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Questa tesi é dedicata alle mie nonne,
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General introduction

Marta Bertola




1.1 Climate Change and the Role of Agriculture

The increasing concentration of greenhouse gases (GHGs) in the atmosphere, primarily due to
human activities, has become one of the most pressing environmental challenges of our time. The
latest IPCC Assessment Report (IPCC, 2023) estimates global net anthropogenic GHG emissions at
5916.6 GtCO2-eq in 2019, reflecting a 12% (6.5 GtCO;-eq) increase from 2010 and 54% (21 GtCO»-
eq) rise since 1990. Climate change, driven by this accumulation of GHGs, is altering global weather
patterns, raising sea levels, and increasing the frequency of extreme weather events. These changes
present significant risks to ecosystems, biodiversity, and human societies, particularly those
dependent on stable agricultural systems for food production and livelihoods (Lal, 2004a).

Agriculture, a vital sector for food security and economic development, is both a contributor to
and a potential solution for climate change. Globally, agriculture, forestry, and other land use
(AFOLU) account for approximately 21% of total net anthropogenic GHG emissions (Nabuurs et al.,
2023), driven by activities such as livestock production, soil management, rice cultivation, synthetic
fertilizer use, and deforestation for cropland expansion. Agricultural emissions are primarily
composed of methane (CHs4) and nitrous oxide (N;O), gases with a much higher global warming
potential than carbon dioxide (CO;). Additionally, land misuse and soil mismanagement have
contributed to the degradation of soil organic matter (SOM) and the release of stored soil organic
carbon (SOC) back into the atmosphere (Lal, 2004b). This loss of SOC not only exacerbates climate
change but also weakens the resilience and fertility of agricultural lands.

However, agriculture holds immense potential to mitigate climate change through carbon (C)
sequestration and improved land management practices. Soils represent the largest terrestrial
reservoir of organic C, storing more C than the atmosphere and vegetation combined (Scharlemann
et al., 2014). Observations suggest that more than half of SOC is chemically or physically associated
with soil minerals (Georgiou et al., 2022). Yet, current SOC levels in surface and deep soil layers
utilize only 42% and 21% of the soil’s mineral capacity, respectively (Georgiou et al., 2022). This gap
between soils' C storage potential and current levels presents an opportunity: by restoring SOM,
the capacity of soils to sequester atmospheric CO; can be enhanced, turning soils into powerful C
sinks. (Bruni et al., 2021; Martin et al., 2021; Minasny et al., 2023). This dual function — reducing
emissions while capturing C — positions agriculture as a key sector in the global effort to combat
climate change.

Beyond its potential for SOC sequestration, sustainable agricultural practices can improve soil

health, boost biodiversity, and enhance ecosystem services such as water retention and nutrient
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cycling (Lal, 2004b). These benefits are especially important in the context of a changing climate,
where increased variability in rainfall patterns and extreme weather events place additional stress
on agricultural systems. By adopting practices that prioritize soil health and resilience, farmers can
contribute to climate mitigation while simultaneously improving productivity and sustainability.

Despite these promising opportunities, the agricultural sector faces numerous challenges in
integrating climate mitigation strategies. The complexity of agricultural systems, combined with
regional variations in climate, soil types, and cropping patterns, makes it difficult to apply a one-
size-fits-all approach to reducing emissions and increasing SOC sequestration. Furthermore,
economic and social conditions, particularly for smallholder farmers, may hinder the adoption of
climate-friendly practices (Lal, 2009). Addressing these challenges will require coordinated efforts
across policy, research, and practice to ensure that agriculture plays a central role in climate change
mitigation.

This introduction sets the stage for exploring innovative solutions within agriculture, particularly
the emerging opportunities given by carbon farming in terms of decarbonization of agriculture
sector and contemporary soil health improvement. Understanding agriculture’s dual role in both
contributing to and mitigating climate change underscores the potential of land-based strategies

that can simultaneously address C reduction and support sustainable food production.
1.2 Carbon Farming: Definition and European regulation

Carbon farming (CF) is a business model designed to reward land managers for C sequestration
while adhering to ecological principles. It involves a strategic approach to land management aimed
at capturing and storing atmospheric CO; in soils, vegetation, and ecosystems through agricultural
practices. At its core, CF seeks to enhance the natural ability of agricultural lands to function as C
sinks, offsetting a portion of the emissions that contribute to climate change (IPCC, 2023).

The concept of CF gained global attention following the implementation of the Kyoto Protocol in
2004, as a potential solution to the dual challenge of mitigating climate change and promoting
sustainable agriculture. By focusing on increasing SOC sequestration and improving the long-term
soil health, CF aims to make agricultural landscapes not only more productive but also more resilient
to the impacts of climate change. Its goals include capturing atmospheric CO,, enhancing
biodiversity, improving soil health, and boosting ecosystem services such as water retention and

nutrient cycling.
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In European, CF has become a key component of the European Union’s climate strategy,
particularly in light of the EU's goal to achieve C neutrality by 2050. Recognizing the potential of
agricultural lands as a significant C sink, the European Commission has launched initiatives to
promote CF as part of the broader European Green Deal. The Green Deal, introduced in 2019, sets
ambitious climate and environmental goals, including a 55% reduction in GHG emissions by 2030
and the restoration of degraded ecosystems. CF is seen as an essential practice to help meet these
objectives by capturing C in soils and reducing emissions from agricultural activities. In 2024, the
European Parliament approved a new regulation on the certification of C removals - Carbon

Removals and Carbon Farming (CRCF) Regulation - which aims to establish a transparent and robust

for farmers to earn C credits, which can be traded in voluntary or regulated markets, creating an
economic incentive for adopting climate-friendly practices. Under this certification framework,
farmers engaging in CF would be able to demonstrate the amount of C sequestered in their soils and
potentially receive financial compensation through the sale of C credits to companies or
organizations seeking to offset their emissions.

The regulation places a strong emphasis on the need for high-quality C credits, ensuring that the
Cstored in soils is measurable, verifiable, and permanent (Paul et al., 2023; Smith, 2012). To support
this, the European Commission has proposed an EU quality standard for the certification of C
removals along four QU.A.LLTY criteria:

QUantification ensures that C removals are accurately measured using robust and transparent
methods. This involves precise monitoring techniques, models, and verification processes to track
the amount of C sequestered in soils, forests, or other ecosystems, providing reliable data on the
effectiveness of CF and other sequestration activities.

Additionality requires that the C removal would not have occurred without the specific
intervention. This ensures that the practices adopted lead to new and measurable reductions in
atmospheric C, rather than rewarding activities that would have happened under business-as-usual
scenarios. Additionality is key to ensuring that CF projects contribute meaningfully to climate
mitigation.

Long-term storage addresses the long-term stability of C stored in soils or vegetation. C
sequestered through farming or forestry must remain stored over extended periods to effectively

mitigate climate change. The EU emphasizes practices that prevent C re-release due to land-use
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changes, environmental degradation, or extreme weather events, ensuring the longevity of
captured C.

SustainabillTY ensures that C removal projects align with broader environmental and social
goals. Practices must not only sequester C but also protect biodiversity, support ecosystem health,
and contribute to socio-economic development. This criterion ensures CF is a holistic approach to
sustainable land management, avoiding negative trade-offs.

The regulation outlines best practices for meeting these criteria, drawing on relevant legislation,
while acknowledging that solutions may vary across different C removal approaches.

Looking ahead, the EU is positioning itself as a leader in promoting CF not only as a tool for climate
mitigation but also to support rural economies and improve food security. By 2028, the European
Commission aims to develop a fully operational C removal certification system with stringent criteria
for environmental integrity and socio-economic benefits. This system is expected to play a central
role in the EU’s broader efforts to establish a circular economy, reduce emissions, and support a

sustainable food system.
1.3 Carbon Farming Practices and their agronomic and environmental co-benefits

The success of CF lies in the selection and implementation of agricultural practices designed to
maximize C capture and storage in soils, minimize C losses, and reduce GHG emissions from farming
activities (Lal, 2004b; Paustian et al., 2016). These practices, rooted in sustainable land management
and regenerative agriculture, play a crucial role not only in mitigating climate change but also in
improving soil health, enhancing soil biodiversity, reducing soil erosion, runoff and water pollution
(Smith, 2012). For many CF practices applied to cereal crops it was reported increased crop
resilience to extreme weather and an increase of net farm income thanks to the above-mentioned
agronomic co-benefits that tighter with reduced gasoline consumption for tillage lead to an average
cost reduction to grow crops per hectare.

CF practices can be broadly categorized based on their primary objectives: increasing C input to
the soil, reducing carbon losses, and lowering GHG emissions (Lal, 2004b). While the greatest
potential for SOC sequestration lies in the restoration of marginal and degraded lands to grassland,
forest, or wetlands, the focus here is on strategies applicable to agricultural lands (Lal, 2004a;

Paustian et al., 2016).
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1.3.1 Increasing Carbon Inputs to Soil

Practices aimed at increasing C inputs to soil from both above- and belowground biomass
include: (1) using improved varieties or species with larger root systems that deposit C in deeper
layers, where C turnover is slower (Kell, 2011); (2) adopting crop rotations that enhance C inputs
(Burney et al., 2010); (3) increasing residue retention (Bolinder et al., 2020); (4) planting cover crops
during fallow periods for continuous C inputs (Poeplau and Don, 2015); and (5) applying organic
amendments (Hua et al., 2014). Cultivating deep-rooted crops, such as perennial grasses and certain
cover crops, enhances belowground C inputs and the incorporation of this biomass into the subsoil
can improve the long-term stability of C (Agostini et al., 2015; Chimento et al., 2016). For instance,
SOC accumulation significantly increase when degraded or marginal soils are converted to perennial
vegetation (Don et al., 2012; Xu et al., 2022). Additionally, there is potential in breeding crops with
larger and deeper root systems to enhance SOC sequestration (Glover et al., 2007). Although
increasing root biomass has not traditionally been a focus for crop breeders, the genetic plasticity
of most crops allows substantial changes in root traits (Bell et al., 2010; Cox et al., 2006). Selecting
root systems that are better adapted to water and nutrient limitations could increase root C inputs
while improving crop yields (Kell, 2011; Lilley and Kirkegaard, 2011). Improved crop rotations that
provide greater C inputs is another effective strategy. High-biomass species like maize or sorghum,
for example, increase belowground C inputs and residue returns to the soil (Morari et al., 2006).
Incorporating residues into the soil, rather than removing or burning them after harvest, enriches
the soil with organic matter while improving soil structure and nutrient cycling (Damatirca et al.,
2023). Cover cropping during fallow periods is another important practice to ensure year-round C
inputs. By growing cover crops, such as legumes, grasses, or brassicas, during periods when the soil
would otherwise be bare, C captured through photosynthesis is deposited into the soil through root
biomass and decaying plant material (Jordon et al., 2022). This practice also prevents erosion,
reduces nutrient leaching, and promotes nutrient cycling for subsequent crops (Blanco-Canqui and
Ruis, 2020). Lastly, the application of organic amendments, such as compost, manure, or biochar,
effectively increase C inputs. Organic amendments add significant amounts of organic matter to the
soil, promoting microbial activity and improving soil aggregation (Cowie et al., 2013). These inputs
not only enhance SOC sequestration but also improve soil fertility, water retention, and microbial
diversity, which contribute to overall soil health and resilience (Diacono and Montemurro, 2011).
However, the climate mitigation potential of external plant-derived C inputs like composts or

biochar is controversial due to GHG emissions associated with offsite biomass removal,

14



transportation, and processing (Paustian et al., 2016). Moreover, adding C-rich plant biomass
without considering other nutrients (N, P, S) can lead to the depletion of the SOC pool through
accelerated mineralization, a phenomenon known as the "positive priming effect" (Bastida et al.,
2019). Therefore, the nutrient requirements for biomass humification and conversion into stable
humic substances and organo-mineral complexes must be considered to prevent SOC priming

(Coonan et al., 2020b; Kirkegaard et al., 2023).

1.3.2 Reducing Carbon Losses from Soil

While increasing C inputs is essential, reducing the loss of stored C from agricultural soils is
equally important. C losses occur through soil erosion, oxidation, and land management practices
that disturb soil structure, such as tillage (De Rosa et al., 2023). CF practices that minimize soil
disturbance and maintain soil cover are crucial for maintaining SOC stability (De Rosa et al., 2023).
Conservation tillage, including no-till or reduced tillage, is one of the most effective practices for
limiting C losses (Lal, 2004b). By minimizing the mechanical disruption of soil, conservation tillage
preserves soil aggregates, protects SOC, and reduces its oxidation or microbial degradation (Bailey
et al., 2019). Over time, this can result in gradual SOC accumulation, improved soil structure, and
enhanced water infiltration (Bai, 2018). Maintaining a perennial soil cover by cultivating perennial
herbaceous or woody crops, as well as integrating agroforestry systems, also reduces C losses (Lal,
2009). Permanent root systems help anchor soil, reducing erosion risk and protecting C stored in
the topsoil. Additionally, retaining crop residues as mulches and incorporating cover crops into
rotations conserve soil moisture, promote microbial activity, and support SOC stabilization (Lal,

2015).

1.3.3 Reducing Greenhouse Gases Emissions

Beyond enhancing SOC sequestration and reducing C losses, CF practices also focus on reducing
other potent GHG emissions, such as CH4 and N,O, which are released from soils through agricultural
activities. Improved fertilizer management is key to reduce N,O emissions, which primarily arise
from excessive use of synthetic N fertilizers (Paustian et al., 2016; Smith et al., 2007). Optimizing the
timing, placement, and quantity of fertilizer applications helps reduce reactive nitrogen in the soil
that is converted into N,O (Paustian et al., 2016; Smith et al., 2007). The use of commercial additives
that slow ammonium oxidation can further reduce N,O emissions by promoting gradual nutrient
release and minimizing N leaching and volatilization (Paustian et al., 2016; Smith et al., 2007).

Methane emissions, particularly from rice paddies and wetlands, can also be mitigated by modifying
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water management practices. In rice paddies, alternating wetting and drying reduces anaerobic
conditions that promote CH, production, although this may increase N,O production and reduce
net mitigation effects (Paustian et al., 2016). Similarly, wetlands, which are natural CH4 sources due
to anaerobic decomposition, can be managed to balance CH4 reduction while maintaining their C
sequestration benefits (Smith et al., 2007). For example, maintaining water levels that reduce
prolonged periods of complete saturation can help balance the trade-offs between C storage and

CH4 production (Smith et al., 2007).

1.3.4 Benefits to Soil Health and Quality

In addition to SOC sequestration and GHG reduction, CF practices provide numerous benefits to
soil health and quality (Bai, 2018). Soils managed using CF techniques generally exhibit improved
structure, increased organic matter content, and enhanced biological activity (Cowie et al., 2013).
These improvements lead to better water retention, particularly important in drought-prone areas,
and more efficient nutrient cycling, supporting sustainable crop production (Lal, 2015).

Soils rich in organic C are more resilient to erosion and compaction, as organic matter binds soil
particles together, forming stable aggregates (Bongiorno et al., 2019a). This improved structure
allows for better root penetration and water infiltration, reducing the risk of runoff and nutrient
loss (Lal, 2015). Increased microbial biomass and diversity in C-rich soils also improve nutrient
availability and disease suppression fostering healthier and more productive agricultural systems
(Bongiorno et al., 2019b).

In conclusion, CF practices not only help mitigate climate change but also enhance soil quality
and support sustainable agriculture. By building healthier, more resilient soils, CF contributes to

long-term food security and the overall sustainability of farming systems.
1.4 Challenges and Criticisms of Carbon Farming

While CF holds considerable promise as a climate mitigation strategy, its widespread adoption
and long-term effectiveness face several challenges and criticisms. These challenges stem from
scientific, technical, social, and economic factors, as well as concerns over the scalability and
sustainability of CF practices in various agricultural contexts (Smith and Torn, 2013; Smith, 2012).
One major scientific issue is the uncertainty around the permanence of C sequestration in soils. C
stored through improved management can be re-emitted to the atmosphere via processes such as
soil erosion, decomposition of SOM, and disturbances caused by land-use changes or extreme

weather events (Dynarski et al., 2020). Even when best practices are followed, natural events like

16



droughts, floods, or wildfires can disrupt the C balance, diminishing the overall climate benefits
(Smith, 2005). In contrast to permanent reductions of other GHG, sequestered C is non-permanent,
posing a risk of future release (Smith, 2012), which raises concerns about CF's long-term
effectiveness. Another significant challenge is soil SOC saturation. Soils have a limited capacity to
store C due to physical and chemical properties, and once saturation is reached, sequestration rates
decrease, limiting the long-term potential of CF practices (Guillaume et al., 2022; Moinet et al.,
2023). The timeline for reaching saturation depends on factors such as soil type, climate, and
management practices, but many agricultural soils may reach a point where additional C inputs yield
diminishing returns in terms of storage (Angers et al., 2011). This limitation questions the scalability
of CF as a sustainable climate solution over the long term. Biophysical constraints also hinder to the
widespread implementation of CF. In croplands with unsaturated topsoil, increased net primary
productivity and additional nutrient inputs are necessary to sustain SOC increases (Martin et al.,
2021; Richardson et al., 2014). Access to organic inputs like crop residues, compost, or manure is
not always reliable, and logistical costs, such as transporting these materials, further complicate
adoption (Poulton et al., 2018). Exporting organic matter from one area to another may also result
in SOC losses elsewhere, negating the overall C sequestration benefits due to leakage or
displacement.

Economic constraints also present major challenges. While CF could provide financial incentives
through C credits, the profitability remains uncertain, especially for small-scale farmers (Barbato
and Strong, 2023). Transition costs, such as acquiring new equipment, can be prohibitive, and the
financial returns from C credits are often low and unstable due to market volatility. (Barbato and
Strong, 2023). There is consistent social-scientific evidence that farmer motivations for adoption of
CF on their land are driven by perceptions about the co-benefits of such activities, rather than by
financial returns or the idea of sequestering C (Barbato and Strong, 2023). Social barriers factors,
including lack of familiarity with CF practices and concerns over costs, further complicate adoption,
despite potential financial incentives (Barbato and Strong, 2023).

Moreover, over-reliance on CF as a climate solution may divert attention from more urgent
actions, such as reducing fossil fuel emissions (Baveye, 2020). CF should be viewed as part of a
broader climate strategy rather than a standalone solution. Lastly, the success of CF depends on
robust and transparent Measurement, Reporting, and Verification (MRV) systems (Smith, 2012).
Without reliable methods for accurately measuring C sequestration and monitoring its permanence,

the credibility of CF as a climate solution remains in question. Current technologies face challenges
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in balancing accuracy with cost, and many farmers lack access to the necessary tools and expertise
for implementation (Brummitt et al., 2024). This complexity adds another layer of difficulty to

verifying C sequestration claims.
1.5 Measurement, Reporting, and Verification (MRV) Methods in Carbon Farming

Measurement, Reporting, and Verification (MRV) systems are integral to the success of CF
initiatives, as they must ensure the accuracy and reliability of C sequestration outcomes and
reductions in GHG emissions (Guan et al., 2023; Paul et al., 2023; Smith, 2012). Robust MRV
frameworks should build trust among stakeholders—farmers, policymakers, and investors—by
promoting transparency and accountability in carbon trading and offset markets. Beyond
regulatory compliance, MRV systems are critical for assessing the real impact of CF on climate
mitigation. However, the challenge lies in developing reliable, scalable, and cost-effective MRV
methods particularly within diverse agricultural contexts where resources and capacities may differ
(Guan et al., 2023). Practical MRV solutions are necessary, especially for farmers, to ensure accurate
measurements without imposing excessive financial burdens (Paul et al., 2023).

Field-based measurement approaches remain one of the primary methods for assessing SOC
levels and monitoring C fluxes (Guan et al., 2023; Smith et al., 2020). These approaches traditionally
involve measuring both SOC concentration and soil bulk density to quantify SOC stocks. A key
recommendation for SOC stock assessment is the use of an “equivalent mass basis” approach,
particularly when comparing stocks across different land uses and management practices that may
affect SOC concentration and bulk density (Wendt and Hauser, 2013). Direct measurement involves
collecting soil from various locations to account for the spatial variability of SOC content across
different fields and conditions. However, the need for a large number of soil samples to minimize
potential errors in SOC stock estimation (Smith et al., 2020) makes this approach labor-intensive
and costly. These constraints make large-scale measurement campaigns challenging, especially
when trying to maintain precision.

Recent technological innovations have expanded the possibilities for enhancing MRV systems in
CF. Soil proximal sensing is one such innovation, providing direct point measurements in both field
and laboratory settings, as well as large-scale soil mapping (Guan et al., 2023; Smith et al., 2020).
Proximal sensing technologies, such as ultraviolet (UV), visible and infrared spectroscopy,
electromagnetic induction, electrical resistivity, and gamma radiometric sensor, can estimate

various soil parameters, including SOC content, moisture levels, clay content, and sand fraction
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(Rossel et al., 2010). These technologies, once equipped with a well-developed library or calibration
set, allow for more frequent and detailed soil assessments without relying heavily on intensive
sampling, thus reducing both time and labor costs (Rossel et al., 2010). By combining proximal
sensing with traditional field-based measurements, a more comprehensive and efficient approach
to monitoring SOC and other soil health indicators can be achieved. In addition to proximal sensing,
remote sensing technologies provide promising opportunities for monitoring C fluxes over larger
areas with greater efficiency. These technologies can involve linking data from unmanned aerial
vehicles (UAVs), airplanes, or satellites directly to soil properties, inferring changes in SOC through
shifts in vegetation, or incorporating remote imagery as a covariate in digital soil mapping (Smith et
al., 2020). Remote sensing is particularly valuable for collecting data across vast regions,
complementing field-based measurements to offer a more comprehensive understanding of C
dynamics in agricultural systems. Process-based modeling tools such as Daycent and RothC are also
instrumental in simulating C dynamics within agricultural ecosystems (Guan et al., 2023; Smith et
al., 2020). These models rely on algorithms that incorporate various factors—including soil
properties, vegetation, climate, and management practices—to predict C fluxes and sequestration
potential over time. These models are particularly useful for assessing the long-term impacts of
different agricultural practices on SOC levels, providing insights into how modifications to land
management can enhance C sequestration. However, the accuracy of these models depends heavily
on the quality and availability of input data, as well as the assumptions made in the model's design.
Carbon accounting tools play a pivotal role in quantifying GHG emissions reductions associated with
CF practices (Guan et al., 2023). Tools such as the Cool Farm Tool offer user-friendly platforms to
estimate the C footprint of a farm and track improvements in management practices over time
(Hillier et al., 2011). These tools often integrate data from field measurements, remote sensing, and
modeling to provide a holistic view of C dynamics.

However, one of the key challenges in MRV systems is finding a balance between accuracy and
cost _. More precise measurement techniques often come with increased financial and logistical
demands, which can be prohibitive for smallholder farmers or those operating under tight budgets.
Therefore, while technological innovations have improved MRV systems' accuracy and scalability,
their practical implementation must consider the economic feasibility for a wide range of
agricultural stakeholders. One potential approach for the quantification of field-level C outcomes in
agricultural soils is through an integration of sampling, sensing, and modeling, which was defined
by Guan et al. (2023) as the “System-of-Systems” solution.
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1.6 Research objectives.

The transition to sustainable agriculture and climate mitigation has placed CF at the forefront as
a crucial solution for supporting C removals and overall soil quality improvements. Several EU
projects considered in this research, including GRACE, ClieNFarms, Farms4Climate, and MARVIC,
collectively address the urgent need for cost-effective climate neutral and climate resilient
agronomic solutions aligned with CF principles and operational MRV systems to enable the
rewarding of net climate benefits generated at farm level and across supply chains.

e GRACE (https://www.grace-bbi.eu/) focuses on cultivating non-competitive biomass crops like

Miscanthus on marginal lands, transforming these areas into productive landscapes that
enhance SOC sequestration while generating high-value bio-based products.

e ClieNFarms (https://clienfarms.eu/) aims to co-develop and scale systemic, locally relevant

solutions for climate-neutral and climate-resilient farming systems by integrating organizational,
technical, and financial innovations, creating economically viable CF models.

e Farms4Climate (https://www.farms4climate.eu/) adopts a farmer-centered living lab approach

to develop and test agroecological practices, supported by digital tools for measuring, reporting,
and verifying C removals, thereby enabling farmers to access C markets.

e MARVIC (https://www.project-marvic.eu/) works on developing context-specific MRV

frameworks for public or private certification schemes and OPC (operational processing chain)

that empower farmers to engage in CF program and benefit from climate finance mechanisms.

Together, these projects emphasize shared goals of enhancing SOC storage, promoting climate-
smart farming practices, and providing practical pathways for farmers to contribute to and benefit
from the emerging soil C economy.

In this context, this thesis explores operational CF strategies across various systems and scales to
unlock the potential of the soil C economy. The primary aim is to enhance SOC sequestration and
improve soil quality through science-based, practical CF practices, while enabling effective
monitoring and verification to support the soil C economy.

Each chapter contributes to this overarching goal:

e Chapter 2: Investigates the effects of land-use transitions, specifically the conversion of marginal
lands to Miscanthus cultivation, on enhancing SOC storage and improving soil quality. This
chapter examines how such transitions can transform underutilized landscapes into productive

systems that contribute to SOC sequestration and sustainable land management.
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e Chapter 3: Develops and evaluates practical CF practices tailored to the industrial tomato supply
chain in northwestern Italy. This chapter assesses the efficiency of short-term SOC sequestration
while highlighting the delivery of environmental co-benefits such as improved soil quality and
reduced GHG emissions. Additionally, it integrates accurate and cost-effective MRV tools to
ensure the scalability and economic viability of these practices within CF frameworks.

e Chapter 4: Explores the microbial mechanisms underlying SOC stabilization, specifically the
incorporation of straw residues into the soil with targeted nutrient supplementation, a practice
explored in Chapter 2. This approach aims to enhance the efficiency of C incorporation into
stable soil fractions, addressing a critical requirement for long-term C storage—a cornerstone of
effective CF initiatives.

e Chapter 5: Advances the accuracy of SOC stock predictions by integrating on-the-go proximal
soil sensing technologies with remote sensing and auxiliary data, ensuring reliable assessment
and monitoring, which are crucial for CF systems.

Together, these studies aim to provide actionable insights into CF’s role in supporting sustainable
agriculture, enhancing soil health, and contributing to both climate mitigation (through certified

removals) and adaptation (via improved soil resilience).
1.7 Thesis outline and experimental approach

To address the research objectives outlined in the previous section, a multifaceted approach was
adopted. Field experiments were conducted to examine two distinct cropping systems—a perennial
cropping system and an arable cropping system—to evaluate their contributions to SOC
sequestration and soil quality improvement. An incubation experiment under controlled conditions
was designed to investigate the microbial mechanisms underpinning SOC stabilization. This
experiment aimed to assess the efficiency of targeted agronomic practices in promoting long-term
C storage, a critical component of sustainable CF strategies. Finally, a comprehensive field campaign
across northern Italy was undertaken to develop accurate and cost-effective SOC accounting
approach to support MRV activities, ensuring reliable assessment and scalability of CF practices. This
integrated approach provides actionable insights into enhancing SOC sequestration while
supporting the operationalization of CF initiatives.

Chapter 2 focuses on evaluating the short-term potential of four promising Miscanthus hybrids,
highly productive perennial grasses, to sequester SOC and enhance physical, chemical, and

biological soil quality across six marginal sites in Europe. The study examines the impact of
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transitioning land use to Miscanthus cultivation from former cropland and grassland, with a focus
on SOC dynamics and the feasibility of sustaining these high-yielding genotypes on unfertilized
marginal lands. Additionally, the role of plant C inputs from these hybrids as a key driver of SOC
sequestration is explored.

Chapter 3 assesses the eligibility of CF practices specifically designed for the industrial tomato
supply chain in northwestern Italy, with a focus on their potential for future C crediting. The study
investigates the ability of these practices to generate C credits and deliver environmental co-
benefits through trials conducted on five Lead Commercial Farms (LCFs) in the Piacenza province. A
hybrid MRV methodology is proposed, integrating field measurements with remote sensing
technologies and a biogeochemical model to ensure scalability, reliability, and adaptability within
CF programs. The criteria for certifying C removals and emission reductions align with the European
Commission's newly proposed Carbon Removal Certification Framework (CRCF) and the VERRA
VMO0042 methodology. Adhering to these frameworks ensures that the CF practices tested meet
stringent standards of credibility and consistency, thereby building stakeholder confidence in C
markets, and supporting the advancement of CF initiatives.

Chapter 4 investigates the microbial mechanisms that regulate the balance between SOC
mineralization and stabilization in mineral soil fractions through a controlled incubation experiment.
Building on the practices explored in Chapter 2, the study focuses on the balanced addition of
nutrients to straw residues incorporated into the soil as a strategy to enhance the humification
efficiency of C-rich organic matter and promote SOC stabilization. This stabilization is linked to the
"microbial-C pump" mechanism introduced in the chapter, highlighting the role of microbial
processes in driving long-term C storage. The stabilization of SOC into mineral fractions is crucial,
not only as a cornerstone of effective CF initiatives but also as a source of sustained soil fertility.
Stable SOC contributes to long-term C storage while gradually releasing nutrients that support crop
productivity, reinforcing the dual benefits of CF for climate mitigation and agricultural sustainability.

Chapter 5 develops a proximal sensing-based regional machine learning (ML)-based prediction
models to estimate key soil properties, such as clay content, SOC concentration, and BD for on-the-
go SOC stock mapping. Additionally, a Smart Soil Sampling approach is introduced to optimize soil
sampling at the field level, minimizing the number of samples required while enabling local
calibration procedures. The ultimate goal is to produce high-resolution SOC and BD maps at the field

level, which can serve as inputs for calculating SOC stock maps and generating uncertainty maps.
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This approach provides valuable tools for precise, field-scale SOC stock spatial accounting and
supports CF applications such as model initialization and climate smart fertilization strategies.
Finally, Chapter 6 integrates the findings from the previous chapters, synthesizing key insights
and outcomes. It also addresses the limitations of the methods employed and discusses both the
opportunities and the critical needs for future research in the field of CF. This reflection aims to
guide further advancements and refine strategies for enhancing SOC sequestration and improving

agricultural sustainability.
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2.1 Introduction

Miscanthus, a perennial herbaceous crop with C4 photosynthesis, has received considerable
attention as a multi-purpose crop that can provide large amounts of biomass for the growing
bioeconomy and simultaneously offering environmental benefits. Novel Miscanthus hybrids are
being developed in Europe as promising biomass crops for the bioenergy and bio-based industry,
rural diversification, to face climate changes and global energy security (Clifton-Brown et al., 2017).
Its nearly year-round soil cover reduces soil erosion and run-off, while the deep and dense rooting
system ensures a more efficient use of nutrients and water, making this crop a low-input species
that minimizes nutrient losses (Anderson et al., 2011; Ferrarini et al., 2017b). Moreover, its strong
tolerance to environmental stresses makes Miscanthus a suitable crop for marginal land and
degraded soils affected by heavy metal contamination, erosion, flooding, drought, salinity, and
heavy clay soils (Brami et al., 2020; Islam et al., 2023; Pidlisnyuk et al., 2014; Xu et al., 2021). On
such lands, Miscanthus enhances soil quality by improving soil structure (Schrama et al., 2016;
Winkler et al., 2020), increases soil organic carbon content (Clifton-Brown et al., 2007; Pidlisnyuk et
al., 2014; Richter et al., 2015), microbial biomass (Emmerling et al., 2017) and the overall
belowground functioning (Chen et al., 2020; Hargreaves and Hofmockel, 2014; Kane et al., 2023).
However, several studies highlighted that the effects of Miscanthus on soil quality are site-
dependent and related to soil properties (Brami et al., 2020; Emmerling et al., 2017; Rowe et al.,
2016; Ruf et al., 2018), intensity of contamination (Brami et al., 2020) and previous land use (Brami
et al., 2020; Rowe et al., 2016; Ruf et al., 2018). For instance, land use change from grasslands to
commercial rhizome-based Miscanthus x giganteus negatively impact soil quality, while land use
change from intensively managed arable lands is more likely to have a beneficial impact on soil
quality (Emmerling et al., 2017; Ruf et al., 2018). This is mainly related to changes in soil organic
carbon (SOC) content, as priming of existing soil organic matter (SOM) in response to the input of
easily decomposable carbon from this crop occurred in grasslands soils characterized by high level
of initial SOC (Richter et al., 2015; Rowe et al., 2016; Ruf et al., 2018; Zatta et al., 2014). However,
on the long-term, these authors suggested that establishment of perennial bioenergy crops on
degraded and marginal lands could provide long-term improvements to SOC sequestration and soil
quality. Most of these studies addressed the potential contribution of Miscanthus cultivation to
deliver climate and other ecosystem benefits using the standard Miscanthus x giganteus genotype
(Donetal., 2012). However, there is a significant knowledge gap on the soil carbon storage potential

of novel Miscanthus hybrids. In particular, the contribution of plant-based C inputs of high-yielding
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hybrids to soil C sequestration and overall, to soil quality improvement is unknown. Miscanthus
hybrids can act as a sink or even a source of atmospheric carbon according to their plant growth
habit, rooting pattern, as well as the original SOC content and nutrient availability of the site before
Miscanthus plantation (Agostini et al., 2015; Richter et al., 2015). Only few recent studies compared
the carbon storage capacity of Miscanthus sinensis and Miscanthus sacchariflorus with that of the
commercially grown Miscanthus x giganteus (Ouattara et al., 2021; Richter et al., 2015).

Advances in Miscanthus domestication are needed to breed novel genotypes to suit a wider
range of ecological conditions and increase the efficiency of carbon capture and thus soil C
sequestration (Clifton-Brown et al., 2007). Within the BBI demonstration GRACE project (grant
agreement ID 745012) a number of novel rhizome- and seed-based Miscanthus hybrids were
cultivated across European marginal lands to assess their potential to secure feedstock for the bio-
based economy (Awty-Carroll et al., 2022; Clifton-Brown et al., 2023; Impollonia et al., 20223;
Impollonia et al., 2022b; Magenau et al., 2022, 2023; Shepherd et al., 2023). In this study, four
promising Miscanthus hybrids (two novel seed- based hybrids M. sinensis x sinensis [M. sinxsin] and
M. sacchariflorus x sinensis [M. sacxsin]; a novel M. sacchariflorus x sinensis [M. sacxsin] rhizome-
based clone; and a standard M. x giganteus clone [Mxg]) were chosen to evaluate their short-term
potential (4 years after land use change from marginal land) to 1) sequester soil C in topsoil (0-30
cm) and 2) improve chemical, biological and physical soil quality. A set of representative European
marginal sites were chosen to identify the effects of land use change both from grasslands and
arable lands to Miscanthus cultivation. In southerly sites, some hybrids reached mature yield levels
at the end of the second growing seasons, while in more northerly sites mature yield levels required
3 to 4 years depending on soil and climatic factors (Awty-Carroll et al., 2022; Magenau et al., 2022).
Once successfully established, standard Miscanthus x giganteus performed well in all locations,
while M. sinxsin hybrids were found to be better adapted to Northern Europe, and two novel M.
sacxsin hybrids were more productive in Southern Europe. In this work it was hypothesized that
after 4 years from establishment higher yielding hybrids across diverse pedoclimatic conditions
would have the highest contribution to soil C sequestration thanks to their higher belowground
plant C input to soil. To evaluate the impact of these novel Miscanthus genotypes on soil quality,
multiple parameters were assessed including soil physical (bulk density and porosity), chemical
(content and stock of SOC, total N, P, and K, plant available P and K, Ca, and Mg), and biological

(microbial biomass and enzymatic activity) indicators.
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2.2 Materials and Methods

2.2.1 Experimental design and sampling strategies

The field experiment was established in plot scale trials in 2018, at six locations across Europe,
arranged along a North-East to South-West transect (Fig. 2.1). The six trial sites are located:
- at Trawsgoed (TWS) near Aberystwyth, UK (52°24'59.8"N, 4°04'02.6"'W);
- at Oberer Lindenhof (OLI) near Stuttgart, Germany (48°28'42.1""N, 9°18'41.0"E);
- at Chanteloup (CHV) near Paris, France (48°58'34.9"'N, 2°01'57.9"E);
- near Zagreb (ZAG), Croatia (45°85'05.55""N, 16°17'77.7"E);
- near Piacenza at PAC1 (45°00'11.70"N, 9°42'35.4"E) and PAC2 (44°50'40.32"'N, 9°35'04.9"E).

AW “ \ A A
GRC9 GRC3 GRC14 GRC 15

M. x gig M. Sinx Sin M. Sin x Sac M. Sin x Sac &\H}

Figure 2.1 Map of the sites over a range of European marginal lands. Sites in order of decreasing latitude: TWS (Aberystwyth, Wales,
UK) [Aberystwyth University, IBERS], CHV (near Paris, France), OLI (near Stuttgart, Germany) [University of Hohenheim], ZAG (Zagreb,
Croatia) [University of Zagreb], PAC 1 and 2 (Po Valley, Italy) [Universita Cattolica del Sacro Cuore]. The panel at the bottom left of
the figure show the four high-yielding Miscanthus hybrids selected for this study: GRC9, a standard rhizome-based clone of M. x
giganteus; GRC 3 (M. sin x sin) and GRC 14 (M. sac x sin), two novel seed-based hybrids; GRC15 (M. sac x sin), a novel rhizome-based
clone.

Experimental sites had different land uses before Miscanthus transplanting: PAC1, OLI, and ZAG
were marginal arable lands, while TWS and PAC2 were semi-improved permanent marginal
grasslands. CHV was a polluted site by hundred years of irrigation with raw wastewater coming from
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Paris and its suburbs on sandy soils occupied by market gardens and orchard. Information on
climatic conditions, previous land uses, soil type and marginality factors are thoroughly described in
seed- and rhizome-based hybrids in a randomized complete block design with four replicates. This
study analyses the impact of four of these 14 hybrids on soil properties: GRC 3 (M. sinxsin) and GRC
14 (M. sacxsin), two novel seed-based hybrids; GRC15, a novel rhizome-based clone (M. sacxsin);
and GRCY9, a standard rhizome-based clone of M.xgiganteus. Detailed hybrid information is
presented in (Awty-Carroll et al., 2022; Magenau et al., 2022), including planting density, biomass
yield, growth rate and nutrients offtake. An initial soil sampling was conducted in autumn 2017 (To
sampling) before the establishment of field trials, collecting six soil cores at 30 cm depth in each
field trial which were then divided into 0-10 and 10-30 cm sections. At each location bulk density
(BD) samples were collected and measured for the same depth intervals. In spring 2022, 4 years
after establishment (T4 sampling), soil and bulk density sampling was performed by extracting four
replicates of 0-30 cm soil cores for each Miscanthus hybrid. Two soil cores were collected in three
different plant positions (inter-row, edge of the plant and center of the plant) according to the
sampling strategy described by Martani et al. (2020). Soil cores collected were then split into 0-10
and 10-30 cm sections and combined to have one sample per each soil depth layer per plot. Soil
samples were taken to the labs, where one subsample was air-dried and sieved at 2 mm for

physicochemical analysis and another subsample was stored at -18 °C for microbiological analysis.

2.2.2 Soil quality indicators

2.2.2.1 Soil quality physicochemical indicators

Air-dried soil samples were weighted and analyzed by Dumas’s combustion method with
elementar analyzer (SoliTOC, Elementar) to determine soil organic carbon (SOC) and total N (TN)
concentration (g kg?) respectively. Total phosphorous (P), potassium (K), calcium (Ca), and
magnesium (Mg) were analyzed through microwave digestion method and read with an ICP-OES,
while plant available phosphorous (P20s) and plant available potassium (K20) were analyzed with
the ammonium lactate method (Egnér et al., 1960). Soil BD (g cm™3) was calculated dividing dry soil
weight by the volume of the known cylinder used, while soil porosity (Por) was calculated from BD
(1- BD/2.65). Variations in SOC and soil nutrients concentration (g kg') were calculated as the
difference between the values measured after 4 years from plantation and the values measured

before the beginning of the experiment.
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2.2.2.2 Soil quality biological indicators

Soil biological quality was evaluated by measuring soil enzymes activities and microbial biomass.
The effect of Miscanthus spp. cultivation on soil microbial community activity was determined via
measurements of enzyme activity (EA). The assay based on the procedure of Ferrarini et al. (2021)
tested 16 hydrolytic enzymes involved in the principal nutrient cycles, namely: B-glucosidase
(betaG), B-1,4-glucanase (cell), B-1,4-xylanase (xilo), involved in C cycling; N-acetyl-B-D-
glucosaminidase (chit), leucine amino-peptidase (leu), arginin amino-peptidase (argi) and aspecific
protease (aprot) involved in N cycling; acid- (acP) and alkaline- (alkP) phosphomonoesterase,
phosphodiesterase (bisP), pyrophosphate-phosphodiesterase (piroP), inositol-P phosphatase
(inositP) involved in P cycling; arylsulfatase (aryS); butyrate esterase (butir) and fluorescein
diacetate hydrolysis (fda) involved in the hydrolysis of ester bonds; and peroxidase (perox) involved
in redox reaction of soil organic matter cycle. All measurements were taken in triplicate and the
activities were expressed as nanomoles of MUF (or AMC) g dry soil hl. Microbial biomass (MB)
was determined using the double-stranded DNA (dsDNA) content as a proxy (Bragato et al., 2016).
DNA was extracted as described by (Fornasier et al., 2014). The soil dsDNA content was corrected

for soil moisture content and expressed as nanograms dsDNA g* dry soil.

2.2.3 Soil organic carbon and nutrients stock changes calculation

SOC and soil nutrients stocks (Mg ha™) were calculated across sites using the equivalent soil mass
(ESM) approach proposed by Wendt & Hauser (2013). ESM’s (Mg ha) were calculated using a cubic
spline function to provide estimates that correspond to 0-10 cm and 10-30 cm soil depth across all
sites to ensure comparable SOC and nutrients stock estimates responding to changes in bulk density
between sites and the two sampling times To (time-zero) and T4 (year 4). Stocks values were
calculated by multiplying the ESM of the soil layer by its C or nutrient concentration. Stocks were
calculated also as cumulative soil mass of SOC and nutrients in the 0-30 cm soil layer. In this study,
SOC sequestration is expressed both as 1) SOC stock variation (ASOC stock in Mg ha™?), calculated as
the difference between SOC stock measured after 4 years from plantation and the SOC stock
measured before the beginning of the experiment and 2) yearly carbon sequestration rate (CSR in
Mg hat y?), calculated dividing the ASOC stock Mg ha! by the years of Miscanthus cultivation. We
used here the term “SOC sequestration” as SOC stock measured change from time zero as discussed
in Don et al. (2023), by assuming that SOC stock is under equilibrium for the business-as-usual

scenario with no land use change to Miscanthus.
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2.2.4 Plant Cinput to soil calculation

Plant C input to soil from above- and belowground biomass components were estimated as
estimate C input from rhizomes (Tab. S2.3). Total C input to soil was calculated on a yearly basis as
the sum of the C input from the following plant organs: C from stubble (Cs), C from roots (Cr), C from
root exudates (Ce), and C from rhizomes (Crhiz). C input from weeds (Cw) was considered negligible
and was excluded from the calculation. Cs, Cr and Ce were calculated as the sum of the 4 growing
seasons while Crhiz was calculated only for three growing seasons since in the first year of
establishment the rhizome biomass (RB) is negligible. In order to calculate belowground C input
from Crand Ce in the 0-10 and 10-30 cm layers, the “beta” root distribution model was applied using
a B coefficient value of 0.967 (see Chimento and Amaducci, 2015). In order to calculate Crhiz, RB
was estimated using an allometric function derived from literature where RB and cumulative
aboveground biomass over the growing seasons (CumAGB) have been measured. A detailed
description of RB estimation is reported in the Supplementary Materials. To apply the formula of
table S3 the data on annual yields were obtained from Awty-Carroll et al. (2022) and Magenau et al.
(2022) for the same plot/hybrid/year/site combination, while information about harvest index (HI)
was obtained from Martani et al. (2023) and root to shoot (R:S) ratio values from dedicated roots

sampling at PAC1 and OLI sites.

2.2.5 Statistical analysis

Soil variables (BD, Por, SOC, TN, TP, TK, P,0s, K,0, Ca and Mg concentration and stock) as well as
single EA and MB were analyzed using a three-way mixed-model ANOVA for complete randomized
block design. Analyses were performed using R: nmle (Pinheiro et al., 2012) and emmeans (Lenth et
al., 2018) packages. Miscanthus hybrids (Hybrid), site (Site) and block were considered as random
effects to represent the experimental designs of the different trials while Site x Hybrid x sampling
time interactions were used as fixed factors. Mixed model was run independently for each soil layer
(0-10, 10-30 and 0-30 cm). Annual rate of SOC and nutrients stock changes were analyzed with a
two-way mixed-model ANOVA for complete randomized block design. Miscanthus hybrids, site and
block were considered as random effects while their interaction as fixed effect. Mixed model was
run independently for each soil layer (0-10, 10-30 and 0-30 cm). Log transformations or square root
transformations were performed to satisfy assumptions of normality and heteroskedasticity when

needed. If the transformation did not meet the criteria, ‘function weights’ were used in the linear
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mixed model effect formula to consider the non-homogeneous variance structure introduced by the
factors studied. The function emmeans was used to estimate the marginal means and Tukey HSD
post-hoc tests were used to assess significant differences between treatments when the F-tests
indicated statistically significant effects. All test results were considered statistically significant at p
<0.05.

A distance-based ReDundancy Analysis (dbRDA) based on Bray-Curtis’s distance was used to
assess the effects of depth and time on soil enzyme activities and how they are affected by soil
properties (SOC, TN, TP and MB). dbRDA was performed separately on each site and run on a three
step basis as described in Ferrarini et al. (2021). A similarity percentage (SIMPER), coupled with
Wilcoxon signed-rank tests with n=9999 permutations, was used to determine the enzyme activities

that contributed most to the Bray-Curtis dissimilarity between To and T4 sampling times.

concentration, C:N, C:P, N:P and C input) in explaining the SOC sequestration (ASOC stock in Mg ha
1) at two soil depths, 0-10 cm and 10-30 cm, and for two different environments: the Northern
environment (NE) that includes TWS, OLI and CHV sites and the Southern environment (SE) that
includes ZAG, PAC1 and PAC2 sites. Moreover, a correlation analysis was conducted to identify
significant relationships between changes in SOC concentration (ASOC g kg*) and enzymatic

activities (AEA)
2.3 Results

2.3.1 Effects of Miscanthus cultivation on soil quality indicators

Four years after planting Miscanthus on the six widely distributed European sites, most of the
soil quality indicators were significantly affected (p <0.05) by the land use transition (Tables S2.4 a-
b). “Site” effect was significant for all soil physical, chemical, and biological indicators, while the
effect of “Time” was significant for 7 out of 10 soil physicochemical indicators and for 3 out of 10
biological indicators. Moreover, no significant “Hybrid” effect was detected for any soil quality

indicators, therefore they will not be considered hereafter.

2.3.1.1 Effects of Miscanthus cultivation on soil physical and chemical indicators

The BD increased significantly at ZAG and PAC2 sites both in 0-10 cm (+11.7% and +83.8%

respectively) and 10-30 cm (+14.4% and +10.7% respectively) layers (Fig. S2.2 a,c) and OLI in the top
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layer (+16.4%), while in all other sites its variation was not significant. Estimates of soil porosity
changes have an opposite behavior to BD (Fig. S2.2 b,d). Overall, across sites, SOC concentration
(g-kg™) decreased by -2.9% (-1.4 g kg™!) in the 0-10 cm layer and increased by +6.4% (+1.5 g kg™?) in
the 10-30 cm layer (Fig. S2.3 a,e). In the 0-10 cm layer, SOC content significantly decreased in TWS,
by -5 % (-2.6 g kg™) and PAC2 by -37% (-8.6 g kg™!), while significantly increase in CHV by +13% (+3.8
g kg™') (Fig. S2.3 a). In addition, SOC content increased by +33% at TWS in the 10-30 cm layer (+10.1
g kg™1) (Fig. S2.3 e). Similarly to SOC, concentration of TN (g kg ) was reduced in the upper layer by
-4.9% (-0.3 g kg™!) and enhanced in the lower layer by +19% (+0.2 g kg™%). In TWS and PAC2, TN
content was reduced by -24.3% (-1.2 g kg!) and -32.5% (-0.7 g kg™!) in the first 0-10 cm respectively,
while in the 10-30 cm layer TN increased by +39.2% (+0.9 g kg™') and +49% (+0.4 g kg™1), respectively
(Fig. S2.3 b,f). In contrast, at CHV TN content (g kg™) significantly decreased in both layers by -16%
(-0.3 g kg™!) on average (Fig. S2.3 b,f). PAC1 was the only site where TN content significantly
increased in both layers, on average by +13.8% (+0.2 g kg™!). Generally, across sites, total P content
increased in the soil profile by +11.6% (+0.06 g kg™!) with significant increases at CHV (+30.1%; +0.2
g kg™1), OLI (+8.7%; +0.09 g kg™!) and PAC1 site (+34.8%; +0.1 g kg™!). However, TP significantly
decreased in ZAG -15.6% (-0.1 g kg™*) and in TWS in 10-30 cm layer by -5% (-0.08 g kg™?) (Fig. S2.4
a,e). Available P significantly increased in all sites by +129% (+0.2 g kg™!), with the highest increment
in PAC1 +418.9% (+0.5 g kg™) (Fig. S2.3 c,g). Moreover, a significant depletion of total K
concentration was observed with Miscanthus cultivation across sites corresponding to -21% (-0.3 g
kg™!), which was significant in TWS (- 49.3%; -0.7 g kg™1), ZAG (-45.7%; -0.3 g kg™*), PAC1 (-25.3%; -
0.3 g kg™?) and PAC2 (-39.9%; -0.3 g kg™') (Fig. S2.4 b,f). Available K generally increased in the first
layer, on average by +31.8% (+0.1 g kg™?), while it decreased in the 10-30 cm layer by -11.5% (-0.06
g kg™1), except at PAC1 where it had the highest increment in both layers (+71.3%; +0.2 g kg™!) (Fig.
S2.3 d,h). Ca content (g kg?) was not significantly affected by Miscanthus cultivation (Fig. S2.4 c,g),
while Mg concentration significantly decreased in the 10-30 cm layer in TWS, PAC1 and PAC2 sites
with an average decrease of -5.1% (-0.4 g kg™!) (Fig. S2.4 d,h).

2.3.1.2 Effects of Miscanthus cultivation on soil biological indicators

Cultivation of Miscanthus positively affected biological soil quality measured as microbial
biomass (MB, measured as dsDNA content) and enzymatic activity (EA) (Tab. S2.4b). In TWS, CHV,
ZAG and PAC1 sites, the MB significantly increased along the soil profile, showing the highest
increment in CHV (+10.9%) followed by TWS (+6.3%), PAC1 (+3.8%) and ZAG (+3.5%) (Fig. S2.5 a,b).
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However, MB decreased significantly in OLI (-2.9%) and PAC2 (-15.5%) mainly in the 0-10 cm, while
no significant differences were detected in the 10-30 cm layer in PAC2. Considering the previous
land uses of these sites, in managed grassland such as TWS and PAC2, the differentiation of EA was
more evident in the top layer with separation along axis 1 accounting for 59.7% in TWS (F:69.3; P =
0.001) and 32.3% in PAC2 (F:107.9; P=0.001) (Fig. 2.2 a,b). Differently, land use change from former
arable lands such as OLI, ZAG and PAC1 showed a clearer differentiation in the entire soil profile
considered, with the separation along axes 1 (F range: 91.2 to 149.8; P= 0.001) and accounting for
37.5% to 48.7% of the total variance. dbRDA results from multivariate analysis on C-, N-, P- and S-
cycling enzymes indicated that the soil parameters that had the highest influence on EA distribution
across sites were mostly MB and SOC (Fig. 2.2). MB and SOC were in turn positively correlated in all
sites as also highlighted by the correlation analysis between SOC and EA changes (Tab. S2.5). A
south-north environmental gradient controlling EA activity was observed (Fig. 2.2). EA was found to
be mainly governed by MB and SOC in southern environments, while availability of total nutrients
(TN and TP) significantly controlled EA in northern environment such as OLI and TWS. On average,
the activities of C-acquiring, esterase, and P-acquiring enzymes under Miscanthus cultivation were
significantly increased in most of the sites (Fig. 2.3). However, PAC2 showed a reduction for all EA
in the 0-10 cm and for N-acquiring enzymes in the 10-30 cm layer. In addition, in TWS most of the
EA decreased in the 10-30 cm layer, while in OLI N-acquiring enzymes were reduced in the top layer
(Tab. S2.6). SIMPER analysis showed that esterase activity (measured as butir) was the enzyme
activity that increased significantly in both soil layers and contributed the most to overall EA
dissimilarities between To and T4 sampling time (52.5% in 0-10 and 55% in 10-30 cm layer). AlkP was
significantly increased and contributed to the overall dissimilarities in TWS, CHV, OLI and PAC1 sites
in the top layer as well as in the lower layer in CHV, OLI, ZAG and PAC1 sites (Fig. 2.3). At PAC2, EA
were significantly decreased after 4 years of cultivation, in particular in the 0-10 cm layer were alkP
and 3 N-cling enzymes (aprot, leu and argi) contributed to 80 % of the overall dissimilarity.
Furthermore, a significant decrease of N-acquiring enzymes activity like aprot in the top layer was

observed in CHV, OLI, PAC1, PAC2 and in the lower layer of ZAG and PAC2 sites (Fig. 2.3).
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Figure 2.2 dbRDA plots showing shifts in C-, N-, P- and S-cycling enzyme activities (MUF or AMC gdrysoil-1 h-1) among marginal sites
([a] TWS, [b] CHV, [c] OLI, [d] ZAG, [e] PACI, [f] PAC2) in topsoil layers (0—10 cm and 10-30 cm) from TO to T4. The interaction of the
factors “Depth” and “Time” is positioned as multivariate centroids surrounded by 95% confidence interval ellipsoids. Soil variables
(SOC, TN, TP and MB), represented as arrows that significantly contributed to EA differentiation along axis are indicated with: *, **,
*** for p < 0.05, p < 0.01, p < 0.001 respectively. dbRDA, distance-based ReDundancy Analysis; EA, enzyme activity; MB, microbial
biomass; SOC, soil organic carbon; TN, total nitrogen; TP, total phosphorus

(a) TWS (b) CHV (c) OLI (d) ZAG (e) PAC 1 (f) PAC2
0-10cm 0-10cm 0-10cm 0-10cm 0-10cm 0-10cm
butir [ ] butie (@] butir <] butir (@) butic [©]) P ®
alkP. @ alkP [ ) alkP [ ] aprot ® alkP o butir [ ]
acP ® « @ o teu @® oo @ aprot [ ]
aprot @ o @ oo (] acP ® - @ e ]
e @ @ o @ o @ veuc @®
0 25 50 75 0 25 50 75 [ 20 40 60 80 [ 25 50 75 0 20 40 60 80 © 20 40 e
cum_sum% cum_sum% cum_sum% cum_sum% cum_sum®% cum_sum%
10-30 cm 10-30 cm 10-30 cm 10-30 cm 10-30 cm 10-30 cm
- o - ® = ® ® - ® wl @
acP (@) aprot [ ] axP ) aprot ® akP @ aprot (]
aprot ® @ acP [ ] alkP @ [ ] alkpP [ ]
aikP @ = @® o [ ) piroP o leu O leu o
eu ® - @ o @ @ beuc @ bouc [ )
0 25 50 75 0 25 50 7 0 20 40 6 80 [ 25 50 75 © 20 40 60 8 0 20 40 60 80
cum_sum% cum_sum% cum_sum% cum_sum% cum_sum% cum_sum%

Figure 2.3 SIMPER analysis showing enzyme activities that contributed most (>80%) to the Bray—Curtis dissimilarity between TO and
T4 sampling times, in 0—10 cm (figures above) and 10-30 cm (figures below) soil layers, among marginal sites ([a] TWS, [b] CHV, [c]
OLl, [d] ZAG, [e] PAC1, [f] PAC2). Different colors indicate a significant positive (green) or negative (red) contribution to the Bray—
Curtis’s dissimilarity.

2.3.1.3 Soil nutrients stock variation after 4 years of Miscanthus cultivation

After 4 years of Miscanthus cultivation, total K, Ca and Mg stocks were significantly reduced
compared to time zero sampling in the 0-30 cm layer (Fig. 2.4f-h, Tab S2.7b). Total K stock showed

the highest cumulative reduction (-0.2 Mg haty™!) across sites, which was significant in TWS (-0.4
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Mg haly1), ZAG, PAC1 and PAC2 (-0.3 Mg ha 'yt in all 3 sites). Ca stock overall decreased on
average by -0.06 Mg haly~*among sites, but significantly only at ZAG (-0.6 Mg ha™'y™?) and PAC1 (-
1.8 Mg ha ly™!). Moreover, Mg stock was lowered by -0.1 Mg haty™!, but significantly only in the
10-30 cm layers (Fig. S2.7, Tab. S2.7a). The variation of Mg stock was significant in the lower layer
at TWS (-0.2 Mg ha'y™1), PAC1 (-0.2 Mg ha'ly!) and PAC2 (-0.4 Mg ha~ly!). On the contrary,
available P, available K, TN, and TP stocks cumulative increased over time in the 0-30 cm layer,
respectively by +0.16 Mg P,0s ha™ly™%, +0.01 Mg K0 haty~1, +0.03 Mg TN ha~!y~! and +0.04 Mg TP
ha ly™! (Fig. 2.4b-e, Tab. S2.7b). The highest increment was found for available P, which resulted
significantly enhanced in all sites and substantially at CHV and PAC1 (both +0.4 Mg haly™).
Increased stocks of available K were found mainly in the upper layer (+0.03 Mg ha™ly™') and
decreased in the lower layer (-0.02 Mg haty™!) (Fig. S2.6, Tab. S2.7a). Moreover, significant
variations in TN and TP stocks were different across sites. TN was enhanced only in the 0-30 cm at
PAC1 (+ 0.2 Mg ha"ly™1), while decreased at CHV (-0.2 Mg ha~ty™1). In addition, at TWS and PAC2, TN
stock was reduced in the upper layer (-0.2 Mg haty™1), while it was increased in the lower layer
(+0.3 Mg ha'y™?) (Fig. S2.6, Tab. S2.7a). Similarly, for TP stock a significant increase in 0-30 cm was
found at CHV (+0.2 Mg haly™!), OLI (+0.06 Mg ha~'y™!) and PAC1(+0.2 Mg ha ly™1), while it was
reduced at ZAG (-0.1 Mg ha'y™?) (Fig. S2.7, Tab. S2.7a).
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Figure 2.4 Rate of ([a] SOC stock [A stock Mg ha-1 year-1] and soil nutrients, [b] total N, [c] available P, [d] available K, [e] total P, [f]
total K, [g] Ca, [h] Mg) stock variation (A stock Mg ha-1 year-1) in the topsoil layer [0—30 cm], in 4 years of Miscanthus cultivation
among marginal sites. Different letters denote statistically different means among marginal sites (Tukey's test, p: 0.05), while (*) show
statistically different variations from TO to T4 (Tukey's test, p: 0.05) within the same site. SOC, soil organic carbon.
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2.3.2 Effects of Miscanthus cultivation on SOC stock and drivers of soil C sequestration

After 4 years of Miscanthus cultivation soil organic carbon stocks (Mg SOC ha™) showed
significant variations on former grasslands (TWS, CHV and PAC2) with opposite behaviors in the
upper and lower layers (Fig. 2.4a-S2.6, Tab. S2.7a-b). In the upper layer of TWS and PAC2, SOC stock
was significantly reduced by -0.5 Mg ha™ly™! and -2.1 Mg haty™! respectively, while in CHV SOC
increased by +1.0 Mg ha 'y (Fig. S2.6). On the contrary, SOC stock significantly increased in the 10-
30 cm layer by +3.7 Mg ha™ly! and +0.6 Mg ha™ly™! respectively at TWS and PAC2, while no
significant differences were detected at CHV (Fig. S2.6). In other marginal sites, that were former
arable lands, SOC stock after Miscanthus establishment did not show significant changes (Fig. 2.4a-
S2.6). Nevertheless, it was estimated that Miscanthus cultivation had an average plant C input to
soil of 3.9 Mg C ha™t in four years across sites (Tab. 2.1). Estimated plant C input values (as a sum of
above and belowground inputs) varied greatly across sites and within genotypes, showing the
greatest values at PAC1 (5.3 Mg C ha™). Generally, the standard clone Mxg (GRC9) showed the
lowest average plant C input over four growing seasons (2.6 Mg C ha™?), with the lowest value at
CHV (0.3 Mg C ha™?) and the highest at OLI (4.0 Mg C ha™'). M. sacxsin hybrids, such as GRC14 and
GRC15 showed the highest plant C input in southern environment (SE) like ZAG (5.1 Mg C ha™! GRC
15), PAC1 (7.5 Mg C ha ' GRC 14) and PAC2 (6.1 Mg C ha™* GRC 14). In contrast, the M. sinxsin hybrid
(GRC3) showed higher C input values in northern environment (NE) such as CHV (4.5 Mg C ha™y™),
OLI (6.5 Mg C haly™!) and TWS (5.3 Mg C ha ly™2). Overall, the contribution to the estimated plant
C input to soil from Miscanthus derives mainly from roots (47%), followed by roots exudates (21%)
and rhizomes (20%) (Tab. S2.8). Despite considerable estimated values of plant C added to the soil
by Miscanthus hybrids across sites in four years, other factors were identified as drivers of soil C
sequestration (measured as ASOC stock changes in Mg SOC ha™! after 4 years of Miscanthus
cultivation compared to initial SOC storage). The results of the multiple linear stepwise regression
showed overall good R? values of the models for the northern and southern European
environments, except in 10-30 cm in south Europe (Tab. 2.2). In northern environment R? were
35.4% in 0-10 cm and 64.1% in 10-30 cm layer, while in southern environment R? were 92.8% in 0-
10 cm and 13.9% in 10-30 cm depth (Tab. 2.2). In both environments, in the top layer the initial
concentration of soil carbon was identified as the main driving factor of soil C sequestration,
showing a relative importance (% to R?) of 28% in northern Europe and 31% in southern Europe and
a significant (p<0.001) negative correlation. Moreover, initial values of TN and C:P ratio (SOC:TP

stoichiometric ratio of concentration values) had a positive correlation with ASOC stock in both
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environments. In addition, initial TP values had a positive correlation in northern environment (27%

to R?) and N:P a negative correlation in southern environment (19% to R?). In the lower layer of

northern Europe, TK had the highest relative contribution to the model (38%) followed by C:N (19%),

TP (18%), C (15%) and N:P (10%). Moreover, considering the correlation between variations of SOC

concentration (ASOC g kg?) and changes in EA (AEA), it is worth noting that a significant positive

correlation (p<0.0001) was found with a redox enzyme (Aperox) (Tab. S2.5).

Table 2.1 Estimated total C input to soil (Mg ha-1) as the sum of C inputs from the following Miscanthus organs: C from stubble (Cs),
Cin roots (Cr), Cin root exudates (Ce), and C in rhizomes (Crhiz).
Note: Lowercase letters denote significant differences (p > 0.05, Tukey test) among hybrids in a particular site, while uppercase

letters denote significant differences (p > 0.05, Tukey test) among sites and hybrids.

TWS
CHV
oLl
ZAG
PAC1
PAC2

GRC 14

2,672
3.25b¢
3.102
3.89 %
7.48°¢
6.05¢

4.417

GRC 15

3.58¢
2490
4.59°
5.07°
5.31°
3.78°

4.14 7

GRC3
5.33°
4.46°¢
6.55 ¢
3.41°
4.90 *
2.59 2
4.54 A

GRC9
2922
0.30°
4.07
3.10°
3.47°
1.93°
2.63°

3.62 A8
2.6347
4.58 B¢
3.86°
5.29¢
3.59 A8
3.93
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Table 2.2 Summary statistics of the multiple regression models obtained for SOC sequestration (measured as ASOC stock changes in
Mg C ha after 4 years of cultivation TABLE 2 compared to initial SOC storage) for Northern (TWS, OLI, CHV) and Southern (ZAG, PAC1,
PAC2) environments.

Note: Initial values (as g kg) of carbon and nutrients at sampling were considered as predictors.

Abbreviations: SE, standard error; SOC, soil organic carbon.

*Metrics are normalized to sum to 100% of adjusted R2. Superscript lowercase letter denotes significant differences among
predictors (°p<0.001, ®p<0.01 Bonferroni test) as assessed by bootstrap (n=1000) measures of relative importance.

Prop. of Significant

Type of Depth Variable variance | Residual | Adjusted F- -Value Predictors (%
Environment | (cm) % SE R? Statistic p relative
importance) *

C content (28%)?
Total P content
(27%)P
0-10 35.42 6.075 0.2773 4.607 | 0.0019 Total N content
(18%)P
C:P ratio (14%)°

Northern Cinput (13%)
K content (38%)°
C:N ratio (19%)°
10- 1.294e- | Total P content
30 64.10 3.627 0.5937 13.57 07 (18%)°
ASOC C content (15%)?
stock N:P ratio (10%)?
(Mg C C content (32%)?
ha'l) C:P ratio (24%)?
N:P ratio (19%)°
Total N content
(19%)?
K content (6%)°®
Southern C:N ratio (30%)°
C content (26%)°
Total N content
13.94 1.58 0.0369 1.361 | 0.2585 (22%)°
Total P content
(11%)
N:P ratio (11%)

0-10 92.84 1.517 | 0.9199 109 | 2.2e-16

30

24 Discussions

2.4.1 Effects of Miscanthus on soil quality indicators

The effect of land-use transition to Miscanthus on soil physical parameters was site-specific.
Overall, BD increased in the upper layer mainly in those sites characterized by heavy textured soils
such as OLI, PAC2 (clay loam texture) and ZAG (silty loam texture) (Awty-Carroll et al., 2022).
Likewise, in these sites soil porosity was reduced, and this might negatively impact soil structure,
gas exchange and water movement (Winkler et al., 2020). The increase in BD during Miscanthus

cultivation is a consequence of the no tillage regime of this crop (Guzman et al., 2019) and also of
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the use of heavy machinery during harvesting operations under wet soil conditions (Hargreaves et
al., 2019; Zatta et al., 2014). However, TWS, CHV (sandy-loam soils) and PAC1 (clay loam soil) did
not show any significant variation of soil physical properties. These results confirm that the impact
of the no tillage perennial crop regime on soil physical quality is site-specific. Indeed, other studies
revealed either a reduction (Das et al., 2016; Kahle et al., 1999; Lemus and Lal, 2005; Martani et al.,
2020), or an increase (Brami et al., 2020; Guzman et al., 2019) of BD after planting Miscanthus,
making difficult to establish which is the key factor determining the impact on physical soil quality.

In this study, after 4 years of cultivation, variations of SOC content in marginal lands were
significantly influenced by previous land uses as confirmed by several studies (Brami et al., 2020;
Dondini et al., 2009; Emmerling et al., 2017; Rowe et al., 2016; Ruf et al., 2018; Zatta et al., 2014;
Zimmermann et al., 2013). SOC content significantly decreased in former grasslands, which were
characterized by higher contents of SOC, while in former arable lands SOC concentration did not
vary significantly. Several studies have reported that variations in SOC content can be site-
dependent and related to mean annual temperature (Emmerling et al., 2017; Poeplau and Don,
2014), or soil texture (Brami et al., 2020; Emmerling et al., 2017; Kahle et al., 2001; Ruf et al., 2018).
In this study, under marginal land conditions, the trend of SOC sequestration during Miscanthus
cultivation was affected by initial SOC content as identified in other non-marginal lands converted
to Miscanthus (Emmerling et al., 2017; Rowe et al., 2016; Ruf et al., 2018; Zatta et al., 2014;
Zimmermann et al., 2013). Generally, ploughing operations conducted before planting Miscanthus
on grassland, along with the subsequent disruption of soil aggregates, is considered a contributing
factor to the significant SOC loss in C-rich soils (Poeplau and Don, 2014; Zimmermann et al., 2013)
which can be accelerated by the input of easily decomposable organic substrate, a phenomenon
ascribed to the priming effect (Dondini et al., 2009; Kuzyakov, 2002; Richter et al., 2015; Zatta et al.,
2014). Variation of SOC content after land use changes to Miscanthus was also identified as the main
driver of changes of physical and biological soil quality indicators. For instance, aggregate stability
(Brami et al., 2020; Emmerling et al., 2017; Ruf et al., 2018; Winkler et al., 2020), microbial biomass
and microbial activity (Brami et al., 2020; Emmerling et al., 2017; Ruf et al., 2018), were higher after
conversion from arable lands to perennial crops, but lower when converted from grasslands. This is
confirmed also in this study, where SOC concentration was significantly correlated to MB (p < 0.001)
in most of the sites as well as to EA variations in all sites (Fig. 2.2). The high quantity of estimated
plant C input to soil, especially the more easily decomposable roots and root exudates (on average

0.67 Mg C ha™' y1), may have stimulated an increase of the microbial turnover, which resulted in a
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significant increment of the microbial biomass in most of the sites in four years of Miscanthus
cultivation. However, at PAC2 site, land use change from a 15-year-old meadow to Miscanthus
significantly depleted SOC and MB agreeing with other reports (Brami et al., 2020; Ruf et al., 2018).
This study also highlighted the importance of plant C input in activating the overall belowground
functioning. The physiological shift of the microbial community was mainly governed by the
stimulation of the activity of esterase (butir), involved in the hydrolysis of ester bonds, and alkaline
phosphomonoesterase (alkP), involved in organic P mineralization to inorganic P available for plant
uptake. The increase in esterase (butir) activity could reflect an increment of the organic matter
decomposition rate, which was probably related to the large amounts of unprotected fresh root
litter from fine roots turnover and production of root exudates (Wittmann et al.,, 2004). The
availability of easily utilizable C led also to a reduction of extracellular protease (“aprot”) production
due to catabolic repression (Vranova et al., 2013). Indeed, fresh root turnover enriches soil with free
amino acids, inhibiting microbial proteolytic activity (Vranova et al., 2013). Production of P acquiring
enzymes was instead indicative of a microbial community with high P demands. Indeed, to gain
access to P, microbes synthesize extracellular enzymes that decompose organic matter and release
plant available P. Moreover, the high correlation between MB and the enzymatic activity (p < 0.001
in dbRDA) was reflected in the reduction of the microbial community physiological capacity in PAC2,
where the activity of all enzymes analyzed decreased in the top layers as well as the enzymes
associated with N-cycling in the 10-30 cm layer.

In this short-to medium field experiment, where no fertilization was applied at transplanting nor
during the growing seasons, Miscanthus cultivation led to a significant depletion of some soil
macronutrients, while others were significantly enhanced. Among all sites, total K was the plant
macronutrient that showed the greatest depletion (-860 kg K ha™?), followed by Mg (-410 kg ha™?)
and Ca (-240 kg Ca ha™?) (Fig. 2.4f-h). On the contrary, topsoil under Miscanthus were on average
enriched of available P, TP, TN, and available K respectively by +640 kg P,Os ha™!, +160 kg P ha™?,
+120 kg N ha™t, and +40 kg K20 ha™ (Fig. 2.4b-e). However, soil nutrient stocks varied greatly among
sites depending on initial soil nutrient content and crop yield. Indeed, the extent of the nutrient
recycling under Miscanthus cultivation depended on soil nutrient content available before
conversion to Miscanthus plantation and by nutrient offtake during the growing seasons (Magenau
et al., 2022). If Miscanthus is harvested in the spring time when the plants are most senescence only
a small proportion of nutrients is removed by harvesting because 60 to 80% is remobilized in

rhizomes and recycled in the system through fallen leaves and the turnover of rhizomes and roots
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(Amougou et al., 2011; Beuch et al., 2000; Christian et al., 2006; Magenau et al., 2022; Ruf et al.,
2017; Strullu et al., 2011). For nutrient budget calculations to determine fertilizer requirements, the
seasonal dynamics of nutrient contents in the above ground biomass and the harvest time must be
taken into account (Cadoux et al., 2012). In this study total K stock is highly depleted after 4 growing
seasons at all sites, as K is the primary nutrient absorbed by Miscanthus (Cadoux et al., 2012;
Magenau et al., 2022; Pidlisnyuk et al., 2014). Using plant nutrient concentration measured by
Magenau et al. (2022) and plant yield measured by Awty-Carroll et al. (2022) in the same sites and
for the same genotypes, on average K offtake was 96 kg ha™, 89 kg ha™%, and 226 kg ha ' respectively
for Mxg, M. sinxsin and M. sacxsin hybrids after 4 years of Miscanthus cultivation. Overall, the
highest nutrient offtakes were found for the higher-yielding Miscanthus hybrids, GRC14 (304.8 kg
ha™!) followed by GRC15 (146.3 kg ha™') (Magenau et al., 2022). During four growing seasons, the
highest nutrients requirement of the M. sacxsin hybrids resulted also in an offtake of N (120 kg N
ha™) and P (29 kg P ha™!) compared to Mxg (respectively 56 kg N ha~tand 13 kg P ha™) and M. sinxsin
(respectively 80 kg N ha™tand 17 kg P ha™!).We also observed that soils with high initial total K
content, such as those previously occupied with grasslands (TWS and PAC2), led to luxury uptake
compared to poorer soils (CHV and OLI). On these sites, it was indeed observed the most significant
depletion of TK stock compared to other sites with an average depletion of -1.4 Mg K ha™%, while in
removed at winter harvest are greatest, by proportion, for K (38-57%) and approximately equal for
N and P (36-40%). These values confirm the findings on soil nutrient depletions and on nutrients
offtake and clearly show that most of the nutrients are translocated during senescence in
belowground biomass. In addition, nutrient remobilization from rhizome to aboveground plant
biomass were lowest for K (7-14%), N (9-21%) and P (18-36%), while the proportion of nutrients that
were recycled either by translocation or leaf fall were lower for K (50%) and higher for N and P
(60%). This indicates that, in the long term, Miscanthus hybrids have a higher nutrient requirement
for K followed by N and P, and that K might become a limiting factor for growth on marginal site
where no fertilization at planting is applied. In this study, plant available K was yearly accumulated
in the topsoil (+30 kg ha™ty™!) as a result of the nutrient mineralization from plant litter deposited
on soil surface after harvesting (Fig. S2.6) (Cadoux et al., 2012; Kahle et al., 2001). However, the
simultaneous reduction in the 10-30 cm layer (-20 kg ha™'y™!) indicates that this mechanism of
nutrient recycling did not occur in this layer, where the amount of nutrients absorbed by the plant

is greater than that derived from the decay of litter and roots (Fig. S2.6). The increment of available
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P (+160 kg P,0s ha=ty™1) among all sites indicate that Miscanthus has the potential to sustain P
recycling by increasing the amount of plant available phosphorous in upper soils layers. This was
under Miscanthus cultivation of which averaged 30 % from organic sources. Ferrarini et al. (2021)
and Stutter et al. (2015) proposed that under unfertilized perennial crops, with high C-input, the
increase of available P in soil is dominated by the increase of organic P forms deriving from the
biological turnover of plant litter, roots and rhizome. This highest organic P input coupled with low
P uptake by Miscanthus (Cadoux et al., 2012; Magenau et al., 2022), results in an accumulation of
organic P forms that can be made bioavailable by microbial activity. This is confirmed also by the
increased alkP activity, involved in the mineralization of organic-P, which was stimulated by plant C
input from decomposing litter (Fig. 2.3a-e, Tab. S2.5-2.6) (Renella et al., 2006). Despite the
increment of total P (+43 kg P ha™ly™!) in 4 out of 6 sites remain unclear, it might be explained by
external factors such as events of Saharan dust atmospheric deposition which occurred more
frequently as winter storm (Gammoudi et al., 2024). The study’s results showed that SOC variations
were closely associated with changes in TN stock, highlighting that soil C:N ratios remain stable
during Miscanthus cultivation (Kahle et al., 2001; Richter et al., 2015; Ruf et al., 2018). In previously
managed grasslands, with land use change to Miscanthus, both SOC and TN were significantly
reduced in the topsoil layer (Fig. S2.6). Previous studies suggested that the conversion from
grasslands with C and nutrients rich soils to perennials, can accelerate the degradation of existing
SOC through the priming effects (Richter et al., 2015; Zatta et al., 2014). With this accelerated soil
organic matter degradation, also TN is reduced thorough SOM mineralization, by the soil microbial
community, to bring nutrient and C supply close to microbial element demand (Bastida et al., 2019;
Kirkby et al., 2014, 2013). However, the increase of TN stock in PAC1 and PAC2 sites (on average +
150 kg ha™! in 0-30 cm), where SOC stock was reduced, can be explained by N fixation under
Miscanthus cultivation. The hypothesis of N; fixation has only recently been confirmed to occur in
Miscanthus (Cadoux et al., 2012; Martani et al., 2020) where the presence of potentially N,-fixing
bacteria was detected (Chen et al., 2020; Davis et al., 2010; Pidlisnyuk et al., 2014). Regarding stock
variation of other plant secondary macronutrients such as Ca and Mg, in 4 years of Miscanthus
cultivation, Ca offtake was higher than Mg as found also by (Dzeletovic and Glamoclija, 2015). Ca
offtake estimated values for M. sacxsin hybrids (1.30 Mg Ca ha™) followed by M. sinxsin (0.87 Mg
Ca ha™) and Mxg (respectively 0.44 Mg Ca ha™!) confirmed that across locations, that soil nutrient

depletion is affected by yield x initial level interaction. The greatest Ca depletion that was found at
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PAC1 site was the consequence of the highest biomass production (2.4 Mg Ca ha™), and the highest
availability of this nutrients in soil among sites. In contrast, Mg offtake was similar across Miscanthus
hybrids with an average value of 13 kg ha™. These Ca and Mg offtake values, their ratio and their
correlation with soil stock variations confirmed the values found for Miscanthus by (Dzeletovic and

Glamoclija, 2015; Pisani et al., 2024) and (Hillel and Hatfield, 2005).

2.4.2 Soil Organic Carbon sequestration and its drivers

Our findings show that after 4 years of marginal land conversion to Miscanthus cultivation, SOC
was sequestered with an annual rate of +0.4 Mg C ha~ly™%, but this rate was highly influenced by
previous land uses. In former arable lands, SOC did not vary significantly (-0.2 Mg C ha™'y™1), while a
significant SOC sequestration was found in former grasslands (+1.0 Mg C ha~ty1), but with different
behaviors in the upper and the lower layer. Miscanthus establishment in two managed old
grasslands, led to a significant reduction of SOC stock in the 0-10 cm layer (-1.3 Mg C ha~ty™!) and
enhanced in the 10-30 cm by +2.2 Mg ha 'y, These changes are presumably due to redistribution
of the soil in the profile by the inversion tillage occurred before Miscanthus plantation, where the
decomposition of plant (grass) biomass has boosted SOM formation in 10-30 cm layer. Several
studies throughout Europe have reported that the potential of soil C sequestration after land
conversion to Miscanthus cultivation in marginal sites is still uncertain, showing rates of SOC
loss/sequestration between -2.9 and +4.5 Mg C ha ! year! (Agostini et al., 2015; Dondini et al., 2009;
Ouattara et al., 2021; Poeplau and Don, 2014; Richter et al., 2015; Rowe et al., 2016; Zimmermann
et al., 2013). These contrasting results have been ascribed to site-specific factors like mean annual
temperature (Emmerling et al., 2017; Poeplau and Don, 2014), soil texture (Brami et al., 2020;
Emmerling et al., 2017; Kahle et al., 2001; Ruf et al., 2018), and on previous land uses (Emmerling
et al., 2017; Poeplau and Don, 2014; Rowe et al., 2016; Ruf et al., 2018; Zatta et al., 2014;
Zimmermann et al., 2013). Don et al. (2012) performed a meta-analysis of published literature and
calculated an average SOC accumulation of +0.66 Mg C ha™ty~ for Miscanthus cultivated on former
croplands, while there was no or even negative SOC stock change (-0.09 Mg C ha™ly") if grasslands
were converted to Miscanthus. Moreover, Wu et al. (2024) identified crop age as the most
important driving factors of the SOC sequestration rate, which was estimated reaching a peak in 9
years.

Most of the experiments on land use change to Miscanthus compared SOC stock value after a

certain number of years of cultivation with those of time-zero before the land use transition.
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However, it is noteworthy that our study is the first one comparing SOC stock changes after
Miscanthus establishment among different European sites using the equivalent soil mass (ESM) of
Wendt & Hauser (2013) approach to calculate SOC stock variation. This approach provides a more
accurate estimate of SOC stock variations by reducing errors deriving from a fixed depth sampling
on sites showing changes on BD between sampling time points. Indeed, the reduction or the
increase of BD over time can respectively results in an underestimation or overestimation of SOC
stock changes (Fowler et al., 2023). The adoption of this ESM approach could hence explain the non-
significant changes of SOC stock after croplands conversion to Miscanthus cultivation differently to
other studies where SOC stock is calculated from fixed depth sampling (Lee et al., 2009).

To better understand the mechanisms of SOC sequestration under perennial crops, plant C input
to soil from different plant organs need to be calculated (Agostini et al., 2015). In Miscanthus, a
great quantity of photosynthesized C is allocated belowground in rhizomes, roots and roots
exudates (Briones et al., 2023; Martani et al., 2020). Martani et al. (2020) reported that during 11
years of cultivation, Miscanthus (M. x giganteus) allocated in the belowground biomass 5.7 Mg C
ha™! of which 38% was allocated in rhizomes and 28% in fine roots. A recent study (Briones et al.,
2023), found that Miscanthus hybrids with contrasting phenotypic and physiological traits divide
different quantities of photo assimilated C in plant organs that ranged between 16% to 22% in
rhizomes and from 6% to 8% in roots. However, no simple allometric equations are available in
literature to estimate C input from Miscanthus belowground organs to replace the time-consuming
work of in-field below ground sampling. In this study, a novel approach was proposed to estimate C
input to soil from different Miscanthus organs (stubble, roots, root exudates and rhizomes). An
allometric function to estimate RB from cumulative plant yields over the growing seasons was
derived using published data. The average estimate of Miscanthus carbon input to the topsoil across
all sites over four years was 3.93 Mg C ha™* (0.98 Mg C ha! y!). We identified significant differences
in plant C input among hybrids as affected by the yield data (Tab. 2.1). In Southern Europe, novel M.
sacxsin hybrids (GRC14 and GRC15) were the most productive, resulting in a plant C input to soil of
1.32 Mg C ha™ y, while in Northern Europe, the M. sinxsin hybrid (GRC3) had the best yield
performances and the highest C input to soil (1.36 Mg C ha™t y!). Generally, the standard clone Mxg
(GRC9) had the lowest plant C input to soil (0.66 Mg C ha™ y?). However, despite significant
differences in plant C input among hybrids, no significant differences on SOC sequestration were
observed among hybrids (Tab. S2.3, 2.7 a-b). In other studies that investigated the SOC

sequestration potential of Miscanthus hybrids over time (e.g. after 5 (Ouattara et al., 2021), 6 (Zatta
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et al.,, 2014) and 14 years (Richter et al., 2015) after planting), no significant contributions of
Miscanthus genotypes to SOC sequestration were found, despite differences in above- and
belowground biomass allocation were observed. Results of the multiple linear stepwise regression
showed that plant C input to soil was not a significant factor explaining SOC stock changes (ASOC
stock as Mg C ha™!) (Tab. 2.2), but that initial SOC content was the main driving factor of SOC stock
change in all environments, especially in the 0-10 cm soil layer. The negative correlation between
changes of SOC stock and the initial concentration of SOC suggested the occurrence of negative
priming effect of the existing SOM in response to the input of easily decomposable organic
substrates from roots and root exudates, which in our study accounted for 47% and 21% of total C
input respectively. This explains the significant depletion of SOC in the topsoil layer in grassland
converted to Miscanthus cultivation where SOC levels were higher compared to the other sites
within the same climatic region. In sites where no significant changes in SOC stock were observed,
newly added C to soil from plant litter, roots, and rhizomes turnover, could have compensated the

losses of SOC caused by the priming effect, hence compensating the loss of initial SOC as proposed

time. The increase of SOC with perennial crops like Miscanthus started after approximately five
years, compensating for losses of original SOC caused by soil disturbance, soil priming and lower
productivity of newly established crops. Interestingly, this study highlighted a significant positive
correlation between SOC concentration and the increased activity of lignin peroxidase (perox). This
indicates that the release of oxidative enzymes, which contribute to lignin degradation of plant
organs and to the humification process, can lead to a progressive accumulation of stable organic C
(Sinsabaugh, 2010) and, in the long term, newly derived plant C could replace the initial SOC loss
and enhance SOC stock (Tab. S2.5). It is noteworthy to highlight that two significant predictors of
SOC change were the initial nutrient content of soils undergoing land use conversion and their
elemental stoichiometry ratios with C. Results from the multiple linear stepwise regression (Tab.
2.2) identified that initial availability of soil nutrients (N and P), as well as their soil stoichiometry
(C:N, C:P and N:P) strongly contributed to determine SOC change trajectories. It is known that the
chemical composition of plant residues and organic matter in soils affects microbial activity, thus
controlling SOM cycling (Zechmeister-Boltenstern et al., 2015). This implies that microbial

communities, to cope with C, N and P imbalance, mineralize SOM to bring nutrients and C supply
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close to microbial element demand (Bertrand et al., 2019; Coonan et al., 2020a; Kirkby et al., 2014).
In this study, in the topsoil layer, initial TN content was positively correlated to ASOC stock in both
northern and southern climatic conditions. Several authors have reported that low nutrient
availability, especially N, inhibits soil C sequestration and, on the contrary, C storage increases with
N fertilization (Cadoux et al., 2014; Kirkby et al., 2014; Lemus and Lal, 2005; Tiemann and Grandy,
2015; Zhao et al., 2017). Moreover, both soil C:P and C:N stoichiometric ratios were positively
correlated with ASOC stock. For instance, when phosphate availability is scarce, an increase of soil
C:P ratio has the potential to further increase C storage (Satrio et al., 2009). However, if P inhibits
the formation of persistent C, but N stimulates it, the combined effect on C sequestration of N and
P can be variable (Zhao et al., 2017). Our results revealed an inverse relationship between the N:P
ratio and soil SOC stock variation mainly in Southern environment. Nevertheless, the mechanisms
by which P and both N and P affect soil C remains unclear. Compared to N and P, the contribution
of K to soil C sequestration seems minor but is noticeable. High natural contents of soil K, or potash
fertilization, generally promote plant biomass production and increase the root to shoot ratio in
terrestrial ecosystems (Zhao et al., 2017). Given the high K demand of Miscanthus hybrids it is
important to assess K content before transplanting if both biomass production and soil C storage
must be optimized. These results support the general hypothesis that a limitation of one or more of
the plant macronutrients (NPK) may place a ceiling on the quantity of SOC that can be stored as

stable C with these high yielding novel Miscanthus hybrids.

2.5 Conclusion

Within the GRACE project, a number of novel rhizome- and seed-based Miscanthus hybrids were
cultivated across six European sites characterized by different marginality factors, pedoclimatic
condition and previous land use histories. This study sought to provide an early evaluation of the
potential of four of these Miscanthus hybrids to sequester soil C and to improve chemical, biological
and physical soil quality. Miscanthus cultivation had a slightly negative impact on soil physical
quality, but it remains site-specific. In unfertilized fields, cultivation of high yielding Miscanthus
genotypes cause a depletion of K, followed by N and P. The mechanism of nutrient recycling in the
plant-soil system was ineffective for K and, to a lesser extent, for N. Hence, to secure stable
Miscanthus feedstock in the long-term, K and N fertilization might be necessary, especially in former
arable lands where initial nutrient contents might be low, while the biological turnover of the

organic matter maintains or increases the P content, sustaining plant’s P demand. After four years
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from Miscanthus establishment, although not significantly different from initial SOC stock, average
SOC sequestration rate was 0.43 Mg SOC ha y. SOC sequestration was highly affected by previous
land uses. Soil stoichiometry was a key controlling factor of SOC dynamics. Novel high-yielding
Miscanthus hybrids provide in the short- to medium-term a secure biomass supply for the bio-based
industry, but a longer period of cultivation is needed to substantially ameliorate overall soil quality

and quantify the net C sink.
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Supplementary Material

Rhizome biomass estimation

Allometric equations are widely used for plant biomass assessment. Belowground plant biomass
can be estimated based on allometric relations from aboveground biomass which can be measured
and sampled more easily in the field.

In this work, an allometric equations was developed to estimate rhizome biomass (RB) of
Miscanthus. Data on both above- and belowground biomass component of this crop were collected
from 10 published research on Miscanthus x giganteus where aboveground biomass (AGB) and RB
were measured at harvest time in late winter. The list of references collected is reported in Table
S1 where 34 observations for AGB and RB and site information as well are reported. From each
reference data on RB, AGB at RB sampling year, cumulative AGB (CumAGB), ratio between
RB/CumAGB, textural class, site location, weather conditions (MAT and MAP) and years after
establishment (YAE) were extracted or calculated when necessary. We averaged the RB and
cumulative AGB data per years after establishment (Tab. S2.2) and we identified a significant
allometric relationship based on a logarithmic regression function (Fig. S2.1 a) between these two
variables. The equation is valid for cumulative AGB values higher than 3.7963 Mg DM ha™. This
formula was used to estimate RB at 4t growing season in this study. RB for this study was calculated
using cumulative AGB data for each genotype/replicate reported by Awty-Carrol et al. (2022).
Interestingly we also identified a significant relationship between years after establishment and the

RB/CumAGB ratio (Fig. S2.1b).
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Table S2.1 Dataset collected from published literature to derive allometric equation to estimate Miscanthus RB.
* AGB data is the value measured at RB sampling year that correspond to value of YAE
** CumAGB has been or calculated or extracted from the corresponding reference

Sand | Silt | Clay . mAT | map | vae | age* | CUM-AGB RB RB/Cum
Reference Country SOIICtIZ);tsuraI ig DM Mg*:)M g DM AG‘B
% % % °C mm | years hatt hatt hatt ratio
Himken et al 1997 Germany | 80.4 | 148 | 48 Loamy Sand 9.3 715 4 18.1 51.1 15.1 0.30
Himken et al 1997 Germany | 80.4 | 148 | 48 Loamy Sand 9.3 715 4 17.5 50.5 17.2 0.34
Himken et al 1997 Germany | 80.4 | 148 | 4.8 Loamy Sand 9.3 715 4 15.8 48.8 15.2 0.31
Carvalho et al 2017 USA 15 70 15 Silt Loam 11.01 | 1042 1 1.0 1.0 0.3 0.34
Carvalho et al 2017 USA 15 70 15 Silt Loam 11.01 | 1042 2 35 45 1.5 0.33
Amougou et al 2011 France 7.8 | 72.2 | 19.9 Silt Loam 11.1 713 2 14.3 20.3 12.8 0.63
Amougou et al 2011 France 7.8 | 72.2 | 19.9 Silt Loam 11.1 713 2 15.3 35.6 10.2 0.29
Strullu et al. 2011 France 5 74 19 Silt Loam 10.7 | 625 3 20.0 33.0 16.0 0.48
Carvalho et al 2017 USA 15 70 15 Silt Loam 11.01 | 1042 3 11.6 44.6 42 0.09
Amougou et al 2011 France 7.8 | 72.2 |1 199 Silt Loam 111 | 713 3 235 304 15.4 0.51
Amougou et al 2011 France 7.8 | 72.2 | 19.9 Silt Loam 11.1 713 3 26.1 56.5 17.3 0.31
A"dersonz'gii;eira el | ysa | 15 [ 70 | 15 | sitloam [1101]1042| 4 | 175 482 113 0.23
Strullu et al. 2011 France 5 74 19 Silt Loam 10.7 | 625 4 22.0 70.2 20.0 0.29
Carvalho et al 2017 USA 15 70 15 Silt Loam 11.01 | 1042 4 14.3 84.5 6.0 0.07
Dohleman et al. 2012 USA 10 60 30 | SiltyClayLoam | 12.2 | 962 5 44.1 129.7 23.8 0.18
Dohleman et al. 2012 USA 10 60 30 | SiltyClayLoam | 12.1 | 862 6 38.2 167.9 23.8 0.14
Dohleman et al. 2012 USA 10 60 30 | SiltyClayloam | 10.2 | 1336 7 36.3 204.2 238 0.12
Kahle et al. 2001 Germany | 62.1 | 25.4 | 10.4 | SandyLoam 7.9 547 4 7.5 20.8 7.7 0.37
Kahle et al. 2001 Germany | 62.1 | 25.4 | 10.4 | SandyLoam 7.9 547 5 111 31.9 11.4 0.36
Kahle et al. 2001 Germany | 62.1 | 25.4 | 10.4 | SandyLoam 7.9 547 6 12.6 44.5 12,5 0.28
Kahle et al. 2001 Germany | 653 | 31 3.1 Sandy Loam 8.8 600 5 135 36.5 16.3 0.45
Kahle et al. 2001 Germany | 65.3 | 31 3.1 Sandy Loam 8.8 600 6 8.8 45.3 14.6 0.32
Kahle et al. 2001 Germany | 65.3 | 31 3.1 Sandy Loam 8.8 600 7 11.5 56.8 16.9 0.30
Kahle et al. 2001 Germany | 18.6 | 57.6 24 Silt Loam 9.5 603 6 16.4 52.6 17.4 0.33
Kahle et al. 2001 Germany | 18.6 | 57.6 | 24 Silt Loam 9.5 603 7 16.8 69.4 18.1 0.26
Kahle et al. 2001 Germany | 18.6 | 57.6 | 24 Silt Loam 9.5 603 8 19.8 89.2 203 0.23
Himken et al. 1997 Germany | 80 15 5 Sandy 9.3 715 4 16 49 16 0.33
Himken et al. 1997 Germany | 80 15 5 Sandy 9.3 715 4 15 48 16 0.33
Himken et al. 1997 Germany 80 15 5 Sandy 9.3 715 4 15 48 17 0.35
Chstrian et al.2006 UK 27 50 23 Clay loam 8 600 1 6.99 6.99 4.2 0.60
Chstrian et al.2006 UK 27 50 23 Clay loam 8 600 2 10.07 17.06 6.71 0.39
Chstrian et al.2006 UK 77 23 Clay loam 8 600 3 14.03 31.09 10.23 0.33
Clifton-Brown et al. 2007 | Ireland 85 10 5 Sandy Loam 9.9 873 12 10 124 20.5 0.17
Martani et al 2020 Italy 8 70 22 Silt Loam 12.2 | 890 11 10.7 146.8 35.0 0.24
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Table S2.2 Average data grouped per years after establishment (YAE) of RB, CumAGB and RB/AGB ratio

YAE RB cum_agp | RB/CumAGB
n of obs ratio
years Mg ha Mg ha -
2 4 7.80 19.37 0.41
3 5 12.63 39.12 0.34
4 10 14.15 51.90 0.29
5 3 17.17 66.03 0.33
6 4 17.08 77.58 0.27
7 3 19.60 110.13 0.22
8 1 20.30 89.20 0.23
11 2 26.27 209.78 0.15
12 1 20.50 124.00 0.17
a) 30 7 pg-75473In(CUMAGB) - 14.992 b)  0:50 1
- R? = 0.9741 ’ o RB/CumAGB ratio = 0.4704e0-095YAE
25 <0001 e | o R =0.9395
P<0.001 0.40 P<0.001
.20 + @ ¢ [©) = *® Q
And ~ 030 4
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Figure S2.1 a) Allometric equation to estimate Miscanthus rhizome biomass (RB) using cumulative AGB data and b) the relationship
between the RB/CumAGB ratio and years after establishment of Miscanthus (b)

Table S2.3 C source and formulas to estimate the C input from novel Miscanthus hybrids (Mg C ha') as adapted from Martani et al.
2023

Source of C Formulas Hybrids Parameters Value
HI R:S R
C from stubble (Cs) 0.1 x (Y/HI) x 0.45 GRC3 09 0.69 0.967
Cinroots (Cr) Syiya[(Y/HI) X R:S x Turn x 0.45* BGF-pepth] GRC9 0.9 0.34 0.967
Cin roots exudates (Ce) Syiy4[0.09 x (Y/HI) x 0.45* BGr-pepth] GRC14 09 0.36 0.967

(Y*0.25*0.43*0.7)/3
Cs+Cr+Ce+Cw+Crh

Cin rhizomes (Crhiz)
C tot

Note:
Y: annual yield (for Crhiz calculation, cumulative yield was used)
HI: Harvest Index
R:S: Root to Shoot ratio of different Miscanthus hybrids
Turn: Turnover rate (0.5 for Miscanthus roots)
BGF-Depth = 1- sx. where BGF-Depth is the amount of roots (%) from the soil surface to a certain depth (x) expressed in
centimeter (es: 10 cm, 30 cm). The f3 value (0.967) describes the shape of the vertical distribution of roots within the whole
soil profile (Chimento and Amaducci, 2015).
For Crhiz calculation, 0.25 = rate RB/cumAGB; 0.43 is the C content in rhizome as C:N is lower (Beuch et al. 2000), while
0.70is the C turnover rate. 3 are the years of plant cultivation, where the first year is not considered since in the first year
of establishment RB is negligible.
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Table S2.4a Analysis of variance for two soil layers of topsoil (0-10 cm and 10-30 cm): effects of site (Site), Miscanthus hybrids
(Hybrid), and years of Miscanthus hybrids cultivation (Time) on measured soil physicochemical indicators.

BD  Porosity SOC TN P,05 K,O P K Ca Mg

gkg! gkg'

i g kg-l =il =il i

gem? % gkg' gkg gkg’ gke' gkg

Layer 0-10 cm

Site(S) F 1171 1241 1227 29.0 12273 4372 9781 364 62.1 1179.1

p <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001

Hybrid (Hy) F 0.29 0.6 2.0 047 0.52 1.23 036 1.55 1.74 0.61
p 0.83 0.61 0.12 0.70 0.67 0.30 0.78 0.20 0.16 0.61

Time F 1321 166.1 7.14 1447 33464 7376 42777 106.4 0.1 0.06

p <0.001 <0.001 0.09 <0.001 <0.001 <0.001 <0.001 <0.001 0.89 0.80

SxHy F 034 0.6 0.36 046 0.33 0.79 1.09 046 1.61 0.31

p 0.98 0.87 0.98 094 0.98 0.67 038 094 0.1 0.99

SxTime F 575 68.7 116 10.14 4578 17.62 3815 224 0.32 2.59
p <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 0.89 0.03

HyxTime F 0.30 0.6 2.01 047 051 0.30 074 045 0.18 0.611
p 0.82 0.60 0.12 0.70 0.67 1.23 053 071 0.90 0.60
SxHyxTime F 0.57 0.9 0.36 046 0.32 0.67 159 0.26 0.16 031
p 0.89 0.59 0.98 095 0.99 0.79 0.10 0.99 0.99 0.99

Layer 10-30 cm

Site (S) 126.1 1265 476 10.6 104.68 26.80 99.60 151.3 239.3 8322
<0.001 <0.001 <0.001 0.002 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001
0.03 0.03 0.51 021 024 0.26 113 044 1.28 1.43
0.99 0.99 0.67 0.88 0.86 0.85 035 0.72 0.29 0.24
9.045 9.04 4.63 292 33155 36.13 1577 3325 111 10.90
0.003 <0.001 0.034 0.09 <0.001 <0.001 <0.001 <0.001 0.29 0.014
0.6 0.60 0.21 044 030 0.54 095 1.07 1.12 0.67
0.8 0.85 0.99 095 0.99 0.90 0.52 040 0.35 0.80
10.6 10.4 8.10 865 46.07 2810 2332 555 0.14 5.76
<0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 0.97 0.002
0.03 0.03 0.99 021 024 0.26 157 0.18 0.18 1.41
0.99 0.99 0.40 0.88 0.86 0.84 020 0.90 0.90 0.24
0.64 0.60 0.25 044 0.30 0.54 121  0.62 0.21 0.67
0.85 0.85 0.99 095 0.99 0.90 028 0.84 0.99 0.80

Hybrid (Hy)
Time

S x Hy
SxTime
Hy x Time

S x Hy x Time

T MTT M T M- M- M MoT N




Table S2.4b Analysis of variance for two soil layers of topsoil (0-10 cm and 10-30 cm): effects of site (Site), Miscanthus hybrids
(Hybrid), and years of Miscanthus hybrids cultivation (Time) on measured soil biological indicators such as microbial biomass
(dsDNA in ng g-'dry soil ) and enzyme activities (nM 4-MUF,7-AMC g dry soil h™)

:  C- acquiring enzymes : N- acquiring enzymes : P- acquiring enzymes S-acq Esterases Redox: Microbial
PbetaG Cell Xilo : Aprot Argi Chit Leu : acP  alkP  bisP inositP piroP : aryS : Butir Fda : Perox: biomass
Layer 0-10 cm H

Site(S) Fi 2499 2284 2382 : 1909 1740 2391 1662: 9656 2582 3260 17.98 73.44 : 3597 : 13.02 39.09 i 1446} 5172
pi<0.001 <0.001 <0.001:<0.001 <0.001 <0.001 <0.001:<0.001 <0.001 <0.001 <0.001 <0.001 : <0.001: <0.001 <0.001: <0.001: <0.001

Hybrid(Hy) Fi 096 098 151 { 059 079 091 064 : 18 067 051 075 066 : 054 i 308 067 : 030 1.57

pi 042 041 022 i 062 050 044 059 i 016 057 067 053 058 i 065 : 003 057 i 0.83 0.21

Time Fi 3158 41.27 12504f 5291 172 2456 2541 006 421 281 11.82 2144 i 5755} 7237 59.25 i 103.34i 30.78
pi<0.001 <0.001 <0.001i <0.001 0.19 <0.001 <0.001} 0.80 0.04 009 0.01 <0.001: <0.001} <0.001 <0.001: <0.001: <0.001

SxHy Fi 061 073 072 { 056 070 122 048 i 080 053 032 032 051 { 058 i 062 0.89 i 032 0.72

pi 08 074 075 i 089 077 029 094 i 067 091 099 099 093 i 087 : 084 058 i 0.99 0.76

SxTime Fi 3035 3474 3927 i 1318 39.97 4331 3156: 1640 2649 444 937 12558 33.74 i 808 39.60: 17.99i 6263
pi<0.001 <0.001 <0.001: <0.001 <0.001 <0.001 <0.001: <0.001 <0.001 0.001 <0.001 <0.001 : <0.001: <0.001 <0.001: <0.001} <0.001

HyxTime Fi 096 098 151 { 059 079 091 064 i 1.81 067 051 075 066 : 054 i 308 067 i 030 1.57

pi 042 041 022 062 050 044 059 i 015 057 067 053 058 i 065 : 003 057 i 083 0.20

SxHyxTime Fi 061 073 072 056 070 122 048 i} 080 053 032 032 051 i 058 : 062 089 i 032 0.72

pi 085 075 075 089 077 027 094 i 066 091 099 099 093 i 087 i 084 058 i 099 0.76

Layer 10-30 cm : : : : : :

Site(S) Fi 29.48 961 2579 1098 12.60 2324 143113062 52.22 121.67 47.68 294.038} 77.95: 9554 3521} 73.65} 43.55
pi<0.001 <0.001 <0.001i <0.001 <0.001 <0.001 <0.001: <0.001 <0.001 <0.001 <0.001 <0.001 : <0.001: <0.001 <0.001: <0.001} <0.001

Hybrid(Hy) Fi 095 113 048 i 002 117 009 071 i 096 034 064 05 030 i 077 i 207 002 i 153 0.50

pi 042 034 069 099 032 09 055: 042 079 059 064 08 i 052 % 011 099 i 022 0.69

Time Fi 2840 1995 9057 i 7.79 1563 001 2319} 1338 6665 076 23.17 16.76 : 80.05: 17519 10.60 i 96.52i 70.33
pi<0.001 <0.001 <0.001i 0.007 <0.001 092 <0.001i <0.001 <0.001 0.38 <0.001 <0.001: <0.001: <0.001 0.002 : <0.001 <0.001

SxHy Fi 065 058 069 073 072 055 069 i 127 101 065 059 082 i 089 i 141 049 i 201 0.39

pi 081 087 078 074 075 089 078 i 025 046 081 087 065 i 057 i 018 093 003 0.97

SxTime Fi 1245 547 9.16 267 9.03 470 1246: 241 1456 2686 2466 5866 : 1427 i 958 104 i 637 i 10.25
p:<0.001 <0.001 <0.001: 0.03 <0.001 <0.001 <0.001: 0.04 <0.001 <0.001 <0.001 <0.001: <0.001: <0.001 0.40 : <0.001: <0.001

HyxTime F: 095 113 048 002 117 009 071: 096 034 064 057 030 i 077 i 207 002 i 153 0.50

pi 042 034 0.69 099 032 09 055: 042 079 058 064 082 i 052: 011 099 i 021 0.69

SxHyxTime Fi 065 058 0.69 073 072 055 069 : 126 101 066 059 08 : 089 : 141 046 : 201 0.39

p: 081 08 079 : 074 076 090 079 : 025 046 081 08 065 : 057 : 017 093 i 003: 097

Table S2.5 Correlation matrix between variations of SOC concentration (ASOC g kg-1) and shift of EA (AEA nanomoles g-1 dry soil h-
1) during four years of Miscanthus cultivation.

SOC_concdsDNAaryS betag cell xilo argi chit aprot leu acP bisP piroP alkPinositP butir fda perox

SOC_conc
dsDNA
aryS
betaG
cell
xilo
argi
chit
aprot
leu
acP
bisP
piroP
alkP
inositP
butir
fda
perox

1
0.6
0.22
0.29
0.39
0.3
0.39
0.37
0.34
0.33
0.43
-0.16
-0.12
0.28
0.01
0.26
0.41
0.46

0.6

0.22 0.29

0.39 0.3 0.390.37

1
0.42
0.57
0.57
0.58
0.63
0.45
0.31
0.59

0.5
-0.01
0.04

0.4
0.18
0.37
0.52
0.46

0.42
1
0.77
0.7
0.77
0.74
0.36
0.35
0.84
0.66
0.65
0.51
0.63
0.66
0.52
0.54
0.51

0.57
0.77
1
0.88
0.96
0.87
0.53
0.29
0.89
0.4
0.47
0.48
0.74
0.61
0.38
0.56
0.29

0.570.580.63 0.45 0.31

0.34 0.330.43-0.16-0.12 0.28

0.59 0.5 -0.01 0.04 0.4

0.7 0.770.74 0.36
0.880.960.87 0.53
1 0.880.850.48
0.88 1 0.860.45
0.850.86 1 0.54
0.480.450.54 1
0.310.340.34 0.08
0.850.880.92 0.51
0.340.4 04 0.34
0.340.46 0.4 0.15
0.320.49 0.4 0.12
0.740.760.81 0.31
0.53 0.6 0.550.31
0.430.430.39-0.04
0.54 0.5 0.59 0.76
0.420.370.42 0.2

0.35 0.840.66 0.65 0.51
0.29 0.89 0.4 0.47 0.48
0.31 0.850.34 0.34 0.32
0.34 0.88 0.4 0.46 0.49
0.34 09204 04 04
0.08 0.510.340.15 0.12
1 0.340.290.19 0.21
0.34 1 0.440.52 0.47
0.29 044 1 0.22 0.12
0.19 0.520.22 1 0.79
0.21 0.470.120.79 1
0.38 0.790.16 0.58 0.56
0.34 0.620.210.78 0.75
0.32 0.420.510.21 0.1
0.16 0.590.58 0.16 0.03

0.32 0.430.66 0.11 -0.01

0.63
0.74
0.74
0.76
0.81
0.31
0.38
0.79
0.16
0.58
0.56
1
0.71
0.31
0.3
0.31

0.01
0.18
0.66
0.61
0.53
0.6
0.55
0.31
0.34
0.62
0.21
0.78
0.75
0.71
1
0.19
0.25
0.15

0.26 0.41 0.46
0.37 0.52 0.46
0.52 0.54 0.51
0.38 0.56 0.29
0.43 0.54 0.42
0.43 0.5 0.37
0.39 0.59 0.42
-0.040.76 0.2
0.32 0.16 0.32
0.42 0.59 0.43
0.51 0.58 0.66
0.21 0.16 0.11
0.1 0.03 -0.01
0.31 0.3 031
0.19 0.25 0.15
1 0.22 0.56
0.22 1 0.38
0.560.38 1
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Table S2.6 Variations of EA from Toto Tysampling time expressed as AEA nanomoles g dry soil h-L.

Site Depth  dsDNA aryS betaG cell xilo argi chit aprot leu acP bisP piroP alkP inositP butir fda perox
0-10cm 15.99 2.20 0.01 0.29 0.45 4.82 0.08 -2.59 842 293 4.02 147 2439 0.11 133.80-0.24 2.92

chv 10-30cm 9.61 0.51 0.75 0.07 0.20 1.85 0.15-11.67 2.91 0.51 0.05 0.00 10.97 0.00 54.37 -0.11 0.95
_____-5—_10 cm -6.87 -1.91 0.21 0.;1_:)._2-6-:)._3_8_—-1_.22 -7.90 -3.14 -12.46-1.41 1.7_1-_2;.21;-_0_.(;9_-_2;;g——1_4;-5;4_1_
ou 10-30cm -1.75 4.04 1.69 0.12 0.51 2.76 -0.32 -1.94 6.36 1.21 7.82 8.85 35.64 094 61.67 -0.65 0.93
T 010em 1776 347 677 041 124 669 1341937 1390 4.64 283 532 1838 021 13920 0.17 089
PACL 10-30cm 14.93 2.52 4.11 0.13 0.69 3.78 0.71 0.24 10.01 2.91 1.42 4.00 825 0.12 74.24 0.02 0.88
T 010em 2913 537 -11.76 -1.26-183-2057-3.98-35.44 -24.55 4.99 242 3.01 5790 0.62 -12.53 -1.43 0.47
PAC2 10-30cm 2.70 0.61 0.82 -0.02 0.16 -1.27 -0.02 -9.71 -0.07 0.45 0.33 0.32 -0.23 0.04 2897 -0.03 1.07
0-10cm 6.28 3.09 091 0.12 0.58 -2.22 -6.46 1.13 3.70 -0.21 3.86 4.03 19.20 0.21 239.92-2.05 1.97

WS 10-30cm 26.63 -1.73 -1.97 -0.10-0.01 -1.31 -0.95 4.59 -4.40 8.10 -5.37-1.92 391 -0.28 158.29-0.42 3.16
0-10cm 18.80 2.83 3.73 0.33 0.83 5.69 0.30 -3.48 9.60 894 -1.17 -0.06 3.50 0.11 158.07 0.47 2.23

2AG 10-30cm 11.56 1.33 1.27 0.10 0.27 0.37 -0.39 -8.25 1.94 3.53 -2.44-495 7.81 0.11 119.13-0.08 1.45

Table S2.7a Analysis of variance for two soil layers of topsoil (0-10 cm and 10-30 cm): effects of site (Site), Miscanthus hybrids

(Hybrid), and years of Miscanthus hybrids cultivation (Time) on calculated ESM of SOC and soil nutrients (Mg ha=1).

SocC TN P,0s K.0 P K Ca Mg
Mgha! Mgha! Mgha?! Mgha'! Mgha'! Mgha! Mgha! Mgha?
Layer 0-10 cm
Site(S) F 434 3453 15596 59.74 1996 95.4 449.5 18823
p <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001
Hybrid (Hy) F  1.83 0.24 0.56 0.82 0.49 1.0 1.24 0.97
p 0.14 0.86 0.65 0.49 0.69 0.39 0.30 0.41
Time F 434 19.3 319.09 94.5 33.93 52.4 4456  0.53
p 0.04 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 0.46
SxHy F 0.28 0.54 0.35 0.65 0.779 041 1.27 0.70
p 0.99 0.90 0.99 0.82 0.70 0.96 0.25 0.77
SxTime F 1234 13.67 44.10 18.81 33.19 17.26 15.7 1.38
p <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 0.26
Hy xTime F 1.77 0.19 0.55 0.77 0.51 0.66 0.10 1.01
p 0.15 0.90 0.65 0.51 0.68 0.57 0.95 0.39
SxHyxTime F 0.29 0.56 0.34 0.63 0.75 0.48 0.43 0.70
p 0.99 0.89 0.99 0.84 0.72 0.94 0.96 0.77
Layer 10-30 cm
Site (S) F  25.6 12.04 144.94 47.63 72.82 171.1 674.4 1409.3
p <0.001 0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001
Hybrid (Hy) F 0.34 0.12 0.25 0.63 1.14 0.51 0.94 1.35
p 0.79 0.94 0.85 0.59 0.34 0.67 0.42 0.27
Time F 10.69 26.73 330.0995 17.44 19.72 306.6 3594 9.83
p 0.0017 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001
SxHy F 0.20 0.41 0.30 0.41 1.16 0.80 0.61 0.59
p 0.99 0.96 0.99 0.96 0.36 0.66 0.84 0.86
SxTime F 6.19 11.13 46.50 23.66 36.14 36.95 6.55 6.43
p 0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 0.001
Hy xTime F 0.94 0.15 0.26 0.56 1.70 0.12 0.30 131
p 0.42 0.92 0.85 0.63 0.18 0.94 0.82 0.27
SxHyxTime F 0.23 0.40 0.30 0.39 1.55 0.32 0.22 0.60
p 0.99 0.97 0.99 0.97 0.11 0.99 0.99 0.85
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Table S2.7b Analysis of variance for the topsoil layer (0-30 cm): effects of site (Site), Miscanthus hybrids (Hybrid), and years of
Miscanthus hybrids cultivation (Time) on calculated ESM of SOC and soil nutrients (Mg ha2).

socC TN P,0s K,O P K Ca Mg
Mgha?! Mgha? Mgha? Mgha! Mgha'! Mgha® Mgha'! Mgha'
Layer 0-30 cm
Site(S) F 46.07 17.23 149.19 4994 79.53 3223 682.3 1861.2
p <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001
Hybrid (Hy) F  0.97 0.01 0.29 0.34 0.29 0.61 1.02 0.83
p 041 0.99 0.82 0.79 0.83 0.60 0.36 0.48
Time F 0.34 4.42 34894 0.94 4339  439.3 47.52 11.2
p 0.56 0.03 <0.001 0.33 <0.001 <0.001 <0.001 0.0013
SxHy F 0.25 0.53 0.30 0.45 0.58 0.53 0.80 0.39
p 0.99 0.90 0.99 0.95 0.87 0.91 0.67 0.97
SxTime F 7.99 7.24 47.51 22.63 29.67 53.6 10.2 6.25
p <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 0.001
HyxTime F 147 0.01 0.29 0.26 0.30 0.40 0.25 0.85
p 0.23 0.99 0.82 0.85 0.82 0.74 0.85 0.47
SxHyxTime F 0.34 0.53 0.30 0.42 0.58 0.47 0.22 0.39
p__0.98 0.91 0.99 0.96 0.88 0.94 0.99 0.97

Table S2.8 Analysis of variance for the topsoil layer (0-30 cm): effects of site (Site) and Miscanthus hybrids (Hybrid) on rate of SOC

and soil nutrients stock variation (Mg ha=! y1).

SOC

Mg haly? Mghaly?! Mgha'ly?! Mghaly?! Mghaly! Mghaly! Mgha'ly! Mghaty?

TN

P20s

K20

P

K

Ca

Mg

Layer 0-30 cm

Site (S) F 4.89 0.87 15.65 11.06 11.07 18.82 0.03 1.75

p 0.0074 0.52 <0.001 <0.001 <0.001 <0.001 0.99 0.18

Hybrid (Hy) F 2.01 0.03 0.31 0.47 0.23 0.50 0.35 1.02
p 0.12 0.99 0.81 0.70 0.87 0.69 0.78 0.39
Site x Hybrid F 0.46 1.58 111 1.17 0.99 1.19 0.37 0.52
p 0.94 0.11 0.36 0.32 0.47 0.30 0.98 0.91
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Table S2.9 Contribution (%) to the total C input to soil (Mg ha-1) of the following Miscanthus organs: C from stubble (Cs), C from
roots (Cr), C from root exudates (Ce), and C from rhizomes (Crhiz).

Site Hybrid Cs Cr Ce Crh
GRC14 19.30 41.30 20.74 18.56
GRC15 11.97 47.05 21.60 19.32
GRC3 10.49 59.99 1555 13.91
GRCO 22.74 38.33 20.49 18.33

"7 GRC14 12.90 44.60 22.40 20.04
GRC15 12.48 46.78 21.47 19.21
GRC3 10.51 59.98 15.55 13.91
GRC9 19.47 0.71 42.08 37.65
GRC14 7.81 47.22 23.72 21.22
GRC15 12.03 46.11 21.16 20.64
GRC3 9.57 59.82 1551 15.06
GRCO 12.45 41.62 22.25 23.62
. GRC14 1565 43.18 21.69 19.40
GRC15 12.25 46.90 21.53 19.26
GRC3 10.68 59.86 1552 13.88
GRCY 16.64 41.37 22.12 19.79
" GRC14 9.43 4639 23.30 20.84
GRC15 15.01 39.72 23.85 21.34
GRC3 892 56.27 1835 16.42
GRCY 11.81 47.63 21.38 19.13
o GRC14 938 57.39 17.51 15.67
GRC15 11.34 50.61 20.05 17.94
GRC3 10.09 53.57 19.15 17.14
GRCY 13.80 42.79 22.88 20.47

12.11 46.63 21.57 19.63
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Figure 52.2 Mean values (n=4) of bulk density in 0-10 (a) and 10-30 (c) cm soil layers, and soil porosity in 0-10 (b) and 10-30 (d)

cm soil layers among 6 European marginal sites at Ty (light blue) and T4 (dark blue). (*) show statistically different variations from Ty

to T4 (Tukey’s test, P: 0.05) within the same site.
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Figure S2.3 Mean values (n=4) of SOC, TN, P,0s and K,O concentration (g kg*) in 0-10 cm (a, b, ¢, d) and 10-30 cm (e, f, g, h) soil layers
among 6 European marginal sites at Ty (light blue) and T, (dark blue). (*) show statistically different variations from Ty to T4 (Tukey’s
test, P: 0.05) within the same site.
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Figure S2.4 Mean values (n=4) of TP, TK, Ca and Mg concentration (g kg) in 0-10 cm (a, b, ¢, d) and 10-30 cm (e, f, g, h) soil layers
among 6 European marginal sites at Ty (light blue) and T, (dark blue). (*) show statistically different variations from Ty to T4 (Tukey’s

test, P: 0.05) within the same site.
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Figure S2.5 Mean values (n=4) of microbial biomass measured as dsDNA (ng g soir) in 0-10 cm (a) and 10-30 cm (b) soil layers
among 6 European marginal sites at Ty (light blue) and T, (dark blue). (*) show statistically different variations from Ty to T4 (Tukey’s

test, P: 0.05) within the same site.
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Figure S2.6 Rate of SOC and soil nutrients stock variation (A stock Mg ha1 y1) in the 0-10 cm (a, b, ¢, d) and 10-30 cm (e, f, g, h)

soil layers, in 4 years of Miscanthus cultivation. Different letters denote statistically different means among marginal sites (Tukey’s
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Figure S2.7 Rate of SOC and soil nutrients stock variation (A stock Mg ha1 y) in the 0-10 cm (a, b, ¢, d) and 10-30 cm (e, f, g, h)

soil layers, in 4 years of Miscanthus cultivation. Different letters denote statistically different means among marginal sites (Tukey’s

test, P: 0.05), while (*) show statistically different variations from T, to T, (Tukey’s test, P: 0.05) within the same site.
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3.1 Introduction

The growing concern over climate change and the urgent need to mitigate its impacts have
spurred interest in innovative strategies to reduce atmospheric carbon (C) levels. Soils are the
planet's largest reservoir of organic carbon (SOC), but widespread degradation due to human
activities has reduced their capacity to store C (Lal, 2004b; Smith, 2012). This gap between soils'
potential C storage and current levels is now viewed as an opportunity to enhance SOC
sequestration, positioning soils as vital C sinks capable of helping mitigate climate change (Bruni et
al., 2021; Martin et al., 2021; Minasny et al., 2023).

Restoring C in agricultural soils through carbon farming (CF) has thus emerged as a promising
approach within the broader framework of climate-smart agriculture. CF is a business model
designed to reward land managers for adopting agricultural practices specifically designed to
capture and store CO, in soils, plants, and ecosystems, thereby reducing greenhouse gas (GHG)
emissions and sequestering C (COWI et al., 2021). Various CF practices have been tailored to
different land uses, including agroforestry systems, peatlands, grasslands, and mineral soils. Among
these, croplands on mineral soils have been the primary focus of CF research, largely due to their
widespread global distribution and significant C sequestration potential (Bruni et al., 2021; Peralta
et al., 2022). A key component of CF is the adoption of regenerative agriculture principles at the
farm level. These principles include minimizing soil disturbance, maximizing crop diversity, keeping
the soil covered, maintaining living roots year-round, and integrating livestock or biogas systems
where feasible to create closed nutrient loops. Regenerative practices that are commonly eligible
as CF practices are, perennial and agroforestry systems, cover cropping, improved crop rotation, no-
till or reduced tillage, smart fertilizer management, incorporation of crop residues, and the
application of organic amendments (Brummitt et al., 2024; Paul et al., 2023; Paustian et al., 2016).
These practices foster C capture and minimize C losses by promoting SOM accumulation, increasing
C input to the soil, and improving soil structure, which enhances the soil’s capacity to store C over
time (Lal, 2009; Paustian et al., 2016). In addition to C sequestration, these practices provide
multiple co-benefits, particularly by enhancing soil functions and fertility through the contributions
of soil organic matter (SOM). These include improved nutrient cycling to sustain soil fertility and
crop productivity, increased plant-available water-holding capacity, greater aggregate stability to
mitigate soil compaction and runoff risks, and enhanced soil biodiversity (Lal, 2004a; Paustian et al.,
2016). These agronomic benefits also translate into economic advantages, such as reduced costs for

nutrient replacement, enhanced productivity, and lower fuel consumption for tillage.
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Although CF has gained considerable attention as a climate mitigation strategy, it has also faced
various criticisms and challenges (Baveye, 2020; Moinet et al., 2023; Oldfield et al., 2021). One of
the primary concerns is the uncertainty around the permanence of C sequestration in agricultural
soils, as the risk of re-releasing stored C due to land-use changes or disturbances undermines the
long-term impact of CF initiatives (Dynarski et al., 2020). Other challenges involve biophysical
limitations, such as the limited availability of C input to soil from roots, exudates or crop residues,
and the potential for SOC storage to reach saturation (Bruni et al., 2021; Martin et al., 2021; Moinet
et al., 2023). Additionally, social and economic barriers, including the high costs of implementation
and the technical feasibility of agronomic practices aimed at sequestering C, may hinder the
widespread adoption of these practices (Baveye, 2020; Oldfield et al., 2021). To address this
challenge, various private and public entities, along with carbon registries, have launched programs
to generate agricultural carbon credits, recognizing the potential of CF practices to sequester Cin
agricultural soils and incentivizing farmers for their adoption. To fully unlock the potential of CF,
scaling up the implementation of these practices through expanded programs is crucial, ensuring
broader adoption and maximizing their impact on soil C storage and climate mitigation.

CF programs typically involve defining specific practices for C sequestration, setting measurable
performance standards, and establishing verification and monitoring systems to ensure the accurate
C credits generation and credible reporting (Batjes et al., 2024). The successful implementation of
CF programs relies on the ability of program developers to issue transparent, credible certified units
of CO; removal, which can be sold in voluntary carbon markets (offsetting) or claimed by agri-food
companies within supply chains (insetting). Accurate, scalable, and cost-effective Measurement,
Reporting, and Verification (MRV) approaches are therefore crucial for ensuring the credibility and
effectiveness of CF programs, enabling stakeholders to track C sequestration outcomes, verify
emissions reductions, and qualify for carbon credits or financial incentives (Batjes et al., 2024;
Brummitt et al., 2024; Guan et al., 2023; Jackson Hammond et al., 2021). Depending on the CF
practice, project scale, and available technology, various MRV methods are used, including field-
based measurement (e.g. soil and plant biomass sampling), remote or proximal sensing
technologies, process-based modeling, carbon accounting tools, and hybrids approaches (Guan et
al., 2023; Smith et al., 2020). Each approach involves a trade-off between cost and accuracy, with
the chosen solution needing to balance cost-effectiveness and the required accuracy for scalability,
ensuring the generation of certified units across large areas enrolled in the program (Guan et al.,

2023). However, accurate MRV of C removals faces significant challenges due to variability in soil
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properties, management practices, and environmental conditions, which necessitate harmonized
approaches to enhance accuracy and reduce uncertainty (Batjes et al., 2024; Lavallee et al., 2024,
Oldfield et al., 2021). Disparities in modeling workflows, uncertainty quantification methods, and
practices between different projects further exacerbate inconsistencies in results. Additionally, the
lack of standardization in emerging carbon markets increases financial uncertainties, while
inconsistent policy frameworks and the absence of unified protocols hinder the widespread
adoption and integration of CF practices into broader climate strategies (Oldfield et al., 2021).

To address these challenges, the European Carbon Removal Certification Framework (CRCF)
seeks to establish a robust and transparent system for certifying C removals in CF initiatives (E.C.,
2022). The framework prioritizes high-quality carbon credits by ensuring stored C is measurable,
verifiable, and permanent (Paul et al., 2023; Smith, 2012). The EU has thus proposed quality
standards based on four criteria under the QU.A.LITY acronym: Quantification (accurate
measurement), Additionality (ensures that C removals result directly from specific interventions and
represent new, measurable reductions in CO;, rather than outcomes that would have occurred
under "business-as-usual" practices.), Long-term storage (ensuring stability of sequestered C over
time), and Sustainability (aligning projects with environmental and socio-economic goals).

The CRCF emphasizes the adoption of Tier-3 methodologies, which require generating modeled
baselines and project scenarios using hybrid MRV approaches. These approaches integrate field-
based measurements, remote sensing (RS) technologies, and process-based modeling to achieve
accurate, scalable, and cost-effective monitoring of C removals (Batjes et al., 2024). Baselines in CF
serve as critical reference points, representing the Business-as-Usual (BAU) scenario, or what would
happen to SOC without intervention. They can be categorized as: standardized (i.e. derived from
average trends in databases), specific (i.e. based on concrete data from agricultural practices and
environmental conditions, often including field measurements), static (i.e. established at the
project's start and unchanged throughout) or dynamic (i.e. periodically updated to account for
changing conditions over the project duration). Activity-specific and dynamic baselines are
preferred over standardized ones, as they better capture temporal variations and the impacts of
management interventions, providing a more accurate assessment of C sequestration outcomes
(Batjes et al., 2024).

The CRCF regulation addresses two main types of certified units: i) the Net Carbon Removals

(NCR) that represent the additional C sequestered in soils compared to a baseline scenario and ii)
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Associated Emission Reductions (AER) that include reductions in GHG emissions achieved through
improved land management practices, compared to a baseline scenario.

Industrial tomato production in the Emilia-Romagna region is a key supply chain facing significant
declines in SOM. Intensive agricultural practices in the area have accelerated SOM depletion,
threatening soil health, and the long-term sustainability of these systems. To counter these
challenges and enhance SOC sequestration, regenerative agricultural practices are being
implemented on lead commercial farms (LCFs) in the region through the TomaTO-C living lab
initiative. This network, established over the past four years, has emerged from a series of EIP-AGRI

and EU-funded projects, including ClieNFarms (https://clienfarms.eu/) and Farms4Climate

(https://www.farms4climate.eu/). For this study, five LCFs participating in the ClieNFarms project

were selected. On these farms, a series of CF practices were co-designed through a collaborative
process involving farmers, industry stakeholders, agronomists, and researchers, ensuring practical
and scalable solutions tailored to regional conditions and supply chain demands. These practices
include: (i) diversifying crop rotations by adding maize to the traditional wheat-tomato rotation to
add C-rich biomass (Burney et al., 2010), (ii) integrating winter cover crops that protect the soil from
erosion and provide additional C input (Poeplau and Don, 2015), (iii) adopting reduced tillage to
maintain soil structure and prevent the rapid decomposition of SOM (Abid and Lal, 2009), and (iv)
implementing integrated residue and organic nutrient management, which also considers the
“hidden costs” of nutrient imbalances within carbon trading schemes (Richardson et al., 2014).
These practices aim to simultaneously increase plant-derived C inputs to the soil, reduce SOC losses
(Lal, 2004b), and activate the “microbial carbon pump” (Kallenbach et al., 2019; Liang et al., 2017),
enhancing the soil’s ability to retain SOC.

To date, much of the literature on SOC sequestration has focused on experimental plots where
sequestration rates are quantified under small scales. However, SOC sequestration at the farm level
has rarely been monitored, reported, or verified as net C removal against an actual farm baseline
(Brummitt et al., 2024; Mathers et al., 2023). Furthermore, the generated net C removal units have
seldom been assessed for compliance with certification standards, such as those outlined by FAO,
Verra, or the QU.A.L.ITY criteria specified in the CRCF regulation (Brummitt et al., 2024; Mathers et
al., 2023). This lack of scientific evidence regarding the accuracy and scalability of MRV approaches,
as well as the real potential of CF practices to generate certifiable C removal units under the CRCF,
limits project developers in two key ways: 1) it hinders their ability to implement MRV tools

effectively in real-world CF programs, and 2) it restricts their capacity to engage farmers proactively
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through ex-ante simulations of CF practices' potential against accurate baselines. There is an urgent
need to validate hybrid MRV approaches at the farm scale, evaluate the eligibility of practices
against CRCF quality criteria, and verify modeled estimates of C removals at scale. Only through this
validation can certified units be issued for use in Voluntary Carbon Markets (VCM) or within insetting
programs, such as Scope 3 reporting aligned with SBTi and GHG LS&R protocols. These efforts are
critical to scaling up CF practices and enhancing their credibility in the global carbon markets.

This paper aims to evaluate the eligibility of CF practices for future crediting in Northern Italy,
assess their associated co-benefits, integrate MRV methodologies to ensure the scalability and
reliability in CF programs, and testing the potential of such practices to generate carbon credits
under the CRCF. The eligibility criteria for testing CF practices are aligned with the CRCF regulation,
while the criteria for verification and validation of MRV tools are tested to conform with the VERRA
methodology (VMO0042). Specifically, for the "Quantification" criteria, a dynamic, activity-specific
baseline was established, and NCR from CF activities were estimated using a hybrid modeling
approach. This approach integrates remote sensing technology to estimate crop biomass with the
RothC biogeochemical soil model to simulate SOC dynamics. A smart soil sampling method was also
employed to identify sample locations across heterogeneous areas, both to initialize and validate
the model. Once the effectiveness of CF practices in removing C compared to the baselines was
confirmed, AER in terms of direct and indirect CO, equivalent emissions, were calculated using the
Cool Farm Tool (Hillier et al., 2011). The final certified units were then computed based on these
estimates. The "Additionality" criterion was discussed in this context by evaluating whether the
adoption of these CF practices would result in C removals that surpass those expected under

4

business-as-usual scenarios. For “Long-term storage,” the durability of C sequestration was
evaluated by measuring changes in mineral-associated organic carbon (MAOM-C), which represents
a stable pool of SOC less susceptible to rapid decomposition (Cotrufo et al., 2019). To address
potential leakage, crop productivity was monitored using remote sensing, while organic
amendments applied in the project are produced within the project area. This ensures that CF
practices do not inadvertently shift emissions to other parts of the system or threat food security,
thus maintaining the integrity of claimed C benefits. Finally, to meet the “SustainabilITY” criterion,
the study also reports on voluntary co-benefits, which encompass improvements in soil health,
nutrient cycling, aggregate stability, and water retention. These co-benefits are crucial as they

highlight the broader ecological advantages of regenerative practices, beyond C sequestration,

fostering multifunctional agroecosystems that are more resilient to climate change.
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3.2 Materials and Methods

3.2.1 Experimental sites

The data for this study were collected from five LCFs (1-5) located in the Piacenza Province in
northwestern Italy, covering a total of 30 hectares. For each LCF, two adjacent fields were selected
(Fig. S3.1): one served as a reference plot for establishing a dynamic baseline, representing the
typical agricultural practices adopted on the entire farm (baseline scenario — Bsl), while the other
was managed using regenerative agricultural practices as part of the Carbon Farming project (CFp)
over a span of three consecutive years. In this region the climate is continental with an average
annual rainfall of 863 mm (1992-2022), and rainfall peaks occurring in autumn and spring. The

location of LCFs and their characteristics are presented in Figure S3.1 and Table 3.1.

Table 3.1 Characterization of the selected Lead Commercial Farms (LCFs) for the study, with soil sampling conducted at a depth of 0—
30cm.

Site LCF1 LCF2 LCF3 LCF4 LCF5
Hectares in Bsl | CFp fields 3.14]3.19 1.22/3.85 298|251 264|135 511/4.93
Latitude 44.98283 45.04313 45.05865 45.03166 45.02377
Longitude 9.70153 9.9273 9.96232 9.88822 9.82473
Soil textural class Silty Clay Loam  Siltloam  Silty Clay Silty Clay Loam Clay
Initial SOC stocks (Mg C ha™) 60.4 21.9 53.9 50.5 54.4
Soil C:N 7.3 6.9 7.5 8.8 7.4
Soil P (ppm P20s) 34 45 30 32 34
Soil K (ppm K20) 177 144 257 275 345
Soil CaCO3 (%) 1.3 0 2.4 17.4 7.8
Soil pH 6.3 6.1 7.8 7.8 7.8

The fields selected in the LCFs had been subjected to a decade-long narrow crop rotation,
primarily involving winter wheat (Triticum aestivum L.) and tomatoes (Solanum lycopersicum L.),
with occasional inclusion of silage maize in the rotation. The management practices included the
application of mineral fertilizers and deep ploughing as the main soil tillage method. However, the
field of LCF1 selected for the Bsl was cultivated for five years (2012-2017) with alpha alpha
(Medicago sativa). The regenerative practices applied in the CFp differed from the Bsl scenario in
the following ways (Table 3.2): (i) an enriched crop rotation incorporating maize alongside the
conventional wheat-tomato rotation, (ii) the integration of winter cover crops, (iii) residues
incorporation with the stoichiometric balanced addition of organic fertilizers to foster the

humification efficiency, and (iv) the adoption of minimum tillage. Detailed information on the
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agricultural management is presented in the supplementary Dataset S3.1. While reduced tillage,
cover crops sowing, and residue incorporation with organic fertilizers were applied on all five farms,
the enriched crop rotation was implemented on only two of the farms, with the remaining three
maintaining a conventional main-crop rotation (Table 3.2). Among cover crops, white mustard
(Sinapis alba L.) was sown in September 2022 and selected for its high biomass productivity and
larger root system compared to other species (Blanco-Canqui and Ruis, 2020) in order to account
for high C-input. In addition, a mixture of cover crops, consisting of 42% oats (Avena sativa), 18%
tillage radish (Raphanus sativus), 24% pea (Pisum sativum), 9% crimson clover (Trifolium
incarnatum) and 7% squarrose clover (Trifolium squarrosum), was sown in October 2023 with the

aim of improving soil structure and aeration.

Table 3.2 Summary of the experimental design illustrating the main differences in management practices between the Baseline
scenarios (Bsl) and the Carbon Farming program scenario (CFp) in each Lead Commercial Farm (LCF).
Note: Exp. = exported; Inc. = incorporated

LCFs Years Crop rotation Tillage Residues management
Bsl CFp Bsl CFp Bsl CFp
LCF1 2022 Wheat Wheat — white Deep Minimum Exp. for Wheat and maize inc
2023 Maize mustard plowing tillage wheat with balanced
2024 (Tomato) Maize - mix and not nutrient addition + inc
cover crop inc.in of white mustard and
(Tomato) maize mix of cover crops
LCF2 2022 Wheat Wheat - white Deep Minimum Exp. for Wheat and maize inc
2023 Maize mustard plowing tillage wheat with balanced
2024 (Tomato) Maize - mix and not nutrient addition + inc
cover crop incin of white mustard and
(Tomato) maize mix of cover crops
T PR T e 5 eep ............ Vet Expfor .............. e
2023 Tomato mustard plowing tillage wheat balanced nutrient
2024 (Maize) Tomato - mix addition + inc of
cover crop - white mustard and
(Maize) mix of cover crops
LCF4 2022 Wheat Wheat - white Deep Minimum Exp. for Wheat inc with
2023 Tomato mustard plowing tillage wheat balanced nutrient
2024 (Maize) Tomato - mix addition + inc of
cover crop - white mustard and
(Maize) mix of cover crops
T PR T e 5 eep ............ Vet Expfor .............. e
2023 Tomato mustard plowing tillage wheat balanced nutrient
2024 (Maize) Tomato - mix addition + inc of
cover crop - white mustard and
(Maize) mix of cover crops

69



3.2.2 Soil sampling and samples preparation

Soil samples were collected five times throughout the experiment, for a total monitoring period
of 29 months. The first sampling was conducted before wheat sowing (To - October 2021), while the
second occurred a few weeks after the incorporation of wheat residues (T1- September 2022). The
subsequent samples were taken following the incorporation of white mustard (T, - March 2023),
harvest of maize/tomato (T3 - August 2023), and incorporation of the cover crop mixture (T4 - April
2024). Soil samples at To were used to initialize the model, while samples taken at T1, T2, T3 and Ta4
were used to verify and validate the model. Soil sample locations at To and T; were identified by
applying the conditioned latin hypercube sampling (c/hs) algorithms (Minasny and McBratney, 2006)
based on the monthly mean values of vegetation indices (NDVI) from Sentinel-2 over the last three
cropping seasons. This approach allowed for the definition of k = 3 strata per field. Within each
stratum, one sampling point was selected via clhs. At Tp and T1, two soil cores were collected from
a depth of 0—30 cm for each stratum and bulked together, resulting in a total of n = 30 samples. At
T2, T3, and T4, soil samples were collected using a grid-based sampling strategy (30 x 30 m) to validate
the spatial field SOC mean estimated by the model. All soil samples were air-dried and uniformly
ground (< 53 um) for analysis of total SOC and soil N using an elemental analyzer (Primacs100, Skalar
Analytical B.V). In addition, three subsamples per field (n = 30) were frozen for microbiological and
chemical analysis, ensuring consistency in sampling locations for each sampling time point. Another
set of three subsamples, collected from the same locations, was air-dried, ground, and sieved at 2
mm for soil physical analysis. Multiple bulk density (BD) measurements were performed over time
at all experimental sites. Significant changes of BD with time and between treatments were found.
SOC stocks were thus calculated by multiplying SOC concentration by the equivalent soil mass (ESM)
for a reference soil mass layers of 3860 Mg ha (Wendt & Hauser, 2013). ESM's (Mg ha™') were
calculated using a cubic spline function to provide estimates that correspond to 0—30 cm soil depth.
SOC sequestration was expressed as SOC stock variation (ASOC stock in Mg ha™!), calculated as the
difference between SOC stock measured at the end and the beginning of the experiment, while
yearly SOC sequestration rate (Mg ha™! year™) was calculated dividing the ASOC stock Mg ha™* by

the years of the experiment.
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3.2.3 “Quantification” criteria

3.2.3.1 Application of the RothC model for quantification of C removals

SOC dynamics were simulated by applying a modified version of the Rothamsted soil carbon
model (RothC) that account for diverse exogenous organic matter (EOM) inputs (Ferrarini et al.,
2022; Mondini et al., 2017). A detailed description of the original version of the model can be found
in (Coleman and Jenkinson, 1996). The model was run for each field, using field-specific input
parameters. Information on input parameters required by the model (i.e. land use cover, monthly C
inputs from plant material and EOM, weather data, clay content (%), initial SOC stock (Mg C ha™),
soil layer depth considered (cm), SOC stock distribution between C pools (%), and DPM/RPM ratio)
can be found in Supplementary files (Databases S2). Land use cover and amount of EOM (digestate)
were retrieved from farmer crop declaration using the Land-parcel identification system (LPIS) and
field notebooks. Weather data, that includes monthly values of temperature (°C), precipitation
(mm), and potential evapotranspiration (mm), were measured by a nearby automated Watchdog
2000 Series (Spectrum Technologies, 3600 Thayer Court, Aurora, IL, USA) weather station installed
in LCF1 and LCF2. Crop yields used to calculate plant C input were estimated from remote sensing
technology by applying a Light Use Efficiency (LUE) model, which methodology is presented in
Supplementary Material. Plant inputs to 0-30 cm soil layer were then transformed to C input via
allometric functions, following the method of Bolinder et al. (2007). The harvest index (HI) and the
shoot:root ratio (S:R) used in the formulas derive from in-situ field data collection as described in
Supplementary Material. Initial soil data were retrieved from analysis of soil samples at Tp and use
as average of three sampling point per field. Differently to the original version of the model,
temperature rate modifier factor was adjusted to 40 and RPM rate constant was lowered to 0.2
compared to the parameters proposed by Farina et al. (2013). These adjustments were made
through trial-and-error calibration using 30% of the sampling points to better align with SOM
degradation rates observed in Northern Italy. Moreover, a DPM/RPM of 0.69 was considered when
cover crops were incorporated, as suggested by Dechow et al. (2019) for green manure. In fields
were CF practices were applied, a modified factor for reduced tillage, with a value of 0.95 was
applied according to Jordon & Smith (2022). Wheat and maize residues, as well as bio-digestate,
were considered EOM and their partitioning factor (f) and decomposition rate (k) identified by
Mondini et al. (2017) are included in each database.

RothC model was initialized for 100 years by assuming that the soil is at a steady state under the

initial land use at the start of the simulation. An historical averaged farm crop yield declared by
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farmers relative to the last 5 years was used for the model initialization. Weather data from the last
30 years were downloaded from JRC Agridcast Resource Portal using weather station close to the

experimental sites (https://agri4cast.jirc.ec.europa.eu/DataPortal/Index.Aspx). To account for the

different crop rotations over the 10 years prior to the experiment's start in Bsl fields of LCF1, the
RothC model was initialized according to the previously described methodology up to 2012. From
2012 to 2022, the model simulated five consecutive years of alfalfa cultivation, followed by a
conventional wheat-tomato rotation to reflect the historical crop sequence. The simulated SOC

stock at this stage was then used as the starting point for model projections beginning in 2022.

3.2.3.2 Statistical analysis, evaluation of model performances, and uncertainty calculation

Changes of SOC stocks (Mg C hal) were analyzed using a difference-in-differences (DiD)
approach, with the R package p/m. This method, commonly applied in quasi-experimental studies
to estimate causal effects, was chosen here to account for dynamic, activity-specific baselines, as
also suggested by (Bradford et al., 2023). The DiD approach was used to compare SOC stock changes
between treatment (CFp) and control (Bsl) groups across two time periods: before project initiation
(To) and at project completion (T4). SOC stock changes were considered significant when the
interaction term (treatment*time) had a p-value of <0.05. Model accuracy and performance were
assessed according to the VCS Module (VMDO0O053, version 2.0) for both scenarios (Bsl and CFp) and
for the whole project, by calculating the root mean square error (RMSE) to measure total error,
relative error (RE%) to evaluate bias, the regression coefficient (R?) to assess correlation between
measured and modeled data, and model efficiency (ME) (Tab. 3.3). Observed SOC stock values (both
at each sampling time point and as ASOC stock) computed as the mean of selected sampling points
were used as the verification dataset for the model, while SOC stock values averaged from grid
sampling served as the validation dataset. To assess whether the proposed approach meets the
requirements for independent validation by a third-party certification body (with the VM0042 Verra
protocol as a reference), the model's mean bias (calculated as the unweighted average of all biases)
was compared to the pooled measurement uncertainty (PMU). This comparison was made using
the five LCFs as a CF program, where each study pair consisted of a CF plot and a Bsl plot.
Additionally, scatterplots comparing observed vs. model-predicted values for time series SOC stocks
(Mg C ha™) (Fig. S3.2 a-b) and ASOC stocks (Mg C ha™) (Fig. 3.3 a-b) were generated. 90% confidence
intervals for predicted ASOC stocks (Mg C ha™") compared with observed values were also produced

(Fig. 3.3 c-d). The approach was deemed “successfully validated” if the absolute model bias was less
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than the PMU value and if no more than 10% of observed values fell outside the model’s confidence
intervals.

Finally, uncertainty was calculated by combining estimates of sampling and modeling error as
outlined in the VM0042 Verra protocol. The impact of measurement errors was assumed to be
captured in model prediction error and/or sampling error. Errors were computed for each LCF and
for the whole project area, expressed as the difference between simulated and observed ASOC
stocks. The errors were calculated both on a per-hectare basis (t COze ha')? and for the entire
project area (t CO,e)2. Model prediction error was quantified using the statistical verification dataset
for both the CFp and the Bsl scenario, comparing model outputs with ground-truth measurements

of SOC stock changes at the end of the CFp period as follow:

S,Z,wdel,ASOCpmject = 2+ S?[(ASOCpred — ASOCobs) ¢, — (ASOCpred — ASOCobs) s * (1 — p)

(eqg. 1)

Sr%zodel,AsocLCF =2 = S%[(ASOCpred — ASOCobs)cr,crp — (ASOCpred — ASOCODS) 1 cr psi

*(1—p)
(eq. 2)
where
p = corr [(ASOCpred — ASOCobs)cr,(ASOCpred — ASOCobs)le] (eq. 3)
and:

S?modelasoc project i the variance of modeled estimates of ASOC stock across the entire project
area; S2modeiasoc,icr is the variance of modeled estimates of ASOC stock in each LCF; S2(4S0Cpred-
A450Cobs) is the estimated variance of errors made by model prediction of ASOC, estimated from
fields measurements in both the CFp and Bsl scenarios; p is the correlation between model
prediction errors of ASOC in the CFp and Bsl scenarios.

Sampling error was determined by calculating the variance of ASOC stocks as simulated by the

model for CFp and Bsl for the entire CFp period:

H

Sszampling,ASOCproject = ZLCF—S Sszampling,ASOCch (eq. 4)
Where:

2 _ A Ny ACA)2
Ssampling,ASOCch T an(p-1) ziP:l(ASOC — AS0C) (eq. 5)
and:
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S2sampling,as0C,project 1S the variance of ASOC (t CO2e ha)? due to sampling error across the entire
project area, computed as the sum of S?modelasoc icr in the CFp and in the Bsl scenarios; S?model,asoc LcrF
is the variance of estimated ASOC (t CO2e ha™)? within the fields of an LCF (both in CFp and Bsl) due
to sampling error; is the areal mean of ASOC (t CO2e ha™) within a specific LCF field (in CFp or Bsl),
computed as the mean across the sample points collected in that field; is the estimated ASOC (t
CO2e ha) at a specific sample point location (ip); nn is the number of sample points collected in a
field; and Ap is the area of the field in hectares. Both S%sampiingasoc,project aNd S?modelasocicF were
divided by the area of the CFp and the Bsl scenario for each LCF and for the entire project area to
calculate sampling errors on an area (t COze).

The total variance of ASOC, expressed either as t CO2e haor t CO2e, across the project area and
for each LCF during the verification period, was estimated by combining the variances of both error
sources as follow:

Strtar = Seampling asoc T SmodelAs0C (eq. 6)

To standardize the overall uncertainty of the MRV approach, the standard deviation was

calculated from the total variance, providing the uncertainty in t CO2e ha' or t CO2e.

3.2.3.3 Quantification of GHG emissions using the Cool Farm Tool

GHG emissions were assessed using a Tier 1 approach with the Cool Farm Tool (CFT) (Hillier et
al., 2011) for both Bsl and CFp of each LCF included in this study. The CFT is a GHG calculator aiming
to quantify on-farm GHG emissions from various agricultural activities, including residue
management, tillage, irrigation, and the application of fertilizers and pesticides. Crop yields used in
the tool were estimated through the LUE model (see Supplementary Material), while the amount of
plant residues derive from allometric functions calculation (Bolinder et al. 2007). Fuel consumption
per machinery operation was customized using real data provided by farmers. In addition to the
model’s required inputs, a default factor of 2 kg N2O ha* (600 kg CO.e ha™), deriving from measured
in-fields emissions (Ardenti et al., 2022; Fiorini et al., 2020) was added to the baseline scenario when
soils where left bare. GHG emissions are reported in this study as tons of CO; equivalent (COze) per
hectare. Detailed description of input data can be found in the Supplementary Material (Dataset

$3.1).

3.2.3.4 Calculation of carbon credits

For the calculation of carbon credits, "Associated Emission Reduction" (AER) and "Net Carbon

Removals" (NCR), which represent two main types of certified units, were calculated according to
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CRCF EU regulation guidelines. NCR credits represent the net carbon that has been temporarily
sequestered or stored in soil. NCR is calculated based on estimated ASOC stocks (Mg C ha™) using
the RothC model, by comparing Bsl levels (ASOCss) to those achieved after CFp implementation
(ASOCcrp) for each LCF. The formula for calculating NCR is:

NCR = (ASOCas — ASOCcrp) (eq.7)
SOC stock values were then converted to CO,e (Mg CO2ze ha™) by multiplying by a factor of 3.67,
which represent the atomic mass ratio of CO, to C.

When a positive value of NCR was obtained (indicating effective C removal), AER credits were
calculated based on the reduction of GHG emissions compared to the Bsl scenario. The difference
in emissions between the Bsl scenario (Ess) and the CFp (Ecrp)'s activities for each LCF was expressed
in CO2e emitted ha™ and calculated using the Cool Farm Tool. For the calculation of emissions, only
on-site emissions were considered, including those derived from residues management, energy use
for machinery operation, soil fertilizers application, and crop protection. The ER was calculated as
follow:

AER = Ecrp — sy (eq. 8)
AER and NCR credits where then combined into a single certified unit (C.U.), as follow:

YLcr(NCR - AER)>
nLcr

0 (eq.9)

3.2.4 Long-term storage criteria

3.2.4.1 Soil organic matter fractionation, C and N analysis of soil fractions

Air-dried and 2 mm sieved sub-samples were used for SOM fractionation and quantification of C
and N in the resulting soil fractions, following the method of Zhang et al. (2021). The fractions
obtained were particulate organic matter (POM) and mineral associated organic matter (MAOM).
Both fractions were analyzed for C and N content using an elemental analyzer (Primacs100, Skalar
Analytical B.V). The results are expressed as MAOM-C and MAOM-N, for total C and N content in
MAOM, and POM-C and POM-N for total C and N content in POM, respectively.

3.2.5 Carbon Leakage issues assessment

In assessing potential leakage emissions — those unintended increases in emissions outside the
CF project boundary due to project activities — this study accounted for two primary factors: use of
local organic fertilization and monitoring crop productivity. Addition of organic amendment within

the CF project was implemented using bio-digestate sourced from biogas plants located within the
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project area. This approach minimizes the risk of potential C leakage, which could occur if organic
amendments were imported from outside the project area, potentially increasing emissions
elsewhere. By sourcing the bio-digestate locally, indirect emissions associated with transport and
redistribution of organic matter are avoided. Therefore, this factor will not be considered further in
the assessment and discussions. Crop productivity was estimated and compared between Bsl and
CFp scenarios using the Light Use Efficiency (LUE) model. According to the VCS Methodology
(VM0042), productivity declines below 5% are considered "de minimis" (insignificant) and can
therefore be ignored. This threshold helps ensure that minor productivity shifts do not trigger
compensatory activities (like increased cultivation or inputs outside the project area) that could lead

to leakage emissions.

3.2.6 “Sustainability” criteria: voluntary co-benefits

According to CRCF regulation, CF activities must ensure co-benefits that align with sustainability
objectives, including biodiversity restoration, ecosystem protection, soil health enhancement, and
land degradation prevention. These mandatory co-benefits are listed in the EU Nature Restoration
Regulation, (2024) Article 11, which claim that Member States should aim for measurable
improvements in at least two of three agricultural ecosystem indicators:

1. Organic carbon stock in cropland mineral soils.

2. Agricultural land with high-diversity landscape features.
Activities that enhance soil carbon sequestration or reduce emissions from mineral soils inherently
improve organic carbon stocks, fulfilling the mandatory co-benefit requirements for soil health and
land degradation prevention.
In addition to this mandatory outcome, several voluntary co-benefits were quantitatively assessed

and are discussed in detail in the following sections.

3.2.6.1 Assessment of Water-Holding Capacity Improvement through Water Infiltration and

Available Water Capacity

Water infiltration (ifs) was measured on-site in each field in October 2022 (To) and August 2024
(Ta) using the rainfall-simulation technique described by van Es & Schindelbeck (2003). A portable
rainfall simulator was placed over an infiltration ring, which was inserted 75 mm into the soil, and
equipped with a runoff tube at the soil surface to guide runoff water into an external beaker. The
steady infiltration rate (cm min) was calculated as the difference between the measured rainfall

and runoff rates once steady infiltration was reached, following the method outlined by van Es &
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Schindelbeck, 2003. The available water capacity (AWC in mm) was measured in laboratory on soil

samples collected at To and T4 following the protocol described in Moebius-Clune et al. (2016).

3.2.6.2 Assessment of soil structure improvement via aggregate stability

To determine the water stability of soil aggregates, the wet-sieving method proposed by Six et
al. (2000) was adapted for use with a wet sieving apparatus (Eijkelkamp). Briefly, 4 g of air-dried soil
sub-samples (> 2mm) was moistened on a 250 um mesh sieve to reach 60% of their water-holding
capacity. The samples were then immersed in deionized water and shaken for 3 minutes. The > 250
um aggregates were collected, and sieving was repeated for > 53 um fraction. All aggregate fractions
were oven dried (65 °C) and weighed.

The mean weight diameter (MWD) was calculated to reflect the soil aggregate stability using to
the following equation:

> xw;

Yiwi

where w; and x; denote the proportion (%) and mean diameter (mm) of each aggregate size

MWD =

(eq. 10)

fraction, respectively.

3.2.6.3 Assessment of soil nutrients availability and synchrony through analyses of soil nutrients and

their mineralization rate

The nitrate (NO3’), ammonium (NH4*) and phosphate (PO4*) content (mg kg™?) in frozen soil sub-
samples was quantified at each sampling time. Nutrient extraction was performed with 0.5 M K,SO4
after shaking for 1 hour. Nutrients were determined using the colorimetric methods of Doane &
Horwath (2003) for nitrate, Lajtha et al. (1999) for phosphorous, and Rhine et al. (1998) for
ammonium. lon-exchange resin bags were placed in each field immediately after the sowing of the
cover crop mixture to measure mineralization of soil nutrients. 4 g of mixed bed exchange resin
(Amberlite MB- 150) were prepared according to the method proposed by Sherrod et al. (2002).
Three replicates per field were installed inside of plastic tubes to isolate them from plant roots.
Resin bags were left in the soil for a total of 69 (LCF2 and LCF4) and 83 (LCF1, LCF3, LCF5) days, but
they were collected and replaced three times during the growing season to avoid resin saturation.
The nutrient content in the resin extracts was determined by colorimetric methods: nitrate (,
phosphate (Lajtha et al., 1999), and ammonium (Weatherburn, 1967). Nutrient mineralization rate
(mg kg day) was calculated by dividing total nutrients concentration (mg kg™) accumulated in

resin bags by the days of their permanence in soil.
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3.2.6.4 Assessment of soil health improvement via soil microbial biomass analyses

At To, and T4, microbial biomass C (MBC in pg C g*) and N (MBN in pg N g1) concentrations were
determined using the chloroform fumigation-extraction method (Vance et al., 1987), with 0.5 M
K2SO4 as the extractant. MBC and MBN were measured with an elemental analyzer (TOC-L,
Schimadzu) and calculated using a conversion factor of 2.22 and 1.85 respectively for MBC and MBN

(Wu et al., 1990).

3.2.7 Statistical analysis

Changes in time in the CF project compared to changes in time of Bsl scenario were analyzed
using a difference-in-differences (DiD) analysis as explained in section 2.3.2 for MAOM-C (Mg C ha"
1), and POM-C (g C kg!) as well as for the following indicators of “Sustainability”: MBC (ug C g1),
Available N and P (mg kg!), AWC (mm), ifs (cm mint) and MWD. Differently, differences between
Bsl scenario and CF project of N and P mineralization rate (mg kg d!) and crop productivity (Mg ha-
1) were analyzed with a two-way mixed-model ANOVA. LCF and Field (Bsl or CFp) and their
interaction (LCF x Field) were considered as fixed main effects with replicates as a random effect.
Means were compared using Tukey’s honestly significant difference (p < 0.05). Log transformations
were performed to satisfy assumptions of normality and heteroskedasticity when needed. Analyses
were performed using the nlme and multcomp R packages. An Heatmap of response ratio values

(RR: DiD/CFp at To or CFp/Bsl) of Sustainability indicators was produced using the R package ggplot2.

3.3 Results

3.3.1 Quantification of C removals and GHG emissions

3.3.1.1 Quantification and evaluation of SOC variations and permanence

The impact of adopting CF practices on C sequestration measured as ASOC stock (Mg ha™)
compared to the Bsl scenario was assessed using both verification and validation datasets, as
illustrated in Figure 3.1. In the verification dataset (Figure 3.1a), by using the samples collected for
verified modelled estimates, SOC stocks generally increased in CFp scenario over 2.5 years (+2.42
Mg hal). In contrast, SOC stocks decreased in 3 of the 5 LCFs under the Bsl scenario (-0.25 Mg ha™),
although the changes were not statistically significant. However, a decrease in ASOC stock was
observed in LCF3 under the CFp scenario. In the Bsl scenario, SOC stocks declined in 3 out of the 5
LCFs, although the changes were not significant. In the validation dataset (Figure 3.1b), which

consists of a series of grid-sampled points within each field, SOC stocks increased across all LCFs
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under the CFp scenario (+3.62 Mg ha™!) over 2.5 years, whereas in the Bsl scenario, they decreased
in 3 of the 5 LCFs (-0.25 Mg ha™), though not significantly. The patterns of SOC stock dynamics were
consistent across both verification and validation datasets, with exceptions of LCF3 and LCF5 under
the Bsl scenario. To investigate these divergent trends, the normal distribution of ASOC stock values
was compared between the Bsl and CFp scenarios for LCF2 (which showed consistent ASOC
dynamics across datasets) and LCF3 (which showed divergent dynamics) in both datasets (Fig. S3.3).
As shown in Figure S3.3, 3.2 out of 3 data points in the CFp scenario and 1 out of 3 for the Bsl scenario
for the verification dataset fell within the tails of the normal distribution of the respective validation
dataset, suggesting these points do not represent the average ASOC stock.
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©
=
[=Ts]
= LCF3
>
o
=]
&
Q
3 LCF2
-_ . -_
-8.00 -6.00 -4.00 -2.00 0.00 200 4.00 6.00 8.00 10.00 3.00 -2.00 +1.00 0.00 1.00 2.00 3.00 4.00 5.00 6.00 7.00
BCFp mBsl mCFp mBsl

Figure 3.1 Changes in SOC stock over 2.5 years (ASOC in Mg ha) across five LCFs, calculated on the verification dataset (a) and
validation dataset (b). Blue bars show measured ASOC stock in the baseline (Bsl) scenarios, while red bars represent measured ASOC
stock in the Carbon farming project (CFp) scenario. Stars indicate significant differences in the treatment*time interaction term from
the DiD analysis (p < .05).

Increases in both MOAM-C stock (Mg ha) and POM-C content (g kg?) (Fig. 3.2a-b) contributed
to the overall rise in SOC stock across the 5 LCFs, except for LCF3 (for MAOM-C) and LCF1 (for POM-
C). Notably, a higher, though not statistically significant, increase in MAOM-C stock was observed in

LCF1 and LCF2, which have improved crop rotation through maize integration.
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Figure 3.2 Values for the difference-in-differences (DiD) analysis of MAOM-C stock (Mg ha-) (a) and POM-C content (g kg?) (b) after
2.5 years from the start of the carbon farming project. Stars denote statistically significant differences in the treatment*time
interaction term in the DiD analysis (p < 0.05).

3.3.1.2 Simulation of C removals using a remote sensing-based hybrid MRV approach and

assessment of model accuracy

A calibrated version of the RothC model, integrated with smart sampling for model initialization
and a LUE model to estimate C inputs from crops, was employed to simulate SOC dynamics under
both the Bsl and CFp scenarios. The model effectively captured SOC changes for both scenarios
(Figure 3.3), with an overall ASOC stock of -0.83 Mg ha™ for the Bsl and +3.70 Mg ha™ for the CFp
scenario, over the 2.5 years. The highest modeled increase in SOC stock under CFp occurred in LCF2
(+8.90 Mg ha™), while LCF5 under the Bsl scenario showed a decrease (-3.66 Mg ha™'). The model
was validated for both ASOC stock (Mg ha™) and SOC stock (Mg ha™t) over 2.5-years period from the
beginning of the CF project, using both verification and validation datasets. The validation was

assessed using multiple statistical indicators, as summarized in Tab. 3.3, and visually represented by

scatter plots (Fig. S3.2 4a-b).
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Figure 3.3 Results from the RS- based RothC model simulation of SOC stock (Mg ha™") over 2.5 years (January 2022 — May 2024) across
five LCFs: LCF1 (a), LCF2 (b), LCF3 (c), LCF4 (d), and LCF5 (e). Blue lines indicate SOC stock simulations for the dynamic, activity-specific
baseline scenarios, while red lines represent SOC stock for the CF project scenario. The mean SOC stock (Mg ha™), calculated on an
Equivalent Soil Mass (ESM) basis from soil grid samples collected at multiple sampling intervals, is shown for both the baseline (Bsl)
scenario (blue diamonds) and the CF project scenario (red triangles).

For model validation, the total RMSE for ASOC stock was 1.67 Mg ha™', with an RE of 44%, an ME
of 0.63, and an R? of 0.78, indicating a moderate alighment between observed and predicted ASOC
values. The averaged model bias was |-0.25| Mg ha™, which was lower than the uncertainty (PMU
of 0.91 Mg ha™). When simulating SOC stock over time, the model achieved a lower RMSE of 2.55
Mg ha™", a minimal RE of -1%, a high ME of 0.97, and an R? of 0.968, indicating stronger performance
in capturing SOC dynamics over time compared to ASOC stock. However, the model bias for the SOC
stock (|]-0.59 Mg ha™|) exceeded the PMU (0.46 Mg ha™"). Analyzing by scenarios, the Bsl showed
better model efficiency (ME = 1) and an R? of 0.68 in predicting ASOC stock, though with a relatively
high RE of 71% and a bias of -0.57 Mg ha™. For the CFp, the model performed with an RMSE of 1.72
Mg ha™, a lower RE of 17%, an ME of 0.99, and an R? of 0.63, indicating improved prediction accuracy
for ASOC under CFp. For SOC stock simulation over time, both scenarios achieved high R? values
(0.97), reflecting consistent model performance across scenarios. The model bias for SOC stock was
-1.48 Mg ha™ for the Bsl scenario and slightly positive at 0.298 Mg ha™ for CFp, both of which were
below the PMU threshold.

In the verification phase, the model’s performance declined compared to validation results. For
total ASOC stock, the RMSE increased to 3.73 Mg ha™, with a negative RE of -153%, an ME of 0.20,

and a lower R? of 0.34. For SOC stock simulation over time, the total RMSE was 3.19 Mg ha™, with a
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small positive RE of 1%, an ME of 0.95, and an R? of 0.946, indicating good performance. Model
biases remained below PMU in both cases. When analyzing by scenarios, the Bsl showed an RMSE
of 3.17 Mg ha™, a substantial negative RE of -250%, an ME of 0.95, and a low R? of 0.12, with a model
bias of |0.98 Mg ha™'|, which was below the PMU (1.39 Mg ha™). For the CFp, the ASOC stock had
an RMSE of 4.23 Mg ha™, an RE of -56%, an ME of 0.98, and an R? of 0.17, with a positive model bias
of 1.27 Mg ha™" and a higher PMU of 2.13 Mg ha™. For SOC stock simulation over time, both
scenarios showed high R? values (0.97 for Bsl, 0.93 for CFp), indicating strong model performance in
tracking SOC dynamics. However, the model biases for SOC stock were -1 Mg ha™ for Bsl and slightly
positive (1.56 Mg ha™) for CFp, both exceeding PMU. At the end of the study, 20% of measured
ASOC stock from the verification dataset and 10% from the validation dataset were outside the 90%

confidence interval of the predicted ASOC stocks (Fig. 3.4 c-d).

Table 3.3 Evaluation of the remote sensing based RothC model performances in simulating (a) ASOC stock (Mg ha) between T, and
T4, and (b) SOC stock (Mg hal) along sampling time points from Ty to T,.

Note: Indicators are Root mean square error (RMSE), regression coefficient (R2), relative error (RE), model efficiency (ME), absolute
values of averaged model bias (Bias), and pooled measurement uncertainty (PMU).

ASOC stock (Mg ha) SOC stock (Mg ha™) on time series

Type RMSE RE ME R Bias PMU RMSE RE ME R Bias PMU
g|Total 167 44% 063 078 025 091 255 1% 097 0968 059 046
:-‘.'E Bsl 162 71% 1 068 -057 068 281 -3% 097 0976 -148 067
5
"l crp 172 17% 099 063 007 118 227 2% 096 0973 0298 0.605
S [Total 373 -153% 020 034 113 139 319 1% 095 0946 028 052
g Bsl 317 -250% 0.95 0.12 098 139 294 -2% 096 0968 -1.00 071
S| crp 423 s6% 098 017 127 243 343 4% 091 0930 156  0.77
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Figure 3.4 Scatterplot of model-predicted vs. observed values of ASOC stock (Mg ha™") for the verification dataset (a) and the validation
dataset (b). Blue and orange points represent the baseline scenario and CF project, respectively. Panels (c) and (d) display 90%
confidence intervals for model estimates alongside the average observed values of ASOC stock (Mg ha™) for the verification dataset
and validation dataset, respectively, with blue and orange points indicating the baseline scenario and CF project.

3.3.1.3 Estimation of GHG emission using the Cool Farm Tool

Estimation of GHG emissions across the five LCFs, by using the Cool Farm Tool, was performed
for both the Bsl and CFp scenarios. Results from this calculation, expressed in CO,e ha™, reveals
source-specific differences (Fig. 3.5). For residue management—which includes emissions from the
decomposition of plant residues incorporated into the soil— CFp highly increased GHG emissions
(0.76-ton CO,e ha™") compared to the Bsl (0.15-ton CO,e ha™). However, by adding 1200 kg COze ha
1 to the Bsl scenario, for the two seasons when the soil was bare, N,O emissions in the Bsl scenario
were increased to 1.35-ton CO,e ha™. However, emissions from energy use for machinery were
higher in the CFp, at 2.77-ton CO,e ha™, compared to 2.34-ton CO,e ha™ in the Bsl. Crop fertilization
emissions remained nearly the same across both scenarios, averaging 1.65-ton CO,e ha™, with only
minor differences due to balanced organic fertilization during the incorporation of wheat and maize
residues. Emissions from crop protection were minimal and nearly identical between the scenarios,
averaging 0.096-ton COe ha™. Overall, total GHG emissions in the CFp scenario (5.3-ton COe ha™)

were comparable to those in the Bsl (5.4-ton CO,e ha™).
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3.3.1.4 Certified units generated by the LCFs and calculation of MRV uncertainty.

The calculation of C.U. revealed varying potentials for carbon credit generation across LCFs, as
detailed in Table S3.3. All LCFs positively impacted NCR, confirming the effectiveness of CF practices
in enhancing C removals compared to Bsl scenarios. Once this was stated, AER were calculated to
capture both the potential for carbon credit gains from GHG emission reductions (negative AER
values) or the necessity to account for increased emissions (positive AER values). LCF1, LCF3, and
LCF5 demonstrated negative AER values, averaging -0.43-ton COze hal, indicating reduced GHG
emissions under the CFp scenario. These LCFs contributed positively to carbon credit generation
through both emission reductions and carbon removals, potentially achieving an average C.U. of
19.42 per hectares over 2.5 years. Conversely, LCF2 and LCF4 demonstrated positive AER values,
averaging +0.38 tons CO2e ha™, reflecting increased GHG emissions under the CFp scenario. These
GHG emissions partially offset the gains from carbon removals, reducing the net carbon credit
generation potential to an average C.U. of 15.03 per hectares over 2.5 years. Overall, the mean C.U.
across the five LCFs was +17.7 per hectare, equivalent to approximately 265 C.U. for the entire

project area over 2.5 years (Fig. 3.5).
" Emissions CERTIFIED UNITS
ft +ton CO,eq ha™

5 -

*Bsl
** CFp

ton CO, eq ha™'

Removals
.. U+tonCO,eqha™

residues management energy (field) mfertiliserapplication mpesticides

Figure 3.5 Representation of carbon credits (certified units over 2.5 years shown in the green circle) potentially generated by
comparing net carbon removals (NCR) and associated emissions reductions (AER) between the baseline scenario (*) and the carbon
farming project scenario (**). On-site AER (Mg COze ha™), arising from residue management, machinery energy use, fertilizer
application, and crop protection, were estimated using the Cool Farm Tool (blue bars), while NCR (Mg CO.e ha™") were estimated using
the RS-based RothC model (orange bars).
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To ensure the reliability and robustness of carbon credit calculations, comply with verification
standards, and enhance the credibility of the results for stakeholders and carbon markets, the
uncertainty of the MRV approach (Tab. 3.4) was estimated by combining sampling and modeling
errors. The sampling variance for the entire project was 0.15 (t CO.e ha™")? and 140.61 (t COze)?,
while the modeling variance was 310.29 (t CO.e ha™")? and 48.45 (t CO2e)?. When summed, the total
variance amounted to 310.44 (t COze ha™")? and 189.06 (t CO,e)?. This corresponded to a standard
deviation of 17.62 t COze ha™ and 13.75 t CO.e, representing the overall uncertainty during the
verification period. The relative uncertainty (calculated as the standard deviation on an area basis
across the entire project, divided by the total estimated ASOC in t CO,e) was 4.74% of the ASOC (t

COze) across the entire project area.

Table 3.4 Evaluation of the uncertainty of the remote sensing-based hybrid MRV approach on hectares basis as t CO,e ha and on
project area basis as t CO,e. The uncertainty (S%wta) expressed in (t CO.e ha)? of C removal estimates (CO.e hal) was calculated by
combining sampling error (S%sampiing,asocproject) and modeling error (S?modei,asoc), following the VMO0042 Verra protocol. The standard
deviation (STD:ot) calculated on S?ota provide the uncertainty in t COe ha.

LCF S%SAMPLING,ASOCPROJECT S?moDEL asoc S%rotaL STDror
LCF1 0.04 122.72 122.75 11.08
on hectares LCF2 2.96 47.46 50.42 7.10
basis as LCF3 0.67 983.86 984.53 31.38
4 LCF4 2.63 178.37 180.99 13.45
t COze ha LCF5 0.01 76.30 76.31 8.74
TOT 0.15 310.29 310.44 17.62
LCF1 1.42 5.14 6.56 2.56
on project LCF2 76.05 1.28 77.33 8.79
area basis as LCF3 20.29 31.02 51.31 7.16
t CO.e LCF4 41.85 2.97 44.82 6.69
LCF5 1.00 8.04 9.05 3.01
TOT 140.61 48.45 189.06 13.75

3.3.2 Assessment of voluntary co-benefit and potential C leakage for compliance with

Sustainability criteria

To meet the "Sustainability" criteria, a heatmap (Fig. 3.6) illustrating the response ratio (RR, as
DiD/CFp or CFp/Bsl) values for voluntary co-benefits —including improvements in soil health,
nutrient cycling, aggregate stability, and water retention— was produced. Overall, adopting CF
practices had a positive impact on all considered indicators, with significant improvement in N
availability across all LCFs prior to the primary crop's cultivation. MBC (ug C g%), an indicator of soil
health, increased 1.35-fold compared to the Bsl scenario, with significant gain in LCF2 and LCF4.
Nutrient availability for primary crop growth (mg kg?) showed a significant higher increase for N
(+0.92-fold) than for P (+0.03-fold). N availability significantly increased in LCF1 in 2023, whereas a

slight, non-significant decrease in available P was observed in LCF3 and LCF4. Both N and P
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mineralization rates (mg kg day?) showed moderate increases (0.31 and 0.27-fold, respectively)
without statistically significant differences. AWC (mm) exhibited a moderate increase (0.15-fold),
suggesting a small, enhanced soil water retention. ifs (cm mint) showed instead a negligible increase
(0.02-fold). MWD of soil aggregates, reflecting aggregate stability, exhibited a modest increase
(0.13-fold) and was significant in LCF2 (+0.47-fold). Crop productivity estimated via remote sensing
(Mg ha™) showed a slight, non-significant decrease of -0.01, staying below the 5% threshold for

productivity decline and thus avoiding potential C leakage concerns.

Soil . PR . . . Soil
Leakage health Nutrients availability Nutrients synchrony Woater holding capacity structure
Yield MBC Av. N Av. P MinrateN Minrate P AWC Ifs MWD
(Mg ha!) (veceg?) (mgke?) (mg kg*) (mg kg'day?) | (mgkgday?) (mm) (em min-?)
*
LCF1
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%
LCF2 [
LCF3 +0.5
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LCF4
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Figure 3.6 Heatmap of response ratio values for MBC (ug C g), available N and P (mg kg~'), AWC (mm), ifs (cm min~"), and MWD (RR:
DiD/CFp), as well as for N and P mineralization rate (mg kg™ d~") and crop yield (Mg ha™") (RR: CFp/Bsl). Stars denote statistically
significant differences in the treatment*time interaction term in the DiD analysis (p < 0.05).

3.4 Discussions

3.4.1 Carbon credit generation through the quantification of carbon removals and GHG emissions

3.4.1.1 Quantification and evaluation of C removals in soil in a carbon farming project: comparison

to a dynamic, activity-specific baseline and assessment of SOC long-term storage

At the European level, SOC stocks in croplands are currently near a steady-state condition
(De Rosa et al., 2023; Lugato et al., 2014). However, recent estimates indicate SOC declines across
Central Europe and Italy, with reported rates of -0.14 and -0.12 Mg C ha™" y’, respectively (De Rosa
et al., 2024). In this study, SOC stock under the Bsl scenario decreased by -0.25 Mg C ha (-0.10 Mg
C hat y?) aligning with these observed trends. This estimate was based on calculations using the
validation dataset, while a larger reduction of -1.80 Mg C ha™ (-0.74 Mg C ha™" y™') was observed
using the verification dataset. Notably, these SOC sequestration data reflect actual measured

outcomes rather than theoretical estimates, having been verified at the farm scale following
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internationally recognized certification standards. This study is the first to show that scalable CF
practices, including rotations with industrial tomato as the primary cash crop, can achieve
measurable climate benefits. Specifically, it highlights the capacity of CF practices to enhance SOC
stocks in the short term (Paustian et al., 2016; Poeplau and Don, 2015; Smith, 2012), as observed
across the LCFs evaluated in this study. Under CFp scenario, SOC gains averaged +2.42 Mg ha™
(+1.00 Mg C hal y1) in the verification dataset and +3.62 Mg ha™ (+1.50 Mg C ha! y?) in the
validation dataset, demonstrating the positive impact of regenerative agricultural practices
designed to increase C inputs and reduce losses. European studies evaluating regenerative or
conservation agriculture practices, whether applied individually or in combination, have typically
reported SOC sequestration rates ranging from 0.1 to 0.5 Mg C ha 'y~ (Aguilera et al., 2013; Lugato
et al., 2014; Morari et al., 2006; Poeplau and Don, 2015). However, only a limited number of studies
have calculated SOC stocks on an equivalent soil mass (ESM) basis. A meta-analysis by Petersson et
al. (2025), which standardized ASOC stocks to an ESM basis, showed that CF practices alone could
increase SOC by 0.1 to 0.4 Mg C ha™ y~!, while combining practices could enhance this to 0.9 Mg C
ha™ y~'. Such gains can be further increased in high-productivity regions or under conditions that
favor SOC accumulation. For instance, a combination of low initial SOC content and high soil clay
content, as in our study (Tab. 3.1), can positively influence SOC gains (De Rosa et al., 2023).

In this experiment, a higher, though not statistically significant, increase in SOC stock was
observed in LCF1 and LCF2 (+2.44 and +2.50 Mg C ha "y, respectively). These increases are likely
associated with enhanced crop rotations incorporating maize, along with the combined
incorporation of straw and maize residues supplemented with additional nutrients. The SOC
increase is further supported by a corresponding rise in the stable SOC fraction, represented by
MAOM-C (Mg ha™) (Fig. 3.2a), which reflects a more persistent SOC pool (Cotrufo et al., 2019). This
finding is further supported by the results presented in Chapter 3, where an incubation experiment
was conducted using soil samples from LCF1 and LCF2. The study demonstrated that incorporating
straw residues, particularly with organic nutrient supplementation, enhances humification
efficiency and organic carbon stabilization through the activation of the “microbial-C-pump.” This is
critical, as MAOM-C not only serves as a long-term carbon storage mechanism but also provides
nutrients that contribute to soil fertility and sustained crop productivity over time. Additionally,
similar to the findings in Chapter 3, plant-origin POM-C content (g kg™') was more readily consumed
in LCF1 than in LCF2 (Fig. 3.2b), likely due to differences in soil fertility and soil structure between

the two fields (Tab. 3.1 and Supplementary materials). In LCF1, higher nutrient availability, including
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greater levels of SOM, N, and other essential elements, likely stimulated microbial activity and
enhanced the decomposition of POM-C. Moreover, improved soil structure and porosity in LCF1
facilitated better aeration and microbial colonization, further accelerating POM-C turnover. In
contrast, the comparatively lower fertility status of LCF2, characterized by limited nutrient
availability and less biologically active soil, likely constrained microbial activity and slowed POM-C
decomposition. These differences highlight the role of inherent soil properties and fertility status in
determining the fate of SOC fractions under similar agronomic practices. While the higher turnover
of POM-C in LCF1 may suggest faster cycling of labile carbon, it also underscores the importance of
coupling such processes with practices that promote the stabilization of C into more persistent
pools, such as MAOM-C, to achieve long-term carbon storage and soil health benefits.

Although SOC stock dynamics were consistent between the verification and validation datasets,
a notable discrepancy in ASOC stocks in LCF3 highlights the influence of sampling strategy on SOC
guantification. Soil sampling should capture field-scale variability to provide an unbiased estimate
of the mean (Bradford et al., 2023; Oldfield et al., 2021). Stratification, which divides the project
area into homogeneous zones, improves sampling efficiency and better represents SOC distribution
across the landscape, enhancing the accuracy of SOC estimates and reducing the number of samples
required to estimate mean SOC content.(Oldfield et al., 2021). In this study, a stratified random
sampling approach was employed to capture SOC variability within fields, selecting three sampling
locations per field at the start of the CF project, referred to as the verification dataset. In contrast,
the validation dataset used a soil grid sampling approach to capture SOC’s spatial and temporal
variability more comprehensively. This methodological difference contributed to variability in ASOC
estimates, particularly in LCF3. A visual representation of the normal distribution of ASOC stock
values (Fig. S3.3) shows that 2 out of 3 data points in the CFp scenario and 1 out of 3 for the Bsl
scenario for the verification dataset fell within the tails of the normal distribution of the respective
validation dataset, indicating these points did not represent the average ASOC stock. As noted by
Oldfield et al. (2021), using a stratified sampling strategy and returning to the same strata in each
successive round might help reduce variability over time. However, permanent sampling locations
could lead to "gaming the system," where data may be adjusted to produce favorable results. Using
independent sampling within the same strata—sampling different locations within the same
homogeneous area before and after the CF project, respectively for model initialization and
verification/validation—addresses this issue while still capturing relevant SOC changes. By sampling

independently, the risks of bias associated with permanent sampling sites are avoided, while
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maintaining consistency in the data to ensure it reflects the same environmental conditions across
both sampling periods.

To further improve the accuracy and efficiency of SOC monitoring, the development and
integration of in-field sensors offer a promising solution (Batjes et al., 2024). These sensors enable
real-time, high-resolution measurements of SOC and related properties, capturing spatial variability
across large and heterogeneous landscapes. When combined with geospatial data and machine
learning models, these tools can map SOC dynamics at a field scale with greater precision (See
Chapter 5 for more detail). By incorporating such advancements in soil sensing alongside improved
sampling designs, the accuracy, scalability, and cost-effectiveness of measurement-based SOC MRV
systems can be significantly enhanced (Batjes et al., 2024; Oldfield et al., 2021). These innovations
not only reduce the need for extensive physical sampling but also improve the reliability of SOC
estimates, enabling the effective implementation of carbon farming projects and fostering greater

trust in carbon credit markets.

3.4.1.2 Accuracy and scalability of C removals estimates using a RS-based hybrid modelling

approach.

In recent years, hybrid MRV approaches have been developed to track changes in SOC stocks
over time, combining soil sampling, biogeochemical modeling, and remote sensing technologies
(Batjes et al., 2024; Mathers et al., 2023). In this study, the proposed MRV method integrates these
tools into a systematic framework designed for scalability and efficiency.

A stratified random sampling strategy was employed to account for within-field spatial variability
while reducing the number of soil samples required for model initialization. Remote sensing
techniques, specifically the LUE model, were utilized to estimate crop biomass. This data was then
coupled with a modified RothC biogeochemical model to simulate SOC dynamics under both CFp
and Bsl scenarios across five LCFs. Additionally, farm activity data were obtained from farmer crop
declarations using the Land Parcel Identification System (LPIS) and field notebooks. Finally, dynamic
and activity-specific baselines were simulated for each LCFs to enable more precise accounting of
additional carbon credits compared to a static baseline, as well as to allow model uncertainty
calculation with side-by-side comparison. By integrating multiple data sources and methodologies,
the proposed hybrid MRV approach ensures accurate SOC monitoring while enabling carbon
farming projects to operate cost-effectively at larger scales, overcoming the limitations posed by

the high costs of annual field sampling.
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In this study, the RS-based hybrid modelling approach well predicted SOC stock changes across
both scenarios (Fig. 3.3), estimating a net increase of +3.70 Mg C ha™" for CFp over the study period
(+1.53 Mg C ha™ y™), contrasting with a net loss of -0.83 Mg C ha™ (-0.34 Mg C ha™ y™") in the Bsl
scenario. The proposed approach was thus able to account for variations in the quality and
decomposition rates EOMs applied, specifically digestates and crop residues from wheat and maize.
For model estimate validation, this study followed the VERRA VCS Module (VMDO0O053, version 2.0),
which mandates the use of distinct and stringent calibration and validation datasets to ensure
credible SOC sequestration estimates. Two distinct datasets were used in this validation process:
the verification dataset, which evaluated the MRV approach as a cost-effective tool for assessing
SOC dynamics, and the validation dataset, which provided independent data to further validate
model predictions. Overall, the RS-based hybrid modelling approach demonstrated a strong
agreement between measured and modeled SOC stocks, with R? values for SOC stock time series
ranging from 0.93 to 0.98 (Tab. 3.3). However, R? values were moderate (0.78) for ASOC stock in the
validation dataset and lower (0.34) in the verification dataset, indicating that the model was more
accurate for predicting overall SOC stocks across the CF project period than for ASOC stocks, likely
due to yearly SOC fluctuations. The model exhibited a mean error (ME) of 0.87 Mg ha™ and a root
mean square error (RMSE) of 2.77 Mg ha™" on average (Tab. 3.3). Although RMSE was higher for the
verification dataset, this discrepancy was likely due to sampling errors in this dataset, which
impacted the model’s ability to accurately predict ASOC stocks. These findings suggest the RS-based
hybrid model has reasonable predictive accuracy, especially over time series, and underscores the
importance of minimizing sampling errors in SOC modeling for CF projects.

When assessing SOC stocks over a time series, the model demonstrates a low relative error (RE),
with a slight tendency to overestimate SOC increases and underestimate SOC losses (Tab. 3.3). In
the context of C crediting programs, such overestimation of SOC gains and underestimation of losses
are undesirable, as they could undermine the integrity and credibility of credited carbon benefits.
However, the observed low RE values are minimal and unlikely to significantly impact the overall
results. In contrast, the prediction of ASOC stock tends to significantly overestimate ASOC stock
changes compared to the validation dataset, while underestimating ASOC changes in the verification
dataset. This discrepancy is likely due to the inappropriate selection of sampling points for
verification, where soil sampling locations were kept constant throughout the CFp period. As a
result, the sampling strategy may not have fully captured the spatial variability of SOC across LCFs.

Adopting a systematic random sampling approach for verification could improve the

90



representativeness of the sampling locations, enhance the model's accuracy in predicting SOC
changes, and reduce discrepancies between the validation and verification datasets (Oldfield et al.,
2021).

For a model to be considered valid for use in VERRA projects, its bias must not exceed the
standard error of replicated direct soil measurements. Bias refers to the consistent over- or
underestimation of predictions compared to observed data, and it is evaluated by comparing the
model's predictions with validation data. Ideally, the bias should be close to zero, indicating no
systematic error. If the bias exceeds a defined threshold, such as the PMU, the model is deemed
inaccurate and fails validation. Minimizing bias is essential in carbon credit projects to ensure that
model predictions align with actual measurements, thereby maintaining the credibility and integrity
of carbon credit estimates. In this study, model bias for both CFp and Bsl scenarios was assessed by
comparing model predictions to the PMU of SOC observations. Mean model biases were smaller
than the PMU for all ASOC stock predictions but exceeded the PMU for SOC stock predictions in the
verification dataset. This indicates that while the model is suitable for use in VERRA projects for
ASOC stock predictions, it may not accurately capture SOC stock changes in the verification dataset.
This could lead to inaccuracies in carbon credit calculations and undermine the model's credibility,
especially if the bias significantly impacts final SOC estimates. Therefore, an accurate sampling
strategy is essential to maintain the integrity of carbon credit calculations.

Furthermore, in accordance with VCS requirements, another validation criteria associated with
model precision, expressed in terms of model coverage (e.g., at least 90% of validation data must
fall within the 90% predictive interval) must be taken into account (Lavallee et al., 2024). In this
study, 90% of the measured values from the validation dataset fell within the model’s 90%
prediction interval. However, only 80% of the measured ASOC stock values from the verification
dataset fell within the model’s 90% prediction interval. These results demonstrate strong
performance in meeting the 90% threshold required for high-confidence carbon credit claims, while

also highlighting the influence of sampling errors in the verification dataset.

3.4.1.3 Estimation of GHG emission using the Cool Farm Tool
This study integrated complementary methodologies to assess the carbon credit potential of
implementing CF practices across five LCFs in the industrial tomato supply chain of northwestern
Italy. The Cool Farm Tool, a widely recognized tool employing a Tier 1 approach for GHG

quantification based on IPCC-aligned emission factors (Whittaker et al., 2013), was used to estimate
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GHG emissions. In parallel, a RS-based hybrid model was applied to evaluate potential carbon
removals. The study prioritized the quantification of net carbon removals (NCR) to verify the
environmental benefits of CF practices, establishing a reliable basis for calculating any associated
emissions reductions (AER). If the AER under CFp were positive (i.e., higher than the Bsl scenario),
they were discounted by the NCR to ensure robust carbon accounting. Conversely, if AER under CFp
were negative (i.e., lower than the Bsl), they contributed to increasing the total C.U. This dual-
layered approach ensured the credibility and integrity of carbon crediting by avoiding
overestimations or unverified claims.

While a Tier 3 approach—employing process-based models and site-specific activity data—offers
greater accuracy in estimating emissions, particularly for soil N,O fluxes, its implementation poses
challenges (Schipanski et al., 2024). Collecting detailed input data across large-scale CF programs,
often involving numerous farms and extensive landscapes, is impractical. The hybrid methodology
adopted here represents a balanced solution, combining the simplicity and practicality of Tier 1
emission factors with the advanced spatial accuracy of RS-based models. This approach ensures
reliable estimates of both GHG emissions and carbon removals, making it suitable for large-scale,
multi-farm CF initiatives while maintaining methodological rigor.

Our findings indicate that the CFp scenario achieved modest reductions in total GHG emissions
compared to the Bsl scenario (5.3 vs. 5.4-ton COe ha™), with differences largely driven by specific
management practices. Notably, emissions from residue management were significantly higher
under CFp due to the decomposition of incorporated crop residues (0.76-ton CO,e ha™ in CFp vs.
0.15-ton CO,e ha™ in Bsl). This aligns with the established understanding that residue incorporation
enhances short-term microbial activity in soils, leading to increased CO, and N,O fluxes, as also
noted in Chapter 3 and by Baggs et al. (2000). However, the Cool Farm Tool’s lack of a default factor
for estimating GHG emissions from bare soils may lead to underestimations of Bsl emissions,
potentially misrepresenting the carbon credit potential of CFp. When emissions during fallow
periods were accounted for, Bsl estimations increased to 1.35-ton CO,e ha™, emphasizing the
substantial benefits of maintaining soil cover to mitigate N,O emissions during these periods.

Energy use for machinery, calculated from gasoline consumption, represented another trade-off,
with CFp showing higher emissions compared to Bsl (2.77 vs. 2.34-ton CO,e ha™). This increase
reflects the additional field operations associated with residue incorporation, as well as the sowing
and termination of cover crops. These findings emphasize the importance of optimizing minimum

tillage strategies for both cover crop cultivation and residue incorporation. This optimization is
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essential for reducing emissions associated with machinery use while ensuring that the seedbed
conditions for main crops are properly prepared. In contrast, fertilizer-related emissions remained
nearly identical between the scenarios, as no alternative smart fertilizer strategies were
implemented. For instance, precision fertilization techniques—such as adjusting nitrogen inputs
based on pre-sowing fertilization for summer crops, utilizing analytical nitrogen balance coupled
with in-season soil analysis, or producing tailored fertilization prescriptions through variable rate
maps for top dressing—were not employed. This consistency highlights an opportunity within the
CFp approach to develop and adopt improved fertilizer management practices that could
significantly reduce GHG emissions while maintaining or even enhancing crop productivity (Wu &

Ma, 2015).

3.4.1.4 Potential Carbon credit generation in 2.5 years wheat-maize-rotation

As demonstrated in the previous sections, CFp can effectively remove atmospheric C and
enhance its sequestration in soil, while contributing in some cases to the reduction of GHG
emissions from agricultural activities. These practices are particularly valuable for agro-industries
aiming to decarbonize their supply chains by addressing Scope 3 emissions, which refer to indirect
GHG emissions that occur across the value chain. Incentivizing farmers through the generation of
carbon credits within insetting programs provides agro-industries with a practical pathway to
achieve decarbonization targets while enhancing the sustainability of their supply chains.

In this study, the potential for carbon credit generation among LCFs was assessed, yielding a
mean C.U. value of +17.7 per hectare over 2.5 years (Fig. 3.5). Notably, LCF1, LCF3, and LCF5 showed
negative AER values (-0.43-ton CO,e ha™), indicating net reduction in GHG emissions under the CFp
scenario (Tab S3). These systems were particularly efficient in generating carbon credits through a
combination of SOC gains and emission reductions. Conversely, LCF2 and LCF4 had positive AER
values (+0.38-ton CO,e ha™), reflecting net increases in GHG emissions under CFp (Tab. S3.3).
highlights the influence of factors like soil type and machinery use intensity, emphasizing the need
to tailor carbon farming practices to local conditions for optimal sequestration and emission
reduction. The overall potential for carbon credit generation across the project area, approximately
265 C.U., underscores the financial opportunities of implementing CFp. With an average farm size
of 80 hectares in the region and a CO,e price of €35 per ton, farmers adopting the proposed CFp
could generate between €12,286 and €27,585 lord annually from the sale of carbon credits,

assuming their credits are certified.
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To ensure robust and credible carbon credit calculations that comply with verification standards
and gain trust from stakeholders and carbon markets, the uncertainty of the MRV approach (Table
3.4) was assessed by combining sampling and modeling errors of the RS-based model. The project-
wide relative uncertainty was 4.74% of ASOC (t CO,e), which did not result in a penalty on the carbon
credits generated. However, LCF3 exhibited higher model uncertainty, emphasizing the need for
further refinement in sampling strategies and modeling techniques.

Integrating RS biomass estimates with spatialized SOC removal data from proximal soil sensors
at the pixel level can significantly reduce uncertainties from initial sampling errors, thereby
improving the accuracy of C removal estimates (see Chapter 5 for more details). These advanced
technologies deliver high-resolution, spatially detailed data for SOC stock assessments, enabling
more reliable quantification of C dynamics while accounting for the heterogeneity of SOC storage
potential across fields. By enhancing the reliability and scalability of MRV approaches, such
innovations reinforce the credibility of CF programs and their role in mitigating climate change.
Furthermore, the development of high-resolution soil property maps, including C and N content,
could offer valuable tools for precision agriculture practices like targeted fertilization and sowing.
When integrated into CF programs, these practices can further reduce emissions associated with
fertilizer application and fuel use, amplifying both environmental and economic benefits.

According to various C accounting methodologies, liability mechanisms to address C release
during the monitoring period of C storage activities need to be considered (Brummitt et al., 2024;
Lesschen, 2024). These mechanisms should minimize the risk of C reversal into the atmosphere and
define rules for managing such risks. One potential mechanism is the discounting of C.U., where a
portion of the calculated C.U. is excluded from certification to account for uncertainty and potential
reversal, ensuring that these units are not available for certification. Therefore, if a 20% discount is
applied and CR estimates are credited for a 5-year CF program, the CFp addressed in this study could
generate on average €15805 per farm annually (€198/ha/yr) from the carbon credits sale, based on
an average VCM price® of €35/tonCO; (excluding co-benefits). However, this calculation does not
yet account for certification and program management costs, which are not charged to farmers.

When implementation costs of “additional” CF practices (e.g. cover crops, loss of income from
crop residues sales, and minimum tillage adoption by contractors) are considered (averaging

€204/ha/y) along with the inclusion of co-benefits priced at an additional €18/ton CO,, the net

L https://carboncredits.com/what-is-the-voluntary-carbon-market/
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income per farm would be €7,362 annually, equating to €92/ha/year. This net income would cover

approximately 97% of the implementation costs.

3.4.2 Assessment of voluntary co-benefit and potential C leakage for compliance with

Sustainability criteria

To assess the sustainability of CF practices in line with CRCF regulations, this study focused on
voluntary co-benefits such as soil health, nutrient cycling, aggregate stability, and water retention.
These indicators showed improvements across the LCFs, showcasing the potential of CF practices to
enhance ecosystem services alongside SOC accumulation. For instance, MBC, a key soil health
indicator (Binemann et al., 2018), increased by an average of 1.35-fold in CF practices compared to
the Bsl, with significant increases in LCF2 and LCF4. MBC is a sensitive indicator of short-term
changes in soil management, especially with organic inputs and tillage practices (Bastida et al., 2008;
Lagomarsino et al., 2009) and its increase reflects improved microbial activity that supports nutrient
cycling, organic matter decomposition, and soil structure (Pulleman et al., 2012). Nutrient
availability following cover crop termination, particularly N, significantly improved under CF
practices, with N levels increasing by 0.92-fold compared to the Bsl scenario. This improvement can
be attributed to balanced organic fertilization, the incorporation of crop residues, and maintaining
year-round soil cover, which collectively enhance nutrient cycling efficiency and support the
sustainability of CF practices (Bertrand et al., 2019). Numerous studies highlight the role of cover
crops in increasing soil N availability and reducing the reliance on synthetic N fertilizers (Boselli et
al. 2020). This effect primarily arises from net N immobilization in the cover crop biomass and the
accumulation of high C residues on the soil surface, which undergo gradual mineralization, releasing
N for subsequent primary crops. In this study, this mechanism was evidenced by a moderate
increase in the N mineralization rate. In contrast, phosphorus (P) availability exhibited a minimal
overall increase (+0.03-fold). Despite this minimal increase, previous research has demonstrated
that cover crops can enhance the efficiency of P utilization from both organic and mineral fertilizers
by stimulating soil biological activity, improving P uptake, and promoting the growth of primary
crops (Hallama et al., 2019). Cover crops access poorly available soil P through more efficient root
architecture and morphology, which allow exploration of greater soil volume. Additionally, they
mobilize moderately soluble inorganic and organic P forms and contribute to the mineralization of

organic P (Hallama et al., 2019). However, in this study, the moderate increase in P mineralization
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rates across LCFs did not translate into higher P availability for main crop growth, likely due to P
immobilization in the soil matrix.

Soil management practices that minimize disturbance and maximize SOC return to the soil, are
well-known for enhancing aggregate stability (Bronick and Lal, 2005; Pagliai et al., 2004; Six et al.,
2000). Reduced tillage minimizes soil disturbance, preserving existing soil aggregates and promoting
soil biota activity, such as fungi and microbes, which produce binding agents like glomalin (Bronick
and Lal, 2005). Similarly, practices that increase the SOC pool, such as cover cropping and residue
incorporation, contribute to aggregate stability by providing organic material that acts as a binding
agent for soil particles. The decomposition of residues further stimulates microbial activity,
contributing to aggregate formation and stabilization (Bronick and Lal, 2005). In this study, water
aggregate stability was assessed using the mean weight diameter (MWD) of soil aggregates, a
parameter that integrates size class distribution into a single value to characterize overall soil
structure. MWD showed a modest increase (+0.13-fold), with significant improvement observed
only in LCF2 (+0.47-fold), indicating that short-term effects are more pronounced in more degraded
soils. Improved soil structure enhances porosity and water-holding capacity, reduces surface
crusting, and creates more continuous macropores, thereby increasing water infiltration (Six et al.,
2000). In this study, the slight increase in AWC and the small rise in infiltration speed (IFS) highlight
the potential of CF practices to improve water retention and soil moisture. However, these benefits
are likely to become more pronounced with long-term application.

Economically, the improvements in soil health resulting from CF practices can lead to significant
cost savings for farmers, particularly in reduced input requirements. For example, the enhanced
nutrient cycling and increased N availability through CF practices can reduce the need for synthetic
fertilizers, thereby lowering input costs. Additionally, the improvements in soil structure, such as
increased aggregate stability and water retention, could reduce the need for irrigation and mitigate
the risks associated with drought, which can result in more stable crop yields and reduced water
costs. Furthermore, improvements in soil health may lead to higher crop productivity over time,
creating an opportunity for farmers to increase their revenue. The long-term benefits of soil health
improvements also contribute to the resilience of farming systems, making them more adaptable
to climate change and external shocks, which can further enhance economic stability for farmers
engaged in CF practices.

Within the sustainability assessment, potential C leakage resulting from the application of CF

practices must be carefully evaluated and mitigated. C leakage refers to unintended emissions or
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environmental impacts outside the CF project boundary that could offset the C gains achieved within
the project. According to the VCS Methodology (VM0042), crop productivity in the project scenario
must demonstrate that it has not declined by more than 5% compared to baseline productivity. This
is determined by comparing the average productivity within the project (excluding years with
extreme weather events) during the project period to the average baseline productivity from the
historical look-back period (e.g., 10 years). In contrast to the proposed protocol, this study assessed
potential carbon leakage by annually comparing the productivity of the CF project with the Bsl.
Carbon leakage was found to be minimal, with remote sensing data indicating only a slight reduction
in crop productivity (-0.01 Mg ha™") under CF practices, remaining well below the 5% threshold that
typically raises concerns about productivity-related carbon leakage. This suggests that CF practices
did not significantly impact crop productivity, thus preventing carbon losses due to reduced vyields
that could otherwise lead to increased land use or intensification elsewhere.

In summary, the findings demonstrate that CF practices are aligned with sustainability and
leakage criteria, as defined by Verra and CRCF EU regulation, by slightly improving soil quality
indicators in the short-term. Minimal productivity losses and reductions in potential leakage further

validate the role of CF practices in enhancing agricultural sustainability while sequestering carbon.

3.5 Conclusion

This study demonstrates the potential of C) practices to unlock the soil carbon economy and
enhance the sustainability of agro-industrial supply chains, with a focus on industrial tomato
production in northwestern Italy. By simulating a potential CF program in the region, regenerative
agricultural practices were co-designed through a collaborative process involving farmers, industry
stakeholders, agronomists, and researchers, ensuring that the solutions developed were both
practical and scalable to regional conditions and supply chain demands. The study also employed
remote sensing (RS)-based modeling MRV tools, a smart soil sampling strategy, and a dynamic,
activity-specific baseline to create a robust framework for assessing carbon credit potential. These
tools were assessed for compliance with certification standards, such as those outlined by Verra and
the QU.A.L.ITY criteria specified in the CRCF regulation, providing a pathway for effective MRV
implementation in real-world CF programs.

Key aspects, including the climate benefit of CF practices such as C sequestration in soils and GHG
emission reduction, MRV accuracy and uncertainty, associated co-benefits, long-term C storage, and

potential C leakage, were all thoroughly evaluated. The implementation of CF practices across five
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LCFs demonstrated their ability to increase SOC stocks compared to baseline scenarios and to
slightly reduce GHG emissions. However, the impacts varied depending on management practices,
soil characteristics, and operational constraints. Overall, CF practices led to net increases in SOC,
which were further supported by a rise in the stable SOC fraction (MAOM-C), representing long-
term carbon storage that sustains soil fertility and crop productivity. While carbon sequestration
benefits were significant, modest reductions in GHG emissions were observed, primarily driven by
direct in-field emissions caused by incorporation of crop residues and cover crops, and indirect
emissions due to increased machinery use. These findings underscore the need for optimized tillage
and residue management strategies to minimize the trade-offs associated with machinery use and
maximize carbon sequestration benefits.

The carbon credit generation potential of CF practices was substantial, with an average C.U. of
+17.7 tons of CO,e ha™ over a 2.5-year wheat-maize rotation. Despite uncertainties in estimating
SOC dynamics, the integration of RS-based models reduced measurement errors, enhancing the
reliability and credibility of the MRV system. Furthermore, high-resolution spatial data from
proximal soil sensors could offer additional opportunities, providing strata that can be used to apply
a smart soil sampling strategy for more accurate model initialization and validation. These
technologies can also be leveraged for precision agriculture practices, such as targeted fertilization,
further amplifying the environmental and economic benefits of CF practices.

Economic assessments demonstrated the financial feasibility of CF practices, with potential
annual revenues from carbon credits ranging from €21,120 to €61,920 lord annually per 80-hectare
farm, assuming a CO.e price of €60 per ton. However, to calculate the net revenue, potential risks
of carbon release during the monitoring period and the costs associated with certification and CF
program management must be subtracted.

In addition to the climatic and economic benefits, this research evaluated the broader
environmental impacts of CF practices, focusing on soil health and ecosystem services. Key
indicators, such as MBC, nutrient cycling, aggregate stability, and water retention, showed
improvements under CF practices, particularly in degraded soils. Increased MBC and nutrient
availability not only enhance soil health but also lead to cost savings for farmers, particularly through
reduced input requirements.

The study also addressed the potential risk of carbon leakage, ensuring that CF practices met the
sustainability criteria by demonstrating that productivity losses remained below 5% of baseline

levels. The minimal carbon leakage observed further aligned CF practices with regulatory standards
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such as the Verra Carbon Standard and the EU CRCF regulations, ensuring that these practices

contribute to climate goals without undermining agricultural productivity.
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Supplementary Material

Materials and Methods
Plant biomass sampling and samples preparation

In each field, plant biomass sampling was conducted prior to harvesting both primary and winter
cover crops to estimate total crop biomass and yield of primary crops. Sampling took place within
homogeneous areas in each field, where n = 3 elementary sampling units (ESUs) were identified for
each growing season, following the methodology outlined in Croci et al. (2022). Within each ESU,
four sub-samples were collected from a 1 m? area (positioned 4 meters from each corner of the 20
x 20 m ESU, along the diagonal toward the centroid) at ground level. These sub-samples were
weighed in the field to determine fresh biomass weight. For each 1 m? sample, fresh yields were
measured for wheat, maize, and tomato as follows: grain yield for wheat and maize was calculated
by separating the grains from the spikes using a mechanical thresher. For tomatoes, red berries
were manually separated from the plant and weighed in the field. Dry matter yield and biomass
were then obtained by oven-drying sub-samples at 105 °C until they reached a constant weight.
Plant biomass C content was calculated by multiplying an averaged C content of 0.45% by the
measured biomass. Harvest index (HI) was calculated by dividing crop yield by the total biomass.
Additionally, for tomato, white mustard, and the cover crop mixture, 4 random samples of above-
ground biomass (AGB) and below-ground biomass (BGB) were collected from a 0.25 m? area in each
field. AGB was weighed in the field and again after drying at 105 °C until reaching a constant weight,

while BGB was cleaned of soil, weighed, and dried at 105 °C to a constant weight.

Application of the Light-Use efficiency model for quantification of plant C inputs used in Roth

To estimate plant carbon input for the Roth-C model, a Light Use Efficiency (LUE) model was
developed and calibrated. A detailed description of the model can be found in (Pei et al., 2022). This
semi-empirical model calculates daily Net Primary Productivity (NPP, expressed as g C m™2 d™") by
integrating absorbed photosynthetically active radiation (APAR) with the theoretical maximum light
use efficiency for PAR conversion to biomass (eMax). The model is further modified by temperature
(Ts) and water (Ws) stressors, following the methodology of Prince and Goward (1995) and
(Wellington et al., 2022) respectively, which constrain NPP according to environmental conditions.
Input parameters required by the model were derived as follow: Field data for model calibration

was obtained according to the method described above. Measured dry matter of AGB sub-samples
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were averaged to provide a single representative value for each ESU. The Normalized Difference
Vegetation Index (NDVI) time series for each field was obtained from Sentinel-2 imagery, part of the
Copernicus mission, for each year of the simulation period. NDVI data served as a proxy for AGB
qguantification and was used to estimate the Fraction of Absorbed Photosynthetically Active
Radiation (FAPAR), a critical input for the LUE model. Daily meteorological variables were sourced

from the ECMWF ERA-5 reanalysis dataset (https://www.ecmwf.int/en/era5-land), which provided

essential parameters for modelling plant productivity. These variables included mean air
temperature at 2 meters, dewpoint temperature (both expressed in K) and surface solar radiation
downwards () m™2). This data was integrated into the model to simulate environmental conditions
affecting plant growth and productivity. Planting and harvest dates were obtained by farmers and
did not require further derivation. The model was calibrated at the ESU level, on four key
parameters: minimum, optimum, and maximum temperatures (Tmin, Topt, and Tmax) and eMakx.
Calibration was performed using an iterative process aimed at minimizing the normalized root mean
square error (nRMSE) between observed carbon content and model simulated NPP. First, a grid of
plausible values from literature (a priori distribution) for each parameter was established. Each
parameter combination was tested by calculating the nRMSE between predicted and observed
biomass values. The parameter set that minimized the nRMSE was then refined by testing narrower
parameter ranges around this optimal set to improve calibration precision. The list of calibrated
parameters obtained is reported in Table S3.1.

The calibrated LUE model was applied to the experimental fields. For each field, NDVI median
values were retrieved from Sentinel-2 for the period between sowing and harvest, allowing
calculation of FAPAR. ERA-5 meteorological data were merged with Sentinel-2 data, and crop-
specific parameters were applied to calculate Ws, Ts, and eMax. The resulting NPP estimates (g C

m~2) were converted in Mg ha of dry matter by considered an averaged C content in plants of

0.45%.

Table S3.1 List of calibrated parameters used in the Light Use Efficiency (LUE) model simulations.
Crop Tmin (°C) Topt (°C) Tmax (°C) eMax (g C MJ?)
Winter wheat -1.5 18.5 36 0.9
Maize 6 22 39 14
Tomato 3 25 38 14
White mustard 6 21 25 0.7
Mix cover crops 6 21 25 0.7

101


https://www.ecmwf.int/en/era5-land

Table S3.2 Observed and predicted yields for a 2.5-year crop rotation under baseline (Bsl) and carbon farming practice (CFp)
scenarios across different Lead Commercial Farms (LCFs). The harvest index (HI) and shoot-to-root ratio (S:R), used to calculate plant
carbon input following the method of Bolinder, are also included. The Light Use Efficiency (LUE) model performance metrics are
presented, including root mean square error (RMSE), relative error (RE), mean error (ME), and regression coefficient (R?).

. Obs Yield Pred Yield
LCFs Year Scenario Crops S:R
(Mg hal) (Mghal) RMSE RE ME R?

LCF1 2022  Bsl Durum wheat 5 6 04 3 || 334 | 14%|055]056
LCF1 2023 Bsl Silage maize 22.7 14 09 438
LCF2 2022 Bsl Winter wheat 5.7 5.4 04 3
LCF2 2023 Bsl Grain Maize 4.8 4.6 0.3 438
LCF3 2022 Bsl Winter wheat 5.6 6.1 04 3
LCF3 2023 Bsl Tomato 4.9 7.8 0.5 34
LCF4 2022 Bsl Durum wheat 5.5 6.2 04 3
LCF4 2023 Bsl Tomato 7.8 8.1 0.5 34
LCF5 2022 Bsl Durum wheat 4.7 4.5 04 3
LCF5 2023 Bsl Tomato 3.3 8.8 0.5 34
LCF1 2022 CFp Durum wheat 5 5.5 04 3
LCF1 2022 CFp White mustard 5.4 2.6 1 74
LCF1 2023 CFp Silage Maize 24.6 13.9 09 438
LCF1 2023 CFp Cover crop mixture 1.4 3.1 1 36
LCF2 2022 CFp Durum wheat 5.7 5.5 04 3
LCF2 2022 CFp White mustard 3.8 2.4 1 74
LCF2 2023 CFp Seed Maize 5 4.7 0.3 438
LCF2 2023 CFp Cover crop mixture 2.1 3.3 1 36
LCF3 2022 CFp Durum wheat 5.6 6.3 04 3
LCF3 2022 CFp White mustard 5.6 2.1 1 74
LCF3 2023 CFp Tomato 41 8.2 0.5 34
LCF3 2023 CFp Cover crop mixture 1.7 3.1 1 36
LCF4 2022 CFp Durum wheat 5.5 6.2 04 3
LCF4 2022 CFp White mustard 5.3 2.4 1 74
LCF4 2023 CFp Tomato 4.8 7.4 0.5 34
LCF4 2023 CFp Cover crop mixture 2.8 2.1 1 36
LCF5 2022 CFp Durum wheat 4.7 4.7 04 3
LCF5 2022 CFp White mustard 5.2 0.9 1 74
LCF5 2023 CFp Tomato 3.9 8.7 0.5 34
LCF5 2023 CFp Cover crop mixture 2.8 2.3 1 36

Table $S3.3 Components for Carbon Unit (C.U.) calculation: Associated Emissions Reductions (AER) were determined as the difference
between GHG emissions under the CFp scenario (Ecep, expressed in CO.e ha™) and those under the Bsl scenario (Egs, expressed in CO,e
ha™"). Net Carbon Removal (NCR) was calculated based on changes in SOC stocks (reported in COze ha™), by comparing SOC changes
under the baseline scenario (ASOCgy) to those achieved following the implementation of CFp (ASOCcr,) for each LCF.

Lckrs B Ero AER NCR  C.U.

LCF1 501 459  -043 242 2463
LCF2 539 57 031 194  19.09
LCF3 428 397  -03 15.66  15.96
LCF4 650 696 046  11.43  10.97
LCF5 585 529  -056 1712  17.68
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Figure $S3.1 Map of the five lead commercial farms (LCF1-5) selected for the study. Farms in order of increasing longitude: LCF1,
LCF5, LCF4, LCF2, LCF3. On each farm, the fields managed using conventional practices (Baseline) and the ones using regenerative
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respectively.
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4.1 Introduction

There is a strong global interest in enhancing soil carbon (C) stocks across various agricultural
systems worldwide to both increase soil health and mitigate climate changes (Lal, 2004b; Smith,
2012). Soils are the largest reservoir for terrestrial C, but their ability to retain stabilized C over time
is significantly reduced in many managed systems (E.C. DG Environment, 2011). This is due to
practices that either hasten the loss of soil organic matter (SOM) or hinder its formation and
retention (Lal, 2004b). Nowadays, restoring lost soil C is becoming a priority for agricultural
policymakers and practitioners. This effort not only contributes to climate change mitigation, but
also supports the delivery of multiple co-benefits (Schmidt et al., 2011). C-rich crop residues, such
as wheat, rice stubble or maize stalks, represent a global resource with significant potential for
enhancing soil C levels. However, multiple studies have shown that soil C content does not always
increase in response to repeated addition of large quantities of crop residues to soil (Richardson et
al., 2014). Microorganisms play a key role in two contrasting mechanisms that drive SOM dynamics:
they reduce soil organic carbon (SOC) stocks through decomposition, but also increase SOC stocks
through the formation of microbial biomass and stabilization of its residues associated with minerals
or within soil aggregates (Bhattacharyya et al., 2022; Sokol et al., 2022). Recently, the need to
balance these opposing microbial functions toward greater SOC stabilization has been emphasized,
notably through the conceptual framework of the “microbial carbon pump” proposed by Liang et
al. (2017). This concept highlights the role of microbial processes in promoting long-term C storage
in soils.

The efficiency of the transformation of exogenous organic matter into stable SOC depends
heavily on the balance of C and the availability of essential nutrients, including nitrogen,
phosphorous, and sulfur (Fang et al., 2019; Kirkby et al., 2014, 2013; Liu et al., 2023; Richardson et
al., 2014; Zhao et al., 2024). Indeed, both the chemical composition of plant residues and organic
matter in soils affects microbial growth and activity, thus controlling SOM cycling (Zechmeister-
Boltenstern et al., 2015). When microorganisms feed on a substrate with an unfavorable
stoichiometric ratio (C:N:P:S = 10,000:833:200:143), they must invest extra energy to acquire the
missing elements by producing exoenzymes (Abay et al., 2024; Bertrand et al., 2019; Coonan et al.,
2020a; Sinsabaugh et al., 2009). This additional energy allocation helps them sustain their biomass
but likely causes them to partition more C taken up into respiration, leading to a decrease in
microbial carbon use efficiency (CUE) (Spohn et al., 2016). Therefore, addition of organic material

with high C:nutrient ratio can increase the mineralization of existing SOM through a phenomenon
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known as the “positive priming effect” (Song et al., 2022), leading to even greater SOC losses.
Conversely, the stoichiometrically balanced addition of exogenous nutrients increases microbial
utilization of crop residue-derived labile C sources, hence boosting microbial biomass, accelerating
microbial growth and turnover, and increasing CUE, thus improving the formation of SOM (Fang et
al., 2019; Feng et al., 2022; Kirkby et al., 2013, 2014; Poeplau et al., 2019; Spohn et al., 2016; J. Wu
et al., 2022; Zhao et al., 2024, 2017). In particular, accelerated microbial growth and turnover is
associated with increased microbial necromass, which becomes part of the stable SOM pool and
can reside in soils for longer periods (Prommer et al., 2020; Sokol et al., 2022; Spohn et al., 2016).
Estimates of the proportion of microbially derived C transformed into non-living SOC range from
40% to 80% (Prommer et al., 2020). This is confirmed by the similarity between the stoichiometry
of C, N, P, and S in SOM and the nutrient ratios of soil microorganisms, suggesting that stable SOM
primarily derives from microbial necromass and by-product rather than from the direct deposition
of resistant plant materials (Prommer et al., 2020). Studies across various soil types have
demonstrated that adding plant residues increases the formation of stable carbon in the fine
fraction of soil organic matter (ff-SOM, <0.4 mm; synonymous with heavy fraction SOM >1.4 g cm"
3), with a 1.2 to 2-fold rise when nutrients are added (Fang et al., 2019; Kirkby et al., 2013, 2014; J.
Wau et al., 2022). Higher nutrient inputs also boost “native” SOC consumption through the priming
effect and promote stable carbon production by improving residue humification efficiency. While
typically only 10% of added plant residues remain in the soil after mineralization, nutrient
supplementation can increase residue carbon conversion into SOC by 2 to 8 times, depending on
soil type (Fang et al., 2019; Kirkby et al., 2013, 2014; J. Wu et al., 2022). These studies also
emphasized that the impact of added nutrients on microbial biomass, growth, turnover, and CUE is
crucial for increasing the conversion of C-rich residues into ff-SOM.

Mineral-associated organic carbon (MAOM-C) is crucial for long-term carbon sequestration in
soils, as it forms stable complexes with soil minerals that protect organic matter from
decomposition, thereby enhancing carbon permanence and contributing to climate change
mitigation (Cotrufo et al., 2019). However, recent studies suggest that MAOM-C, due to its low C:N
ratio and lower chemical complexity, can also be mineralized by microbes, making its turnover an
important source of nitrogen and a key contributor to short-term soil fertility (Lavallee et al., 2020;
Villarino et al., 2023).

Long-term C sequestration from crop residues into SOM thus necessitates the concurrent

incorporation of substantial amounts of nutrients to fulfill the stoichiometric needs of soil microbial
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biomass and the newly formed SOM (Richardson et al., 2014). This process is critical not only for
mitigating climate change, but also for enhancing soil fertility, and improving agricultural
productivity. However, the application of nutrients to maintain and increase crop yield and
simultaneously maintain or generate new and stabilized SOM in the long term implies additional
costs for and emissions from fertilizers application. It is therefore important to find and maximize
the use of alternative sources of nutrients to synthetic fertilizers. Nutrient valorization of organic
amendments produced from circular processes such as anaerobic digestion offers a sustainable
solution. Bio-digestate, a co-product of biogas production, has a high fertilizer value by bringing
both labile carbon and essential nutrients into soil. By integrating these organic amendments into
the farming system, the nutrients present in agricultural and organic waste are recycled back into
the soil, closing the nutrient loop. This circular approach reduces the need for synthetic fertilizers,
while improving soil health, enhancing C sequestration, as well as minimizing environmental impacts
such as nutrient runoff and greenhouse gas emissions (Guilayn et al., 2020).

In this study, an incubation experiment was set up to test the main hypothesis that adding
inorganic or organic nutrients to wheat straw residues, according to the microbial stoichiometric
requirements, will increase the humification efficiency (HE) of crop-residues into the stable fraction
of SOM, as well as soil fertility. The specific hypotheses tested were: (i) addition of stoichiometric
balanced nutrients can rectify the C:nutrients ratio imbalance in microorganisms, increasing CUE;
(ii) initial soil fertility may act as an environmental driver in determining stoichiometric imbalances
in the microbial community; (iii) high CUE triggered by nutrient addition leads to greater
incorporation of carbon into microbial biomass and by-products which, with microbial turnover,
contributes to the formation of stable SOC as mineral-associated soil organic C (MAOM-C); (iv) the
incorporation of C-rich straw residues with stoichiometrically balanced nutrients increases microbial
enzymatic activity and changes their patterns; (v) introduction of labile carbon through organic
fertilization can boost microbial growth and activity increasing the humification efficiency. This
research ultimately aims to advance the broader goals of carbon farming by evaluating agricultural
practices designed to enhance short-term carbon sequestration efficiency in soils, thereby

supporting climate mitigation efforts and promoting sustainable soil management.
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4.2 Materials and Methods

4.2.1 Collection and preparation of soils and wheat straw

Eight composite soil sub-samples were randomly collected in each of the two fields located in
Piacenza province, Italy (Soil1, 45°04'30.61"'N, 9°92'74.18"E and Soil2, 44°98'33.62"'N, 9°70'11.21"E)
at a depth of 0-20 cm, in June 2022. The climate is continental with an average annual rainfall of 863
mm (1992-2022), and rainfall peaks occurring in autumn and spring. These fields had been subjected
to decadal narrow crop rotation of winter wheat (Triticum aestivum L.) and tomatoes (Solanum
lycopersicum L.), with the application of mineral fertilizers. These soils were chosen for their
different levels of soil fertility representing the province area: Soil2 has higher chemical fertility and
is richer in C compared to Soill, with higher microbial biomass carbon (MBC) relative to SOC, and
greater nitrogen availability. Detailed information about soil properties is presented in Table 1. Soil
samples were air-dried, milled to break down aggregates, and passed through a 2 mm sieve. They
were then stored in sealed buckets until the start of the experiment. Before the beginning of the
experiment (hereafter denoted as To) they were further sieved through a 0.4 mm sieve to remove
most of the endogenous coarse organic materials to identify the impacts of added wheat straw on
SOM dynamics. Three sub-sample for each soil type was analyzed for total C, N, P, K and for SOM
fractionation as described below.

Wheat straw (Triticum aestivum L.) was harvested from Soill field site few days before the
commercial harvesting (5.7-ton ha! of grain yield) in 2022. Plant material was oven dried (65 °C)
until constant weight, ground to around 5 mm in a knife mill, and stored at room temperature. A

subsample of straw was analyzed for total C, N, P and S (Table 4.2).
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Table 4.1 Mean values of soil properties for Soill and Soil2 used in the study.

Fields Soill Soil2

Soil textural class Silty loam Silty clay loam
% sand 334 12.2

% silt 524 54.1

% clay 14.0 33.6

TOC (mg g% 6.40 11.66

TN (mg g?) 0.74 1.55
P(mgg?) 0.53 0.78
K(mgg?) 1.55 2.38

NO; (mg kgl) 0.28 63.56

NHs* (mg kg?) 1.07 1.50
Available P (mg kg?) 5.65 5.44
Available C:N:P (mg kg?) 9.6:0.2:1 11.7:12.0:1
MBC:MBN (mg kg™) 5.46 5.40
MBC:SOC (%) 2.65 3.54

4.2.2 Incubation experiment

Dried soil samples were spread out on aluminum trays, rewetted to 60% of maximum water
holding capacity using distilled water, and pre-incubated at room temperature for a total duration
of 14 days before starting the incubation experiment. This pre-incubation was performed to allow
soil respiration to reach basal rates. Eight replicates, each consisting of 200g of equivalent dry soil,
were set up for each treatment and soil type for a total of n = 64 samples (2 soil types x (3 treatments
+ 1 control) x 8 replicates).

After the pre-incubation period, three different treatments were applied as reported in detail in
the paragraphs below. Treatments can be summarized as: (i) soils receiving straw addition (Straw),
(i) soils receiving straw and mineral fertilizer addition (Straw+min), (iii) soils receiving straw and
organic fertilizer addition (Straw+org), (iv) and soils without treatment (Control). 150 g of pre-
incubated soil (equivalent oven dry weight) were placed in a 500 mL glass Duran bottle and
treatments were added as described below (4.2.2.2). The bottles were equipped with a PTFE faced
silicone cap to allow CO; sampling over time using a syringe. All bottles were incubated in a dark,
temperature-controlled incubator set to 24 °C. CO; emissions from soils were measured periodically
ondays 1, 4,5, 7, 14, 21, 28, 35, 49, 63, and 94. For each measurement, 10 mL of air was sampled

from the headspace of the bottles using a 50 mL syringe, after thoroughly mixing the air several
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times. CO2 concentration in the sampled air was then analyzed using an EGM-5 CO2 Gas Analyzer
(PP Systems, Amesbury, U.S.A.). The CO, emission rate (ng CO,-C g™ dry soil h™") and cumulative CO,
emissions (mg CO,-C kg™ dry soil) were calculated based on the amount of CO,-C produced during
the incubation. The emission rate was determined by dividing the CO,-C released over a specific
measurement interval by the time elapsed and the mass of dry soil. The cumulative emissions were
obtained by summing the CO,-C produced across all measurement intervals over the incubation
period, normalized to the mass of dry soil. Following CO; measurement, bottles were left open and
ambient air was pushed into the open bottles several times using a 100 mL syringe. This was done
to ensure the air in each bottle was consistent with ambient air conditions prior to resealing the
bottles. Four replicates were collected after 7 days of incubation and used for microbiological
analysis and analysis of available nutrients as described below (2.3). From the 7™ day of incubation
(hereafter denoted as T1) and for each CO, sampling time, the remaining four replicates were mixed
to enhance straw breakdown and improve homogeneity. Since glass bottles were sealed, all soils
were maintained at 60% of maximum water holding capacity and no addition of distilled water was
needed. These samples were incubated until CO; efflux of all soils became low and approached an
asymptote (Fig. 3.1 a-b). After 94 days (hereafter denoted as T»), half of each soil sample was air-
dried, sieved at 2 mm, and stored for soil chemical analysis, while the other fresh part was used for

microbiological analysis and analysis of available nutrients.

4.2.2.1 Quantification of supplementary nutrients addition

In order to maximize the humification efficiency of wheat straw, the stoichiometry of the more
stabilized SOM was considered, with a C:N:P:S ratio of 10,000:833:200:143 (Table 4.2) as well as a
maximum humification efficiency of 30% of the newly added straw-C (Kirkby et al., 2013). Elemental
analysis of straw showed that it was nutrient poor compared to the stable SOM fraction therefore
additional nutrients were required to achieve the potential 30% humification (Table 4.2). For the
treatment with mineral fertilizer, nutrient addition was done by adding 25 mL kg™ soil of a nutrient
solution containing 3.7, 2.7 and 0.38 g per L of N, P and S, respectively, using urea, potassium
dihydrogen phosphate and ammonium sulphate. The pH of the nutrient solution was adjusted to
pH 7 using a 10 M sodium hydroxide solution. Organic fertilization was carried out using biogas
digestate derived from dedicated energy crops (mainly triticale/winter wheat and maize), applied
in its bulk form, comprising both liquid and solid fractions. The digestate had the following

characteristics: 6% dry matter, 0.41% N, 0.05% P, 0.04% S, and 0.31% K. Here, the availability of
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inorganic nutrients within the soil was disregarded as the nutrients were expected to be an order of

magnitude less than the addition.

Table 4.2 Calculation of supplementary nutrients (mg) required to humify 30% of the C in 1 g of straw (equivalent to 10 tons ha

incorporated in top 15 cm soil layer).

C N P S

Expected humus C:N:P:Sratios N

10 000 833 200 143
Straw (g) added per 150 g dry soil 1
C, N, P, S concentration of straw (%) 45.0 0.501 0.039 0.158
N, P, S concentration of digestate (g kg 1) 4.1 0.5 0.4
Nutrients (mg) in 1 g straw 450 5.01 0.39 1.58
Maximum humification (30%) aimed for 30
C (mg) that will be humified if 30% humified 135
Total nutrients required (mg) to humify 135 mg C 11.25 2.70 1.93
Supplementary nutrients (mg) required for humification

6.23 2.31 0.35

(total nutrients required for humification - nutrients in straw)

4.2.2.2 Treatments

In the Straw treatment, wheat straw was added to the soil at a rate of 6.66 g kg™ dry soil and
thoroughly mixed in the glass bottles. The amount of straw added to the soil was equivalent to a
field rate of 10 t ha™! of wheat residues assuming a soil depth of 15 cm. The quantity of wheat
residues was approximated by dividing the averaged wheat commercial yield in the province (6.5-
ton hal) by the difference of an averaged harvest index of wheat (0.4) and the grain yield. The
Straw+min treatment was identical to the one previously described, except that 25 mL of the
mineral nutrient solution per kg of dry soil (as detailed in the paragraph above) was sprayed
uniformly onto aluminum trays. The soils were then adjusted to 60% of their maximum water-
holding capacity. 150 g of the fertilized soil was then mixed with wheat straw in a Duran bottle.

The Straw+org treatment was identical to the Straw+min except that digestate, rather than a

mineral fertilizer, was homogenized with soil at a rate of 1.45 g kg dry soil *.

4.2.3 Sample analysis

4.2.3.1 Soil physical and chemical analyses

The maximum water holding capacity of soils was determined by saturating 50 g of soil in an

immersed funnel equipped with a sealed fiberglass filter. Water was then left to drain off through
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the filter in a cylinder and the amount of drained water was measured after 30 min. Air-dried sub-
samples collected at To were analyzed for total C, N, P and K, while sub-samples collected at T, were
analyzed for total C and N. Total organic carbon (TOC) and total nitrogen (TN) were determined by
an elemental analyzer (Primacs100, Skalar Analytical B.V.) while total phosphorus (TP) and
potassium (TK) were determined by microwave digestion method and read with an ICP-OES (ICP-
OES 5100; Agilent Technologies). Fresh sub-samples taken at To, T1, and T,, were used for nitrate
(NO3°), ammonium (NHz*) and phosphate (PO43) quantification. Available nutrients were extracted
in 0.5 M K,SO4 after shaking for 1 hour in a linear shaker at 250 rpm and quantified through
colorimetric methods based on Doane & Horwath (2003) for nitrate, Lajtha et al. (1999) for

phosphorous and Weatherburn (1967) for ammonium.

4.2.3.2 SOM fractionation and HE calculation

Air-dried and 2 mm sieved sub-samples were used for SOM fractionation and quantification of C
and N in the soil fractions obtained according to the method of Zhang et al. (2021): particulate
organic matter (POM) and mineral associated organic matter (MAOM). Both fractions were analyzed
for C and N content on an elemental analyzer (Primacs100, Skalar Analytical B.V) and hereafter are
expressed as MAOM-C (organic C content in MAOM), MAOM-N (total N content in MAOM), POM-C
(organic C content in POM), POM-N (total N content in POM). Carbon humification efficiency (HE in
%) was than calculated as the ratio between MAOM-C variation (AMAOM-Cra10in g kg?) and the

total carbon input from straw (g kg™l).

4.2.3.3 Determination of microbial metabolic process

From fresh sub-samples taken at T1 and T2, microbial CUE, growth rate and the turnover time of
soil microbial biomass were determined based on incorporation of 20 from 20-labeled water into
microbial genomic DNA following Spohn et al. (2016). Briefly, two replicates of 400 mg of each soil
sample were weighed into 1 ml vials and transferred into 30 ml sealed vials. To one of them 80-
H,0 (97.0 at%, Campro Scientific) was added with a syringe (Hamilton) to reach 20.0 atom% of 20
in the final soil water. The other was amended with the same volume of non-labeled Millipore water
to serve as natural abundance control. The incubation vials with the soil samples were incubated
for 24h at 24°C. Before the incubation and at the end of incubation, 5 ml gas samples were taken
from each vial and the CO; was measured using an EGM-5 CO; Gas Analyzer (PP Systems, Amesbury,
U.S.A.). Subsequently, the soil samples were stored at -80°C until DNA extraction. DNA extract was

weighed to determine extract volume and the DNA concentration was determined fluorometrically
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by the Qubit assay using a kit (Qubit™ dsDNA Quantification Assay Kits, ThermoFisher Scientific). 50
uL of the DNA extract was dried in silver capsules to remove any water and subsequently the 80
abundance and the total O content were measured using a Thermochemical elemental analyzer
(TC/EA Thermo Fisher) coupled via a Conflo Il open split system (Thermo Fisher) to an Isotope Ratio

Mass Spectrometer (Delta V Advantage, Thermo Fisher).

4.2.3.4 Soil microbiological analyses

At To, T1, and T, microbial biomass C (MBC) and N (MBN) concentrations were determined by the
chloroform fumigation-extraction method (Vance et al., 1987) using 0.5 M K;S0O4 extractant. MBC
and MBN were measured using an elemental analyzer (TOC_L, Schimadzu). and calculated with
conversion factors of 2.22 for MBC and 1.85 for MBN (Wu et al., 1990). The C and N concentrations
of the non-fumigated soils were considered as dissolved organic C (DOC) and N (DTN).

Hydrolytic and oxidative extracellular enzyme activities (EA) were measured at To, T1, and T>. The
assay based on the procedure of (Ferrarini et al., 2021) tested 20 enzymes involved in the principal
nutrient cycles, namely: A-glucosidase (alfaG), B-glucosidase (betaG), a-galactosidase (alfaGAL), R-
galactosidase (betaGAL), R-1,4-glucanase (cell), B-1,4-xylanase (xilo), involved in C cycling; B-D-
glucuronidase (uroni), N-acetyl-B-D-glucosaminidase (chit), leucine amino-peptidase (leu), arginin
amino-peptidase (arg) and aspecific protease (aprot) involved in N cycling; acid- (acP) and alkaline-
(alkP) phosphomonoesterase, phosphodiesterase (bisP) and pyrophosphate-phosphodiesterase
(piroP) involved in P cycling; arylsulfatase (aryS); butyrate esterase (butir) and fluorescein diacetate
hydrolysis (fda) involved in the hydrolysis of ester bonds; oxidase (ox) and peroxidase (perox)
involved in redox reactions of soil organic matter cycles. All measurements were taken in triplicates

and the activities were expressed as nanomoles of MUF (or AMC) g* dry soil h™.

4.2.4 Calculations of microbial growth, turnover, microbial stoichiometric imbalance, and resource
limitation

The respiration flux was calculated based on the amount of CO,-C produced during the

incubation period. The amount of DNA (ug g dry soil) produced during the incubation with 20-

labeled water addition, the flux of C allocated to biomass production, the growth rate (ng C g* dry

soil h'l), CUE, turnover time (days), and the metabolic quotient (qCO2) were calculated following

Spohn et al. 2016. Furthermore, vector analysis was used to analyze microbial resource limitation

as proposed by Zhao et al., 2024 where activity of C- (betaG, cell, xilo), N- (uroni, chit, leu) and P-
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(acP, alkP) acquiring enzymes were considered. The calculation of the microbial C:N stoichiometric

imbalances between substances and microorganisms were calculated based on Zhao et al. (2024).

4.2.5 Statistical analysis

Before conducting analysis of variance (ANOVA), all data were tested for homogeneity of
variance and normality of distribution. Analyses were performed using R: nmle (Pinheiro et al., 2012)
and emmeans (Lenth et al.,, 2018) packages. The effects of straw and nutrient addition on
microbiological parameters and nutrients were tested using a three-way mixed model ANOVA. “soil
type” and “treatment” x “time” interactions were used as fixed factors, while “treatment”,
“replicates” and “time” were considered as random effects to represent the experimental designs.
Changes in time of SOM pools (AMAOM- C, AMAOM-N, APOM-C, APOM-N) were analyzed with a
two-way mixed-model ANOVA for complete randomized block design. “Soil type” x “treatments”
interaction was used as fixed factors, while “treatments” and “replicates” were considered as
random effects. Log transformations or square root transformations were performed to satisfy
assumptions of normality and heteroskedasticity when needed. If the transformation did not meet
the criteria, “function weights” were used in the linear mixed-model effect formula to consider the
nonhomogeneous variance structure introduced by the factors studied. The function emmeans was
used to estimate the marginal means and Holm-Sidék post-hoc tests were used to assess significant
differences between treatments when the F-tests indicated statistically significant effects. All test
results were considered statistically significant at p < 0.05.

A distance-based ReDundancy Analysis (dbRDA) based on Bray—Curtis’s distance was used to
assess the effects of the overall differences in soil EA among treatments and to understand the
influence of soil and microbial variables. dbRDA was performed separately for each soil type,
differentiating hydrolytic EA from oxidative EA. dbRDA was run on a four-step basis as described in
Ferrarini et al. (2021).

Using the function ‘dredge’ in the MuMIn package (Barton, 2023) to identify the best predictors
of carbon mineralization (as cumulative CO, emissions expressed in mg CO,-C kg dry soil) and
changes in MAOM-C (g kg dry soil), a model selection procedure based on the corrected Akaike's
information criterion (AICc) was employed. To identify predictors of carbon mineralization, all
treatments including the control were considered, while only treatments with straw addition were
selected to identify predictors of MAOM-C changes. This was done to isolate the effects of nutrient

addition from the straw incorporation. Since multiple models were selected, model averaging was
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performed based on AICc weights. To ensure the comparability of parameter estimates, we
standardized all predictors and response variables using the Z-score before conducting the analyses.
The relative importance of the predictors considered as drivers of carbon mineralization and
sequestration were assessed by calculating the relative effect of the parameter estimates for each
of the predictors compared with the effect of all parameters estimates in the model. A total of four
variance fractions were examined: (1) soil nutrients availability and stoichiometry; (2) microbial

stoichiometric imbalance; (3) microbial metabolic processes; (4) microbial resource limitation.

4.3 Results

4.3.1 Soil CO; emission, SOM pools and humification efficiency

Straw addition immediately increased soil CO; emission rates in all soils compared to Control (3
times higher) and peaked after 5 days, rapidly declined thereafter, and stabilized after 49 days (Fig.
3.1 a-b). Straw addition also significantly increased CO, cumulative emission compared with Control
in both soils (Fig. 3.1 c-d). In the less fertile soil (Soill), both the CO; emission rate at peak of
respiration and the cumulative CO; emission at the end of the experiment were significantly higher
under Straw+min (2045 ng CO,-C g h'* or 495 mg C-CO, kg') compared with Straw+org (1880 ng
CO,-Cgth'or447 mg C-COz2kg?) and Straw (1540 ng CO,-C g h't or 439 mg C-CO2 kg™?) (Fig. 3.1 c).

At the end of incubation (94 days after treatment addition), straw addition with both mineral and
organic fertilizers increased MAOM-C content (on average +0.68 mg C g!) in both soils to a greater
extent than straw addition without fertilizer (+0.13 mg C g1), while in Control MAOM-C content had
significantly decreased over time (-0.29 mg C g!) (Fig. 3.2a). The two soils responded differently to
straw addition showing a contrasting behavior in MAOM-N changes (Fig. 3.2b). Compared to To, an
immobilization of TN was observed in the MAOM pool in Soil2 across all treatments, with an average
decrease of -0.10 mg MAOM-N g™ In contrast, in Soil1, the MAOM-N content significantly increased
in all straw + nutrient treatments (on average +0.05 mg MAOM-N g'), whereas in the Straw
treatment, nitrogen immobilization was observed instead (Fig. 3.2b). In the Control treatment of
Soill, “native” POM-C was significantly reduced over time (-0.23 mg C g1), while the addition of
straw significantly increased POM-C in both soils (on average +0.34 mg C gtin Soill and + 0.73 mg
C gtin Soil2). In Soil1, no differences in POM-C were shown within straw incorporation treatments
(Fig. 3.2c). In both soils, POM-N followed the same trend of POM-C, with no significant differences
within treatments (Fig. 3.2d). The humification efficiency (HE) was significantly higher under
Straw+org (11.35%) compared with Straw+min (8.88%) and Straw (1.85%) (Tab. S3.1).
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Figure 4.1 CO2 emission rate in Soill (a) and Soil2 (b); cumulative CO2 emissions in Soill (c) and Soil2 (d) under addition of straw and
mineral or organic nutrients, along 94-days of incubation.
Note: Values are means + standard errors (n=4).
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4.3.2 Microbial metabolic processes

4.3.2.1 Microbial growth rate, turnover time, and CUE

The variation of microbial metabolic processes was significantly different between the less fertile
Soill and the C-rich Soil2 during the incubation (Fig. S4.2), but they were not significantly affected
by any of the straw treatments (Tab. S4.3, S4.6). At both, T1 and T2, MBC, growth rate, turnover time
and CUE were significantly higher in the C-rich Soil2 than in Soil1, while gCO; was significantly higher
in the less fertile Soill than in Soil2 (Fig. S4.2, Tab. S4.6). MBC increased at the end of incubation
(T2) with straw incorporation in both soils and showed the highest values at Ti (Fig. S4.2, Tab. 54.6).

Although with no significant differences, MBC in Straw+min and Straw+org treatments reached
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higher values and remained higher compared to only Straw treatment till the end of incubation (T>)
(Fig. S4.2, Tab. S4.6). Growth rate increased from T1 to T, with the Straw+org treatment showing
higher values compared to Control in both soils (Fig. S4.2, Tab. S4.6). CUE was not significantly
affected by straw and nutrients addition, showing consistently high values across all treatments and
in the control, with values of 0.5 in Soill and 0.6 in Soil2, respectively (Fig. S4.2, Tab. S4.6). Turnover
time was significantly higher at T: compared to T, in both soils (Fig. S4.2). At T1 turnover time showed
a no significant trend where it is higher at Control compared with straw incorporation treatments
and this difference decreased at T, (Tab. S4.6). qCO; was significantly higher at T, compared to T
(Fig S4.2).

4.3.2.2 Microbial enzymes activity and stoichiometric imbalance

The results of the dbRDA model on EA patterns and SIMPER analysis (Figs. 4.3, 4.4, S4.1 and Tab.
S4.4a) showed that soil microbial activity of Soill and Soil2 responded differently to straw
incorporation during the incubation. In Soill, the patterns of hydrolytic EA differed significantly from
the Control, with straw incorporation causing separation along axis 1 (P = 0.001) and axis 2 (P =
0.001) and accounting for 86.6 % of the total variance (Fig. 4.3a). In contrast, straw incorporation in
Soil2 did not significantly alter the pattern of hydrolytic EA, although it differed from the EA
observed in soil samples prior to any treatment application (none). The effect of “time”, here
expressed by the none treatment, caused separation along axis 1 (P = 0.001) and axis 2 (P = 0.001)
and accounted for 71.6 % of the total variance (Fig. 4.3b). dbRDA results indicated that the soil
parameters having the highest influence (P<0.05) on EA distribution were mostly available P and N
in the form of MAOM-N and the MAOM-C:N in Soill and only NH4* in Soil2 (Tab. S4.4b). Species
score plots (Fig. 4.3c-d) showed that the increase in FDA, aprot, and alkP in Soill led to a significant
differentiation along axis 1. In contrast, in Soil2, the increase in FDA, and the reduction of aprot,
alkP, betaG and butir caused significant differentiations along both axis 1 and 2. This was further
confirmed by the SIMPER analysis (Fig. S4.1), which showed that FDA made a cumulative
contribution to the differentiation between the control and the straw-treated samples in both soils.
In Soill, chit contributed significantly and positively to the cumulative differentiation between the
control and all treatments, whereas alkP and butir contributed significantly and negatively.
Differently to hydrolytic EA, oxidative EA showed similar patterns across both soil types. In Soill,
straw incorporation caused a separation along axis 1 (P =0.001) and axis 2 (P =0.13), accounting for

90.5 % of the total variance (Fig. 4.4a). In Soil2, separation occurred along axis 1 (P = 0.001) and axis
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2 (P =0.04) explaining 85.1% of the total variance (Fig. 4.4b). Species score plots (Fig4.4 c-d) showed
that the increase of perox activity was the primary driver of significant differentiation along axis 1,
with a significant positive cumulative contribution in the Straw+min treatment (Fig. S4.1). dbRDA
results from multivariate analysis on oxidative EA indicated that available P (for Soill) and available
C:P (for Soil2) were the main soil parameters that had the highest influence on oxidative EA
distribution (Tab. S4.4b).

The addition of straw resulted in a shift of microbial community nutrient limitation (Tab. S4.6).
Negative linear relationships between vector length and vector angle were observed in both soils at
T, (r=-0.51, p <.001). Straw additions resulted in increased vector lengths in both soils, but with a
significant increment only in Soill. Straw addition reduced vector angle by 17% (Straw+org), 31%
(Straw+min) and 35% (Straw), compared with no straw addition in Soill, while is reduced by an
average of 21% in Soil2.

Straw addition increased stoichiometric imbalances of C:N by 18% on average compared to the
Control at T1, which was higher under mineral fertilization (Tab. S4.5). At T, C:N imbalances under
straw addition were diminished compared to T1 (2% higher than the Control), which was alleviated

in Straw+org compared to Straw+min and Straw.
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Figure 4.3 dbRDA plots of the model showing shifts in hydrolytic EA in Soill (a) and Soil2 (c). Species scores corresponding to the dbRDA
plots (coordinates for enzymes included in model) are reported in the scatter plots (Fig. b-d for Soil1 and Soil2 respectively).
Note: For enzymes abbreviations see Section 2.3.4.
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4.3.3 The controlling factors of SOC mineralization and MAOM-C changes

The multivariate models explained 87% of the variation in SOC mineralization and 77% of the
variation in AMAOM-C (Figure 4.5a-b). Availability of soil nutrients at the end of the incubation
explained up to 58% of the variation of SOC mineralization. Among them, available P had a
significant negative effect on SOC mineralization. In addition, microbial C:N, CUE, and vector angles
had significant negative effects, while MBC had a significant positive effect. Relatively to the
predictors of the model explaining AMAOM-C, differences from To to T, of soil nutrients availability
explained up to 44% of the total variation, followed by microbial processes (39%). Available C:N,
available C:P, NO3, MBC and CUE had significant positive effects, while NH4s*, MBN, vector lengths

and POM-C had significant negative effects on MAOM-C variations.
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Figure 4.5 Effect of soil nutrients availability and stoichiometry (purple), microbial stoichiometric imbalance (orange); microbial
processes and microbial community dynamics (yellow), microbial resource limitation (dark blue), and changes in POM-C content (g
kg-1 light blue) on (a) soil carbon mineralization expressed as cumulative CO2 emissions (mg CO,-C kg-1 dry soil) and (b) changes in
MAOM-C (g kg-1) from TO to T2.

Note: The p value of each predictor is given as: *: p <.05; **: p <.01; ***: p <.001.
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4.4 Discussions

4.4.1 Balanced nutrient addition to C-rich straw residues affect soil mineralization,

variations in MAOM-C, and humification efficiency.

When straw residues were added to soils, they underwent rapid mineralization shortly after
incorporation, both with and without nutrient additions (Fig. 4.1 a-b). In the early stage of the
incubation, the decomposable fraction of straw residues likely caused an intensive stimulation of
the microbial activity (Fig. S4.1) as demonstrated in many incubation studies with crop residues
addition (Cotrufo et al., 2019; Kirkby et al., 2016; Sokol et al., 2019; Zhao et al., 2024). These intense
mineralization could have exacerbated the degradation of both the exogenous OM added as well as
the native SOM (Fang et al., 2019; Kirkby et al., 2013; H. Wu et al., 2022). Mineralization of wheat
straw was enhanced by nutrients addition in both soils, although without significant differences
between straw-treatments (Fig. 4.1a-b). Soils that have received abundant annual mineral
fertilization may already contain sufficient available nutrients to meet microbial demand when
amended with crop residues alone (Fang et al., 2019). During the decomposition processes,
nutrients would have been released via positive priming of native SOM (Fig. 4.2b), in addition to
some direct supply of nutrients from the residues (Fang et al., 2019). In contrast, both mineral and
organic fertilizers supplied the essential nutrients required for microbial growth, intensifying straw
decomposition by microbial activity (Liang et al., 2022; H. Wu et al., 2022). Moreover, nutrient
supplementation reduces nutrient limitation and inhibits microbes to mine more nutrients from the
labile fractions in both native SOM and residues (Fig. 4.2b) (H. Wu et al., 2022). In our study, this
was evident in both soils where MAOM-N was consumed more with residues addition alone.
However, in Soil2, which is characterized by a more active microbial community (Tab. 4.1), MAOM-
N was consumed in all treatments likely due to nutrient runoff during the incubation period. In Soill
mineralization was significantly enhanced under incorporation of straw with mineral fertilizers
compared to the other treatments (Fig 4.1a-c). Soils lacking organic carbon such as Soill, often have
an energy-starved microbial community with a high demand for easily accessible carbon sources
and nutrients (Berthelin et al., 2022). When plant residues are introduced along with readily
available mineral nutrients, they provide fresh energy sources that stimulate microbial growth and
activity, leading to higher mineralization rates (Berthelin et al., 2022). In contrast, organic fertilizers
require more microbial processing to release nutrients, resulting in lower immediate CO, emissions

(J. Wu et al., 2022).
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In this study, straw addition increased SOC in the stable form of MAOM-C by 2.4-fold (Fig 4.2a),
yielding a greater amount of MAOM-C when incorporated with both mineral and organic fertilizers
(4.2-fold higher compared to the addition of residues alone), without differences between soil types
(Fig. 4.2a, Tab. S4.1). Different studies that consider various soil types, reported that the inputs of
plant residues favor the formation of “new” stable C, measured as ff-SOC (C in the fine fraction of
SOM), which was increased by 1.2- to 2.0-fold with nutrient supplementation, compared to adding
residue alone (Fang et al., 2019; Kirkby et al., 2014, 2013; H. Wu et al., 2022). Moreover, by
increasing the levels of nutrient inputs, the consumption of native SOC was exacerbated by the
priming effect, and the production of “new” stable C increased due to the efficient humification of
residue C based on a stable C:N:P:S stoichiometry (Fang et al., 2019; Kirkby et al., 2014, 2013; H. Wu
et al.,, 2022). Generally, only about 10%, at most, of added plant residues remain in soils after
mineralization by soil organisms (Berthelin et al., 2022). However, it was demonstrated that the
conversion of residue carbon into soil carbon, can be increased by two- to eightfold, depending on
the soil type, when inorganic nutrients are added (Fang et al., 2019; Kirkby et al., 2014, 2013; H. Wu
et al., 2022). In our study, the HE was five- to sixfold higher, respectively when inorganic (8.88%) or
organic (11.35%) nutrients were added compared with the incorporation of only straw (1.85%),
which is consistent with other studies (Berthelin et al., 2022; Kirkby et al., 2014; H. Wu et al., 2022).
Notably, in C-poorer soils like Soill, the incorporation of organic amendments with C-rich straw
residues significantly increase the HE (15.29%), favoring SOC stabilization. Labile carbon serves as
an easily accessible energy source for soil microorganisms which boost microbial activity, accelerate
OM decomposition, and generate large amounts of organic molecules and microbial residues that
can contribute to the formation of a stable SOC fraction (Angers et al., 2022; Liang et al., 2017; Wu
et al., 2023).

Despite the similar rate of MAOM-C variations between soil types, POM-C content decreased
more in Soill compared to Soil2 (Table S4.1). This might suggest that the more fertile soil (Soil2) was
a POM-dominated soil where the organic matter is typically less decomposed (Yu et al., 2022). In
clay-richer soils, like Soil2, POM is usually protected from decomposition by being physically
occluded within soil aggregates (Cotrufo et al., 2019). Moreover, POM-dominated soils tend to have
a slower release of nutrients because the decomposition of POM occurs gradually over time
(Hoffland et al., 2020; Villarino et al., 2023). This might be confirmed by the high availability of
available nitrogen as NOs™ in Soil2 both at the beginning and at the end of the experiment in the

Control (Tab. 4.1, S4.5). In Soil2, the incorporation of straw combined with stoichiometrically
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balanced organic fertilizers appears to promote POM degradation, as evidenced by a relatively
smaller increase in POM-C at the end of incubation compared to the other treatments (Fig. 4.2c).
The lack of labile organic carbon in mineral fertilizers means that the microbes primarily decompose
the straw, resulting in a more straightforward incorporation of POM into SOM without the same
level of accelerated decomposition. However, the nutrient runoff along the incubation period
doesn’t allow the identification of this phenomenon. This is highlighted only by a reduced
immobilization of MAOM-N under nutrients addition compared to the other treatments. Organic
fertilizers contain complex organic compounds that can serve as both a nutrient source and a carbon
source for soil microorganisms leading to more intense microbial processing, potentially
accelerating the decomposition of both the straw and existing POM in the soil. This may also suggest
that the formation of MAOM-C in Soill, having low MBC relative to SOC and high mineral surface
abundance, primarily derives from the direct sorption of soluble litter components (i.e., leachates)
to minerals. In contrast, in the more fertile and biologically active Soil2 (Table 4.1), MAOM-C derived
mainly from stabilization of microbial residues (Cotrufo et al., 2022; Sokol et al., 2019; Zhu et al.,

2024).

4.4.2 Microbial metabolic processes underpinning SOC stabilization.

According to the conceptual framework of the “microbial carbon pump”, microorganisms play an
active role in soil C storage by degrading and assimilating SOM, which is subsequently stabilized in
the soil (Liang et al., 2017; Poeplau et al., 2019). More specifically, microorganisms influence SOM
formation by both releasing extracellular enzymes to degrade plant residues, resulting in the direct
deposition of plant-derived C to soil minerals, and through the turnover of organic substrates via
cell uptake—biosynthesis—growth—death, resulting in deposition of microbial-derived C (Sokol et al.,
2022). In this study, both microbial metabolic pathways were significantly different between soil
types (Tab S3, S4). Soil2 was more fertile and C-rich compared to Soill, showing higher MBC relative
to SOC (Tab. 4.1). This implies that Soil2 had more active microorganisms decomposing organic
matter and that its soil environment was more favorable for microbial growth (Tab. S4.3, 54.6)
(Kallenbach et al., 2015). This is indicated by an accelerated microbial growth and turnover, as well
as higher MBC compared to Soill (Tab. S4.6). Moreover, microorganisms in Soil2 were more efficient
at converting organic matter into MB rather than respiring it as CO,, which was indicated by a
significant lower qCO, and higher CUE compared to Soill (Wu et al., 2023). Together, these

microbial metabolic processes are translated into a relatively higher amount of MAOM-C in Soil2.

127



However, this did not significantly enhance the MAOM-C accumulation after treatment application,
as shown by no significant differences between AMAOM-C in Soil2 and Soill (Fig. 4.1, Tab. S4.1). In
contrast, the addition of C from straw with stoichiometric balanced nutrients, both in form of
mineral and organic fertilizers, resulted in a relatively higher increase of MAOM-C in both soils,
compared to the addition of straw alone (Fig. 4.1).

After the application of treatments, the composition of extracellular enzymes quickly adjusted,
adapting primarily to the availability of the newly introduced straw residues as a substrate (Fig.
S4.1). Among the EA, oxidative EA measured as perox significantly increased in both soils. However,
it significantly contributed to overall EA dissimilarities only with the addition of mineral fertilizers
(Fig. 4.4, S4.1). The increased perox activity indicates intensified degradation of recalcitrant plant
materials such as lignin and cellulose (Sinsabaugh, 2010), that lead to the release of labile
substances readily usable by microbes (Tian and Shi, 2014). Environmental variables identified by
PERMANOVA analysis (Fig. 4.4) showed that degradation of C by oxidative enzymes was regulated
by P availability. In Soil2, which is P-limited (Tab. S4.5, S4.6), the addition of mineral P may have
resulted in its adsorption onto soil mineral surfaces, thereby reducing P availability and increasing
oxidative EA to mine for P (Sinsabaugh, 2010). Conversely, in Soill, where P is more available, the
abundance of C in the exogenous organic substrates likely stimulated microbial activity, including
perox, while with no straw residues addition, perox EA was increased for nutrient mining. After
perox EA, the hydrolytic enzymes FDA was the most produced enzymes in common to both soils and
treatments. FDA is a broad indicator of total microbial activity in soil, as it reflects the activity of
various hydrolytic enzymes, such as lipases, proteases, and esterase (Prosser et al., 2011). These
enzymes are involved in the breakdown of organic compounds, releasing smaller molecules that can
be further utilized by microbes (Scniirer & Rosswall, 1982). Both the EA of perox and FDA were
previously identified to directly affecting the accumulation of MBC, which production was increased
with litter nitrogen content (Gaspar et al., 2001; Sinsabaugh, 2010). In this study, although not
statistically significant, the increased availability of C and nutrients following straw incorporation —
particularly with organic nutrient supplementation — likely promoted microbial growth (Tab. S4.6).
This enhanced microbial growth and activity, led to an accumulation of MBC in the early stage of
the incubation, contributing to an increment of stable SOC (H. Wu et al., 2022).

The addition of C-rich straw residues together with nutrients, also affected the resource
utilization characteristics of microbes and their extracellular enzyme stoichiometry. The rapid

release of labile C from the degradation of straw residues with high C:N ratio, was reflected in an
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increase of C:N imbalance between available resources and microbial biomass in the early stage of
the incubation (Tab S5) (Zhao et al., 2024). This was acerbated by a temporary N immobilization as
soil microbes used available N to decompose the C-rich straw residues (Tab. S4.5). However, after
three months C:N imbalance was significantly reduced, suggesting that labile C sources stimulated
microbial C acquisition. Moreover, the incorporation of organic fertilizers lowered C:N imbalances
compared with mineral fertilizers and straw alone by both favoring the increase of MBC (Tab. S4.5),
and also by alleviating soil nitrogen deficiency (Tab. S4.5) (Kallenbach et al., 2015). With the addition
of C-rich crop residues, microbial C competition (indicated by increased vector lengths, Tab. 54.6)
intensified, particularly in Soill, which was poorer in C compared to Soil2 (Tab. S4.4, S4.6). According
to H. Wu et al. (2023), prolonged cultivation under conventional tillage with low C input and soil
fertility decline, such as in Soill, likely increased the microbial demand for exogenous C to form
MBC, as demonstrated by increased vector length. In Soill, this C competition was slightly alleviated
at T, by nutrients addition, though no significant effects were observed in Soil2. This suggests that
in the less fertile Soill, where N is stored in MAOM, the microbial C competition was reduced
because microorganisms did not need to mineralize SOM to obtain nutrients (Zhao et al., 2024). This
is further supported by the correlation of MAOM-N and MAOM-C:N with mineral and organic
fertilization, respectively (Fig. 4.3a). Additionally, in Soill, the incorporation of residues alone or
with mineral fertilizers exacerbated N limitation (reflected by reduced vector angles below 45°),
whereas the addition of organic fertilizer helped maintain enzyme stoichiometry closer to
equilibrium (Wu et al., 2023). This highlights the potential of organic fertilizers to support microbial
growth and MBC accumulation by gradually releasing nutrients (Kallenbach et al., 2015). Conversely,
in Soil2, both addition of straw alone and with nutrient supplementation reduced P limitation,
bringing enzyme stoichiometry closer to equilibrium. This is also indicated by the SIMPER analysis,
where alkP production significantly decreased (Fig. S4.1).

In conclusion, the combined input of straw and nutrients provided sufficient substrates to
microbes, stimulating them to invest in more carbon and nutrient acquisition enzymes. This allowed
them to maintain microbial biomass balance without depleting carbon and other nutrients stored

in MAOM (Mooshammer et al., 2014).

129



4.4.3 The relationships of soil properties, enzymatic stoichiometry, and microbial metabolic

processes with SOC mineralization and MAOM-C accumulation.

Microorganisms are central to two opposing processes in SOM dynamics: they mineralize SOC,
while also contributing to its accumulation and stabilization in soil (Bhattacharyya et al., 2022; Sokol
et al., 2022a). The combination of these two processes can be explained by the first-order kinetics:
mineralization tends to be very intense after incorporation of OM into soil, then progressively slows
down until one reaches a stage where little further mineralization occurs, and the OM that remains
is stabilized in soil mainly by being incorporated into microbial biomass (Angers et al., 2022). It is
widely recognized that SOC mineralization is a fundamental process for SOC stabilization but
understanding what factors regulate the extent of the partitioning of C between microbial
biosynthesis and mineralization is fundamental for promoting SOC sequestration to reduce the
impact on climate change.

In our study, availability of soil nutrients explained most of the variation of both SOC
mineralization and changes in MAOM-C (Fig. 4.5). SOC mineralization was predominantly regulated
by the availability of P, where the reduced availability of P in soil leads to higher mineralization of
SOC by driving microbial communities to decompose more organic matter for nutrient mining
(Bertrand et al., 2019; Coonan et al., 2020a). This process lowers microbial CUE (Fig. 4.5a) since
microorganisms must invest more energy to acquire nutrients (Kallenbach et al., 2019; Manzoni et
al., 2010). This means that less C is allocated to growth and incorporated into MB, and more C is
respired as CO; (Spohn et al., 2016). Conversely, both availability of N and P is significantly and
positively correlated with changes in MAOM-C. When nutrients are more available, microorganisms
can grow and reproduce more efficiently, thus increasing microbial CUE (Kallenbach et al., 2019;
Sinsabaugh et al., 2013). Consequently, C is retained in the soil, either as part of the microbial
biomass or as stabilized organic matter (Poeplau et al., 2019; Prommer et al., 2020). This means that
even if in our study changes in CUE are not significant, CUE is a key factor that drive partitioning of
C between microbial biosynthesis and mineralization (Angers et al., 2022). Moreover, the positive
relation between the stoichiometric ratio of available C:P or C:N with changes in MAOM-C indicated
that the acquisition of labile C by microbes is limited by the availability of nutrients, thereby affecting
the generation of new stable C (Li et al., 2018).

In a study of H. Wu et al. (2022), it was pointed out that increased nutrient supplementation at
residue incorporation promoted microbial growth and MBC accumulation, as well as microbial

activity, increasing both SOC mineralization and the formation of new stable C. This is confirmed
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also in our study where MBC is positively correlated to both SOC mineralization and formation of
MAOM-C. Moreover, with increased nutrient supplementation the ratio of SOC that was mineralized
to newly formed soil C significantly decreased, suggesting that decomposers preferred to use
supplemental nutrients and/or decompose exogenous OM for nutrients rather than using native
SOM (H. Wu et al. 2022). Thus, a greater proportion of residue C, along with N, P, and S was utilized
by microbes and transferred into stable SOM as microbial detritus, metabolites, and secretions
(Kastner et al., 2021; Prommer et al., 2020; Sokol et al., 2022). In soils with differing fertility levels,
such as Soill (moderately fertile) and Soil2 (nutrient-rich), this process might explain the small
increase of MAOM-C under straw addition alone, which was enhanced with the incorporation of
both mineral and organic fertilizers. These findings highlight the potential of balanced nutrient
supplementation as an effective regenerative agricultural practice that not only promotes the short-
term sequestration of Cinto stable SOM, but also enhances soil fertility by limiting nutrient mining.
The microbial C:N ratio was also identified as significant predictors of SOC mineralization. In
conditions where microbes have adequate N for their metabolic needs, the MB has a relatively
higher N content compared to C (Tab. 4.1) (Delgado-Baquerizo et al., 2017; Mooshammer et al.,
2014). However, when C-rich crop residues are introduced into the soil, microbes encounter an
excess of C relative to the N they need for growth. Hence, to balance their internal C ratio, microbes
will assimilate the necessary N and respire the C in excess as CO; (Mooshammer et al., 2014). This
process leads to increased mineralization of SOC, where the C is broken down and released as CO;
rather than being incorporated into microbial biomass (Fang et al., 2020; Manzoni et al., 2010).
However, when supplemental nutrients are incorporated with crop residues, microorganisms can
take up more N, leading to an increase of MBN (Mooshammer et al., 2014). Increased N availability
supports also rapid microbial growth and reproduction, allowing microbes to more efficiently
assimilate the newly introduced Cinto their biomass rather than respire it as CO,, thereby increasing
SOC accumulation (Mooshammer et al., 2014). Moreover, N-rich microbial residues are more likely
to bind with soil minerals or be protected within soil aggregates, leading to enhanced stabilization
of Cin the soil (Hu et al., 2023).

The addition of C and nutrients affected the resource utilization characteristics of microbes as
well as their extracellular enzyme stoichiometry, significantly affecting SOC mineralization and
accumulation. Specifically, low vector angles significantly induced an increment of SOC
mineralization. Low vector angles suggest a greater emphasis on N-acquiring enzyme activity

relative to C-acquiring enzymes, indicating N limitation in the microbial community (Agumas et al.,
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2021). When N is limiting, microbes prioritize the acquisition of N to support their metabolic needs,
leading to higher SOC mineralization (Abay et al., 2024). In our study this phenomenon is particularly
evident in Soill, which is characterized by low dissolved N content, mainly in the form of NOs". In
this condition, the addition of straw alone or with mineral fertilizers induced nutrient mining, hence
increasing soil respiration (Fig. 4.1a-c) and limiting the stabilization of residue C into soil C.
Moreover, nutrients addition alleviated the microbial C competition (decreased vector lengths)
caused by the addition of C-rich straw residues, which means that with increased availability of
nutrients, the ability of microbes to metabolize C increases (Fang et al., 2019). Therefore, the higher
amounts of microbial residues can become stabilized in the soil through interactions with minerals
and within soil aggregates (increased MAOM-C).

Finally, changes in soil POM are linked to changes in MAOM through processes of decomposition,
microbial processing, and stabilization (Cotrufo et al., 2019). The decomposition of POM leads to
the release of simpler organic compounds (e.g., amino acids, carbohydrates, organic acids) that can
both bind to soil minerals and be further processed by soil microorganisms (Sokol et al., 2019). This
process stabilizes the organic matter and reduces its susceptibility to further microbial breakdown.
In Soil2, POM was more protected from decomposition likely by being physically occluded within

soil aggregates (Fang et al., 2019).

4.5 Conclusion

In conclusion, the study underscores the pivotal role that balanced nutrient addition plays in
influencing SOM mineralization, microbial activity, and SOC stabilization. The incorporation of straw
residues into the soil, especially when combined with nutrient supplementation, led to rapid SOM
mineralization, and enhanced microbial activity. Both mineral and organic fertilizers stimulated
microbial decomposition of the added residues, while nutrient additions mitigated the microbial
mining of native SOM, fostering the stabilization of C in MAOM-C. This is critical because MAOM-C
not only represents a long-term C storage mechanism, but also serves as a key source of soil fertility,
providing nutrients over time that sustain crop productivity. Soils with contrasting properties
displayed different responses to straw incorporation. In the C-poor soil (Soill), microbial
communities greatly benefited from the combination of straw and nutrient additions, leading to a
substantial increase in HE and the stabilization of organic carbon. In contrast, in the more fertile soil
(Soil2), microbial activity was already efficient, with higher MBC and CUE, meaning that the

immediate impact of straw residues on organic carbon stabilization was less pronounced. Microbial
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metabolic processes emerged as central to SOC stabilization, regulating the balance between C
mineralization and sequestration. Microbes contributed both through the decomposition of plant
residues and the turnover of microbial biomass to SOC stabilization. This study emphasizes that
nutrient availability, especially P and N, is crucial in determining whether microbial communities
prioritize mineralization or C sequestration. Consequently, proper nutrient management is essential
for optimizing C inputs into soils to maximize long-term C storage and improve soil fertility. The
application of organic fertilizers, in particular, showed notable advantages in supporting microbial
growth, nutrient cycling, and C stabilization compared to mineral fertilizers. Organic fertilizers
offered a more balanced, slow-release nutrient supply that nurtured microbial activity without
triggering excessive SOM mineralization, enhancing the build-up of MAOM-C and contributing to
soil health.

Incorporating crop residues with stoichiometrically balanced nutrients is a key strategy for
achieving the goals of carbon farming programs, which aim to enhance SOC sequestration and
improve soil health. Although this targeted fertilization strategy may incur higher emission costs
(with a slight increase in fertilizer use and overall emissions), it leads to greater carbon sequestration
per unit of nitrogen input into the system in the mid-term. When integrated with other regenerative
agricultural practices—such as reduced tillage, cover cropping, and diverse crop rotations—this
approach can significantly improve carbon use efficiency (CUE) (Kallenbach et al., 2019), promoting
greater SOC storage in agricultural systems. These practices also enhance soil structure, increase
microbial biodiversity, reduce erosion, and improve water retention, all of which contribute to the

long-term stabilization of SOC and support sustainable agriculture.
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Supplementary Material

Table S4.1 Analysis of variance of the effects of soil type (S) and treatments (Trt) on SOM pools variations (difference between
beginning and end of incubation (TO and T2)), cumulative CO2 emission at T2, CO2 emission rate at T1, and humification efficiency.
Note: *, **, *** denote statistically significant differences for P < 0.05, P < 0.01 and P < 0.001 respectively.

. Soil type | Treatment SxTrt
Soil parameter

F p| F P F P
MAOM-C 1.71 | 1242 ™| 124 s
MAOM-N 11.12 1.60 ns 2,15 ns
POM-C 18.64 | 14.24 ™| 155 s
POM-N 17.24 ™| 217 ns 1 093 s
DOC 0.02 s 3.28 . 030 m
DON 5.45 * 63.68 ***|20.11 **
Cum. CO2 emission 0.00 nm (19414 ™| 6.03 °
CO2 emission rate at peak | 0.42 | 84.09 ™| 0.93 s
HE 1.89 s 5.39 - 146 s

Table S4.2 Analysis of variance of the effects of soil type (S), treatments (Trt) and time on available nutrients.

Note: *, ** *** denote statistically significant differences for P < 0.05, P < 0.01 and P<0.001 respectively).

Soil parameter | Soil type | Treatment Time SxTrt SxTime | TrtxTime | Sx Trt x Time
F P F P F P F Pl F P F P F P

PO4 402 ™| 78 ™| 622 " | 149 o011 2113 | 0.0 ns

NO; 17.75 ™| 27.81 | 48.04 ™| 1345 ™| 179 n| 238 | 0.39 ns

NHa 1117 " | 072 ™| 1516 ™| 342 " | 145 ™| 607 | 5.58 "

DIN 20.84 ™| 4422 ™| 54.08 | 29.79 **| 348 nr| 527 | 427 -
DOC 002 ™| 024 ™| 013 ™| 295 *|110 ™| 3.68 " 2.57 '

DON 18.89 ™| 8251 " |121.76 ™| 2356 ™| 7.47 | 49.85 | 17.78
Available C:N | 025 ™| 1531 "™ | 8590 ™| 235 | 130 ™| 689 | 1.27 ns
Available C:P | 161 ™| 416 ~ 6.55 1128 m™|010 ™| 972 ™| 221 ns
C:N_imbalance | 0.05 ™ [ 13.96 *™* | 4864 ™| 071 ™ |228 ™| 520 ™| 059 ns
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Table S4.3 Analysis of variance of the effects of soil type (S), treatments (Trt) and time on microbial variables at the beginning and
end of incubation.
Note: *, ** *** denote statistically significant differences for P < 0.05, P < 0.01 and P<0.001 respectively

Soil type Treatment Time SxTrt SxTime | TrtxTime | Sx Trt x Time
Soil parameter
F P F P F P| F P F P F P F P
MBC 190.48 ™| 441 " 7005 " |015 | 681 " | 057 ™| 033 ns
MBN 253.61 ™| 2443 ™ |3509 "™ |117 n|2340 ™| 151 ™| 3.11 .
MBC:MBN 1.22 | 1290 "] 195 ™| 244 n|2008 | 312 *| 863
CUE 1088 | 170 ™| 123 ™ [049 ™| 000 ™ | 030 ™| 0.07 ns
Growthrate | 3873 ™| 216 ™| 03 ™ |069 ™| 079 ™| 008 ™| 036 ns
Turnover time | 16.19 ™| 0.86 "™ [32.12 ™ (172 ™| 018 ™ | 157 | 1.78 ns
qCo> 3577 ™| 220 ™ |1572 "™ |1.88 nm|17.95 ™| 375 | 246 ns

Table S4.4a Analysis of variance: effects of soil type (S), treatments (Trt) and time on measured enzymes activity.
Note: *, **, *** denote statistically significant differences for P < 0.05, P < 0.01 and P<0.001 respectively.

Soil parameter | Soil type | Treatment Time SxTrt SxTime | TrtxTime | Sx Trt x Time
F P F P F P| F P F P F P F P
dsDNA 2590 | 114 ™ |201 "™ |20 ™ [209 ™| 25 07 m
aryS 309.2 ™| 07 s 99 ™ |79 *™|547 ™| 11 m 08  m
alfaG 34 ™ | 766 ™ |71 * |08 ™ |38 |07 " 22 s
betaG 142 ™| 251 ™ |499 "™ |37 * 59 * [1.08 1.7 s
alfaGAL 83 ™| 45 ™ 1.5 ™ |37 * 01 nm™ | 11 s 31 s
betaGAL 296 ™| 148 ™ | 03 ™ [39 ° 00 ™ | 20 ™ 36 7
cell 40 * 297 ™ 419 ™22 nr[019 ™ | 7.0 5.0 *
xilo 79 1202 ™[04 ™ |36 ° 96 | 13 60 *
uroni 165 | 134 ™ 121 ™ |19 | 46 1.2 0™ 04  m
chit 571 ™ 134 ™ |00 ™ (46 ™ ] 00 ™| 13 n 35 7
aprot 2035 | 03 45 * |18 ™ | 00 ™| 02 1.6
leu 01 nm 207 ™ 212 ™11 ™ |[96 |10 ™ 09 m
arg 673 ™ 201 ™ |07 ™ |16 ™ |470 | 43 * 22 s
acP 207.4 ™| 47 ™ 181 |21 ™ |37 | 04 7 1.9 s
bisP 137.8 | 223 ™ [254 ™20 ™ |155 ™| 02 s 05 m
piroP 2628 ™| 57 ™ |177 ™00 ™ |482 ™| 09 01 o m
alkP 3150 ™| 26 ™ |275 *[80 ™ |[370 ™| 01 ™ 04  m
FDA 522 ™| 33 ° 04 ™ |36 ° 1.0 ™ [ 03 34 °
butir 00 ™ [134 ™ 271 ™07 ™ [165 ™| 11 ™ 04  m
ox 1716 | 44 ™ 38 m (12 m (247 ™| 01 ™ 26 s
perox 586 ™| 194 ™ [379 ™ (11 ™ | 13 ™ | 118 39 7
Vector length | 19.8 ™| 75 ™ | 01 ™ |05 m [ 61 27 ms 49 ™
Vector angles | 90.6 ™| 174 ™™ |005 ™ [18 ™ [ 05 ™ | 3.0 ° 33 ¢
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Table S4.4b Results of the best dbRDA models for the two soil types (Fig. 4.3 and 4.4) resulting from multivariate backward multiple
regression on C-, N-, P-, and S-cycling enzymes (Bg 4-MUF,7-AMC g-1 dry soil h-1). dbRDA best models’ selection was performed
differentiating hydrolytic EA from oxidative EA. The starting database of explanatory soil variable was: MAOM-C, MAOM-N, MAOM
C:N, POM-C, POM-N, DOC, DON, PO43-, NO3-, NH4+, available C:N, available C:P, MBC, CUE, growth rate and turnover time. (*, **,
*** denote statistically significant differences for P < 0.05, P < 0.01 and P<0.001 respectively).

Soil 1 hydrolytic EA

Soil 2 hydrolytic EA

Soil 1 peroxidase EA

Soil 2 peroxidase EA

Model F P
Model 11.1 0.001 ***
Residuals 0.03

RDA Axis
Axis 1 53.7 0.001 ***
Axis 2 18.6 0.221 ***
Axis3 2.3 0.412

Residuals 0.41 Residuals 0.05 Residuals 0.1 Residuals 0.08
Variable Variable Variable Variable

MAOM-C:N 12.1 0.001 *** POs* 5.9 0.007 ™ PO4* 30.3 0.003 ** |Available C:P 6.1 0.018 *
MAOM-N 7.9 0.001 """ NH4* 6.8 0.006 ™ | Residuals 0.1 Residuals 0.08

PO4* 6.2 0.003 ™
Residuals 0.03

Model F P
Model 5.5 0.001 ***
Residuals 0.04

RDA Axis
Axis 1 19.2 0.001 ™"
Axis 2 9.0 0.001 ™
Axis 3 3.2 0.232

Residuals 0.05

Model F P
Model 26.6 0.001 ™"
Residuals 0.1

RDA Axis
Axis 1 126.7 0.001 ™"
Axis2 4.9 0.134
Axis3 0.9 0.918

Model F P
Model 15.9 0.001 **"
Residuals 0.08

RDA Axis
Axis 1 72.6 0.001 ™
Axis2 5.7 0.038 "
Axis 3 0.8 0.909

Table S4.5 Available nutrients in Soill and Soil2 following straw and nutrient additions at peak (T1) and end (T2) of incubation.
Note: Within each column, different letters indicate significant differences among treatments and time (p < 0.05, Tukey’s test).

Field | Treatment| Time poc P || Tk | e | WTwg || B Avilzlzble AvaCI!I?’ble imb(;zll;lnce
[ hge!| nege? B — — T
Soill  Control 1 [104.72 11.9% 48bc 412 5% 1063 10.8% 23,93k 0.52
Soill  Straw+org 1 |111.42 582 42 g2 11a 73  33(0bc 24.03bc 3.4
Soill straw+min 1 | 4622 6.12 423 002 132 132 36.0¢ 11.4° 5.44
Soill  straw 1 |637° 562 47bc 382 162 54 303k 13.1% 4.4cd
Soill  control 2 |720° 480c 76°c 382¢ 162 39.8d 1.92 9.52 0.32
Soill straw+org 2 | 54.12 1223 283 292bc 253 317« 6.52 28.63bc 0.2°
Soill Straw+min 2 [90.32 22.0bc 243 1493 136b 285k 6.82 55.0b¢ 1.03bc
Soill  straw 2 | 6152 17.0% 132 172 12.6P 14.3° 9.52 70.6¢ 0.52
Soil2  Control 1 | 46.22 1892 38% 519b 122 531°c 0.9° 12.72 0.1
Soil2 straw+org 1 | 79.42 10.02 433 002 132 13 63.6P 18.42 6.6¢
Soil2 straw+min 1 | 7832 672 5.9b 002 112 1.1° 73.6"° 13.7° 8.7¢
Soil2 straw 1 [96.72 732 64bc 252 112 36 443" 15.32 5.5¢
Soil2 control 2 |[702° 1184% 7.1°¢ 120.0°¢ 1.62 121.69 0.6° 10.02 0.0°
Soil2 straw+org 2 | 73.62 21.52 4.23c 2272 702 296b 2.62 19.7° 0.42b
Soil2 straw+min 2 |99.12 812 233 1272 242 151% 723 88.5P 0.8
Soil2 straw 2 |69.12 1092 2.7@ 1192 1.82 13.7% 7.1° 27.1°2 0.9
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Table S4.6 Summary of the indicators of microbial biomass (e.g., MBC, MBN, MBC:MBN), activity (e.g., growth rate, CUE, turnover
time and qC0O2) and nutrients limitation (vectors angles and vector length) in response to straw and nutrient additions.
Note: Within each column, different letters indicate significant differences among treatments and time (p < 0.05, Tukey’s test).

MBC MBN MBC: Vector Vector CUE Growth Tur.nover 4C0>
ek || Trestment || e MBN lengths angles rate time

nge? pggt ng C garysoii*h™* days c/n;‘éfn?é}h
Soill Control 1 195.32b 9.42 22.2¢ 0.612° 40.52 0.452 537.4-2 19.6" 1.9°
Soill  Straw+org 1 256.0° 28.9b 9.0 0.66° 37.6° 0.532 645.5° 16.52b 2.92b
Soill  Straw+min 1 252.9b 27.0 9.5ab 0.69° 38.42 0.54° 563.2° 16.5% 1.92
Soill Straw 1 224,43 1912 11.9° 0.602° 40.72% 0.642 568.0° 16.4% 1.8°
Soill Control 2 61.0° 7.9° 7.62 0.542 51.5b 0.45° 423,52 8.0° 9.5¢
Soill  Straw+org 2 207.82 2322 9.5ab 0.622 42.6% 0.50° 721.0° 14.2% 3.92b
Soill  Straw+min 2 101.820  22.72b 452 0.6320 35,52 0.512 601.1° 9.62b 6.7%
Soill Straw 2 133.52> 19.62b 6.92b 0.69° 33.3° 0.54° 694.6° 8.6° 4.9
Soil2 Control 1 485.4bcd 455 bed 10.92 0.522 61.2° 0.642 931.0° 28.5b 1.1@
Soil2  Straw+org 1 553.8¢  57.7¢ 9.72 0.582 4722  0.612 1539.32 22.53b 1.72
Soil2  Straw+min 1 534.29  g1.2de 8.72 0.59° 51.5 0.612 1394.82 16.42 1.82
Soil2 Straw 1 513.7« 63.3¢ 8.1° 0.59° 47.0° 0.712 1103.0° 20.22b 1.1@
Soil2 Control 2 272.32 21.9° 12.72 0.582 60.9 0.59@ 970.9° 14.82 2,47
Soil2  Straw+org 2 358.2ac 53 gcde 7.2@ 0.60° 47.1° 0.622 1237.0@ 12.62 2.1°
Soil2  Straw+min 2 333.52b 3582 9.3 0.61° 49.32 0.582 1213.9@ 16.12 232
Soil2 Straw 2 330.0%> 38.7k¢ 8.52 0.60° 47.9°  0.62@ 1006.7°2 14.42 2.0
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Figure 54.2 Comparison of soil types and incubation times for key indicators of microbial biomass (e.g., MBC) (a) and microbial activity
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5.1 Introduction

Monitoring the spatial and temporal variability of soil carbon is crucial for advancing sustainable
agriculture and implementing effective carbon (C) sequestration strategies (Amelung et al., 2020;
Smith et al., 2014). The success of carbon farming (CF) practices in enhancing soil organic carbon
(SOC) stocks depends on the development of accurate, scalable, and cost-effective methods to track
SOC changes over time (Smith et al., 2020). Monitoring, Reporting, and Verification (MRV) protocols
are critical tools for tracking SOC stock dynamics, supporting farmers, policymakers, and project
developers engaged in offsetting or insetting programs (FAO, 2020; VERRA VMO0042, 2024). These
protocols ensure the credibility of carbon credits by verifying that sequestered C is real, additional,
and permanent. However, uncertainties in C removal estimates undermine the voluntary C market's
ability to incentivize CF practices, discouraging both farmer participation and credit buyers (Croft et
al., 2021; Dorning et al., 2021; Mattila et al., 2022). Process-based models are widely used in MRV
protocols to quantify net C removal as SOC sequestration resulting from adoption of additional CF
practices. While these models are invaluable for understanding SOC dynamics, their reliance on
input data such as soil properties and crop biomass introduces uncertainties (Dechow et al., 2019;
Gurung et al., 2020). Addressing these uncertainties requires the development and validation of
field-scale SOC stock accounting approaches providing accurate and cost-efficient input data for soil
models (Kyker-Snowman et al., 2022; Potash et al., 2023). Direct field measurements of soil
variables, such as SOC concentration and bulk density (BD), offer high accuracy but are labor-
intensive and expensive, limiting their scalability. Recent advancements in soil sensing technologies,
including spectral methods like vis-NIR and MIR spectroscopy, offer rapid and cost-effective
alternatives when properly calibrated, balancing cost and accuracy (England and Viscarra-Rossel,
2018; Li et al., 2022; Ma et al., 2023). Combining field measurements with spectral techniques or
process-based modeling can further enhance MRV systems by integrating accuracy with scalability
(Makipaa et al.,, 2008; Smith, 2004). These hybrid approaches aligns with the quantification
approaches of the EU's Carbon Removals and Carbon Farming (CRCF) regulation, which supports its
use as a standard for CF programs (European Commission, 2021).

However, many MRV systems rely on the CR estimates at field-scale SOC stock changes averages,
(e.g. Verra, 2024), which fail to capture soil spatial variability and its impact on CR estimate potential.
To address this, protocols such as FAO's GSOC-MRYV refine initial SOC stock accounting by proposing
a stratification sampling approach using homogeneous zones, enabling more accurate, but discrete

evaluations of initial SOC stock (FAO, 2020). Proximal soil sensing (PSS) technologies improve spatial
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resolution of soil properties estimation, reducing the need for extensive sampling while maintaining
cost-efficiency. These tools, including spectroscopy, dielectric sensors, or gamma-ray sensing, offer
environmentally friendly and reproducible methods for soil property assessment, making them
valuable for CF programs (Silvero et al., 2023). Studies have shown that PSS can achieves prediction
accuracy comparable to conventional laboratory methods (Kuang et al., 2015; Morellos et al., 2016);
for instance, vis-NIR spectroscopy has demonstrated strong predictive performance for SOC content
and BD (Gholizadeh et al., 2021; Lobsey and Viscarra Rossel, 2016). Combining PSS data types, such
as spectroscopy and gamma-ray sensing, further enhances the accuracy of predictions, making
these technologies valuable for CF applications (Andrade et al., 2022; Swetha and Chakraborty,
2021). Additionally, PSS plays a vital role in precision agriculture by generating high-resolution soil
data for producing fertilization prescription maps and thus optimizing fertilization of mineral and
organic inputs with variable-rate technologies (Bénecke et al., 2021; Clarke et al., 2024).

Integrating proximal soil sensing (PSS) with remote sensing (RS) technologies can further enhance
the accuracy and scalability of SOC stock accounting. PSS provides high-resolution, site-specific data,
while RS offers broader spatial coverage, enabling the upscaling of predictions across larger areas
(Stevens et al., 2010).

Vegetation indices like NDVI and EVI, along with spectral bands of bare soils from satellite
imagery such as Sentinel-2, improve SOC predictions by capturing local variability and regional
trends (Biney et al., 2022; Dvorakova et al., 2023; Vaudour et al., 2022; Wadoux and McBratney,
2021; Wiesmeier et al., 2019). Sentinel-2 synthetic bare soil imagery (SBSI) has shown promise in
predicting SOC and clay content, with spectral resolution effective for field-scale studies and spatial
resolution critical for regional or continental applications (Castaldi, 2021; Castaldi et al., 2019;
Vaudour et al.,, 2019). Nonetheless, challenges such as soil moisture, surface roughness, and
vegetation cover can limit the accuracy of RS-based SOC estimations (Abdulraheem et al., 2023).
While RS methods face these challenges, combining RS with PSS addresses these limitations and
improves the estimation of key soil properties such as SOC content, soil texture, and soil moisture
(Wiesmeier et al., 2019). These properties are vital for SOC stock calculations and for initializing
models like Roth-C to simulate SOC sequestration under CF practices.

To further refine SOC stock predictions and optimize the cost-accuracy tradeoff, integrating PSS,
RS, and auxiliary data such as SOC, soil texture, soil type, topography, and land use, is crucial
(Viscarra Rossel and Brus, 2018). This approach have been shown to improve SOC stock mapping

accuracy by up to 10% . While auxiliary data, are available at EU-wide and regional scales (e.g., NUTS
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2 and 3 levels), their varying resolution and derivation methods present challenges for consistent
accuracy and their usability into integrated approaches across different spatial scales.

Machine learning (ML) models are instrumental in linking PSS, RS, and auxiliary data to measured
soil properties, enabling accurate and scalable SOC predictions (Canal Filho et al., 2023;
Mohammedzein et al., 2023). ML models can predict BD and other soil properties (Panagos et al.,
2024), complementing traditional pedotransfer functions (PTFs) (Tarocco and Aprea, 2021) with
both methods impacting field-scale SOC stock quantification. Global ML models, trained on diverse
datasets, are scalable but may introduce higher uncertainty due to generalization. Conversely, local
ML models, calibrated with site-specific data, capture fine-scale variability, and deliver more precise
estimates for targeted areas (Heuvelink et al., 2021).

To enhance SOC stock predictions and account for uncertainty, advanced ML techniques like
Quantile Regression Forest (QRF) models are increasingly employed. QRF offers probabilistic
predictions with prediction intervals and assigns weights to observations, allowing for a robust
assessment of uncertainty in SOC stock estimates. Addressing uncertainty is crucial, as errors in PSS-
derived predictions and their associated errors needs to be propagated into SOC sequestration
estimates, affecting final C removal units’ uncertainty at project level. ML techniques do not assume
specific data distributions and can efficiently handle multi-source covariate data, focusing on
improving prediction accuracy. They outperform conventional methods by minimizing prediction
error, especially when mapping accuracy is prioritized (Wadoux et al., 2020). However, challenges
with interpretability and the need for large, resource-intensive datasets remain, particularly when
detecting small changes in SOC stocks (Bradford et al., 2023; Stanley et al., 2023). Efficient sampling
designs, such as those based on covariate space, can improve ML model calibration by optimizing
sample locations using methods like Conditioned Latin Hypercube Sampling (cLHS) and the Kennard-
Stone algorithm (Biswas and Zhang, 2018; Wadoux et al., 2019). Local calibration is essential for
transferring models to new areas and enhancing prediction accuracy. Despite ongoing advances in
local calibration methods, challenges persist in selecting effective covariates and strategies to
ensure model transferability (Viscarra Rossel et al., 2024; Xia et al., 2024). Balancing the need for
large datasets with minimizing sampling costs remains a central challenge in ML-driven SOC
guantification.

In this study, the Emilia Romagna region was selected as a test bed to evaluate the capability of
PSS to detect field-scale differences in SOC stocks across a number of fields with varying soil types

and textural classes. The primary aim is to develop and validate a robust, accurate, and cost-
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effective PSS-based SOC stock accounting approaches to support any hybrid sampling and modelling

MRV protocol to ensure the scalability of CF programs in northern Italy. Additionally, the region

provides high-quality, publicly available data on SOC, BD, soil texture, and textural classes at a 100

m resolution, making it an ideal setting for PSS- and ML-based prediction model development. The

PSS used in this study is the Veris iScan, an on-the-go PSS device from Veris Technologies (Salina,

Kansas, USA). Mounted on vehicles, this sensor collects rapid, high-resolution soil measurements as

it moves across the field, providing insights into soil properties and within-field variability. For

example, Kweon (2012) demonstrated the SOM estimates using the sensor readings in a simple
regression model have an R? value of 0.80, compared to laboratory analyses. However, more robust
calibration is necessary to adapt the model prediction to the specific soil conditions of northern

Italy.

More specifically the objectives of this work are as follow:

i) to calibrate and validate a series of QRF models using a global dataset from the PSS, RS, and
auxiliary data to predict key properties for SOC stock accounting: SOC concentration, soil
texture and soil BD. These predictions will be used to estimate SOC stock at a 10-meter
resolution at the field scale across a series of fields representative of the main soil conditions
and types in Emilia-Romagna region.

ii) To propose and validate a stepwise procedure for selecting robust and accurate local
prediction models, supported by a precision soil sampling approach, aimed at minimizing
the number of soil samples required for a PSS-based, but field-specific, SOC stock accounting
approach.

iii) To quantify model uncertainty, using both global and local datasets, associated with the SOC
concentration and SOC stock predicted values. The study will also evaluate the cost-
effectiveness and accuracy of the PSS-based SOC stock accounting approach compared to
conventional soil sampling methods at the field level.

The main hypothesis that this study aim to address are:
1) On-the-go vis-NIR and electrical conductivity (EC) readings are valuable predictors of soil
properties, such as SOC concentration and soil texture, needed for calculating SOC stock.
2) Combining auxiliary covariates, such accurate regional soil maps, with RS and PSS enhances
the accuracy of QRF global models for predicting soil properties essential for SOC stock

accounting at field scale.
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3) Smart sampling improves site-specific calibration in the development of local dataset
models.
4) SOC stock can be accurately predicted with a reasonable cost-accuracy tradeoff when the

local model is calibrated and validated for main soil type of a region.
5.2 Materials and Methods

5.2.1 Workflow of model predictions

To develop the soil property prediction models, the workflow outlined in Fig. 5.1 was followed,
comprising three main steps: 1) PSS data, along with available RS and auxiliary data, were integrated
with ground truth soil measurement collected at field scale; 2) modeling step involved processing
the data to develop QRF ML models to predict SOC, soil texture, and BD. The models' accuracy and
associated uncertainties were assessed, and the resulting predictions were used to calculate SOC
stock at a 10-meter resolution at the field scale; 3) for the out-of-sample prediction the robustness
and reliability of the developed QRF models were tested using an independent validation dataset to
ensure their generalizability and predictive performance.

The database created has two purposes: i) building a dataset for the QRF model and ii) creating
raster covariate layers at a 10 m resolution at field scale, representing the covariates used in the
QRF model. A Raster Look-Up Table links the raster covariates with the corresponding covariates
names in the QRF model, enabling spatial mapping by applying the QRF model developed using the
ModelMap package in R (Freeman and Frescino, 2023).
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Figure 5.1 Flowchart illustrating the workflow: from integrating multisource data to develop the QRF model, through assessing model
prediction accuracy, to evaluating associated uncertainties.

5.2.2 Dataset description and data acquisition strategy

Thirty-five fields were mapped using the iScan PRO sensor in the Emilia Romagna region, while
fifteen fields were located in the neighboring regions of Piemonte, Lombardy, and Veneto, as shown
in Figure 5.2. The field areas, dates of soil mapping and sample collection, and the number of soil
samples taken per field are summarized in Table 5.1. In total, 578, 374, and 187 data points were
collected for SOC, soil texture (percentage of sand, silt, and clay), and BD, respectively, with the

frequency distributions shown in Figure 5.3.
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* FIELD LOCATION

Figure 5.2 Fields’ location used in this work. Most of the fields are in the Emilia Romagna region (35), with the remaining fields located

in the Piemonte region (2), the Lombardy region (10), and the Veneto region (3).

Table 5.1 Summary of fields information, including soil sampling details such as the sampling date, the number of soil samples

collected per field, and the laboratory analyses conducted for SOC, soil texture, and soil BD.

Field Name Longitude Latitude (degree) Area Mapping date Sampling Sample
(degree) (ha) date number

Field1 9.730295 45.037593 2.5 Dec-21 Dec-21 4
Field2 9.703730 45.003442 1.0 Dec-21 Dec-21 4
Field3 9.701474 44.970270 3.0 15-Apr-22 22-Apr-22 48
Field4 9.826117 45.026575 3.4 29-Apr-22 3-May-22 8
Field5 9.826330 45.022760 4.3 29-Apr-22 3-May-22 8
Field6 9.828369 45.022160 7.0 29-Apr-22 3-May-22 10
Field7 9.857238 44.968912 1.5 4-May-22 12-May-22 4
Field8 9.859762 44.964977 3.0 4-May-22 12-May-22 4
Field 9 9.860436 44.966567 1.7 4-May-22 12-May-22 4
Field10 9.878744 44.878947 34 13-May-22 16-May-22 9
Field11 9.775484 45.080201 9.5 21-May-22 23-May-22 4
Field12 9.767784 45.086198 2.6 21-May-22 23-May-22 3
Field13 9.771441 45.088790 3.5 21-May-22 23-May-22 2
Field14 9.707046 45.003344 9.7 17-Aug-22 17-Aug-22 70
Field15 9.703683 45.003410 1.0 17-Aug-22 17-Aug-22 4
Field16 9.704338 45.007565 4.0 16-Aug-22 17-Aug-22 4
Field17 9.700940 44983464 3.2 11-Sep-22 12-Sep-22 9
Field18 7.552481 44.974454 6.5 12-Sep-22 13-Sep-22 44
Field19 7.565337 44951581 4.6 12-Sep-22 13-Sep-22 26
Field20a 9.888744 45.031197 1.4 14-Sep-22 22-Sep-22 4
Field20b 9.888048 45.031931 2.6 14-Sep-22 22-Sep-22 4
Field21a 9.927939 45.043965 4.2 14-Sep-22 12-Sep-22 10
Field21b 9.927230 45.044256 1.4 14-Sep-22 12-Sep-22 3
Field22a 9.961487 45.058650 2.5 14-Sep-22 22-Sep-22 5
Field22b 9.962407 45.058321 3.5 14-Sep-22 22-Sep-22 5
Field23 9.872833 45.033719 4.5 20-Sep-22 22-Sep-22 4
Field24 9.702141 45.007062 6.9 23-Mar-23 22-Sep-22 4
Field25 9.701942 45.003822 5.1 23-Mar-23 22-Sep-22 4
Field26 9.479843 44.997368 4.7 12-Oct-22 12-Oct-22 6
Field27 9.866458 45.033565 6.8 14-Oct-22 15-Oct-22 7
Field28 11.07118 45.291334 14.0 21-Jan-22 28-Jan-22 5
Field29 10.98503 45.298375 2.6 6-Apr-22 11-Apr-22 4
Field30 10.98047 45.303646 2.6 6-Apr-22 11-Apr-22 4
Field31 9.465670 45.502115 7.2 10-Mar-22 15-Apr-22 4
Field32 9.467513 45.495442 8.7 9-Mar-22 15-Apr-22 4
Field33 9.474631 45.508529 3.2 9-Mar-22 15-Apr-22 4
Field34 9.469255 45.516922 6.0 17-Dec-21 15-Apr-22 4
Field35 9.483941 45.517417 4.0 17-Dec-21 15-Apr-22 4
Field36 9.468072 45.499400 12.9 10-Mar-22 15-Apr-22 5
Field37 11.422841 44.646044 50.0 17-Mar-22 19-Oct-22 7
Field38 11.631319 44.650313 39.7 17-May-22 19-Oct-22 6
Field39 11.623751 44.648926 59.5 17-May-22 19-Oct-22 9
Field40 12.218634 44.817543 4.6 17-Nov-23 29-Nov-23 15
Field41 11.909658 44.349801 0.9 7-Dec-23 7-Dec-23 10
Field42a 9.888935 45.031218 1.4 21-Mar-23 22-Mar-23 15
Field42b 9.887704 45.031868 2.6 21-Mar-23 22-Mar-23 15
Field43a 9.961473 45.058546 2.5 21-Mar-23 21-Mar-23 18
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Field43b 9.962610 45.058387 3.5 21-Mar-23 21-Mar-23 22

Field44a 9.825125 45.022698 4.4 21-Mar-23 23-Mar-23 15
Field44b 9.823871 45.023540 5.3 21-Mar-23 23-Mar-23 15
Field45a 9.701010 44.983436 3.4 22-Mar-23 22-Mar-23 26
Field46b 9.699530 44.983588 3.3 22-Mar-23 22-Mar-23 19
Field47a 9.927218 45.044131 4.2 21-Mar-23 21-Mar-23 30
Field47b 9.927913 45.044455 14 21-Mar-23 21-Mar-23 10
Field48 9.891072 45.002683 3.3 23-Nov-23 29-Nov-23 42
Field49 9.997268 45.045875 5.9 17-Aug-23 18-Aug-23 24
Field50 10.788820 45.252277 12.8 4-Aug-23 3-Oct-23 24
Field51 10.786483 45.250159 7.2 23-Aug-23 3-Oct-23 6
Field52 10.792559 45.249349 3.2 4-Aug-23 3-Oct-23 14
Field53 10.794713 45.247811 7.0 23-Aug-23 3-Oct-23 8
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Figure 5.3 Frequency distribution of the measured data for: SOC with 578 observations (a), soil texture with374 observations, that
include sand (b), silt (c), and clay (d,) and BD with 187 observations (e)

5.2.2.1 On-the-go proximal soil sensing data

To acquire on-the-go PSS measurements, the Veris iScan PRO sensor, equipped with a GPS
receiver, was used (Veris Technologies, Salina, Kansas, USA). The iScan PRO sensor module contains
red and infrared (IR) light sensors, as shown in Figure 5.4a. This dual-wavelength optical sensor
measures the spectral reflectance in the red and IR bands, with wavelengths of 660 nm and 940 nm,
respectively, which are used to estimate SOM content. Additionally, soil electrical conductivity (EC)
readings (in mS m™) collected with the iScan PRO sensor help identify soil texture variability across
the field (Corwin and Lesch, 2005). Red, IR and EC readings were taken along transects spaced 6 m
to 16 m apart, depending on the field size, with measurements taken every 2 to 3 meters along each
pass, determined by the data collection rate and field travel speed. On-the-go PSS measurements
were performed when the agricultural field was bare, either before seeding or after harvesting,
provided no wheel tracks were present. After the mapping process, raw measurements were

visually inspected, and any points with negative readings were removed. The cleaned proximal data
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(red, IR, and EC) were then uploaded on the FieldFusion cloud service
(https://fieldfusion.veristech.com/) for further analysis. Soil measurements of IR, the IR/red ratio,
and EC were converted into raster data at a 10 x 10 m resolution (aligned with Sentinel-2 pixel size)

using the median function in the raster package in R, as depicted in Figure 5.4b.
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Figure 5.4 On the left (a), a schematic representation of the iScan PRO setup is shown, highlighting the sensor positions: electrical
conductivity (EC) is measured by the two mechanical wheels of the sensor, among which humidity sensor (on the left) and optical
sensor (for red and IR on the right) are present. On the right (b), an example of PSS soil point readings for IR (above) and EC (below) is
displayed, along with the corresponding IR and EC raster data at 10 m resolution.

5.2.2.2 Soil sampling, laboratory analysis, and soil organic carbon stock calculation

Soil sampling was performed prior to mapping using two strategies: 50% of the fields were
sampled using a systematic grid sampling (40 x 40 m), while the remaining 50% followed a
systematic random sampling approach, with a minimum of 3 and a maximum of 24 samples per
field. Further details on precision sampling after mapping are provided in Section 5.2.5.1.

For sampling, a 2 cm wide soil core auger was used to collect three soil sub-samples from a depth
of 30 cm around each sampling point (approximately 3 m apart), which were then composited into
a single sample. The soil samples were air-dried and ground to 2 mm for textural analysis, or ground
to < 53 um for elemental analysis. Soil texture was measured following the method of Moebius-
Clune et al. (2016), while SOC concentration was determined using the Dumas method with an
elemental analyzer (Skalar PRIMACS™ SNC-100). Soil BD was measured using the volumetric ring
method, with two sub-samples collected per sampling point. The BD of the fine soil mass
(stone/gravel-free) was calculated by dividing the oven-dried (105°C) soil mass by the known volume
of the sample core (575 cm?3). The amount of gravel/stones was also calculated on a dry weight basis.
SOC stock (Mg C ha™") was then calculated by considering SOC concentration, BD, and gravel content
at a depth of 0—30 cm, using the formula (IPCC, 1997):

SOC stock (Mg C ha?) =SOC (%) x BD (g cm™) x Depth (m) (1)
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5.2.2.3 Sentinel-2 data of field mapped with proximal sensor.

The Synthetic Bare Soil Image (SBSI) was calculated for each field using field boundaries detected
from mapping. The SBSI was derived from three indices: the Normalized Difference Vegetation Index
(NDVI), the Normalized Burn Ratio 2 (NBR2), and the Bare Soil Index (BSI) (Castaldi et al., 2019). To
extract the maximum bare soil pixels from an image, pixels with NDVI values greater than 0.35, NBR2
values greater than 0.125 (Castaldi et al., 2019), and BSI values less than 0.021 (Diek et al., 2017)
were excluded. Sentinel-2 imagery covering the agricultural fields was selected using the Google
Earth Engine (GEE) platform. For each field, the median of the bare soil pixels filtered from April to
September over the period 2020-2024 was calculated to produce the SBSI. The SBSI was derived
from Sentinel-2's 13 spectral bands, covering wavelengths from 443—-2190 nm. These include visible
and near-infrared bands with a 10 m pixel size, red-edge and shortwave infrared bands with a 20 m
pixel size, and atmospheric correction bands with a 60 m pixel size. In this study, the SBSI for the
visible red band (B4) and the shortwave infrared band (B12) were selected as covariates for SOC
concentration prediction, while the near-infrared band (B8) and shortwave infrared bands (B11,

B12) were used for clay content prediction.
5.2.2.4 Auxiliary variables dataset

5.2.2.4.1 Regional dataset used for the global model

The soil maps used as covariates were raster maps with a 100 m resolution, produced by soil
survey staff of Emilia Romagna region (https://ambiente.regione.emilia-romagna.it). The following
soil maps were incorporated into the prediction models: texture soil maps (percentage of sand, silt,
and clay), soil textural classes based on USDA classification, SOC stock maps, and BD maps. Using a
Scorpan Kriging approach, raster maps for SOC, sand, silt, and clay percentages, and USDA textural
class at 100 m resolution were generated for topsoil (0—30 cm), based on a database of 18,969
sampling points (Ungaro et al., 2010). These maps are accompanied by accuracy maps indicating
prediction reliability, ranging from high to low. Considering the accuracy of the available maps is
crucial, as low accuracy is associated with high errors in the estimated soil properties used as
covariates in the global ML model. To link soil sampling locations with the nearest high-accuracy
SOC, sand, silt, clay and BD estimation points, a nearest-neighbor search was performed based on
their projected coordinates (UTM zone 32N) using the "nngeo" package in R. The resulting SOC
concentration, sand, silt, clay, and BD values were incorporated in the ML global dataset. In some

fields, the textural class maps had low accuracy. To address this, a probability frequency distribution
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was calculated, and the most frequent textural class was assigned to the entire field. The regional
SOC, sand, silt, clay, and BD raster data were resampled using a bilinear interpolation method to
achieve a 10 m resolution at the field scale. For textural class (a categorical variable), the nearest-
neighbor resampling technique was applied to derive a 10 m resolution covariate at the field scale.

Additionally, another soil map used as a covariate is the soil type map of the Emilia-Romagna
region, which describes soils and their geographical distribution across the alluvial plain and parts
of the Apennines at a 1:50,000 scale. The identified polygons are classified according to the World
Reference Base for Soil Resources (WRB) classification (Tarocco and Aprea, 2021). For agricultural
fields located outside the Emilia-Romagna region, 1:250,000-scale soil maps were used as described
in section 5.2.2.4.2. These polygon-based soil maps were rasterized at a 10 m resolution to align

with the other soil covariate maps.

5.2.2.4.2 LUCAS dataset used for the global model

For the agricultural fields located in the Lombardy, Veneto, and Piemonte regions, SOC, BD, sand,
silt, clay, and textural classes were obtained from the LUCAS database. Using the LUCAS topsoil
database, the percentages of sand, silt and clay were predicted using the Multivariate Adaptive
Regression Splines (MARS) approach (Ballabio et al., 2016). Additionally, the USDA-based textural
class classification is available in the database. SOC was predicted using the LUCAS topsoil database
by de Brogniez et al. (2015) through an implemented generalized additive model (GAM). This
approach revealed large SOC uncertainties in northern latitudes or wetland areas, while smaller
uncertainties were observed in croplands. The LUCAS soil BD prediction map was generated using
the Cubist rule-based regression ML model (Panagos et al., 2024). The raster maps produced at the
European scale generally have a pixel size of 500 m, except the BD map, which has a pixel size of

100 m.

5.2.3 Building global dataset for ML model

To relate soil sampling point measurements with on-the-go PSS data, a circular buffer with a 2
meters radius was created around each soil sampling location, following the LUCAS sampling
procedure as shown in Figure 5.5 (Fernandez-Ugalde et al., 2018). If multiple on-the-go PSS data
points were found within the 2-meter buffer of a soil sampling location, their average value was
used as the final dataset value. For soil sampling points located more than 2 meters away from the
on-the-go PSS data, the shortest distance between the sampling location and the nearest PSS

reading was considered.
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We used the procedure outlined in Section 5.2.2.4.1 to link soil sampling locations with the SBSI
Sentinel-2 point data by performing a nearest-neighbor search based on their projected coordinates
(UTM zone 32N) using the "nngeo" package in R. This multisource dataset was used to develop a
QRF (Quantile Regression Forest) model for predicting SOC, clay, silt, sand, and BD at a 10 m
resolution at the field scale. The SOC dataset contains 578 observations, the soil texture dataset

contains 374 observations, and the soil BD dataset contains 187 observations.

° 2 m buffer °

PSS reading o
o

o
)
o
)
o

° Soil sampling
o location

Figure 5.5 Example of linking on-the-go proximal soil sensing (PSS) point readings (empty circle) with a soil sampling location (red
circle) in an agricultural field using a 2-meter buffer.

5.2.4 Quantile Regression Forest model

In the QRF model, weighted observations were used to estimate the full conditional distribution
(Meinshausen, 2006). The QRF predicts the median and individual quantiles within the terminal
nodes. Using the predicted median rather than the mean avoids biased predictions often associated
with the mean (Anderson et al., 2014). Key parameters influencing the QRF model's performance
include the number of predictors used to determine the splits (mtry) and the number of trees
(ntree) (Breiman, 2001). The mtry parameter is automatically optimized using the tuneRrF function
from the randomForest package, which typically sets it as the number of covariates divided by
three. The ntree parameter is selected based on the exponential relationship between model error
and the number of trees. As the number of trees increases, model error decreases until stabilization.
For this study, the error stabilized at 1000 trees, which was chosen as the final ntree value.

For model calibration and validation, the SOC and soil texture global datasets were randomly
divided into 70% for calibration and 30% for validation. Due to the relatively small size of BD dataset,
an 80%-20% split was applied instead. The QRF model was implemented using the
quantregForest package in R (Meinshausen and Schiesser, 2015).

The QRF dataset uses multisource covariates derived from PSS, RS, and auxiliary data to predict

SOC and soil texture (sand, silt, and clay). To evaluate the most influential variables and their impact
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on the model performance, a backward selection approach was used. Several QRF models were
tested with different combinations of data sources as covariates. Model performance was assessed
based on root mean square error (RMSE) and Spearman correlation (results provided in
supplementary materials). The findings revealed that incorporating all data sources (PSS, RS, and
auxiliary) significantly improved prediction accuracy compared to models using covariates from a
single source. To address multicollinearity among covariates, variable importance was calculated to
understand which predictors contributed most to model performance. Two measures of variable
importance were used: the percentage increase in Mean Standard Error (MSE), which indicates the
model’s reliance on a predictor by measuring the performance drop when the predictor values are
permuted; and the increase in Node Purity, which evaluates how effectively a variable split the data
into homogenous groups with respect to the target variable (Breiman, 2001). Covariate selection
prioritized predictors with high values for both metrics. The selected covariates for each target
variable were as follows:

e SOC: EC, IR/Red ratio, SBSI (B4 and B12), soil type, and estimated SOC.

e Soil texture (sand, silt, clay): EC, IR, textural class, and estimated sand, silt, or clay,

respectively. Additionally, clay prediction included SBSI (B8, B11, and B12).
e BD: Observed SOC, sand, silt, and clay.
This systematic approach ensured that the QRF models achieved high predictive accuracy at a 10

m resolution for SOC, soil texture, and BD at the field scale.

5.2.5 Building QRF local model dataset

A local dataset was created for each mapped field by selecting samples from the global dataset
using the Kennard—-Stone (KS) algorithm. This algorithm ensures a uniform distribution of samples
across the covariate space (Kennard and Stone, 1969). The KS algorithm begins by selecting the pair
of points that are the farthest apart. Subsequently, the distance (d) between each unassigned point
(io) and the selected points (i) is calculated as:

d = maxio (min;i(d; io)) (2)

This method ensures that the next selected point (ip) is the one farthest from its nearest neighbor
(/) within the global dataset. The KS algorithm employs the Mahalanobis distance to select the
points, based on the principal component analysis (PCA) of the covariates' correlation matrix. While
the global dataset contains both continuous and categorical covariates, only continuous covariates

were used for sample selection. For the SOC local model, 50 points were selected from the global
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dataset, whereas 30 points were chosen for sand, silt, clay, and BD. The KS algorithm was executed

using the prospectr package in R (Stevens and Ramirez-Lopez, 2022).

5.2.5.1 Precision soil sampling

In addition to the local dataset created using the procedure described above (section 5.2.5), a
field-specific set of n=3 samples per field was added to the local dataset. After mapping, the
sampling locations within each field were selected using the cLHS algorithms, with PSS and SBSI data
at a field scale used as covariates. In the cLHS sampling design, marginal strata are derived for each
covariate space. Given the sample size (n) and the number of covariates (C) the total number of
marginal strata is C". To create evenly spaced marginal strata, quantiles of cumulative probabilities
are used as bounds (Minasny and McBratney, 2006). The simulated annealing algorithm, configured
with default arguments and 50,000 iterations, was applied to optimize the sampling design, and
minimize the criterion function (Brus, 2019). The soil sample size was set to three for each field, and
the cLHS sampling was implemented using the clhs package in R (Roudier, 2021). These three
precision-selected soil samples were subsequently added to the local dataset described in Section

5.2.5.

5.2.6 Metrics for prediction models performances evaluation

The accuracy of the fitted model was evaluated using the following metrics:

1. Root Mean Square Difference (RMSD,) which measures the inaccuracy of the model predictions:

1 . .~ 2
RMSD = \/;Z’;l(yl — xi) (3)
where y; is the predicted value for the j-th observation, x; is the actual observed value for the i-

th observation, and n is the number of observations.

2. Mean Error (ME), which measures the model bias:

ME = % (i — xi) (4)

3. Standard Deviation of the Error (SDE), which measures the imprecision of the model:

1 . N2
SDE = \/E n L (yi—xi) (5)
4. Spearman Correlation (p), which provides a coefficient of correlation between two variables

based on ranks of observed and predicted values (Spearman, 1904). For each pair of variables,

the difference (d;) between the ranks of X; (observed) and Yi(predicted) is calculated:
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di= R(Xi)) - R(Y) (6)
where R(Xi) and R(Y;) represent the ranks Xj and Y;respectively. The Spearman correlation is then

derived as:

. 6y.d2i
n(n2-1)

p=1 (7)
where d;is the rank difference and n is the number of observations.
The Spearman correlation ranges from -1 to 1:

e p=1indicates a perfect monotonic increasing relationship,

e p=-1indicates a perfect monotonic decreasing relationship,

e p=0indicates no monotonic relationship between the variables.

These metrics were calculated for both the global and local QRF models.

5.2.6.1 SOC stock error propagation

Overall and field-specific errors in SOC stock estimates estimated were calculated trough
analytical error propagation, following the formula proposed for input data in soil models by Verra
VMO0042 standards (Verra, 2024). The error propagation was carried out on a validation dataset,
where the variance of ground truth observations and model predictions were used to estimate SOC
stock uncertainties.

First, the variance of model’s predictions, which reflects the spread of the predictions and how
much they deviate from the ground truth, accounting for any linear relationship between the errors
and observations, was calculated.

S?model = S2 (0bs— pred) = 2[s2model - cov(pred, obs)] (8)

where s?model is the variance of the model’s predictions, s? is the variance of the residuals, and
cov is the covariance between predictions and ground truth observations.

Second, the correlation coefficient between pairs of residuals was calculated:

_ cov(pred,obs)
P J(s2model)*(s2 observed)

(9)

Where the s?observed is the variance of the ground truth observations.
Finally, the variance of the differences, based on the variance of predictions, the variance of the
ground truth, and their correlation, was calculated:

Szmodel =2 Szmodel (1 - p) (10)
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5.2.7 Uncertainty analysis

The QRF model uses the information from terminal nodes to generate uncertainty estimates. This
allows for the mapping of lower and upper bounds for spatial predictions, such as a 90% prediction
interval (Pl), identified by the 5th and 95th percentiles (Arrouays et al., 2014; Heuvelink, 2014). The
Pl represents the range of values within which the true value is expected to fall 90% of the time. The
width of the Pl is calculated by subtracting the 5th percentile from the 95th percentile, which defines
the absolute uncertainty (Poggio et al., 2021). Narrow intervals indicate more reliable predictions,
while wider intervals suggest greater uncertainty (Kasraei et al., 2021). To evaluate the quality of
the prediction intervals, the Prediction Interval Coverage Probability (PICP) was calculated
(Lagacherie et al., 2019). The PICP represent the percentage of the validation dataset in which the
target variable fall within the PI.

PICP = ~¥76(li < obsi < ui) (11)

where § is an indicator function with a Boolean argument, in which 1 indicates TRUE and 0
otherwise. i and u; are the lower and upper bounds of the respective observation (obsj) in the
validation dataset.

For a 90% PI, a PICP of 0.9 suggests an accurate uncertainty assessment. If the PICP is higher than
0.9, it suggests overestimation of uncertainty, while a value lower than 0.9 indicates

underestimation.

5.2.8 Independent validation of single soil properties and SOC stock estimates

The purpose of independent validation is to test the model's robustness and reliability in
conditions where the data may differ significantly from the calibration (e.g. Garsia et al. 2023). Thus,
independent validation is performed to evaluate the QRF model on a completely new dataset that
was not used during the model development process (calibration, validation, or hyperparameter
tuning). The SOC concentration, sand, silt, clay, and BD have been independently validated. The
independent validation includes SOC concentration, sand, silt, clay, and BD. This external dataset
comes from two agricultural fields in Emilia Romagna, Field 48, and Field 49 (see Table 5.2). Soil
sampling was conducted using a systemic grid approach for Field 48 and random sampling for Field
49. Soil laboratory analysis, soil mapping, and linking soil sample locations with multisource data
were carried out as described in Sections 5.2.2.1, 5.2.2.2, 5.2.2.3, and 5.2.3, respectively. Once the

QRF model has been calibrated and validated internally, it is tested on the independent dataset.
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Performance metrics and uncertainties are calculated and compared with those obtained during

internal validation, as detailed in Sections 5.2.6 and 5.2.7.

5.2.9 Model accuracy and cost effectiveness.

To compare the cost-accuracy of the proposed PSS-based C accounting schemes using global
versus local models, a common physical soil sampling method, referred to here as the "compositing
scheme," was used as a benchmark. The compositing scheme involves stratification (with a
maximum of three strata per field) based on RS using SBSI S2 bands. The number of samples across
strata was optimized using the Neyman allocation method, with a maximum of 5 per field smaller
than 5 ha. Stratified simple random sampling was then used to collect soil aliquots, which were
bulked into composite samples, each composite consisting of one aliquot per stratum (compositing
across strata). The mean of each composite sample provided an unbiased estimate of the spatial
mean of the field. At each sampling point, two BD sub-samples were also taken. Samples
measurement and SOC stocks calculation was done as reported in Section 5.2.2.1. Averaging the
composite sample means resulted in the final estimate of the spatial mean.

The total costs of sampling, mapping, and laboratory analyses (Cr) was modeled for a subset of
22 fields (total area of 90.5 hectares) where sampling points were used only for model validation.
SOC stocks were calculated for both C accounting approaches. The costs were calculated using the
equation proposed by Viscarra Rossel and Brus (2018) as follows:

Cr=C+C (12)

where Cr represents the cost of fieldwork, and C. is the cost of laboratory analyses (Table 5.2).
Fieldwork costs comprise fixed costs (Cex) and variable costs (Cr). Cex include all preparations
necessary for a soil sampling or mapping campaign, such as organizing, packing, maintaining
equipment, loading sampling points onto GPS, reconnaissance field visits, and identifying sampling
sites. The Cry for the compositing scheme were calculated as the cost per sampling site multiplied
by the total number of sampling locations, while the Cy, is the cost of analyzing a composite sample,
multiplied by the number of composites. Ciy includes costs of sample preparation (drying, grinding,
and sieving) and analysis.

I”

Total costs for the PSS method were modelled similarly for both the “global” (mapping and
prediction model using global dataset) and “local” (mapping, precision sampling, laboratory analysis
of texture and SOC concentration, and prediction model using a local dataset) C accounting

approach. The Cr was modelled as Crx. However, variable costs consisted of two components: (a)
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the variable cost of sensing and model prediction, which is calculated per hectare (for both global
and local models), and (b) the variable costs of sampling and analysis, which include the costs per
sampling site plus the cost of sensing (local model).

The C. for sensing were modelled as the cost per calibration samples sent to the laboratory (Cical)
times the number of calibration samples.

The cost-efficiency of the different PSS-based C accounting methods was assessed by comparing
prediction models using local and global datasets for SOC stock estimation and comparing these
models against the compositing approach.

To evaluate the relative cost-efficiency (€) of a C accounting approach, we calculate the ratio of

Cr and associated uncertainty of SOC stock estimation:

_ Cra*RMSEa
"~ Crb*xRMSED

(13)

where Craand RMSE; represent the Crand inaccuracy involved in SOC stock estimation using a C
accounting scheme, and Ct, and RMSE,, represent Cr costs and inaccuracy involved in the alternative
approach. The compositing scheme was used as the reference C accounting scheme, while the
alternative designs were the sensing schemes using global or local models. When the relative cost-
efficiency (¢ was larger than one (> 1), the alternative sampling scheme was more cost-efficient
than the reference scheme. For the inaccuracy of the PPS-based SOC stock accounting approach,
the average value was used, and area-weighted RMSE (across the 22 fields) of the estimated mean
SOC stocks at the field level from the validation dataset. For the compositing scheme, the inaccuracy

was estimated by computing the RMSE for each field based on paired differences between the

composite mean and the average of the aliquots from that composite.
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Table 5.2 Breakdown of unitary (a) and total (b) costs in euro for soil sampling/sensing and laboratory analyses for the compositing
and the proximal sensing SOC stock accounting schemes (global model with mapping only and local model with mapping + precision

sampling).
a) Unitary costs b} Total costs
Sensing  Sensing Composite  Sensing Sensing
F global local H global local
Fltid £, O 100 100 100 Fixed cots, G 2,200 2,200 2,200
[per Field)
Fiedd mahile sendor § §
Fiald mobila
survey, Cre B0 &0 I MEBEE SEASA 7,240 7,240
suryey, Cre
|ewrha)
Subtote), Cr 2200 O A40 0,440
Fiedd cast 5
Fizld coat
{average per field)
Sail coring 63 27 Soi caring, 13ED 950
Balking of compasites 8 & Bulking of composites 184 81
BD sampling G63 B sarnpling 920
Transport i) =0 30 Transpart (2] GEQ GE0
Svhtotal, Cre 163 30 (] Subtatal, Cr. 3144 GEQ 1731
s :FF::,E;ET:; Proximal sail sensor
o past far da.ﬂ-u 16 16 fiser coat For data :Il::ud 353 352
deaning tleaning
Subdotal, Cra (per field) 16 16 Subtab), Cre 352 352
Laboratory
Labaratory
[per carmple)
Sample preparatian 30 30 Samgple preparation 2. 760 1,980
Dy weight [for bulk 5 5 Dry waeight (For bulk 460
deEndity] dengity]
Grawel 5 5 Gravel 460 60
Elermentar analyier 45 45 Elementar analyzer 4,140 2970
Texture 35 35
Subtatal, O a3 91 Subtetai, Cie 1200 2,310
Total cost 13, 164 10,452 16,473
Tatal [per ha) 145 115 1E2
Total {per Field) 508 475 7449

5.3 Results

5.3.1 Overall performance of QRF models using global and local datasets of single soil properties

The QRF models were run using combinations of PSS, RS, and auxiliary data as covariates for SOC

and texture (sand, silt, and clay) predictions, and the model prediction accuracy, based on RMSE,

was investigated. The model accuracy improved when all data sources (PSS, RS, and auxiliary data)

were used as covariates compared to models using covariates from a single data source (Tab. S4.1,

S4.2). When RS data were used as a covariate for SOC and clay predictions, improvements in RMSE

of 9.52% and 7.95% were observed for SOC and clay, respectively. However, RS data did not affect

the predictions of sand and silt. Regarding auxiliary data, soil type and textural class were identified

as most important covariates for SOC and soil texture prediction, respectively. Additional QRF model

tests were conducted by adding estimated clay from auxiliary data (regional and LUCAS) as a

covariate for SOC prediction. Running the QRF model with and without clay as a covariate for SOC
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prediction did not change the RMSE, which was 0.19% and 0.23% for regional and LUCAS datasets,
respectively. Likewise, using the estimated BD from the regional and LUCAS datasets as a covariate
did not improve the BD prediction. Instead, the observed SOC, sand, silt, and clay were used to build
the QRF BD model prediction.

Based on the percentage of variance explained, prediction models using the global dataset were
highly effective in explaining the variability of observed data for soil texture components (clay, sand,
and silt). The best goodness-of-fit was observed for clay (96.12%), followed by sand (94.93%), silt
(80.81%), SOC (68.66%), and BD (41.31%). In the global dataset used for validation, the RMSE of 3.18
% represented approximately 4.80% of the range of clay values (2.93 % to 69.57%), the RMSE of
5.75 % corresponded to approximately 6.60% of the range of sand values (2.36% to 90 %), and the
RMSE of 4.39 % related to approximately 7.50% of the range of silt values (4 % to 62.9 %). The
relative RMSEs indicate that the clay, sand, and silt models using the global dataset had a low error
compared to the variability in the observed clay, sand, and silt values, suggesting good model
predictive performance. In the validation dataset, the RMSE of 0.17 % represented about 9.70% of
the range of SOC values (0.50 % to 2.22 %), indicating that the model using the global dataset
performed well in predicting SOC values within the given range, with relatively small prediction
errors in the context of dataset variation. The RMSE of 0.11 g cm-3 represented approximately
20.6% of the range of BD values (1.00 g cm™3 to 1.54 g cm?3) in global validation dataset, suggesting
that the model had moderate predictive performance for BD.

SOC concentration and BD maps derived from models using global and local datasets are required
to calculate SOC stocks at 10 m resolution at a field scale. Table 5.3 summarizes the metrics for
calibration, validation and uncertainties of QRF models using global and local datasets for SOC, soil
texture, and BD predictions. The SOC concentration model using the global dataset showed better
calibration (explained variance of 68.66 %) and validation (Spearman’s correlation of 0.83)
performance than the BD model using the global dataset, which had an explained variance of 41.31
% and a Spearman’s correlation of 0.62. While model predictions using the global dataset were
consistent across fields, predictions using the local dataset differ depending on the field. The metrics
of the QRF model predictions (SOC, soil texture and BD) using the local dataset represent the
average values of all the fields used in this work (Table 5.3). The RMSE for SOC concentration model
calibrations using the local dataset ranged from 0.18 % to 0.30 %, with RMSE for the local validation
dataset ranging from 0.10 % to 0.30 %. The explained variance for the SOC model using the local

dataset ranged from 6.01 % to 49.48 %, with Spearman’s correlation ranging from 0.09 to 0.90 in
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model validation. The RMSE for clay calibration using the local dataset ranged from 6.12 % to 8.97
%, with RMSE for model validation varying from 4.25 % to 15.97 %. The explained variance of clay
prediction using the local dataset ranged from 78.25 % to 91.59 %, and Spearman’s correlation
ranged from 0.57 to 1. The RMSE for silt calibration using the local dataset ranged from 6.43 % to
9.38 %, and for silt local validation dataset, RMSE ranged from 5.33 % to 12.27 %. The explained
variance for silt ranged from 31.26 % to 81.22 %, with Spearman’s correlation ranging from 0.29 to
1. The RMSE for sand calibration using the local dataset ranged from 6.64 % to 13.57 %, with the
RMSE for model validation ranging from 2.51 % to 24.94 %. The explained variance for the sand
model using the local dataset ranged from 62.48 % to 91 %, and Spearman’s correlation of the
validation model ranges from 0.40 to 1. Lastly, the RMSE for BD calibration using the local validation
dataset ranged from 0.08 g cm3to 0.11 g cm3, with RMSE for the local validation dataset ranging
from 0.15 g cm3to 0.20 g cm3. The explained variance for the BD model using the local dataset
ranged from 10.36 % to 34.99 %, with Spearman’s correlation for local validation ranging from 0.14
to 0.63. The SDE of all predictors was higher for models using local dataset compared to the global
dataset.

The results indicated a significant improvement in model prediction performance when using the
local dataset. For 15 of the 45 fields in which the model using the local dataset was beneficial, the
SOC model using the local dataset improved the ME by 52.51% on average compared to the global
dataset model. The sand (26 out of 45 fields), silt (21 out of 45 fields), and clay (29 out of 45 fields)
models using the local dataset indicated an average ME improvement of 43.13%, 40. 87% and 46.
54%, respectively, compared to the global model dataset. The BD model (8 of 22 fields) using the
local dataset improved the ME by 57. 13% on average compared to the global model dataset. It is
worth mentioning that a direct comparison of error improvement between target variables was not
made, as the number of observations used in model predictions with the local dataset differed. The
uncertainties for models using the local dataset, presented in Table 5.3, represent the average value
for all fields used in this work. The sand, silt, clay and BD models using the local dataset exhibited
higher uncertainty than models using the global dataset. Only the SOC model using the local dataset
improved the uncertainty (reducing the PIW) by 8.02 % on average compared to the model using
the global dataset. The PIW of the SOC model using the local dataset ranged from 0.38 % to 0.62 %,
while the PICP ranged from 0.50 to 1. The clay model using the local dataset had a PIW ranging from
17.50 % to 32.87 % with a PICP ranging from 0.60 to 1. The PIW of the silt model using the local
dataset raged from 14.85 % to 23.26 %, and the PIW for the sand model ranged from 18.46 % to
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38.91 %. The PICP for silt and sand models using the local dataset ranged from 0.5 to 1. The PIW for
clay, silt, sand, and BD predictions using the local datasets was higher than the global models. SOC,
clay, and BD models using the global datasets showed higher PICP than those using the local dataset.
However, for silt and sand models, opposite was observed. For a 90% PI, the PICP of 0.9 indicated
accurate uncertainty assessment. The models (using both global or local datasets) tend to
overestimate the uncertainty of their predictions (PICP below 0.9). For example, the PICP for the
global clay prediction is 0.89 for a 90% prediction interval, meaning that 1% of the true values are

expected to fall outside the interval.

Table 5.3 Summary of the QRF model performance metrics for SOC, clay, silt, sand, and BD predictions using global and local dataset.
Note: RMSE= Root Mean Square Error, ME= Mean Error, SDE=Standard Deviation of the Error, PIW= Prediction Interval Width, PICP=
Prediction Interval Coverage Probability

Calibration Validation Uncertainty
RMSE % variance  ME RMSE SDE Spearman’s PIW PICP
explained Corr

SOC concentration global (%) 0.2 68.66 0.03 0.17 0.16 0.83 0.53 0.83
SOC concentration local (%) 0.22 24.76 0.01 0.21 0.21 0.43 0.52 0.82
Clay global (%) 3.52 96.12 -0.03 3.18 2.97 0.95 10.34 0.89
Clay local (%) 7.24 85.15 -1.64 8.02 6.19 0.93 24.31 0.82
Silt global (%) 4.93 80.81 0.05 4.39 4.15 0.89 10.50 0.75
Silt local (%) 8.02 60.92 -0.82 9.64 7.77 0.76 20.18 0.78
Sand global (%) 5.16 94.93 0.23 5.75 5.25 0.93 12.09 0.76
Sand local (%) 10.6 81.21 344 14.01 11.08 0.90 30.40 0.82
BD global (g cm3) 0.08 41.31 -0.02 0.11 0.11 0.62 0.16 0.70
BD local (g cm3) 0.09 22.68 -0.07 0.18 0.13 0.39 0.19 0.60

5.3.1.1 SOC concentration prediction using global and local dataset

The prediction of SOC using the local dataset showed better performance for SOC concentration
than the global dataset without precision sampling. The validation global dataset for the SOC model
consisted of 174 observations (30 % random data split from a total of 578 observations, Figure 5.6a,
b). On the other hand, the validation local dataset for the SOC model consisted of 10 observations
(20 % randomly split from a total of 53 observations used to build the local model, Figure 5.6 c, d).
It is worth noting that the SOC model using local dataset is represented by a field with similar metrics
to those in Table 5.3. The ME value of 0.03 suggests minimal bias in the SOC global model, indicating
good accuracy in capturing the central tendency of the SOC values. An RMSE of 0.17 % indicates that
the model has relatively small deviations from the observed values on average, suggesting a
reasonable fit and good predictive accuracy. The high Spearman correlation (0.83) indicates a strong
monotonic relationship between the observed and predicted SOC values. The SOC local model

metrics shown minimal bias (ME of 0.01 %), meaning the model is unbiased. Prediction errors are
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relatively moderate (RMSE of 0.21 %), suggesting moderate accuracy. For the SOC model using the
local dataset, the Spearman correlation averages 0.43 considering the 45 fields used. In Field18
(Piemontesyegion), the predicted SOC was the worst (Spearman correlation of 0.09), while the best
prediction was observed for Field46 (Spearman correlation of 0.90). For model prediction using the
global dataset, approximately 16.2% of observations fell outside the predicted range. In contrast,
for model prediction using local dataset, 10% of observations fell outside the interval, which is

consistent with the interval’s intended coverage.

25 1a) . b)
'
ME = 0.03 ! .
rd
RMSE = 0.17 L7
~20 Spearman’s corr = 0.83 R —
=] L) *
é °o;". - E’_\‘D, - nq
o . .‘_"; b O 1.5 | | Stat
o
S RLARaE 8 atus
T 1.5 ! ‘g.: A s Qutside
. e 1.0
o ‘f'ﬁ-.' & m *  Within
o - Mgttt * Q
o o s A
a 1. AR
0 Rtk B Oos
R .
ﬁ,’.
L4
0.5 > 0.0
0.5 1.0 15 2.0 2.5 30 60 80 120 150 180
Observed SOC (%) Observation Number
c © 20 1d)
21 ) - I
.
.
20 ME = 0.01 7
19 RMSE = 0.21 A 315
9 Spearman's corr = 0.43 L < ;
= , o
ol L o Status
o ’ 5]
% 17 | L4 i 3 1.0 Outside
4
g1s 1 4 5 *  Within
B 2 2
. .
a'’s L Oos
.
1.4 .
AR .
13 L.7 00
-
13 14 15 16 1.7 18 19 20 2.1

Observed SOC (%)

1 2 3 4 5 6 7 8 g 10
Observation Number

Figure 5.6 SOC QRF model predictions using global and local datasets. Figures 6a and 6¢ show the observed vs. predicted values for
the global (a) and local (c) validation dataset, including the root mean square error (RMSE), model mean error (ME), and Spearman’s
correlation. Figures 6b and 6d present the observed SOC values with a 90% prediction interval (Pl) for the global (b) and local (d)
validation dataset; observed values within the 90% Pl are shown in black, while those outside the Pl are highlighted in orange.

5.3.1.2 Bulk density prediction using global and local dataset

The prediction of BD using the local dataset demonstrated worse performance compared to
predictions using the global dataset without precision sampling. Among the fields considered, only
two (Field13 and Field18) showed a positive percentage of explained variance, while the remaining
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fields exhibited negative percentages. Since a negative percentage of explained variance reflects a
poorly performing model for bulk density predictions, the performance metrics of the BD prediction
using the local dataset are represented by the average of Field13 and Field18 (Table 5.3). The
validation global dataset for the BD model comprised 37 observations (20 % randomly split from a
total of 187 observations, Figure 5.7 a and b). In contrast, the local validation dataset of the BD
model consisted of 6 observations (20 % randomly split from a total of 32 observations used to build
the local model, Figure 5.7 c and d). For the global dataset, the RMSE of 0.11 g cm™ represents a
moderate error relative to the mean BD value (1.27 g cm™). The model also showed a moderate
positive Spearman correlation (0.62) between the predicted and observed BD values. The global
model's mean error (ME) was -0.02 g cm™3, indicating relatively low bias. In contrast, BD model using
local dataset exhibited higher bias, with an ME of -0.07 g cm™3, and an RMSE of 0.18 g cm™3,
indicating greater deviations from the observed mean BD value (1.26 g cm™). The Spearman
correlation for the local model was lower, at 0.39, reflecting weaker predictive performance.
Furthermore, approximately 29.7% of observations fell outside the predicted range for the global
dataset, whereas 66.67% of observations fell outside the predicted range for the local dataset. This
indicates that the global model provides a more reliable prediction of BD compared to the local

model.
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Figure 1 BD QRF model predictions using the global and local datasets. Figures 7a and 7c present the observed vs. predicted values
for the global (a) and local (c) validation dataset, including the root mean square error (RMSE), model mean error (ME), and
Spearman’s correlation. Figures 7b and 7d present the observed BD values with a 90% prediction interval (Pl) for the global (b) and
local (d) validation dataset; observed values within the 90% Pl are shown in black, while those outside the Pl are highlighted in orange.

5.3.2 Field-level estimates results of single soil properties.

A summary of the results of the field-level estimates of SOC concentration, soil texture (sand, silt,
and clay), and BD using global and local datasets are presented in Tables 5.4, 5.5 and 5.6,
respectively. The use of local dataset generally produced narrower underestimations for maximum
SOC content at field level and slightly overestimated the average SOC, whereas with the global
dataset the SOC field average was underestimated. Overall, the local predictions performed better
in capturing the SOC range compared to the global model. The SOC field level estimates using the
global dataset ranged from 0.64% to 1.75%, with an average of 1.26%, while the observed SOC
ranged from 0.54% to 2.00%, with an average of 1.27% (Tab. 5.4). The application of the global
dataset overestimated the minimum SOC by 0.10%, underestimated the maximum SOC by 0.25%,
and underestimated the average SOC by 0.01%. In contrast, SOC field level estimates using the local
dataset ranged from 0.77% to 1.82%, with an average of 1.30%. The minimum SOC prediction using

the local dataset was overestimated by 0.23%, like the global dataset. The maximum SOC prediction
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was also underestimated, but with a smaller magnitude (0.18%) compared to the global dataset.
Unlike the global dataset, the average SOC prediction using the local dataset was overestimated by
0.03%.

BD field level estimates using both datasets showed overestimation for the minimum BD values,
with the local dataset exhibiting a larger bias. Maximum BD predictions were underestimated in
both cases, and average BD predictions were slightly overestimated, with nearly identical
magnitudes. Measured BD values ranged from 0.95 g cm™3 to 1.44 g cm™3, with an average of 1.21 g
cm™3 (Tab. 5.5). Field-level estimates using the global dataset ranged from 1.15 g cm™3to 1.42 g
cm™3, with an average of 1.25 g cm™3. The minimum and average BD predictions were overestimated
by 0.21 gcm™ and 0.05 g cm™3, respectively, while the maximum prediction was underestimated by
0.02 g cm™3. Field-level estimates using the local dataset showed similar trends, with the minimum
BD overestimated by 0.25 g cm™3, a higher bias than the global dataset. The maximum BD prediction
was underestimated by 0.02 g cm™3, while the average BD prediction of 1.26 g cm™3 showed an
overestimation of 0.051 g cm™3, like the global dataset.

Sand estimates at field level using global and local datasets were underestimated for the
maximum sand content, with the local dataset showing a larger bias. The use of the global dataset
overestimated the average sand content, while with the local dataset it was underestimated.
Minimum sand predictions were consistent between the two datasets. Observed sand values
ranged from 3.25% to 88%, with an average of 23.45% (Tab 5.6). Field level estimates using the
global dataset ranged from 2.75% to 87.82%, with an average of 24.17%. While the minimum and
maximum predictions were underestimated by 0.50% and 0.28%, respectively, the average was
overestimated by 0.71%. Field level estimates using the local dataset showed a minimum sand value
consistent with the global dataset (2.75%). However, the maximum sand prediction (85.85%) was
underestimated by 2.15%, a higher bias than the global dataset. The average sand prediction using
the local dataset (22.51%) was underestimated by 0.94%.

Silt estimates at field level using both datasets overestimated the minimum and average silt
values, with higher biases observed in the local dataset. Maximum silt values were underestimated
in both cases, with the local dataset showing greater bias. Observed silt values ranged from 5.20%
to 60.93%, with an average of 43.61% (Tab. 5.6). Field level estimates using the global dataset were
overestimated for the minimum and average silt values by 0.40% and 0.12%, respectively, and
underestimated for the maximum by 1.56%. Field level estimates using the local dataset were

overestimated for the minimum and average silt values by 0.80% and 0.50%, respectively, which

168



were larger than the global dataset. The maximum silt prediction (57.56%) was underestimated by
3.37%, a larger bias compared to the global dataset.

Clay estimates at field level using both datasets overestimated the minimum clay content and
underestimated the maximum and average values. The local dataset exhibited higher biases for
minimum and average clay predictions but a lower bias for the maximum clay prediction compared
to the global dataset. Observed clay values ranged from 3.30% to 62.55%, with an average of 32.94%
(Tab. 5.6). Field level estimates using the global dataset overestimated the minimum clay by 3.11%
and underestimated the maximum and average values by 2.96% and 1.18%, respectively. Field level
estimates using the local dataset overestimated the minimum clay by 3.86% and underestimated
the maximum and average clay values by 2.57% and 1.85%, respectively. While the minimum and
average biases were higher for the local dataset, the maximum clay prediction bias was lower than

that of the global dataset.

Table 5.4 Results of QRF model predictions of the SOC concentration (%) using global and local datasets for each field. Next to the SOC
predicted value is the mean error (ME).

Field SOC (%) measured SOC (%) predicted
Global dataset ME Local dataset ME

Field1 1.23 1.18 0.04 1.18 0.04
Field2 1.34 1.42 -0.09 1.39 -0.05
Field3 1.31 1.31 0.01 1.48 -0.16
Field4 1.32 1.33 -0.002 1.31 0.01
Field5 1.28 1.29 -0.01 1.34 -0.06
Field6 1.44 1.32 0.12 1.32 0.12
Field7 1.30 1.34 -0.05 1.33 -0.03
Field8 1.09 1.14 -0.05 1.16 -0.06
Field9 1.34 1.25 0.09 1.33 0.01
Field11 1.07 0.95 0.12 1.10 -0.03
Field13 1.39 1.39 0.00 1.40 -0.02
Field14 1.72 1.73 -0.01 1.76 -0.04
Field15 1.33 1.31 0.02 1.38 -0.04
Field16 1.92 1.72 0.20 1.82 0.10
Field17 1.14 1.27 -0.13 1.24 -0.10
Field18 1.76 1.72 0.04 1.49 0.27
Field20a 1.07 0.99 0.07 1.14 -0.08
Field20b 0.84 0.89 -0.05 1.01 -0.17
Field21a 0.71 0.93 -0.22 0.92 -0.22
Field21b 0.54 0.64 -0.10 0.77 -0.23
Field22a 1.13 1.28 -0.14 1.28 -0.14
Field22b 1.23 1.29 -0.06 1.30 -0.07
Field23 0.82 1.09 -0.27 1.05 -0.23
Field24 1.42 1.65 -0.23 1.46 -0.04
Field25 1.37 1.49 -0.12 1.37 0.00
Field26 1.30 1.28 0.02 1.30 0.00
Field30 0.82 0.88 -0.06 0.88 -0.06
Field32 1.50 1.40 0.10 1.46 0.04
Field33 1.31 1.22 0.09 1.35 -0.05
Field34 1.55 1.35 0.20 1.48 0.07
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Field36
Field37
Field38
Field39
Field40
Field42a
Field42b
Field43a
Field43b
Field44a
Field44b
Field45a
Field46b
Field47a
Field47b

1.23
1.33
0.83
0.73
0.95
141
1.33
1.40
1.47
1.57
1.54
1.70
2.00
0.97
1.08

1.22
1.23
0.83
0.84
0.88
1.22
1.29
142
1.45
1.53
1.54
1.66
1.75
0.90
1.04

0.01
0.10
0.00
-0.10
0.07
0.19
0.04
-0.02
0.02
0.04
0.00
0.04
0.25
0.07
0.04

1.21
1.23
0.85
0.89
1.04
1.37
1.38
1.49
1.50
1.54
1.53
1.63
1.71
1.01
1.12

0.02
0.10
-0.02
-0.16
-0.09
0.04
-0.05
-0.09
-0.03
0.03
0.01
0.07
0.29
-0.04
-0.04

Table 5.5 Results of QRF model predictions of the BD (g cm-3) using global and local datasets for each field. Next to the BD predicted
value is the mean error (ME).

Field BD (g cm=3) measured BD predicted (g cm3)
Global dataset ME Local dataset ME

Fieldl - 1.15 - 1.24 -
Field2 - 1.14 - 1.28 -
Field3 - 1.21 - 1.28 -
Field4 1.32 1.24 0.09 1.24 0.08
Field5 1.20 1.24 -0.04 1.27 -0.07
Field6 1.24 1.24 0.00 1.27 -0.03
Field7 1.23 1.23 0.00 1.25 -0.02
Field8 1.26 1.23 0.03 1.25 0.01
Field9 1.41 1.23 0.18 1.29 0.13
Field11 1.40 1.41 -0.02 1.30 0.10
Field13 1.27 1.34 -0.08 1.35 -0.08
Field14 1.19 1.19 0.00 1.19 0.00
Field15 1.29 1.15 0.13 1.26 0.03
Field16 1.29 1.19 0.10 1.28 0.01
Field17 1.15 1.16 -0.01 1.23 -0.08
Field18 1.31 1.27 0.04 1.29 0.02
Field20a 0.96 1.23 -0.27 1.23 -0.27
Field20b 1.07 1.21 -0.15 1.21 -0.15
Field21a 1.09 1.41 -0.31 1.23 -0.14
Field21b 1.22 1.41 -0.19 1.23 -0.02
Field22a 1.10 1.22 -0.12 1.24 -0.14
Field22b 1.10 1.20 -0.10 1.21 -0.11
Field23 - 1.23 - 1.23 -
Field24 1.10 1.19 -0.09 1.25 -0.15
Field25 0.95 1.17 -0.22 1.25 -0.30
Field26 - 1.19 - 1.24 -
Field30 - 1.41 - 1.27 -
Field32 - 1.39 - 1.30 -
Field33 - 131 - 1.28 -
Field34 - 1.34 - 1.29 -
Field36 - 1.41 - 1.28 -
Field37 - 1.22 - 1.22 -
Field38 - 1.35 - 1.27 -
Field39 - 1.34 - 1.34 -
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Field40 1.44 1.42 0.02 1.42 0.02

Field42a - 1.21 - 1.28 -
Field42b - 1.21 - 1.28 -
Field43a - 1.22 - 1.31 -
Field43b - 1.22 - 1.29 -
Field44a - 1.24 - 1.24 -
Field44b - 1.24 - 1.24 -
Field45a - 1.20 - 1.26 -
Field46b - 1.17 - 1.29 -
Field47a - 1.39 - 1.39 -
Field47b - 1.39 - 1.39 -

Table 5.6 Results of QRF model predictions of the sand (%), silt (%) and clay (%) using global and local datasets for each field. Next to
the sand, silt and clay predicted value is the mean error (ME).

Field Sand (%) Sand predicted Silt Silt predicted Clay (%) Clay predicted
measured (%) (%) (%) measur (%)

Global Local measuGlobal Local ed Global Local

dataset ME  dataset ME red dataset ME dataset ME dataset ME dataset ME
Fieldl 17.00 13.91 3.09 14.21 2.79 60.93 53.64 7.28 55.29 5.64 22.08 3496 -5.87 27.95 -12.89
Field2 19.13 11.59 7.54 16.43 2.70 59.08 53.71 5.36 53.57 550 22.03 34.63 -8.87 30.90 -12.60
Field3 13.34 16.91 -3.57 1237 0.97 54.38 57.85 -3.48 57.56 -3.18 32.28 26.06 7.05 25.23 6.22
Field4 3.40 2.75 0.65 2.75 0.65 34.05 43.87 -9.82 44.29 -10.24 62.55 53.74 3.31 59.24 8.81
Field5 3.25 2.83 0.42 295 030 36.70 43.46 -6.75 38.71 -2.01 60.05 53.71 1.71 5834 6.34
Field6 3.40 3.33 0.07 3.00 0.40 42.71 4431 -159 4589 -3.18 53.89 51.77 291 5098 212
Field7 25.14 20.16 4.98 12.95 12.20 42.76 37.91 4.85 4521 -2.45 32.10 35.00 -1.98 34.07 -2.91
Field8 14.83 22.36 -7.52 10.27 4.57 50.81 42.14 8.67 45.70 5.11 3436 31.79 1.64 3271 2.57
Field9 7.17 17.11 -9.94 889 -1.73 55.14 40.79 14.36 47.14 8.00 37.69 36.86 1.74 3595 0.83
Field11 41.21 48.50 -7.29 38.23 299 4271 4136 136 4570 -298 16.07 16.50 1.45 14.62 -0.43
Field13 61.61 74.71 -13.10 65.81 -4.20 25.82 14.79 11.04 25.74 0.08 12,57 9.50 0.00 12.57 3.07
Field14 8.86 12.92 -4.06 11.69 -2.83 47.43 51.50 -4.07 53.55 -6.12 43.71 37.58 9.41 3429 6.13
Field15 15.71 11.91 3.80 11.57 4.14 38.93 52.63 -13.70 51.79 -12.86 45.36 35.95 14.64 30.71 941
Field16 13.04 11.89 1.14 12.50 0.54 46.79 52.27 -5.48 49.52 -2.73 40.18 37.29 2.86 37.32 2.89
Field17 10.71 12.10 -1.39 13,53 -2.83 52.34 53.62 -1.28 52.38 -0.04 36.96 36.26 0.04 36.91 0.69
Field18 52.58 20.93 31.64 19.17 33.40 39.88 53.10 -13.22 53.29 -13.41 7.54 9.77 0.38 7.16 -2.23
Field20a 14.77 31.21 -16.45 17.50 -2.73 55.27 41.65 13.62 44.79 10.48 29.96 26.93 1.82 28.14 3.04
Field20b 12.73 15.29 -2.55 17.89 -5.16 53.82 56.16 -2.34 5343 0.39 3345 26.96 11.75 21.70 6.49
Field21a 31.15 45.58 -14.43 38.74 -7.59 49.76 41.80 7.96 43.61 6.15 19.08 14.67 2.53 16.54 4.41
Field21b 32.60 46.84 -14.24 3421 -1.62 51.36 41.68 9.68 41.83 9.52 16.05 17.61 -2.72 18.77 -1.56
Field22a 12.50 4.99 7.51 7.09 541 4163 3409 7.54 33.89 7.74 4587 56.89 -6.33 52.20 -11.01
Field22b 10.20 7.18 3.02 8.43 1.77 4471 3525 9.46 35.09 9.62 4512 57.27 -8.92 54.04 -12.15
Field23 4.64 21.05 -16.41 15.76 -11.12 55.54 39.80 15.73 46.18 9.36 39.82 34.89 -0.27 40.09 4.93
Field24 9.64 12.14 -2.50 10.27 -0.62 49.11 51.18 -2.07 53.57 -4.46 4125 37.11 6.73 3452 4.14
Field25 18.60 12.73 5.86 13.71 4.88 46.31 51.36 -5.05 52.61 -6.30 3510 36.39 0.40 34.70 -1.30
Field26 7.39 7.45 -0.06 544 195 4295 43.64 -0.69 43.76 -0.81 49.65 49.23 0.70 48.95 0.43
Field30 60.98 48.50 12.48 54.17 6.80 33.05 36.65 -3.60 38.02 -497 598 11.06 -1.22 7.20 -5.08
Field32 46.20 50.60 -4.40 49.30 -3.10 50.50 39.65 10.85 40.70 9.80 3.30 9.26 -5.60 8.90 -5.96
Field33 46.40 33.99 12.41 39.37 7.03 44.93 59.36 -14.44 5493 -10.00 8.68 9.28 -0.41 9.08 -0.60
Field34 53.53 52.30 1.23 52.30 1.23 37.88 38.57 -0.70 38,50 -0.63 853 890 -1.46 9.98 -0.37
Field36 49.94 51.60 -1.66 51.60 -1.66 4150 39.62 1.88 40.70 0.80 858 9.19 -0.74 9.32 -0.61
Field37 8.49 4.78 3.70 8.14 0.34 51.57 50.10 1.47 47.14 4.43 3994 4470 -5.89 4584 -4.76
Field38 48.77 42.62 6.15 55.42 -6.65 32.85 3691 -4.06 2042 1243 18.38 1949 292 1547 -1.10
Field39 48.23 40.53 7.71 34.64 13.59 30.94 38.86 -7.92 41.87 -10.93 20.82 22.03 -1.09 2191 -1.21
Field40 88.00 87.72 0.28 85.85 2.15 520 560 -040 6.00 -0.80 6.80 641 -0.36 7.16 0.39
Field42a 10.73 16.34 -5.61 16.00 -5.27 46.21 52.61 -6.40 53.42 -7.20 43.06 26.43 25.66 17.40 16.63
Field42b 9.57 16.28 -6.71 1191 -2.34 47.34 55.81 -8.47 53.57 -6.23 43.09 27.01 24.31 18.78 16.07
Field43a 8.21 5.60 2.62 535 286 35.06 3401 105 3363 142 56.73 5836 -1.58 58.31 -1.63
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Field43b 6.50 7.03 -0.53 5.76 0.74 34.07 34.04 0.04 3505 -0.98 59.43 59.59 -0.55 59.98 -0.16

Field44a 3.69 4.19 -0.50 4.43 -0.74 33.83 42.77 -8.94 47.03 -13.20 62.49 53.86 3.63 58.86 8.63
Field44b 6.57 3.98 259 437 220 33.41 4462 -11.21 45.58 -12.16 60.01 53.25 2.80 57.22 6.76
Field45a 10.76 11.75 -1.00 10.81 -0.06 46.10 53.80 -7.70 48.89 -2.79 43.14 37.63 3.60 39.54 551
Field46b 14.59 13.33 1.26 13.27 132 52.37 51.84 0.53 53.63 -1.26 33.04 34.82 -1.04 34.08 -1.78
Field47a 39.13 44.51 -5.38 43.74 -4.61 39.74 39.59 0.15 35.27 447 2113 19.25 0.68 2045 1.88
Field47b 30.54 43.47 |—12.93 41.29 -10.74 44.93 39.70 5.22 36.63 830 2453 19.56 3.68 20.84 4.97

5.3.3 Field level SOC stock estimates using QRF applied to global and local dataset

SOC stocks were calculated using SOC concentration and BD predictions derived from the QRF
model. These stocks were computed at a 30 cm soil depth at the field scale with a resolution of 10
m. SOC stock values estimated using predicted values from the global dataset across 22 fields ranged
from 28.75 t ha™ to 65.36 t ha™!, with an average of 46.82 t ha™. Similarly, SOC stocks calculated
using the local dataset ranged from 28.66 t ha™ to 70.10 t ha™, with an average of 48.55 t ha™. The
minimum SOC stock estimates derived from the global and local datasets differed by only 0.09 t
ha™", whereas the maximum SOC stock estimated by the local dataset was 4.74 t ha™ higher than
that of the global dataset.

SOC stock estimates using the global dataset had a 90% prediction interval (Pl) ranging from 29.37
t ha™ (lower bound) to 72.31 t ha™ (upper bound), which captured the observed average SOC stock
value of 45.33 t ha™. However, the wide prediction interval width (PIW) of 42.94 t ha™" indicated
high uncertainty in the SOC stock estimates. The prediction interval coverage probability (PICP) of 1
suggested that the uncertainty was slightly overestimated.

SOC stock estimates using the local dataset for the 22 fields had a 90% PI ranging from 33.53 t
ha™ to 75.06 t ha™, representing the range in which SOC stocks were expected to fall with 90%
confidence. The observed average SOC stock of 45.33 t ha™ fell within this range, but the average
PIW of 41.53 t ha™ still indicate high uncertainty. A PICP of 0.95 suggested that the local model
slightly underestimated the uncertainty in SOC stock predictions. Figure 5.8 illustrates the SOC stock

estimates derived from the global and local datasets compared to the observed values.
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Figure 5.8 Scatter plots of observed versus predicted SOC stocks using the global (8a) and local (8c) model dataset. The lower and
upper bounds represent uncertainties quantified by the QRF model using the 5th and 95th quantiles. PIW refers to the prediction
interval width, and PIPC represent the prediction interval coverage probability. Fig 8b and 8d illustrate observed SOC stock values with
a 90% prediction interval (Pl) for the global (b) and local (d) model dataset, where values within the 90% Pl are shown in black, and
those outside the Pl are shown in orange.

5.3.3.1 50C stock error propagation

The uncertainty in SOC stock estimation was measured using the standard deviation (SD). Table
5.7 presents the field-level average SOC stock and the corresponding SD for 22 fields, calculated
using both global and local datasets. Error propagation (SD) for the SOC stock estimate was
determined by considering the SD of SOC concentration and BD, from which SOC stock was derived.
The average SOC stock estimated using the global dataset was 46.82 t ha™' with an SD of 10.26 t
ha™, indicating a relative error of 22.90% within the model predictions. Similarly, the SOC stock
estimated using the local dataset had an average of 48.55 t ha™ with an SD of 8.64 t ha™,

corresponding to a relative error of 19.25% within the model predictions.

173



Table 5.7 Results of QRF model predictions of the SOC concentration (%) and BD (g cm-3) using global and local datasets for 22 fields.

Next to the SOC and BD predicted value is the standard deviation (SD). On the right site, the SOC stock estimated derived from SOC

concentration and BD using global and local datasets are presented with their corresponding SD.

Field SOC (%) SOC (%) predicted BD (g cm-3) BD predicted (g cm-3) SOC Stock  SOC stock (t ha-1) estimated
measured measured Measured (t
Global SD Local SD Global SD Local SD ha-1) Global SD Local SD
Field4 1.35 133 0.05 130 0.11 1.32 1.24 0.06 1.24 0.08 53.49 49.22 3.07 48.17 4.91
Field5 1.2 1.23 0.09 133 0.08 1.20 1.24 0.07 1.25 0.08 43.17 45.72 4.34 45.82 3.90
Field6 1.33 1.32 0.17 131 010 1.24 1.24 0.07 1.28 0.05 51.51 49.22 7.03 50.22 4.39
Field7 1.35 134 032 135 015 1.23 1.23 0.11 1.28 0.08 50.14 49.77 12.66 51.83 6.75
Feld8 1.25 1.14 020 1.25 0.12 1.26 1.23 0.11 1.26 0.07 47.26 46.08 9.06 47.26 5.46
Field9 1.23 1.25 031 135 010 141 1.23 0.08 1.28 0.09 57.26 4535 11.64 51.83 5.35
Field11 1.11 1.09 0.36 1.15 0.23 1.40 1.42 0.07 132 0.08 46.15 46.37 15.63 45.86 9.64
Field13 0.99 1.02 043 1.03 035 1.27 1.42 0.10 1.40 0.10 37.61 43.39 1851 43.17 15.01
Field14 1.72 1.73 0.21 1.77 0.16 1.19 1.20 0.09 1.19 0.10 61.43 62.23 8.93 63.27 7.93
Field15 1.41 1.27 032 135 0.21 1.29 1.15 0.10 1.26 0.09 53.80 4398 11.82 50.95 8.81
Fieldl6 1.98 155 031 1.82 0.22 1.29 1.19 0.10 1.28 0.06 76.70 55.47 12.08 70.10 9.05
Field17 1.12 1.26 034 1.24 0.24 1.15 1.16 0.10 1.23 0.08 38.52 43.85 1247 46.52 9.33
Field19 1.83 1.77 020 1.51 024 131 1.26 0.08 1.29 0.09 71.95 66.28 8.79 58.27 10.29
Field20a 1.13 1.03 0.19 1.12 0.21 0.96 1.23 0.09 1.23 0.12 31.59 38.10 7.65 41.41 8.61
Field20b 0.88 09 0.27 098 030 1.07 1.21 0.09 1.21 0.10 27.97 32.69 10.25 35.62 11.40
Field21a 0.64 0.59 0.28 0.99 030 1.22 1.41 0.09 1.24 0.08 23.39 39.40 18.68 37.00 11.36
Field21b 0.65 0.95 0.31 0.67 032 1.09 1.40 0.10 1.21 0.08 21.35 28.39 944 24.37 11.88
Field22a 1.06 133 0.20 131 0.20 1.10 1.23 0.05 1.20 0.10 35.45 4890 7.76 47.13 8.13
Field22b 1.35 137 0.13 138 0.20 1.13 1.20 0.04 1.18 0.09 46.00 49.30 5.09 48.62 7.86
Field24 1.42 1.65 0.23 1.46 0.20 1.10 1.19 0.09 125 0.12 46.87 58.95 9.29 54.72 9.10
Field25 1.37 149 0.29 137 0.25 0.95 1.17 0.10 1.25 0.10 38.97 5230 10.92 51.27 10.29
Fieldd0 0.78 091 0.24 112 0.24 144 1.42 0.08 142 0.10 33.38 38.69 10.61 47.56 10.67
5.3.4 Independent field-level validation of estimates for single properties

An independent validation of the estimates for SOC concentration, sand, silt, clay, and BD

predictions was conducted in two new fields (Field48 and Field49) to evaluate the performance of

the QRF models under previously unseen conditions using global and local datasets. Figures 5.9 and

10 illustrate the SOC predictions for these fields.

For Field48, the observed SOC field average was 1.21%. The SOC prediction based on the global

dataset had a field average of 1.30% with an RMSE of 0.30%, while the local dataset yielded a field

average of 1.22% with an RMSE of 0.29%. The 90% confidence interval for SOC predictions in Field48,

based on the global dataset, ranged on average from 0.95% to 1.98% (Figures 5.9a and 5.9c). In
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contrast, the local dataset produced narrower lower and upper bounds, averaging from 0.44% to
0.61% (Figures 5.9a and 5.9c).

For Field49, the observed SOC field average was 1.34%. The global dataset predicted an average
SOC of 1.28% with an RMSE of 0.10%, while the local dataset provided a slightly higher average SOC
prediction of 1.32% with an RMSE of 0.08%. The global dataset's 90% confidence interval for SOC
predictions spanned from 0.91% to 1.96% on average (Figures 5.9e and 5.9g), whereas the local
dataset's predictions fell within a narrower range, averaging from 1.08% to 1.71% (Figures 5.9e and

5.9g).

Lower bound Median Upper bound
5t quantile 50t quantile 95t quantile
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Figure 5.9 Independent SOC concentration (5) predictions using the global dataset at 10 m resolution. The lower bound (5th quantile)
is shown in panels (a) and (e), the median (50th quantile) in panels (b) and (f), and the upper bound (95th quantile) in panels (c) and
(g) for Field48 and Field49, respectively. The regular sampling grid used for the independent validation of estimates is displayed in
panels (d) and (h).
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Figure 5.10 Independent SOC concentration (%) predictions using the local dataset at 10 m resolution. The lower bound (5th quantile)
is shown in panels (a) and (d), the median (50th quantile) in panels (b) and (e), and the upper bound (95th quantile) in panels (c) and
(f) for Field48 and Field49, respectively. Panels (d) and (h) display the 3-point sample locations derived from precision sampling for
Field48 and Field49.

Figures 5.11 and 5.12 show the BD predictions for the two fields (Field48 and Field49) based on
the global and local datasets. For both fields, observed BD data were unavailable. The average BD
prediction for Field48 is estimated at 1.19 g cm™3 using the global dataset and 1.22 g cm™3 using the
local dataset. In Figures 5.11a and 5.11c, the lower and upper bounds of BD prediction for Field48
using the global dataset range from 1.01 g cm=3to 1.36 g cm™ for a 90% confidence interval. For the
same field, the lower and upper bounds of BD prediction using the local dataset range from 1.10 g
cm™3t0 1.35 g cm™3 (Figures 5.12a and 5.12c).

For Field49, the average BD predictions using the global and local datasets are 1.22 g cm™3 and
1.32 g cm™3, respectively. The lower and upper bounds for BD prediction using the global dataset
(Figures 11d and 11f) range from 1.09 g cm™3 to 1.37 g cm~3, while the local dataset estimates the
bounds from 1.10 g cm™3 to 1.40 g cm™3 (Figures 5.12d and 5.12f).
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Figure 5.11 Independent BD global predictions (g cm3) at 10 m resolution, showing the lower bound as 5th quantile (a, d), median as
50th quantile (b, e) and upper bound as 95th quantile (c, f) for Field48 and Field49.

177



Lower bound Median Upper bound
5th quantile 50* quantile 95t quantile

a)

0,0, -3
PARAPRPRXS (g cm?)
Figure 5.12 Independent BD local prediction (g cm3) at 10 m resolution, showing the lower bound as 5th quantile (a, d), median as
50th quantile (b, e) and upper bound as 95th quantile (c, f) for Field48 and Field49.
5.3.4.1 SOC stock independent validation

The SOC stock was calculated using the SOC and BD predictions from the global and local datasets
at the field scale, with a 10 m resolution, for independent fields. Figures 5.13 and 5.14 show the SOC

stock field distribution calculated by using the global and local model dataset respectively.

178



Lower bound Median Upper bound
5t quantile 50th quantile 95th quantile

P ®P® PP RSP (thal)

d) | eI f|

i
I

k.

TR RS (thal)

Figure5.13 SOC stock calculations (t ha ) at a 30 cm soil depth and 10 m resolution using the global SOC and BD prediction, showing
the lower bound as 5th quantile (a, d), median as 50th quantile (b, e) and upper bound as 95th quantile (c, f) for Field48 and Field49.
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Figure 5.14 SOC stock calculations (t ha'l at 30 cm soil depth at 10 m resolution using the local SOC and BD prediction, showing the

lower bound as 5th quantile (a, d), median as 50th quantile (b, e) and upper bound as 95th quantile (c, f) for Field48 and Field49.
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5.3.5 Cost- accuracy effectiveness

Table 5.8 presents the relative cost-efficiency (€) values of 1.03 for the SOC stock accounting
approach using the PSS-based global dataset and 1.46 for the local dataset. These values, based on
the overall cost for the 22 fields, indicate that both PSS schemes are more cost-efficient than the
compositing sampling scheme (the reference design), as the effectiveness is greater than 1. When
comparing the two PSS schemes, the local dataset proves to be more cost-efficient than the global
dataset. It is important to note that the RMSE values used in the calculations are area-weighted for

the 22 fields.
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Table 5.8. Relative cost-efficiency (¢) of the proximal sensing SOC stock accounting approach using the compositing sampling scheme
as the reference designs for the 22 fields used for validation (total area of 90 hectares)

SOC stock accounting approach Total costs (euros) Area weighted Effectiveness
RMSE (Mg SOC hal) (€)
Composite 13,164 € 7.8 -
PSS-based global dataset 10,452 € 9.48 1.03
PSS-based local dataset 16,473 € 4.28 1.46

5.4 Discussions

5.4.1 Using global and local QRF models for SOC stock estimation

Accurate SOC stock estimation enables better-informed decisions on soil management and CF
initiatives. This study calibrated and validated QRF models, using multisource data (PSS, RS, and
auxiliary data) as covariates to predict SOC concentration, soil texture, and BD using both global and
local datasets.

Global models were calibrated on large datasets representing diverse soil conditions across
Northern Italy (Emilia Romagna, Piemonte, Lombardy and Veneto). The integration of PSS, RS, and
auxiliary data significantly enhanced prediction accuracy compared to using covariates from a single
data source, as detailed in the Supplementary Material. Using PSS data alone, SOC concentration
was predicted with an RMSE of 0.24%. Incorporating estimated SOC concentration and soil type
auxiliary data (from regional databases or form LUCAS) alongside PSS data, RMSE was reduced to
0.21%. Further, combining PSS, auxiliary data, and RS data (Sentinel-2 bands like SBSI B4, B12)
improved prediction accuracy, achieving an RMSE of 0.19%. For clay content prediction, PSS data
alone resulted in an RMSE of 8.47%. Adding estimated clay and textural class auxiliary data to PSS
data reduced the RMSE to 3.52%. Integrating PSS, auxiliary, and RS data further improved clay
prediction accuracy, achieving an RMSE of 3.24%. These results demonstrate that RS data enhances
model performance and prediction accuracy. The model's performance metrics showed strong
accuracy for SOC concentration predictions, with an R? of 0.75 and an RMSE of 0.17%. Predictions
for soil texture were even more robust, achieving excellent performance with R? values of 0.97 for
clay (RMSE = 3.18%), 0.95 for sand (RMSE = 5.75%), and 0.83 for silt (RMSE = 4.39%). However, the
model struggled to predict BD, which exhibited poor performance with an R? of 0.36 and RMSE of
0.11 g cm™3. PSS techniques, especially Vis-NIR spectroscopy and EC measurements, were critical for

assessing soil properties that influenced SOC stocks. Reyes and LieR (2023) underscored the critical
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role of PSS data in achieving high spatial and temporal resolution monitoring of SOC at the field
scale. Moreover, coupling PSS with RS and ML algorithms provided a cost-effective alternative for
large-scale SOC mapping (Majumdar et al., 2022), while increasing model accuracy (Kok et al., 2024).
For example, Kok et al. (2024) combined proximal NIR spectroscopy, Sentinel-2 RS data, and deep
learning techniques to predict soil texture and SOC content with R? > 0.80. Similarly, Li et al. (2023)
achieved R? = 0.83 for SOC concentration prediction in Australian soils by integrating MIR
spectroscopy, RS, and ML approaches. At lager scale, Van der Voort et al. (2023) demonstrated the
potential of the SoilCASTOR method to estimate SOC stocks in U.S. arable fields at a 10-m spatial
resolution, reporting SOC stock values ranging from 19 to 55 t C ha™. These findings collectively
highlight the potential of integrating PSS and RS data for accurate and efficient SOC stock estimation.
However, some limitations remain. For instance, in Gholizadeh et al. (2018) and Van der Voort et al.
(2023), while Sentinel-2 RS data effectively mapped SOC and clay variability, it performed less
accurately for silt and sand content, underscoring the need for further refinement in integrating PSS
and RS for soil property assessments.

Global models, once calibrated, offer an efficient approach for large-scale SOC mapping, as they can
be applied to new locations without additional calibration. However, their ability to capture local
variations in soil properties is limited, particularly in areas underrepresented in the calibration
dataset (Poggio et al., 2021). In contrast, local models tailored to specific fields using precision
sampling strategies better account for soil variability, leading to more accurate predictions. In this
work, the model performance was significantly improved when the local dataset was used for QRF
model SOC concentration prediction, yielding an R?= 0.60 and RMSE 0.09% for Field9 (1.7 ha) and
an R%= 0.51 and RMSE 0.08% for Field25 (5.1 ha) using 3 measurements derived from precision
sampling. Moreover, Yuzugullu et al. (2024) applied a precision sampling approach, that combined
spectral-temporal soil heterogeneity detected via Sentinel-1 and Sentinel-2 imagery to evaluate SOC
prediction models across croplands at 10 m resolution. Their findings revealed that model
performance varied with field size and sampling density. For example, a 4.2-ha field in Switzerland
with 33 measurements yielded an R? of 0.76 and a mean absolute prediction error (MAPE) of 2.9%
and a field near Paris, France (7.5 ha) with 32 measurements achieved R? values of 0.95 with
corresponding MAPE values of 7.4% emphasizing the role of dense, targeted ground measurements
in improving accuracy. Although SOC concentration predictions obtained with the QRF model had a
lower model accuracy than Yuzugullu et al. (2024) it is important to point out that our approach

used few measurements to build the QRF local model, which makes it more cost-efficient.
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However, building local models can be time-consuming, requiring separate calibration and
validation for each field. They also risk overfitting due to smaller dataset sizes, as reflected in this
study in higher RMSE values for soil texture and BD predictions in local validation dataset compared
to local calibration dataset. For instance, RMSE values for clay, silt, sand, and BD were respectively
of 8.02%, 9.64%, 14.01%, and 0.18 g cm™ in the validation dataset compared to 7.24%, 8.02%,
10.6%, and 0.09 g cm~3 in calibration. Notably, SOC concentration predictions were an exception,
with slightly lower RMSE values in validation than calibration datasets, indicating that dataset size
and representativeness are critical to model performance.

For instance, Luca et al. (2017) found that reducing the calibration dataset size from 216 to subsets
of 14-144 samples led to performance declines, with different regression techniques requiring
between 29 and 115 samples to match full dataset results. Similarly, Ramirez-Lopez et al. (2014)
showed that smaller calibration datasets increased prediction errors for clay content, underscoring
the importance of sufficient dataset size to capture soil variability. Adeniyi and Maerker (2024)
demonstrated that a 10-m resolution offered the best balance between detail and performance for
soil type classification in Lombardy, Italy, highlighting the significance of selecting the optimal spatial
resolution for covariates to ensure accurate model predictions. These findings emphasize the trade-
offs between the broad applicability of global models and the precision of local models. High-
resolution SOC stock estimates derived from ML models are essential for driving process-based
models like RothC (Coleman and Jenkinson, 1996), which require accurate initial SOC stock inputs
to simulate SOC stock changes under different management scenarios. The integration of these
high-resolution estimates with RothC facilitates field-scale SOC stock monitoring and management,
enabling more precise assessments of the impact of agricultural practices (Sulman et al., 2018).
While the development of local models can be resource-intensive, their ability to capture fine-scale
spatial variability makes them invaluable for site-specific SOC stock predictions. In contrast, global
models, though less precise, remain effective for large-scale SOC stock estimations, providing a
broader perspective that can complement the detailed insights offered by local models. Together,
these approaches form a complementary framework, balancing the need for precision at the field
scale with efficiency at regional or global scales, and supporting improved decision-making for soil

management and CF.
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5.4.2 Importance of building robust local dataset and equipping the SOC stock accounting with

precision sampling

In soil science, sub-setting and spiking are common localization methods. Local calibration datasets
often result in models with poor generalization, highlighting the importance of selecting a restricted
number of samples (Brown et al., 2005). Spiking involves re-calibrating a model using a global
dataset, augmented with weighted local samples (Gogé et al., 2014.; Guy et al., 2015). This study
uses the subsetting method with the KS approach to select a sample subset from a global dataset
based on proximal (EC, IR, IR/Red) and RS (SBSI from Sentinel-2 bands) covariates at the field scale.
While this approach identifies highly dissimilar samples, it may limit the model's exposure to
broader data, reducing its robustness (Tessarolo et al., 2014). Consequently, models based on local
datasets may not represent all field conditions effectively, leading to variable model performance
across different fields. Nevertheless, our results indicate a 14.57% improvement in RMSE of the
SOC stock predicted using the local dataset compared to the model using the global dataset. Recent
advances in transfer learning and domain adaptation, which transfer knowledge from global
datasets to local settings (Viscarra Rossel et al., 2024), suggest the potential for leveraging these
methods for precision soil sampling.

Precision soil sampling targets areas with significant spatial variation, enhancing the efficiency and
accuracy of data collection. In this study, expert knowledge determined three soil samples per field,
and the cLHS design was used to select samples that represent the multidimensional feature space
defined by proximal soil sensing (EC, IR, IR/Red) and RS data (SBSI from Sentinel-2 bands 4, 8, 11,
12) (Wadoux et al., 2019; Xia et al., 2024). The cLHS method ensures well-distributed sampling,
minimizing bias and avoiding over-sampling areas with similar soil properties (Brungard and
Boettinger, 2010; Minasny and McBratney, 2006). Combining local datasets and field-specific soil
data for model calibration improved model performance across various fields. For example, the
model for SOC concentration, sand, silt, clay, and BD showed a decrease in ME of 36.36%, 63.63%,
43.18%, 52.27%, and 30.77%, respectively. This improvement may be influenced by the SBSI input
data, and the thresholds used to distinguish bare soil from other areas, which are crucial for
precision soil sampling. Additionally, multi-temporal composite images with adequate lengths are
essential to avoid vegetation cover during satellite passes (Castaldi, 2021; Zhou et al., 2021). For
fields where subsetting and precision sampling were beneficial, the SOC model using a local dataset
showed a 52.51% improvement in error compared to the global dataset model. Similarly,

improvements of 43.13%, 40.87%, and 46.54% were observed for sand, silt, and clay models,
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respectively, and BD showed a 57.13% improvement when local dataset were compared to global
dataset. Although the number of observations and fields differed across models, the results
highlight the significant impact of precision sampling on model performance. Precision agriculture
can also benefit from high-resolution (10 m) local dataset models, enabling the creation of soil maps
for variable-rate fertilization strategies. Accurate SOC and soil texture maps generated using local
models enhanced with PSS could improve the accuracy of nitrogen analytical approaches for
determining the optimal fertilizer application rates at the field level. This precision in nitrogen
management can help farmers enhance nitrogen use efficiency, leading to a reduction in fertilizer-
induced N,O emissions from soils (Wu and Ma, 2015). Furthermore, the cost-efficiency of the PSS-
based local dataset (e = 1.46) for SOC stock accounting is superior to the compositing sampling
scheme and PSS-based global dataset (e = 1.03), making it an important tool for precision

fertilization.

5.4.3 Uncertainty and cost-accuracy of SOC stock estimates using the PSS-based approach.

QRF models offer the significant advantage of quantifying prediction uncertainty, making them
particularly valuable for SOC stock estimations, which inherently exhibit high spatial and temporal
variability. By using QRF, 90% prediction intervals can be obtained rather than single-point
estimates, which is advantageous when dealing with the heterogeneous nature of soils (Poggio et
al., 2021; Rudiyanto et al., 2016; Vaysse and Lagacherie, 2017). The PIW for clay, silt, sand, and BD
in models using global datasets were narrower than those in models using local datasets, except for
SOC. Narrow intervals represent lower uncertainty in model predictions, while wider intervals
indicate greater uncertainty (Kasraei et al., 2021). For a 90% PI, a PICP of 0.9 suggested accurate
uncertainty assessment. Except for the SOC model using local dataset (which has narrower Pl than
the global dataset model), models using local datasets for texture (clay, silt, sand fractions) and BD
show wider Pls than global models. Wider prediction intervals suggest that models using local
datasets were less confident in their estimates compared to global ones. This may arise from limited
data, a narrower range of input variables, the quality of covariates, or the local model's inability to
capture complex relationships. Indeed, uncertainty predictions tend to be higher when fewer
observations were used in model prediction (Heuvelink et al., 2021). Only clay prediction intervals
obtained with the global QRF ML model provided a realistic representation of prediction uncertainty
(PICP = 0.89). The SOC and BD models, whether using global or local datasets, overestimate

prediction intervals. All target variables had values with large spread considering the PICP of 0.9. A

185



large PICP spread inconsistent uncertainty estimation. Moreover, uncertainties were not uniformly
distributed across predictions, meaning the model performs better in some fields and worse in
others.

The accuracy of models using global or local datasets highlights the potential of predicted clay
content as an input variable for soil carbon models like RothC. While clay predictions are not
perfectly accurate, the associated errors (RMSE of 3.18% for global datasets and 8.02% for local
datasets) have minimal impact on overall SOC sequestration estimates, provided that other input
variables remain constant. Precision sampling effectively reduces uncertainty by capturing local variability,
leading to more accurate model predictions. Models based on global datasets offer scalability at a lower
cost but tend to propagate uncertainty, making them less effective for precise local predictions. A
balance between uncertainty reduction and scalability can be achieved by integrating approaches:
using global datasets for broader applicability while applying precision sampling at the field scale to
fine-tune model accuracy.

This finding has notable cost implications, suggesting that precision sampling efforts could prioritize
SOC and clay content measurements over BD sampling. Given that errors in clay content predictions
remain within an acceptable range, this approach optimizes resource allocation while maintaining
reliable input data for soil carbon models. To optimize resource allocation in CF programs, scenario
analyses should be conducted to identify the most effective approaches for clay and SOC stock
accounting, considering factors such as field size (in hectares) and spatial soil variability (Bradford
et al., 2023). SOC stock estimation, calculated as the product of SOC concentration and BD at 30 cm
depth, was found to be sensitive to BD variability. BD predictions from global and local datasets had
RMSE values of 0.11 g cm™ and 0.18 g cm™3, respectively, introducing considerable uncertainty in
SOC stock estimates. For 22 fields, intra-field variability in SOC stock was 22.31 t ha™" with global
models and 14.81 t ha™ with local models, demonstrating that BD is a key source of variability. Our
results show that using the global and local datasets, 48.85 % and 37.09% of the overall SOC stock
estimate uncertainty is attributed to BD error. Prior studies (De Vos et al., 2005; Goidts et al., 2009)
reported similar challenges, with indirect BD estimates resulting in errors of up to 36% in SOC stock
calculations, and random measurement errors contributing up to 40% uncertainty (Zhou et al.,
2019). Improving BD predictions is therefore critical for enhancing the reliability and cost-
effectiveness of SOC stock estimations. Strategies to improve BD prediction accuracy include
incorporating additional covariates, such as soil moisture and land management practices, or

employing advanced PSS technologies like gamma-ray spectroscopy or Vis-NIR spectroscopy for
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indirect estimation. If BD prediction accuracy improves sufficiently to achieve an RMSE of 2 for SOC
stock (that would represent an 5 % of uncertainty over the 70 Mg SOC ha measured value in our
90 hectares mapped), the cost-to-accuracy ratio of local SOC stock accounting approaches could
increase significantly (e.g. from 1.5 to 3.1), making them far more viable for large-scale
implementation in CF and soil monitoring programs.

Uncertainty in SOC stock predictions were accounted for using the 5" and 95" quantiles generated
by the SOC and BD QRF models (Figure 5.6). Both global and local datasets used for SOC stock
estimation yielded wide prediction intervals, with the local dataset model showing slightly narrower
PI (section 5.3.3). Other studies have also pointed out the issue of high prediction uncertainty in
SOC stock estimation, which prohibits the detection of SOC stock changes (Heuvelink et al., 2021;
Szatmari et al., 2019). In this work, wide prediction intervals in SOC stock estimation using the QRF
model were directly influenced by uncertainties in SOC concentration and BD estimations. In
addition, the PICP of models using global and local datasets suggested an underestimation of
uncertainty. A wide prediction interval reflects low confidence in identifying the actual value,
indicating significant uncertainty in SOC stock estimates. These results align with other studies,
where over-optimistic probabilistic predictions occurred when the QRF model underestimated
uncertainty (Kasraei et al.,, 2021; Szatmari and Pdsztor, 2019). Practically, wide intervals and
underestimated uncertainty reduce the usability of SOC stock estimates, as they provide less precise
information, which is critical for C accounting. The local model’s consistency and low error
propagation variability provided reliable average predictions at the field scale. For two independent
validation fields in the Emilia Romagna region, results of this study indicated an average intra-field
variability of estimated values of 9.83 t ha? and 11.18 t ha™l, respectively for models using global
and local dataset. These differences suggested that local datasets provide a more nuanced
understanding of SOC stocks within fields, while global datasets are more generalized. Although the
intra-field variability observed in these validation fields is better than that estimated by the model
used to calibrate the data, further testing in other unknown soil conditions with larger intra-field
SOC stock variability is needed to assess the scalability of the proposed method. The SOC stock
estimate depends on the margin of error, the scale of SOC stock verification, and the actual C
sequestration value of a practice. The average area-weighted error (RMSE) of 4.28 Mg SOC hafor
the model using the local dataset suggests that current measurements or re-measurements using
PSS are not reliable for assessing C sequestration in most eligible CF practices in croplands. Given

that the average SOC stock sequestration rate, when cover crops and minimum tillage are adopted
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(the most widely adopted practice in CF programs), is around 0.5 t C ha year?, in five-year CF
programs (the minimum duration under CRCF EU regulation) would result in 2.5 tons sequestered
that is much lower than our area-weighted error (RMSE) of 4.28 Mg SOC. If we scale up this CR
removal potential to the average farm size of Emilia Romagna (50 hectares) this would mean being
able to measure and verify an amount of C sequestered at the farm level of 200 tons C. The RMSE
of 4.28 Mg SOC makes it challenging to detect small-scale changes in SOC stock, such as the 2.5 tons
of C sequestered over 5 years at the farm level raising the issue of scaling up the approach. When
re-measuring to track changes over time in SOC stock and the RMSE is large relative to the amount
of C expected to be sequestered, detecting changes will require frequent and precise measurements
to reduce the error. However, propagating uncertainty and calculating C sequestration at a finer
resolution may help reduce the margin of error by increasing sample point estimates. If cost-
effective, PSS could be used to monitor C removals at a larger scale, though cost-effectiveness needs
to be evaluated across multiple fields and hectares.

ML models are powerful predictive tools, but achieving high accuracy often incurs higher costs.
Balancing accuracy with associated costs is crucial (Smith et al., 2020). The cost-accuracy tradeoff
reflects the relationship between the data required to develop an ML model and the level of
predictive performance. In general, larger datasets yield more accurate predictions but also incur
higher costs, as seen with global models. Instead, local models provide acceptable accuracy at
reduced costs. In the context of SOC stock accounting using PSS-based global and local datasets,
both schemes are more cost-efficient than compositing sampling. However, the PSS-based local
dataset is more cost-efficient than the global dataset. The cost and accuracy of spectral sensing
technologies for lab analysis could further reduce costs, and improvements in data quality for QRF
model calibration and better sampling strategies (e.g., more field maps and stratified sampling)
could reduce costs for local SOC stock accounting, enhancing cost-accuracy ratios for CF programs
and improving scalability for C quantification methodologies.

The uncertainty analysis suggests that QRF model predictions require improvement. Increasing
sample density and improving covariate data quality can narrow prediction intervals and yield more
reliable field-scale predictions (Heuvelink et al., 2021; Szatmari et al., 2019). Incorporating
additional relevant covariates, such as land management history, can reduce unexplained variability
in SOC and BD, leading to more precise predictions. For instance, Abramoff et al. (2022) emphasized
the need to include land management as a covariate to capture SOC dynamics in croplands. Other

approaches, such as Bayesian (Li et al., 2022) or Monte Carlo (Padarian et al., 2022; Verra, 2024)
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could also be considered for SOC stock uncertainty estimates. Monte Carlo uses a probabilistic
approach where each input variable is assigned a probability distribution based on observed data.
It handles multiple input uncertainties simultaneously, allowing for an assessment of total
uncertainty in SOC stock variability. Kakhani et al. (2024) demonstrated how conformal prediction
can correct prediction intervals from ML regression models. Although these techniques focus on
uncertainty estimation, integrating soil process information into ML models is essential for
improving their reliability and achieving higher accuracy (Minasny et al., 2024).

A higher spatially dependent accuracy of the proposed PSS-based SOC stock accounting approach,
combined with an integrated smart sampling strategy to minimize the number of samples required
for local calibration (e.g., clustering fields under similar pedo-climatic and management conditions,
such as crop rotation or tillage practices), could significantly enhance the overall precision and cost-
effectiveness of the hybrid sampling and modeling approach for crop residue estimates. Reducing
uncertainty in model inputs at finer spatial scales is particularly beneficial, as it minimizes errors
when crop residue estimates are performed across larger scales.

Future research should focus on conducting scenario analyses to evaluate the cost-effectiveness
and error propagation associated with implementing CF programs of varying sizes and under diverse
initial soil conditions. Such studies would be instrumental in refining SOC estimation methods to

ensure scalability and reliability in real-world applications.

5.5 Conclusions

Advances in soil sensing technologies, machine learning algorithms, and precision sampling
strategies have significantly improved the ability to predict SOC stocks. On-the-go PSS technologies,
such as VIS-NIR spectroscopy and EC sensors, enable the collection of high-resolution data, which
supports the prediction of soil properties required for SOC stock estimation. Integrating PSS data
with RS information and auxiliary data as covariates in QRF global models has proven particularly
effective for predicting key soil properties.

In this study, the QRF model using global datasets demonstrated good to excellent performance in
predicting SOC concentration and soil texture (clay, silt, and sand). However, when applied to
estimate BD based on measured soil properties such as SOC concentration and soil texture, the
model showed poor performance, highlighting BD as a critical challenge in SOC stock accounting.
The novelty of this work lies in developing and testing a cost-effective C accounting framework to

estimate SOC stocks at a 10 m resolution at the field scale. This framework utilizes the QRF model
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with multisource covariates and minimal ground measurements, defined through precision
sampling. By emphasizing site-specific calibration, the QRF model with a local dataset achieved
accurate SOC stock predictions (RMSE of 4.28 Mg SOC ha) with a relative error of 19.3%, while
maintaining cost-efficiency. Our findings demonstrate that the SOC stock accounting approach using
the local dataset is more cost-effective than using both a compositing sampling scheme (reference
design) and the global dataset.

Nevertheless, the uncertainty in SOC stock estimation using the local dataset exceeded 10%, making
the measure or re-measure approach using PSS unreliable for accurately assessing SOC
sequestration under typical CF practices in croplands. Despite this limitation, the QRF model using
local data effectively predicted soil variables with a high spatial resolution (10 m), potentially
supporting applications such as precision fertilization. These high-resolution predictions facilitate
the design of smart fertilization strategies for crops in rotation, potentially reducing N,O emissions.
The QRF model's accurate predictions of clay content and SOC stock show promise as input variables

for soil C models like Roth-C, further advancing C accounting and precision agriculture strategies.
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Supplementary Material

Table S5.1 Summary of various SOC prediction models using proximal sensing (PS) data, auxiliary data such as soil type (ST), and soil
organic carbon estimates (SOC_EST). The SOC_EST values were derived using geographic matching, which relates point SOC
observations to raster SOC estimated values. For SOC observations classified under accuracy levels 2 (moderate) or 3 (low), the nearest
SOC estimated value with accuracy 1 (high) was used as the final SOC_EST value. Sentinel-2 SBSI (Synthetic Bare Soil Image) bands
utilized include B2, B3, B4, B8, B11, and B12.

Model Name RMSE Pearson's  Spearman's
Corr Corr
PS 0.24 0.73 0.76
PS+ST+ SOC_EST geographic matching 0.2 0.81 0.82
PS+ST + SOC_EST field average 0.19 0.84 0.86
PS+ST + SOC _EST accuracy 1 0.21 0.81 0.83
PS+ST+ SOC_EST geographic matching + Sentinel 6 bands 0.19 0.83 0.84
PS+ST+ SOC geographic matching + Sentinel 3 bands 0.2 0.82 0.84
PS+ST+ SOC_EST field average + Sentinel 6 bands 0.19 0.84 0.85
PS+ST+ SOC_EST field average + Sentinel 3 bands 0.19 0.83 0.84
PS+ST+SOC_EST accuracy 1 + Sentinel 6 bands 0.19 0.84 0.85
PS+ST+ SOC_EST accuracy 1 + Sentinel 3 bands 0.19 0.83 0.85
Sentinel 6 bands 0.25 0.72 0.68
Sentinel 3 bands 0.26  0.67 0.66
ST+ SOC_EST geographic matching + Sentinel 6 bands 0.23 0.76 0.77
ST +SOC_EST geographic matching + Sentinel 3 bands 0.24 0.73 0.74
ST+ SOC_EST field average + Sentinel 6 bands 0.21 0.8 0.8
ST +SOC_EST field average + Sentinel 3 bands 0.22 0.78 0.78
ST+ SOC_EST accuracy 1 + Sentinel 6 bands 0.23 0.77 0.77
ST +SOC accuracy 1 + Sentinel 3 bands 0.24 0.74 0.76
PS+ST+ Sentinel 6 bands 0.24 0.8 0.81
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Table S5.2 Summary of various soil texture prediction models using proximal sensing (PS) data, auxiliary data such as the textural
class (TC), Clay, Silt and Sand estimated, and Sentinel-2 SBSI.

Model Name RMSE Pearson's Spearman's
Corr Corr
PS 8.47 0.88 0.86
PS+TC+ CLAY_EST 3.52 0.98 0.97
PS+TC + CLAY_EST+SENTINEL 3.38 0.98 0.97
TC + CLAY_EST +SENTINEL 4.05 0.97 0.96
SENTINEL DATA ONLY 9.86 0.84 0.83
PS+TC+CLAY_EST+ B8, B11, B12 3.24 0.98 0.97
PS+TC+ B8, B11, B12 4.00 0.98 0.96
PS+TC+SAND_EST 4.52 0.97 0.94
PS+TC+SAND_EST+SENTINEL 4.75 0.97 0.95
TC+SAND_EST+SENTINEL 5.39 0.96 0.94
SENTINEL DATA ONLY 13.01 0.76 0.78
PS+TC+SAND_EST+ B8, B4, B11 4.78 0.97 0.95
PS+TC+ B8, B4, B11 5.44 0.96 0.94
PS+TC+SILT_EST 4.52 0.84 0.86
PS+TC+SILT_EST+SENTINEL 4.64 0.82 0.86
TC+SILT_EST+SENTINEL 4.75 0.81 0.84
SENTINEL DATA ONLY 7.64 0.41 0.50
PS+TC+SILT_EST+ B3, B2, B4 4.66 0.82 0.85
PS+TC+ B3, B2, B4 4.80 0.80 0.84
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Chapter 6




General conclusions

Marta Bertola




This thesis addresses the urgent need for sustainable agricultural practices to make operational
measurable and verifiable C removals as temporary soil C sequestration for climate change
mitigation, to support soil quality improvement, and ultimately contribute to farm climate
resilience. By integrating experimental, analytical, and modeling approaches across diverse cropping
systems and scales, this research explores operational CF strategies and advances state-of-the-art
knowledge on soil economy opportunities for farmers and the agro-food sector. Through a multi-
faceted approach spanning systemic agronomic solutions and advanced MRV tools, the findings
highlight the potential of tailored CF initiatives to achieve climate and agricultural sustainability
goals. The outcomes provide actionable insights into the design, implementation, and scalability of
CF practices, while addressing key challenges and opportunities in operationalizing CF strategies.

The major conclusions are summarized as follows:

SOC sequestration and soil quality in perennial systems (Chapter 2)

The cultivation of novel Miscanthus hybrids on marginal lands offers a promising approach to
transforming underutilized landscapes into productive systems that contribute to SOC
sequestration and biomass production. Over four years, an average SOC sequestration rate of 0.43
Mg SOC ha™ y™ was observed, though this varied significantly with previous land use and site
conditions, highlighting the role of soil stoichiometry in SOC dynamics. While Miscanthus cultivation
provided a reliable biomass supply for bio-based industries, site-specific challenges, including
nutrient imbalances—particularly K and N deficiencies—and negative impacts on soil physical
quality were noted. However, targeted nutrient management could mitigate these issues, sustaining
long-term productivity and soil health. This study underscores that longer cultivation periods are

critical to fully realizing the soil quality improvements and C sink potential of perennial systems.

Measurable and verifiable net climate and agronomic benefits in industrial tomato supply
chain through CarbonFarming-done-right (Chapter 3)

Carbon Farming (CF) practices co-developed for the industrial tomato supply chain—including
diversified crop rotations, winter cover crop integration, reduced tillage, and integrated residue and
organic nutrient management—demonstrated significant environmental and economic benefits.
Key findings over a 2-year crop rotation span include: 1) increased SOC stocks on an equivalent soil
mass basis of approximately +1.25 Mg SOC ha™'y™"; 2) enhanced stable SOC fractions (MAOM-C) by
+3 Mg ha™ over 2.5 years; 3) and improvements in soil health indicators, such as MBC, nutrient

cycling, and aggregate stability.
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Although GHG emission reductions were relatively modest (-0.1-ton CO,e ha™") compared to the
baseline—primarily due to residue incorporation and machinery use—optimized management
strategies have the potential to further minimize trade-offs and amplify net climate benefits.

The integration of digital tools into a hybrid sampling and modelling quantification approach (aka
MRV approach) of C removals, including hybrid remote sensing (RS)-based models and smart soil
sampling strategies, minimized uncertainties in C removal estimates against real farm dynamic
baseline and ensured compliance with certification standards like the EU CRCF and Verra protocols.
These tools demonstrated high accuracy:

- Time series SOC stock estimation: RMSE = 3.19 Mg ha™, RE = 1%, ME = 0.95, and R> = 0.95.

- SOC stock change (ASOC) estimation: RMSE = 3.73 Mg ha™", RE = -153%, ME = 0.20, and R? =

0.34.

- Relative uncertainty of ASOC estimations was 4.74% across the entire project area.
Furthermore, high-resolution spatial data from proximal soil sensors could offer opportunities to
enhance model initialization and validation through smart soil sampling strategies, improving
accuracy and scalability.

The MRV tool enabled the development of a scalable framework for monitoring, reporting and
verifying carbon credit generation at farm scale. Overall, per LCF 17.7 carbon certificates (measured
as net temporary carbon removal certifiable units in ton CO,e ha™) over a wheat-maize rotation
were generated, passed the accuracy and uncertainty test and thus verified according to standards
required by certification bodies. Preliminary economic assessments of this certificates confirmed
the financial viability of the CF practices adopted. If issued and priced in VCM these units would
correspond to a net farm income of approximately €92 ha™ year™, covering around 97% of
implementation costs when co-benefits were included. However, the study emphasized the
importance of addressing risks such as carbon leakage and the need to balance economic returns
with operational costs to enhance the credibility and long-term sustainability of CF programs.

Overall, these results underscore the potential of CF practices to improve the sustainability of
industrial tomato supply chains in northwestern Italy, while aligning with decarbonization goals of

agri-food industries and the increasing confidence of their Scope 3 reporting.

Microbial Mechanisms Driving SOC Stabilization (Chapter 4)
The microbial processes underpinning SOC stabilization are pivotal for optimizing long-term C

storage and sustaining soil fertility. This study demonstrated that incorporating crop residues with

197



stoichiometrically balanced nutrient supplementation significantly enhances microbial biomass,
activity, and humification efficiency, leading to higher stabilization of SOC in mineral-associated
fractions (+0.68 mg C gt of MAOM-C over 3-month incubation). Microbial metabolic processes, such
as the microbial-C-pump, play a critical role in ensuring long-term SOC storage, particularly in soils
with lower initial fertility. In contrast, imbalanced nutrient availability or poor soil conditions can
drive microbial mining of native SOM, reducing stabilization efficiency. Organic fertilizers proved
especially effective in promoting microbial growth and SOC stabilization, offering a sustainable
alternative to mineral fertilizers. Although targeted nutrient additions may lead to higher soil
emissions (+70% compared to the control), the corresponding increase in SOC sequestration
efficiency per unit of N input (+0.1 mg C g™ over the 3-month incubation) suggests that, if the overall
CO,-equivalent C balance results in a net climate benefit through C removals, this strategy holds
significant potential to achieve the dual goals of Carbon Farming: climate mitigation and soil health
improvement. These findings emphasize the importance of integrating the understanding of
microbial processes and targeted nutrient management into CF frameworks to maximize SOC

stabilization and enhance soil functionality to support crop yield.

Advances in SOC stock accounting with a proximal soil sensing-based regional and ML-based
prediction model to support soil C modelling and precision agriculture.

This study calibrated ad validated a cost-effective SOC stock accounting approach that integrates
on-the-go proximal soil sensing (PSS), remote sensing technologies, precision sampling strategies,
and machine learning models (QRF). The accounting approach leverages a QRF prediction model for
key properties for SOC stock calculation based on a regional dataset or a local dataset supported by
smart sampling. The accounting approach provided high-resolution (10 m) SOC stock maps, which
serve as critical spatial input data for soil C modeling in order to reduce error propagation across
scales. By achieving a favorable cost-accuracy ratio (e = 1.46) compared to traditional composite
sampling approaches, this methodology demonstrates added value in carbon accounting
applications when C removals needs be quantified and verified in large scale CF programs. Accurate
clay content estimations (RMSE of 3.18%) for indirect BD estimates enhanced the reliability of SOC
stock predictions (area-weighted RMSE of 4.28 Mg SOC ha), highlighting the potential of these
maps in reducing error propagation in soil C modeling and improving the efficiency of CF initiatives.

Despite uncertainties in SOC stock estimation (19.3% relative error) are exceeding 10% of the

validation dataset due to actual limitations in bulk density (BD) predictions via PS, the proposed
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accounting framework remains a robust tool for MRV applications in CF programs. It might support
accurate and spatially explicit soil C model initialization and contemporary support the deployment
of precision fertilization strategies that optimize nutrient management, thereby reducing fertilizers-
related soil GHG emissions. This integrated approach aligns with the broader goals of carbon farming

by enabling smarter fertilization and promoting sustainable agricultural practices.

Overarching Insights and Contributions

This research highlights the multifaceted nature of CF systems, where success depends on
integrating agronomic practices, technological innovations, and policy alignment to achieve climate
and agricultural sustainability goals. Diverse pathways to SOC sequestration were identified, with
perennial systems like Miscanthus offering stable biomass feedstocks and contributing to SOC
storage, while annual systems, such as industrial tomato production, present opportunities to
incorporate CF practices into existing supply chains. Tailored, site-specific management approaches
are essential, as SOC dynamics and soil quality outcomes are strongly influenced by soil properties,
previous land use, and local constraints. Additionally, addressing microbial processes and nutrient
cycling enhances SOC stabilization while mitigating environmental risks, such as GHG emissions and
nutrient imbalances.

The adoption of advanced hybrid MRV approach —integrating remote sensing, proximal soil
sensors, and biogeochemical models—improves the accuracy, reliability, and scalability of CF
initiatives, facilitating their integration into voluntary carbon markets or Scope 3 reporting for
agrifood-sector. Crucially, establishing robust specific baselines is essential to accurately quantify
the impacts of CF practices to avoid any under crediting or over crediting situation across a supply
chain if a biased standardized baseline is chosen. The data presented in this thesis are derived from
field- and farm-scale monitoring and verification, often accompanied by reported estimation
uncertainties, which reflect the real-world challenges of measuring and verifying C removals
certificates. However, balancing trade-offs—such as field emissions from CF practices, nutrient
depletion, and uncertainties in SOC accounting—remains critical to optimize outcomes and build
confidence in CF initiatives. Economic feasibility remains a cornerstone for scaling CF practices, with
carbon credits serving as a key incentive for adoption. Nonetheless, economic benefits must be
carefully balanced against risks, certification costs, and potential trade-offs to ensure long-term
viability. Future research should prioritize addressing gaps in BD prediction, refining long-term SOC

sequestration assessments, and enhancing MRV systems. By aligning with certification standards
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and fostering stakeholder collaboration, CF practices can be effectively scaled and integrated into
climate finance mechanisms, driving progress in the soil carbon economy.

This thesis advances the broader vision of carbon farming as a cornerstone of sustainable
agriculture and climate mitigation by delivering operational and scalable agronomic solutions aimed
at decarbonizing the agrifood sector. It provides a pathway for the development and validation of
locally relevant, cost-effective, and scalable MRV tools that ensure measurable and verifiable
outcomes, unlocking economic and environmental opportunities for farmers and agrifood
stakeholders. Importantly, the thesis underscores the need to fully assess the cost-effectiveness and
uncertainties associated with MRV digital solutions and the carbon removal estimates they produce
at both farm and project scales. Such assessments are essential for supporting the transition toward
climate-neutral and climate-resilient farming systems. By addressing critical knowledge gaps—from
the impacts of land-use transitions to the development of accurate MRV tools and microbial
mechanisms of SOC stabilization—it provides actionable insights for scaling CF practices. Moving
forward, research should emphasize long-term evaluations of CF impacts, leveraging CF platforms

(e.g. https://www.regrow.ag/platform or https://www.agricarbon.co.uk) to integrate high-

resolution soil carbon monitoring and scalable sampling technologies. Utilizing tools such as remote
sensing, machine learning, and automated soil analysis, multi-scale data integration can improve
monitoring accuracy and verification standards. Future strategies should also optimize trade-offs
between agricultural productivity, carbon removals, and sustainability by combining SOC mapping,
cost-effective CF practices, and emissions-reducing measures, ensuring a balanced approach to

climate goals and efficient farm and crop management.
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