arid climates to explore options to increase yields and decrease
use of water, fertilizers, and pesticides, while also maintaining or increasing SOC levels.
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2. Materials and Methods
2.1. Field Sites

Two field experiments were set up at experimental farms in Ravenna province (locality
of Ca Bosco; 44°29'15” N, 12°10'44” E, experimental area 7 hectares) and in Foggia province
(locality of San Giuseppe; 41°29'27” N, 15°30'14” E, experimental area 7.5 hectares), as
shown in Figure 1. The two sites differ in soil type, water regime, climate, and land
use; their differences are meant to assure that the study results are representative for most
conditions found in Italy. The Ravenna site is characterized by the following: silty clay loam
inceptisol in the west side and silty loam inceptisol in the east side; 4 m elevation above
mean sea level (a.m.s.1.); flat landscape; humid sub-tropical climate (Cfa by Koppen-Geiger
classification, [42]), with mean yearly temperature of 14.3 °C, cumulative annual rainfall
of 659 mm, rain events concentrated in spring and fall, thermic soil temperature regime,
and Ustic soil water content regime. The Foggia site is characterized by the following: silty
clay loam vertisol; 70 m elevation a.m.s.L; flat landscape; cold semi-arid climate (BSk by
Koppen—-Geiger [43]), with mean yearly temperature of 16.9 °C and cumulative annual
rainfall of 554 mm, thermic soil temperature regime, and Xeric soil water content regime.
More information on the experimental sites can be found in the Supplementary Materials.

Cropping Systems
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Figure 1. Plots and cropping systems’ subdivision into plots, with the equipped devices (soil
temperature sensors, soil gas chambers, and weather station), for the two experimental fields in
(a) Ravenna and (b) Foggia; (c) the location of the experimental farms in Italy. Each map in (a,b) shows
the north direction (top-left arrow) and the map scale (bottom-left). Each soil gas chamber was
equipped with its own soil temperature and soil water content sensors for the correct interpretation
of soil gas fluxes. Satellite images: © Copernicus 2026.

2.2. Field Experiment Setup and Cropping Systems Applied

The field experiments were setup and managed by Horta Srl as part of the experimental
fields of the EU LIFE Project for Agricultural GReenhouse gases EmiSsions Through
Innovative Cropping systems (Agrestic, https://www.agrestic.eu/en/, accessed on 14 May
2025), with the objective of promoting the adoption of regenerative agricultural practices
aimed at mitigating climate change by decreasing emissions from the soil to the atmosphere
and increasing soil organic carbon. The experimental sites were used to compare two
cropping systems arranged in 8 plots (Figure 1): Conventional Cropping System (CCS) and
Efficient Cropping System (ECS); CCS uses fertilizers, pesticides, irrigation, and soil tillage
in line with the practices generally followed in the surrounding farms; ECS uses fertilizers,
pesticides, irrigation, and seeding density as suggested by a dedicated web-based Decision
Support System (DSS by Horta Srl, version from 2019), with nitrogen-fixing crops/legumes
and cover crops included and managed under expert agronomist advice. The arrangement
of the field experiments and the details of crop sequence are summarised in Figure 2.
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Figure 2. Cropping systems, CCS and ECS, used in the (a) Ravenna and (b) Foggia experimental sites,
for the first 5 years of the experiment. The whole 8 years are shown in the Supplementary Materials.

The same management was used for both ECS and CCS and both experimental sites
during the first period (January 2018 to June 2019); this was carried out to standardize
the starting conditions of the experiment and to test the hypothesis that measurements
from ECS and CCS are comparable when the two cropping systems are kept equal, on
the same experimental site. Since December 2019, the two cropping systems diverge,
with the ECS cropping system being informed by the DSS; the inputs required by the
DSS are agronomic and soil data, which are analysed by several process-based models
(e.g., a phenological model, [44,45]; a hydrological model [46]; etc.); the DSS outputs
are agronomic advices concerning irrigation, fertilization, and tillage practices [47,48] (a
description of the agricultural practices for the cropping systems can be found in the
Supplementary Materials, Tables S1-54).

Apart from the use of a different crop rotation and the use of cover crops, the DSS
affected the amount of tillage events, the total amount of water, and the total amount of
fertilizers applied in ECS with respect to CCS: 33 tillage events instead of 41, 944 mm
of irrigation with respect to 1296 mm, and 1.08 tonnes per hectare (t ha~!) of nitrogen
fertilization instead of 2.00 t ha—! in Ravenna for ECS and CCS, respectively; in Foggia the
amount of water (120 mm) and the tillage events (57) were the same in both CCS and ECS,
but the nitrogen fertilization was substantially less in the ECS than in the CCS (0.72 instead
of 1.62 t ha!, respectively; more information is reported in the Supplementary Materials).
Figure 2 shows that, starting from December 2019, in ECS, (a) the soil remains bare for a
shorter period, (b) leguminous crops are used to introduce nitrogen in the soil (pea Pisum
Sativum L. in Ravenna and lentil Vicia Lens L. Coss. & Germ in Foggia), and (c) cover
cropping is expected to increase total productivity (alfalfa Medicago Sativa L. in Ravenna
and a mix of horseradish Raphanus sativus L. var. oleiformis Pers., clover Trifolium repens
L. and Phacelia tanacetifolia in Foggia). Cereal residues are removed from field and sold,
while other production crops, as well as cover crops, are never removed, just incorporated
in the soil.

2.3. Measurements

The measurements taken in both experimental sites and used to run the RothC20_N
model can be divided into the following: data collected continuously through monitoring
stations, and data collected by researchers, regularly, in the field. The former category
of data can be divided into meteorological time series collected using a weather station
located a few meters from the experimental site (8 years of data), soil water content and
soil temperature time series collected on all the plots (3 years of data, starting from 2020),
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and R; time series collected on the central plots (4 and 5 in Figure 1; 3 years of data starting
from 2020). Since soil characteristics and meteorological conditions are very similar in
the whole field area, and the same type of management is used in all CCS and ECS plots,
plots 4 and 5 were deemed representative of the differences between CCS and ECS. The
weather stations monitored the air temperature, relative humidity, net total solar radiation,
precipitations, wind direction, and velocity (METOS sensor, from Pessl, Austria), with data
stored hourly, recorded since the beginning of the experiment.

Soil water content time series were acquired using water content reflectometers
(2025 cm depth) connected to a wireless datalogger (xNode, from xFarm, Italy), with
data stored hourly. The R; measurements were taken by alternatively using all the cham-
bers (LI-COR: LI-850 gas analysers for CO; from LI-COR, USA, provided by West System
and Sant’Anna School of Advanced Studies, Italy [49]) in each plot to obtain a measurement
every 15 min (1 h sampling frequency for each chamber).

The data collected by hand consisted of the following: dry plant matter input to the
soil, root index, irrigation, fertilization, and depth of soil tillage. From 2020 onwards,
crop biomass was sampled before harvest and harvested biomass was also measured
to obtain the biomass left on the field. Samples were weighed before and after oven
drying to obtain the humidity and the plot’s biomass production. One sample for each
plot and each plant part was made from 4 randomized repetitions across the whole plot,
then externally analysed to obtain the carbon and nitrogen content in percentage of dry
matter (analytical method by International Standard Organization ISO 16634-2:2016) [50].
Belowground (root) biomass is estimated by the DSS using the FAO (Food and Agriculture
Organization) method [51,52], as a function of the crop type, soil texture, soil organic matter,
soil porosity/structure, and winter rainfall. The method was tested against observations
by Horta Srl for the main crops (wheat, tomato, maize, barley, etc. .. unpublished data).
Soil samples for bulk density and SOC measurements were collected at a depth of 30 cm
with a manual auger in October (in Ravenna) and November (in Foggia) in 2019 and in
September from 2020 onwards. One sample for each plot was formed from 4 randomized
areas (3 samples in each area for a total of 12 samples) and then sent to a nearby analysis
centre for the determination of SOC in g kg~! dry matter using the Walkley-Black method,
which is one of the widely used methods officially recognized by the Italian law [53].

2.4. Soil Respiration Partitioning

Since RothC estimates only Rj,, some partitioning method must be used to partition
the R, and Rj, components of the measured R;. It is important to note that the influence of
roots on the emission of CO; in the soil goes beyond root respiration: roots emit exudates
that are quickly degraded, and parts of the roots die continuously and are degraded by
heterotrophs; the respiration from these two mechanisms is referred to as rhizosphere
respiration (Ryyizosphere), and microbes in the rhizosphere may degrade soil organic mat-
ter with a different rate than in non-rhizosphere soil, a process called “root priming”
(Rpriming [13]). Thus, Rs can be described as the sum of its autotrophic component (R,) and
its heterotrophic component (Ry,), or as the sum of root-induced respiration (R,) and soil
basal respiration (Rp).

Various partitioning methods exist for field conditions, for example, trenching [54];
however, soil respiration from a trenched plot may not represent basal respiration with
respect to the non-trenched plot, as discussed in Savage et al., [55]. The Kucera and
Kirkham [56] method assumes that root biomass and root-derived soil respiration are
correlated and that the correlation can be determined with a linear fit. This method does
not modify soil or root conditions, and it is applicable whenever enough information on the
soil root biomass and R; is available. This method is particularly interesting for crops, since
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a lot of information on root development is usually available, the vegetation comprises
a single or a maximum of two species, and other methods are not usually available. A
recent application of the method is described in [57]. The only limitation of this method
is that root biomass is expected to correlate with root-derived respiration (R,), which is
the respiration of the rhizosphere, and not R,, which is the respiration of the root only;
therefore, the method allows a separation of R; and R, rather than R; and Rj,.

To partition Rs, we used the continuous, 3-year dataset of R; in ECS and CCS, and,
for each crop system and study area, we analyzed Rs when no crop was present, such
that Ry = R = Rj. Under the assumption that R;, is a function of the temperature and
soil water content, we fitted multiple linear regression models using the datasets for these
two variables. We applied a fitting procedure for the R; measured during winter and
summer when no crop was present (e.g., after harvest), under the assumption that the
basal respiration can be different in winter and summer, due to changes in the microbial
population metabolism. In this way, we obtained two models, one for winter and one
for summer, to predict R, in the presence of crops. We subtracted the model predictions
for the periods in which a crop was present to the respective R measurements, and we
analysed the correlation between this estimate for R, and the time series of root biomass,
net solar radiation, soil temperature, and soil water content, under the assumption that
these variables affect plant photosynthetic activity and thus autotrophic respiration [58].
The use of Ry, as a proxy for Ry, for the calibration of RothC is reported in the literature [38].

We analysed the data and performed all multiple regression analyses using the
Statsmodels Python 3.14v module, version 0.14.5 (C. Hill et al., 2024 [59], Supplemen-
tary Materials), using as a reference for the quality of the model the adjusted R? values.
The predictions of Rj, for both areas and both cropping systems were then used to calibrate
the RothC20_N simulations (see Section 2.6).

2.5. RothC20_N for Mediterranean Climates

The Rothamsted Carbon model (RothC-26.3) simulates soil carbon dynamics with a
monthly timestep, considering four different carbon pools mineralizing by first-order decay
kinetics [60]. Since RothC has no sub-model for plant growth, the user directly sets the
input of organic carbon into the soil based on field measurements or independent plant
models. More specifically, in RothC, the organic carbon entering the soil is first divided
into two “fresh” organic matter pools: decomposable plant matter (DPM) and resistant
plant matter (RPM). The carbon mineralized from any pool then goes to the atmosphere as
CO,, the biological carbon pool (BIO), and the humified carbon pool (HUM); the amount
of carbon going to CO, is defined based on the clay percentage in the soil, while the
subdivision between BIO and HUM is fixed (46% and 54%, respectively). The DPM, RPM,
BIO, and HUM pools differ in their degradation constants: dem, Krpm, Kpio, and Kyym
being 10, 0.3, 0.66, and 0.02 years’l, respectively. It is important to understand that these
pools are theoretical (a way to fit four decay functions to SOC measurements) and cannot
be measured in reality; some attempts have been performed to connect them to measurable
quantities, but with limited results [61,62].

The pools” decay functions are modified by three parameters that depend on soil tem-
perature, soil water content, and soil vegetation cover (g, b, ¢ parameters, respectively). The
a and b parameters are based on empirical functions that link air temperature and topsoil
moisture deficit (TSMD) with mineralization rates, similarly to the empirical functions
usually established between soil CO; emissions (R},) and other environmental variables [63].
The c parameter influences the b parameter by changing the maximum dryness allowed
in the soil bucket mode; c also directly affects mineralization rates if plants are present (a
simulation of priming).
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The calculation of parameter b, which is related to water availability in the soil, was
modified by Farina et al. [36] to obtain RothC20_N. In RothC, TSMD is calculated with a
simple bucket model: at each monthly time step, the water in the soil is calculated as the
budget between previously stored water, the input from precipitation and irrigation, and
the output from evapotranspiration (calculated independently by the user); the water in
the soil is constrained between a maximum wetness (field capacity) and maximum dryness
(wilting point when vegetation is present, 55.5% of the wilting point when the soil is bare).
The soil water deficit modifier decreases mineralization rates linearly from a maximum (no
effect, b = 1, between field capacity to a water matric potential of —1 bar) to a minimum
(20% of maximum mineralization rates, b = 0.2) between —1 bar and —15 bar (wilting
point). The RothC b calculation does not cover arid and semi-arid conditions, thus Farina
et al. [36] introduced the following modifications in RothC20_N: (i) the TSMD can reach
a value corresponding to capillary water when the soil is vegetated (—1000 bar); (ii) the
maximum TSMD when the soil is bare is —15 bar; and (iii) the minimum value of b can
change, due to changes in TSMD, from 0.2 to 0.1. Another change introduced in RothC20_N
is that the TSMD limits are calculated using pedotransfer functions rather than using fixed
empirical parameters.

2.6. RothC20_N Simulations

We set up the initial conditions for the RothC20_N model, i.e., the initial quantity
of carbon in the model carbon pools, with the standard approach found in the literature:
using SOC measurements taken at the beginning of the experiment, together with spin-up
run simulations. As explained in Section 2.5, RothC20_N carbon pools cannot be directly
measured in the field; as such, the model initialization makes use of SOC measurements
taken at the beginning of the experiment, with the SOC quantity fractionated among the
pools using the relative relevance of the pools at equilibrium conditions. The spin-up run
is aimed at estimating these equilibrium conditions: it assumes that we know the input
conditions for the experimental site in the past, and that said conditions were stable for a
time long enough to let the carbon pools reach equilibrium. The conditions are then used to
run a simulation starting from empty SOC pools, until all pools have reached equilibrium.
For the two spin-up runs (one for the Ravenna and the other for the Foggia field sites),
we assumed 500 years of continuous cultivation of three different types of crops, using as
weather conditions the average of conditions measured between 2004 and 2021.

After determining the initial conditions, we set up the ECS and CCS simulations for
each experimental site. The input provided to the RothC20_N model consisted of the fol-
lowing: monthly air temperature and precipitation from the weather station; aboveground
input of organic matter, irrigation, and soil vegetation cover from direct field observations;
estimated soil bulk density; evapotranspiration calculated with Penman—Monteith [64]
using the weather station data; belowground carbon input estimated using observations of
root development; and the DPM/RPM ratio determined based on standard values given
for crops. The input provided to the RothC20_N model is the same as the basic model, plus
the TSMD calculated independently using the observed retention curve of the soil material.

Aboveground and belowground carbon inputs are calculated starting from direct
observations of yield (yield), aboveground biomass ( Agb), and root biomass (dry root), all
in t ha~!. First the dry yield is calculated as follows:

dry yield = yield — [yield- yield HyO%)|, (1)
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The harvest index (HI) and root index (RI) are calculated as follows:

_ dry yield RI — dry root

HI Agb Agb 7

()

Finally, the aboveground carbon input (AgI, in tonnes of C ha™1) is calculated as

follows:
dry yield - (1 — HI)

Ael =
8 HI

-residues left on field-C content, 3

where C content is the carbon content of the considered plant part in percentual of dry
matter, and residues left on field is a percentage; the belowground carbon input (in tC ha™?)

is calculated as follows:
_ dryyield - RI

I (4)

where RI stands for root index, the ratio of root with respect to total aboveground biomass

BglI

as dry matter.

We calibrated RothC20_N using the dataset acquired in Ravenna for plot 4 and 5: the
8-year SOC dataset and the 3-year soil water content and partitioned Rj, time series. The
calibration procedure followed the multi-objective calibration framework presented in [38],
and it consisted of the use of the GLUE (global likelihood uncertainty analysis [65]), accord-
ing to the limits of the acceptability criteria [66]. We calibrated the following 5 parameters:
the kinetic constants Kgpm, Krpm, Kpjo, and Kpym and the inert organic matter pool. The
objectives of the calibration were the observed SOC, soil water content (translated into
TSMD), and partitioned Rj. The calibration was conducted with a mix objective: the Nash—
Sutcliff efficiency had to be > 0, and RMSE (root mean square error) was minimized [38].
We also calculated the relative error (E, the preferred bias measurement when replicates are
available [67]) and tested its significance with the Student’s t-test.

Following the calibration from plot 4 and 5, we evaluated the overall quality of the
calibrations by using the calibrated models to simulate the SOC pools in all the other plots
(i.e., plots 1,2, 3, 6, 7, and 8 where no observations of R; were available) in Ravenna. Then,
we validated the model using the Foggia dataset (all plots). Finally, we compared the SOC
simulated with the SOC measured, averaged by the cropping system (ECS, CCS) and site
(Ravenna, Foggia). All information on the simulation inputs of plots 4 and 5 from both
sites is available in the Supplementary Materials.

3. Results
3.1. Soil Measurements

Figure 3 shows the time series measurements taken in the field. The soil water content
time series shows small differences between plot 4 (CCS) and plot 5 (ECS) in both sites;
depending on the type of crop plantation, one plot may show marginally higher or lower
soil water content with respect to the other, but, on average, no clear difference is visible:
the average soil water content is 0.33 in both plot 4 and 5 in Ravenna and 0.33 and 0.31
in plot 4 and 5, respectively, in Foggia. During summers the soil water content is always
very low in both the Ravenna and Foggia sites, but the lowest values of soil water content
are reached in Foggia (minimum values of 0.03 and 0.05 for plot 4 and 5, respectively,
compared to 0.15 and 0.18 for plot 4 and 5, respectively, in Ravenna), due to drier weather
and different soil properties. The soil temperature does not change between ECS and CCS
in general; the temperatures are on average 1 °C higher in Foggia than in Ravenna. The
crop dry yield was higher in ECS for durum wheat in both field sites (+ 2% in Ravenna and
+ 18% in Foggia) and similar between ECS and CCS for other crops such as tomato (+3% in
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Ravenna); overall, the dry biomass production was higher in ECS due to the presence of
cover crops (around 1 tha=! yr=1).
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Figure 3. Measurements of soil water content (Ravenna (a) and Foggia (b)), soil temperature (Ravenna
(c) and Foggia (d)), and soil respiration (Ravenna (e) and Foggia (f)) showing both cropping system
plots equipped with gas chambers (plot 4 CCS and plot 5 ECS), for the 3 years of the experiment
when CO, flux data were available. Soil water content measurements are in volumetric water content
(volume of water in the soil sample divided by the total volume of the soil sample, dimensionless).

R; is generally higher in Ravenna than in Foggia, with average R; rates of 0.38 and
0.25 tC ha~! month~!, respectively. In Ravenna, the respiration rates are higher in plot 4
(CCS, 0.45 tC ha~! month~!) than in plot 5 (ECS, 0.30 tC ha~! month™1); in Foggia, the
respiration rates are higher in plot 5 (ECS, 0.27 tC ha~! month™!) than in plot 4 (CCS,
0.23tC ha~! month™!). As expected, R; is higher when a crop is growing on the soil
and shows peaks, with an exponential decrease after harvest. As widely reported in the
literature, R, increases with an increase in soil temperature (there is a mild correlation with
a Pearson coefficient of 0.37, p value > 0.001). Rs also shows a mild inverse correlation
with soil water content, with a Pearson coefficient of 0.25 (p value > 0.001). The SOC

measurements for all the plots are presented in Section 3.3, analysed together with the
RothC20 N simulations.

3.2. Soil Respiration Partitioning

The multiple linear regression modelling for the periods when no crop was present
yielded better results in winter (R? of the models = 0.60) than in summer (R? = 0.35) in
Ravenna, while the opposite was true in Foggia (R? in summer = 0.51, in winter = 0.12).
The residuals (that is, the difference between model estimates and observed values in
the no-crop periods) were normally distributed. The estimated R,, i.e., the difference
between estimated Rj, and measured Rs; when the crop was present, showed some degree
of correlation with respect to solar radiation, with Pearson correlation coefficients of 0.90
and 0.86 in plot 4 CCS and plot 5 ECS in Ravenna (p values of 0.044 and 0.032, respectively),
and 0.63 and 0.41 in plot 4 CCS and plot 5 ECS in Foggia (p values of <0.001 and 0.004,
respectively; Figure 4).
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Figure 4. Comparison between modelled and observed soil respiration, after normalization, for
(a,b) in Ravenna CCS plot 4 in winter and summer, respectively; (c,d) in Ravenna ECS plot 5 in winter
and summer, respectively; (e, f) in Foggia CCS plot 4 in winter and summer, respectively; and (g/h) in
Foggia ECS plot 5 in winter and summer, respectively.

Figure 5 shows the results of Rs partitioning; apart for some periods in which the R,
predictions are larger than the Rs observations, especially in winter 2020 in Foggia and
some few days in summer in general, the predictions make sense (R; larger when crops are
growing and standing, Rj, large after harvest, then decreasing). In general, the prediction
of R, when crops were present is larger than the R observed when Rs was very low in
Foggia (winter 2020 in CCS, winters 2019-2020 in ECS) but lower when R, was large. The
average values of the measured R; are 0.45, 0.23, 0.30, and 0.27 tC ha—! m™! for CCS in
Ravenna and Foggia and ECS in Ravenna and Foggia, respectively. The corresponding
averaged estimates of Ry, are 0.45,0.13,0.23, and 0.18 tC ha=! m~1.
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Figure 5. Rs measurements and R;, predicted by partitioning, in: (a) Ravenna, plot 4 CCS; (b) Foggia,
plot 4 CCS; (c) Ravenna, plot 5 ECS; (d) Foggia, plot 5 ECS; for the 3 years of the experiment when
CO; flux data were available.

3.3. RothC20_N Simulations

Figure 6 shows the results of the multi-objective calibration. The estimates of the
soil water balance parameters from pedotransfer functions as in [36] yielded very good
results for RothC20_N (Figure 6e,f, averaged results in Table 1): the very low values
reached during summer are well represented, just like the field capacity values during
winter. The normalized RMSE values of the model estimates were 0.45 and 0.31 for
soil water content, 0.89 and 0.73 for Ry, and 0.08 and 0.05 for SOC in plot 4 and plot 5,
respectively. The calibration of Kpym, Kipm, Kpio, and Kgpm were deemed site-specific, that
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is, the parameters were fitted using data from both treatment (ECS and CCS) for Ravenna.
However, the calibration resulted in values very similar to the original ones (5% difference);
more specifically, the calibration had only effect on Ky, (0.019 instead of 0.02 yr’l, for both
plot 4 and plot 5, since the calibration was conducted simultaneously on both plots). The
results show an average Nash-Sutcliff efficiency of 0.3 for the estimated Ry; it is possible to
see that not all peaks (sudden surges in Rj) were well simulated (especially in months 30
and 42 in Ravenna and Foggia), but the average behaviour and the average fluxes matched.
The calibrated RothC20_N simulations could model the general SOC trends in the data.
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Figure 6. SOC (Ravenna (a) and Foggia (b)), CO, flux (Ravenna (c) and Foggia (d)), and TSMD
(Ravenna (e) and Foggia (f)) measured and modelled using RothC20_N in the two plots where the
gas chamber measures were available (plot 4 CCS and plot 5 ECS) in both field sites (Ravenna and
Foggia), after calibrating the RothC20_N models, for the 3 years of the experiment when CO, flux
data were available.

Table 1. Averages for the data shown in Figure 6, for the period indicated in the figure (October 2019
to October 2022).

Ravenna Foggia
CCSs ECS CCSs ECS
SOC tCha~! 28.05 (27.54) 28.25 (28.02) 40.97 (39.53) 40.40 (40.12)
CO; flux tCha=! m! 0.34 (0.30) 0.12 (0.12) 0.16 (0.12) 0.16 (0.12)
TSMD mm water —76.59 (—70.11) —76.73(70.56)  —98.64 (—102.19)  —109.36 (—109.41)

The SOC data were available for all plots; the average values are shown in Figure 7:
SOC increased more in ECS than in CCS in both Ravenna and Foggia, but the difference
is larger in Ravenna than in Foggia. The SOC trends, however, are characterized by large
variability among plots (see error bars in Figure 7), and all trends have R? < 0.1; thus, they
do not appear statistically significant, which was expected, since the minimum amount
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of time to detect a significant trend in SOC has been estimated to be between 5 [17] and
10 years [68]. The carbon input measured on the field, and used as input in the RothC20_N
simulations, was as follows: in Ravenna, 11.01 tC ha—! for CCS and 9.06 tC ha~? for ECS, of
which 1.26 tC ha~! was due to the incorporation of cover crops in the soil; in Foggia, 6.40 tC
ha~! for CCS and 5.65 tC ha™! for ECS, of which 1.28 tC ha~! was due to cover crops.
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(a) (b)
Figure 7. SOC measured in the field and modelled using RothC20_N, averaged on plots 1, 3, 5, and 7

(ECS) and plots 2, 4, 6, and 8 (CCS) in the (a) Ravenna and (b) Foggia field sites, for the whole 8 years
of the experiment.

Figure 7 shows the averaged results for the simulations for all plots, averaged by
cropping system (ECS and CCS), in the two field sites; the averaged simulations for Ravenna
followed very well the general trend observed in the measurements, with larger SOC values
in ECS than in CCS. In Ravenna, the averaged SOC trends estimated by RothC20_N show
a stable SOC in ECS and a decrease in CCS; this is also visible in the data (but the observed
trend is not statistically significant, with R? values < 0.1). The average normalized RMSE
values for the Ravenna site were 0.10 and 0.06 for CCS and ECS respectively, with bias
(estimated by the relative error E) not statistically significant.

In Foggia, the simulations show a similar behaviour, with stable SOC in ECS and SOC
decrease in CCS, with ECS having increasingly more SOC than CCS. However, the averaged
observations show that the trends of ECS and CCS are indistinguishable. In general, in
Foggia, the calibrated RothC20_N slightly underestimated SOC in the CCS cropping system.
The average normalized RMSE values for the Foggia site were 0.08 and 0.03 for CCS and
ECS respectively, with bias (estimated by the relative error E) not statistically significant.

4. Discussion
4.1. Analysis of the Results

Notwithstanding the difference in soil properties and climatic conditions of the two
field sites, the differences in the soil conditions that affected SOC pools (that is, soil temper-
ature and soil water content) were very small. The main, even if small, difference was in
the soil water content (Figure 3a,b) that was drier in Foggia than in Ravenna, due to the
irrigation procedure in Ravenna which increased soil water content whenever reaching
wilting point when a crop was present. All these differences in the soil water regime were
simulated properly by RothC20_N. R appears to be smaller in Foggia than in Ravenna
(Figure 3e,f), probably due to the difference in carbon input between the two sites, since
this difference was captured by RothC20_N as well (Figure 6c,d). The mild R inverse
correlation with soil water content can be interpreted by considering what happens in the
soil during crop growth: the increase in root respiration happens in conjunction with use of
water by the growing crop.

The Ry, values estimated with the partitioning method had a relatively high normalized
RMSE, but the Nash-Sutcliff efficiency was on average 0.3 (0 means that the model is not
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better than a simple average, 1 means perfect match between estimates and observations),
which shows that the calibrated RothC20_N could model the R;, time series satisfactorily.
In fact, the resulting Rj, values are very similar to those predicted independently by the
RothC20_N simulations even before calibration, giving credibility to both methods. RothC
(and RothC20_N) operates at monthly time scales, assuming that the degraded SOC results
in CO, immediately ejected to the atmosphere, considering the whole upper soil as a bulk
model. This level of detail is enough to estimate only average Rj, values (see, for example,
the Rj, estimates in Dondini et al. [54], who employed the ECOSSE model, which uses the
same principle as RothC for SOC degradation). The measured peaks in CO; outflow are
especially dependent on daily or hourly processes, taking place often at specific depths in
the soil; Herbst et al. [69] demonstrated that, when RothC SOC degradation calculations
are integrated to one-dimensional water, heat, and CO, flux models with sub-daily time
steps, the estimated Rj, resembles more closely the measured ones, being able to predict the
emission peaks. In the context of the present study, however, the use of a complex, one-
dimensional soil water with coupled water, heat, and gas flow would put an unacceptable
burden on the DSS simulations, requiring also a complete rewrite of the DSS, which works
on a bulk soil model. Moreover, the focus of this study was the estimate of general SOC
trends, not of time series of Rj,.

The calibration of the RothC20_N model resulted in very good simulations of the soil
water regime observed in plots 4 and 5 for both sites, especially for the summer droughts.
The calibration could fit satisfactorily both SOC trends without changing appreciably the
calibrated parameters, with only 5% change in the initial value of Ky n,. In general, the
multi-objective calibration method used has great potential, but in our case the estimates
from RothC20_N were already close to their calibrated value, so that the calibration had
only a very small effect on the model parameters. The analysis of the normalized RMSE for
the SOC estimates show low errors overall, with small and non-statistically significant bias.
In general, the normalized RMSE is a little higher in the CCS than in the ECS, both in the
calibration (0.08 and 0.05 for CCS and ECS, respectively) and in the validation (0.09 and
0.04 for CCS and ECS, respectively); however, the difference is very small.

The comparison between the two field managements, ECS and CCS, showed that
ECS decreased CO, emissions from the field. In general, we could see less CO, emissions
(—33%), less use of fertilizers, less use of water, same or better crop yields, and an increase
in SOC from measurements, with a small increase trend in SOC (but with small statistical
significance). Thus, the ECS method generates more or equal agricultural output with
respect to CCS, while decreasing the amount of input. The decrease in fertilizer application
and irrigation is likely to result in a reduction in indirect CO, emissions as well, i.e.,
emissions produced before field activity, but this should be evaluated properly in a life
cycle analysis (LCA) study. If carbon accounting methods would be put in place, or in the
case there was a standardized methodology to reward soil carbon sequestration alongside
emission reductions, ECS would be even more interesting as a practice for the farmers, due
to both the reduced emissions and increased carbon stored in the soil. Moreover, [70], using
LUCAS data from across the EU, showed that properly managed agriculture may result in
larger soil microbial diversity with respect to other land uses, even natural grasslands.

4.2. Study Limitations

Some mismatch is evident in the peaks of Rj, partitioned and simulated by RothC20_N,
especially in August-September 2020 and May—June 2021 (Simulation months 30-31 and
41-42, Figure 6¢,d). In Ravenna, ECS simulation shows similar peaks as Rj, partitioned, but
of lower intensity, while CCS seems to miss the peaks by a few months; in Foggia, ECS par-
titioned Rj, shows peaks that are completely absent from the Rj simulated. Unfortunately,
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as discussed above, the RothC model, due to its temporal and special scales, is not suited to
predict specific peaks in soil respiration, unless integrated into a more detailed soil heat and
flux model [69]. However, the level of agreement between the estimated and measured R,
in this study is very good when compared to similar studies using a large R;, dataset [54]
or multi-objective calibration methods [38]. Soil enzymatic activity measurements could
have helped to better understand R;, dynamics (especially the peaks); unfortunately, such
measurements were not collected in this study.

A possible explanation for the slight underestimation of R;, in the Foggia site could
be the formation of soil cracks, typical for vertisols, observed in the field. If the cracks
are deep enough (in this case, around 30 cm), they may affect the direction of the outflow
of CO; from the soil, decreasing the reliability of the gas chamber measurements. The
formation of deep cracks has been observed only during prolonged droughts; in this study,
this corresponds to summer-fall 2020 and summer 2021. Fortunately, low, stable R values
were recorded in said periods; therefore, the effects on the statistical analysis conducted on
R; (described in Section 2.4) were very small. The formation of soil cracks can substantially
influence the rate of outflow of CO; from the soil, as described in the literature [71], this
could be taken into account by measuring properly the effects of soil cracks using validated
methodologies [72,73] and modifying RothC, including some simplified representation of
the process.

Another limitation is that RothC20_N is based on a well-established and widely used
model (RothC), but the scientific consensus is that such models are not able to properly
model the processes regulating the carbon dynamics in the field, and thus they are not
robust against changes in the soil conditions (e.g., due to climate change or due to changes
in soil management). Even though this problem has been recognized for more than a
decade [74], there are still no reliable and applicable successors to RothC- and Century-
like models.

5. Conclusions
This study shows that:

e  The DSS informed cropping system (ECS) resulted in higher SOC concentrations with
respect to the conventional cropping system (CCS), based on 8 years of SOC data.

e  The ECS cropping system resulted in 33% less CO; emissions from the soil, while
increasing the agricultural yields with respect to CCS.

e  RothC20_N, after multi-objective calibration, was able to properly fit the soil water
content conditions, the heterotrophic component of soil respiration, and the SOC
observed in the calibration plots in the Ravenna site.

e  The calibrated RohC20_N was also able to estimate the SOC in the ECS and CCS
validation plots in the Foggia site.

This study shows that the use of field sensors communicating with agricultural DSS
models can result in agricultural practices that are environmentally sustainable. In this
study, we were able to show decreases in the carbon emitted by the soil and a reduction in
fertilizers and water used in the field, without any negative impact on the yield (or, in some
cases, even increasing it). The sequestration of carbon from the atmosphere is paramount
to balance anthropic emissions and help reach carbon neutrality; in the future, a carbon
market or some type of carbon accounting will probably increase the desirability of carbon
farming in agriculture.

RothC20_N by Farina et al. [36] for Mediterranean conditions performed very well
in its prediction of soil water content in the experimental fields, since it was able to
properly reproduce the soil conditions during long periods without precipitations. This is
particularly relevant in a changing climate, where more intense precipitation events and
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longer dry spells are expected over most of the European continent. RothC20_N proved to
be a candidate carbon dynamics model for inclusion in a DSS aimed at helping farmers
and decision-makers to consider soil carbon sequestration while maintaining high levels of
agricultural productivity.

However, to perform the integration between the SOC model and the DSS, the SOC
model must be modified to automatically include all inputs and other soil modelling
modules in the DSS, more specifically, the agricultural practices, the DSS representation of
crop properties and daily growth, the irrigation management and the soil water budget
module (with leaching estimates), and other GHG emissions from farming activities. These
modifications and integration strategies will be discussed in a companion article “A tool
for Carbon Farming Combining Soil Organic Carbon Modelling and Agricultural Decision
Support Systems: Part 2”.

Supplementary Materials: The following supporting information can be downloaded at https:
/ /www.mdpi.com/article/10.3390/su18147460/s1: Figure S1: Crop rotations of the cropping systems
CCS and ECS applied in Ravenna and Foggia experimental sites, for the whole study period of 8 years
of experiment; Figure S2: comparison between observed soil respiration and soil respiration predicted
by the fitted model, shown on standardized data; for winter bare period. The fitted model, here,
is referred to as T prof model; Figure S3: comparison between observed soil respiration and soil
respiration predicted by the fitted model, shown on standardized data, as a time series. The model
fit is acceptable, even though some soil respiration peaks are underestimated. The fitted model,
here, is referred to as T, 1, profile model; Figure S4: Comparison between measured soil respiration
and estimated heterotrophic component of soil respiration, directly on flux data. The model fits
well with expectations, with estimates lower than the observed soil respiration when the crop is
present. However, there is a large overestimation of heterotrophic component of soil respiration on
June 2021—thus, that part of the dataset was not used in the analysis shown in the article. Figure S5:
comparison between observed soil respiration and soil respiration predicted by the fitted model,
shown on standardized data. The fitted model, here, is referred to as T prof model; Figure Sé:
Comparison between observed soil respiration and soil respiration predicted by the fitted model,
shown on standardized data, as a time series. The model fit is acceptable, even though some soil
respiration peaks are underestimated. The fitted model, here, is referred to as T, profile model;
Figure S7: comparison between measured soil respiration and estimated heterotrophic component of
soil respiration, directly on flux data. The model fits well with expectations, with estimates lower
than the observed soil respiration when the crop is present. There is some overprediction for the
winter period, when the crop is present, in December, for both years 2020 and 2021, however, the fit
was better than in Ravenna CCS (Figure S3); Figure S8: comparison between observed soil respiration
and soil respiration predicted by the fitted model, shown on standardized data. The fitted model,
here, is referred to as T prof model; Figure S9: comparison between observed soil respiration and
soil respiration predicted by the fitted model, shown on standardized data, as a time series. The
model fit is acceptable, even though some soil respiration peaks are underestimated. The fitted
model, here, is referred to as Ty, profile model; Figure S10: comparison between measured soil
respiration and estimated heterotrophic component of soil respiration, directly on flux data. The
model fits well with expectations, with estimates lower than the observed soil respiration when the
crop is present. There is some overprediction for the winter period, in December 2021; Figure S11:
comparison between observed soil respiration and soil respiration predicted by the fitted model,
shown on standardized data. The fitted model, here, is referred to as T prof model. In this case, it is
evident that the winter model fit is poor; Figure S12: comparison between observed soil respiration
and soil respiration predicted by the fitted model, shown on standardized data, as a time series.
The model fit is acceptable, even though some soil respiration peaks are underestimated. The fitted
model, here, is referred to as T, 1, profile model. The poor fitting of the model in winter is evident
here as well. Possible reasons were the formation of cracks during the very dry winter 2021, resulting
in some soil respiration escaping the gas chamber measurements; Figure S13: comparison between
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measured soil respiration and estimated heterotrophic component of soil respiration, directly on flux
data. As expected, the winter model performs poorly with overestimates of soil respiration in winter
2020 and 2021, both for crop and bare soil. The fit seems acceptable for the summer period though;
since the summer soil respiration is much larger than the winter soil respiration, we decided that the
overestimation during the winter period was negligible and we used the partitioned respiration for
the summer period, and the direct soil respiration measurements for the winter period; Figure S14:
comparison between residuals (observed-estimated from Figure S12) and model fit for the autotrophic
component of soil respiration. In this case, we plot the result of the model fit to the residual, to further
prove the robustness of the summer estimates of the heterotrophic component of soil respiration.
Here, the residuals, which should estimate the autotrophic component, are shown in agreement with
the model depending on net solar radiation (Radnet), root biomass (Rootgmwth), air temperature (T,),
as expected from theory. This fit was not shown in the other plots (Ravenna CCS and ECS, Foggia
CCS) since it was redundant, that is, the quality of the fit was already evident in the Figures S3, 56
and S9; Table S1: Carbon inputs to RothC20_N in plot 4 and 5 in Ravenna and in Foggia; Table S2:
Amount of water, nutrients and organic carbon applied with seasonal fertilizations in the Ravenna
site; Table S3: Amount of water, nutrients and organic carbon applied with seasonal fertilizations in
the Foggia site; Table S4: Soil tillage events in all cropping managements (CCS and ECS) in all plots
(from 1 to 8) in the two experimental sites of Ravenna and Foggia. Tillage events are reported using
letters. A = chisel, disk harrowing or digging; b=comb harrow tine weeder; ¢ = minimum tillage seed
drilling; d = ploughing (35 cm); e = ploughing (20 cm); f = ripper; g = rolling; h = rotary harrowing;
I = tine harrowing. When more than one tillage event happened in one month, more than one letter
is noted; Table S5: Values of RMSE (%), EE, E (%) and MD (tC ha~!) for every treatment and site;
values of MD, E, NMSE and r across all sites, orchard sites and arable crops. Values outside the
brackets refer to theAresC model simulations, while values in the brackets refer to the RothC model
simulations; Table S6: Physical chemical analyses conducted on the soils of the experimental sites,
divided by plot. Means and Standard deviations (Std) given for the treatments before the beginning
of the experiment: no statistically significant difference between the designated plots (1, 3,5,7 vs 2, 4,
6, 8) could be detected, a part for a small difference in available K (K20), being a little higher in CCS
Ravenna with respect to ECS Ravenna.
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