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Measurement, monitoring, and prediction of soil organic carbon (SOC) are
fundamental to supporting climate change mitigation efforts and promoting
sustainable agricultural management practices. This review discusses recent
advances in methodologies and technologies for SOC quantification,
including remote sensing (RS), proximal soil sensing (PSS), artificial
intelligence (Al) for SOC modelling (in particular, machine learning (ML) and
deep learning (DL)), biogeochemical modelling, and data fusion. Integrating
data from RS, PSS, and other sensors usually leads to good SOC predictions,
provided it is supported by careful calibration, validation across diverse
pedo-climatic and land management, and the use of data processing and
modelling frameworks. We also found that the accuracy of Al-driven SOC
prediction improves when RS covariates are included. Although DL often
outperforms classical ML, there is no single best Al algorithm. By
incorporating simulated outputs from biogeochemical model as additional
training data for Al, causal relationships in SOC turnover can be incorporated
into empirical modelling, while maintaining predictive accuracy. In
conclusion, SOC prediction can be enhanced through 1) integrating sensing
technologies, 2) applying Al, notably DL, 3) addressing biogeochemical model
limitations (assumptions, parameterization, structure), 4) expanding SOC
data availability, 5) improving mathematical representation of microbial
influences on SOC, and 6) strengthening interdisciplinary cooperation
between soil scientists and model developers.

1. Introduction

The terrestrial biosphere comprised the
world’s second largest carbon pool, with or-
ganic carbon stored in vegetation and soils
thought to be around double the amount of
carbon in the atmosphere.[!l Rates of soil
organic carbon (SOC) loss have accelerated
significantly over the past two centuries,
with some authors suggesting that agricul-
ture has depleted 133 Pg C from the top
two meters of soil.”] The scale of the ter-
restrial biosphere means that even minute
perturbations in SOC have disproportion-
ate effects on atmospheric CO, concen-
trations and thus global warming (or lack
thereof).?] Quantification of SOC stocks at
large scales is essential not only for as-
sessing global climate change and inform-
ing policy decisions, but also for evaluating
soil health and guiding sustainable agricul-
tural practices.¥ While methods for SOC
prediction abound, accuracy of SOC esti-
mates is generally proportional to cost and
inversely proportional to scale of assess-
ment. This trade-off is particularly evident
when comparing different methodological
approaches. For example, remote sensing
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(RS) can be used to infer surface SOC over large areas at a rela-
tively low cost, although with lower accuracy compared to phys-
ical soil coring methods.®] Despite its limitations in precision,
RS offers significant advantages by enabling the extraction of key
environmental and spatial variables linked to soil carbon dynam-
ics, such as land cover, vegetation type, soil texture, parent mate-
rials, topography, and climate.[®] These factors collectively influ-
ence the SOC dynamics by regulating carbon inputs, stabilization
mechanisms, and microbial activity.

Inclusion of such covariates improves the accuracy of mod-
eled SOC. Advances in RS technology have introduced high-
resolution imagery, expanded spectral bands, and higher satellite
revisit frequencies. These advancements provide data sources for
SOC prediction based on artificial intelligence (AI) and biogeo-
chemical models, provided proper calibration and workflows are
implemented.l”] These frameworks can be coupled with data per-
taining to climate, land use and soil properties to forecast SOC in
response to a change in soil management practices.®! In terms
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of AT and biogeochemical modelling, SOC accuracy can improve
using multi-model ensembles, with the multi-model median
thought to provide an intuitive measure of overall performance.[’!
However, such studies require intensive capability compared to
running a single model, such that ensemble studies are gen-
erally often implemented in collaborative initiatives such as in
the Agricultural Modeling Intercomparison Project.l'% A gap re-
mains in integrating biogeochemical models (which use process-
based models to predict SOC deterministically) with Al-based
models, which rely on large datasets and predominantly produce
statistical results. Bridging this gap could enhance SOC predic-
tion accuracy by leveraging the strengths of both approaches, al-
though training data, calibration, and methods for integrating ap-
proaches are an active area of research.

Here we review techniques for SOC modelling, including
RS, proximal soil sensing (PSS), the use of AI (here, ma-
chine learning (ML) and deep learning (DL)), and biogeochem-
ical modelling. We highlight applications, strengths and limi-
tations of each approach. Section 7 of the review focuses on
integration approaches, such as RS/sensor technology — model
integration, biogeochemical model — AI — RS/sensor technol-
ogy integration. In addition to providing an overview of cur-
rent methodological and integrative work, this review aims
to address the following questions: 1) what are the respec-
tive strengths and limitations of Al-based and biogeochemi-
cal models for SOC prediction, and how do they perform un-
der varying environmental conditions and data availability? 2)
how can hybrid modelling approaches effectively integrate Al,
process-based models, and RS data to overcome current pre-
dictive limitations? 3) what are the major challenges, such as
data scarcity, calibration complexity, and model interpretability,
that hinder the broader application of integrated SOC predic-
tion frameworks, and 4) how can current approaches be im-
proved? Our overarching aims were to 1) uncover synergies and
antagonisms between approaches and 2) ascertain opportunities
for improving SOC prediction accuracy.

2. SOC Fundamentals

Soil supports a diverse range of ecosystem services, including nu-
trient supply, maintenance of vegetation productivity, provision
of biological habitats, organic carbon sequestration, and pollu-
tant breakdown.!'") Many of these functions rely on soil organic
matter (SOM). SOC is the measurable carbon component and a
major constituent of SOM, increasing SOM can suSOC seques-
tration. SOC sequestration sustain agroecosystem productivity
but is also seen as an effective strategy for reducing atmospheric
CO, .2 As shown in Figure 1, primary ecosystem carbon inputs
include animal and plant residues, rhizosphere sediments, mi-
crobial residues, and exogenous carbon input.l'3] Among these,
microbial residual carbon contributes 51% of SOC, representing
the majority of SOC input.['*! The composition and transforma-
tion of ecosystem carbon inputs determine both the magnitude
and persistence of soil carbon sinks.

Natural and anthropogenic factors drive changes in SOC
stocks through perturbed carbon inputs, decomposition rates,
and stabilization processes.'>] Understanding and accurately
monitoring these dynamics help informing agronomic practices,
environmental sustainability, and climate mitigation strategies.
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Figure 1. Key processes and influencing factors in soil organic carbon (SOC) formation. Abbreviations: particulate organic carbon (POC), dissolved
organic carbon (DOC), microbial biomass carbon (MBC), and mineral associated organic carbon (MAQC).

For a detailed discussion of the effects of natural and anthro-
pogenic factors on SOC dynamics, please refer to Text S1 (Sup-
porting Information).

3. Pathways for Estimation SOC

The balance between soil carbon inputs and outputs is a fun-
damental determinant of SOC sequestration and permanence.
Soil management focusing on SOC requires not only an under-
standing of SOC stock distribution but also the ability to moni-
tor and predict dynamic carbon fluxes, including processes such
as carbon fixation, release, and transformation.['! Direct mea-
surements and modelling approaches were used to estimate SOC
stocks and fluxes in response to land management practices and
climate change. Conventional soil core sampling methods are
labor-intensive, time-consuming, and costly. While necessary, it
also highlights the necessity of adopting approaches that can sup-
plement SOC estimation, such as modelling. Modelling frame-
works can support projections of SOC accumulation or depletion
under different land-use and management scenarios, as well as
simulation of future changes in SOC.** As shown in Figure 2,
SOC modelling method can be categorized into six groups:

1. Sensor-driven models: RS and PSS informed modelling

For large geographical areas soil sampling using physical cores
is often impractical due to logistical and financial constraints. RS
has emerged as a valuable tool for digital SOC mapping, particu-
larly for studies with large scale (e.g., regional to global). RS pro-
vide proxies for SOC estimation by capturing soil surface spectral
characteristics (e.g., absorption features in visible-to-shortwave
infrared bands and derived indices).['”] Most passive RS sensors,
such as optical (e.g., Landsat, Sentinel-2) and hyperspectral sen-
sors (e.g., Hyperion), capture surface reflectance and vegetation
indices, which are correlated with SOC content.!*® The limitation
with RS-based approaches is that they are often constrained by
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cloud cover and better work bare soil for direct soil sensing. RS-
based approaches cannot account for SOC variation with depth.
Integrating RS data with ground-based observations can improve
the sensor and model calibration and refine predictions across
heterogeneous landscapes. For example, Bao et al.[**! collected
324 surface soil samples and measured their laboratory Vis-NIR
spectra and SOC contents. They found that SOC prediction based
on Sentinel-2A data alone achieved an R? of 0.57, while integrat-
ing Sentinel-2A with laboratory Vis-NIR spectra improved the
prediction accuracy significantly (R? = 0.78). (See Section 4.1 for
detailed discussion).

PSS-informed modelling uses laboratory- or field-based sen-
sors to infer soil properties, enabling near real-time acquisition
of SOC data. Most of current PSS are based on visible and near-
infrared spectroscopy. Spectral measurements are cost effective
and can therefore support the quantification of SOC at different
depths. For example, the Digital Soil Core (DSC) probe proposed
by Grunwald et al.?%! facilitates in-situ soil profile characteriza-
tion down to ~1.2 m, which can support the spatial and tempo-
ral resolution of SOC measurements. Ground-penetrating radar
(GPR), another PSS, estimates SOC indirectly by analyzing the
propagation characteristics of electromagnetic waves in the soil,
such as wave velocity and signal amplitude. Since SOC has a rela-
tively low dielectric constant, soils with higher SOC content tend
to exhibit lower overall permittivity. By establishing empirical
models that relate dielectric permittivity to SOC, while account-
ing for confounding factors such as soil moisture and texture,
GPR enables non-destructive estimation of subsurface SOC.I?!]
(See Section 4.2 for detailed discussion).

2. Data-driven model types: AI models (ML and DL)
ML techniques have become important in SOC modelling,
as they enable the identification of complex relationships be-

tween SOC and environmental covariates in large datasets.??]
These models are based on statistical learning to predict SOC
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Figure 2. Model archetypes for quantifying soil organic carbon (SOC) stocks and fluxes. Abbreviations: unmanned aerial vehicle (UAV), artificial Intelli-
gence (Al), machine Learning (ML), convolutional neural network (CNN), soil organic carbon (SOC), remote sensing (RS), denitrification-decomposition

model (DNDC), and agricultural production systems simulator (APSIM).
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concentrations, stocks, and fluxes based on observed patterns in
the data, with applications extending to soil respiration and se-
questration rate estimation.!?’] The quality of predictions made
by ML is a function of the quality and quantity of training data,
and the feature extraction. In addition, applying the model be-
yond its calibration range may lead to unreliable projections. (See
Section 5 for detailed discussion).

DL, a subset of ML, use feature extraction from large, high-
dimensional datasets.**! As new data become available, DL
models can be retrained using these data, thereby better cap-
turing the influence of changing environmental and manage-
ment conditions on SOC outcomes while maintaining predic-
tive performance.!?*] (See Section 5 for detailed discussion). Nev-
ertheless, DL models require large calibration datasets, and are
usually long to calibrate, as well as require significant storage
resources. They are also more prone to overfitting and require
technical expertise for implementation.2¢]

Both ML and DL are limited by dependence on data quality,
limited interpretability, and scalability issues in real-world SOC
applications. (See Section 5.3 for detailed discussion).

3. Stochastic and probabilistic models

Stochastic approaches — such as Markov Chain Monte Carlo
methods — can be used on deterministic models for error prop-
agation, a step often conducted to determine uncertainty as-
sociated with model parameters or structure.’’] Probabilistic
techniques, such as Bayesian frameworks and Monte Carlo
simulations, capture SOC variability by incorporating proba-
bilistic distributions rather than relying solely on deterministic
relationships.[?8] Pelletier et al.[?) used a Bayesian-based frame-
work to calibrate SOC model parameters, which reduced the un-
certainty in SOC prediction. While valuable for uncertainty quan-
tification, these approaches face key challenges: 1) high compu-
tational costs, especially for complex models or large datasets; 2)
sensitivity to prior distribution assumptions that may introduce
bias if assumptions are weak; 3) stochastic models often perform
poorly when applied to conditions that differ substantially from
those present in the training data-they are generally effective for
interpolation but unreliable for extrapolation; and 4) complex in-
terpretation of probabilistic outputs compared to deterministic
results.[3%

4. Knowledge-driven models: biogeochemical models (mecha-
nistic process-based simulation models)

Biogeochemical models simulate SOC dynamics using
process-based mathematical representations of carbon cycling
within plant-soil systems. These models typically consist of
conceptual carbon pools that represent decomposition, stabiliza-
tion, and transformation processes, allowing for the simulation
of SOC changes under different environmental conditions
and land-use practices.®!] Some biogeochemical models also
integrate crop growth simulations, further enhancing their
applicability in agricultural systems.[*’) These models are typ-
ically driven by climate data, such that outputs are a function
of changes in weather data used as inputs. It is important to
recognize that many crop simulation models were developed
from limited plot-based experiments and laboratory studies. As

Adv. Sci. 2025, 12, e04152 e04152 (5 of 28)

www.advancedscience.com

a result, they are often applied beyond their original physico-
chemical and biological domain ranges, which may compromise
model performance and reliability. Therefore, users are strongly
encouraged to evaluate the suitability of a given model for its
intended application before deployment, particularly the aims
with which that model was built, the calibration data zone,
and the underpinning assumptions used to create the model
structure. (See Section 6 for detailed discussion).

5. Ensemble models (multi-model approaches)

Ensemble models integrate multiple models of the same
type—either multiple Al algorithms or multiple biogeochemi-
cal models—to mitigate prediction errors and uncertainties.[?233]
However, variability associated with model ensembles can in-
crease relative to individual models, and the process of calibrating
and synthesizing multiple models requires significant capability
(proficient model users); some authors have shown that model
outputs depend as much or more on the model users than they
do the model structure or parameterization.[®3*! (See Section 7.3
for detailed discussion).

6. Hybrid models

Hybrid models combine different types of models and data
sources (e.g., ML/DL models, biogeochemical models, and RS
data).®] By integrating mechanistic knowledge from biogeo-
chemical models with predictive capabilities of data-driven mod-
els, hybrid frameworks offer greater adaptability to diverse re-
search contexts and environmental conditions. (See Section 7.4
for detailed discussion).

Methods employed for SOC simulation are diverse. Each
method comes with its purpose and assumptions, and thus, its
strengths and limitations. To provide modelers with an under-
standing of the application and selection of models, this review
first explores the three main concepts used for SOC prediction,
namely sensor-driven models (4. Sensing technologies for SOC
prediction), Al models (5. Predicting SOC using Al), and bio-
geochemical models (6. Biogeochemical models for SOC simu-
lation). Second, the integration of RS, Al, and biogeochemical
models is discussed in section 7.

4. Sensing Technologies for SOC Prediction

4.1. Global Trends and Technological Advances in SOC
Prediction using RS

RS offers extensive, frequent, and multi-dimensional spectral in-
formation, with developers aspiring to improve SOC monitoring
via proxies for SOC drivers. RS is particularly useful for large-
scale areas (e.g., grasslands and pastures) where field sampling
is challenging. RS data originate from multiple platforms, in-
cluding unmanned aerial vehicles (UAVs), airborne sensors, and
satellites.[**] This section summarizes global trends in RS-based
SOC prediction, the commonly used RS data types, and practical
applications.

Figure 3a illustrates the global distribution of RS-based SOC
studies, with most originating from the Northern Hemisphere,
particularly China (80), Iran (28), and the United States (20).
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Figure 3. Global analysis of studies (total N = 279) employing remote sensing (RS) for soil organic carbon (SOC) prediction. a) Geographic distribution
of papers published between January 2000 and June 2024 that utilize RS as a data source for predicting SOC. Inset chart highlights growth in number
of publications over this period. b) Relative frequency of RS platforms and sensors used in the aforementioned studies, characterized as satellite (e.g.,
Operational Land Imager/Thermal Infrared Sensor (OLI/TIRS), Thematic Mapper (TM), and Synthetic Aperture Radar (SAR) sensors), airborne (e.g.,
Airborne Hyperspectral Sensor (AHS), Hyperspectral Imaging System (HySpex), and Headwall-Hyperspec sensors) and unmanned aerial vehicle (UAV)

(e.g., Parrot Sequoia and Mini-MCA 6 sensors) platforms.

The number of related publications has increased since 2000,
reaching 53 annually in 2023 (literature search methods see Text
S3, Supporting Information). Figure 3b categorizes RS platforms
and sensor utilization, showing that satellite imagery was used in
86% of studies, while airborne and UAV platforms accounted for
10% and 4%, respectively. The dominance of satellite-based RS
is largely due to its accessibility and capacity to cover vast areas,
making it a valuable tool for SOC studies. Among satellite sen-
sors, Landsat-8's Operational Land Imager and Thermal Infrared
Sensor, as well as Sentinel-2’s Multi-Spectral Instrument are the
most widely used. A brief review of these RS platforms and sen-
sors is provided in Text S2 (Supplementary Information).

RS data can capture surface soil characteristics, serving as spa-
tial references for SOC estimation. For instance, Wang et al.'?]
utilized Landsat-8 spectral bands to derive nine environmental
covariates, significantly improving SOC stock predictions for the
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0-30 cm soil layer. Vegetation indices such as normalized dif-
ference vegetation index, enhanced vegetation index, and soil
adjusted vegetation indexare key predictors of SOC variability.
These indices reflect plant productivity, plant growth influences
carbon inputs through root exudates and root residues.'8] Air-
borne hyperspectral data (400-990 nm) effectively predict SOC
with high spatial resolution.’”] Within the 400-900 nm range,
visible light bands are influenced by soil chromophores and hu-
mic acids, while near-infrared bands correspond to functional
group vibrations (e.g., C—H, C—0, N—H).[*8] UAV hyperspectral
measurements require local calibration models and field sam-
pling. Zhang et al.l*?! improved SOC prediction by integrating
UAV spectral data with soil spectral libraries. UAVs using “struc-
ture from motion” can generate digital elevation models and ter-
rain attributes, such as slope and topographic wetness index,
commonly used in SOC modelling.
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Figure 4. Conceptual workflow for quantifying and validating soil organic carbon (SOC) using remote sensing (RS), proximal soil sensing (PSS) and eddy
covariance (EC) flux towers. Left panels depict various sensing technologies. Right panels demonstrate how these sensing technologies contribute to
SOC prediction, showing their roles in data assimilation and model verification. The RS section includes satellite, airborne, and unmanned aerial vehicle
(UAV)-based spectral feature extraction and calculation of covariates such as NDVI (normalized difference vegetation index), EVI (enhanced vegetation
index), SAVI (soil adjusted vegetation index), OSAVI (optimized soil adjusted vegetation index), and DVI (difference vegetation index) which are common
vegetation indices that are used as proxies in the estimation of the SOC. PSS collect data at the field or plot scale, while the EC tower measures net
ecosystem exchange (NEE) to validate the model. Abbreviations: autotrophic respiration (Ra), heterotrophic respiration (Rh), total ecosystem respiration

(Reco), gross primary productivity (GPP).

Despite its potential, RS-based SOC estimation faces chal-
lenges. Soil heterogeneity, moisture, vegetation, and cloud cover
distort spectral signals. Regional specificity limit broader applica-
bility, requiring localized calibration and data fusion techniques.
In addition, SOC stock estimates depend on auxiliary variables
like bulk density, gravel content corrections, and are constrained
by depth of sample and sampling frequency over time. Harmo-
nizing and integrating global SOC data with multi-source RS re-
mains a significant opportunity for improving modelling efforts
on SOC, such as model development, parameter uncertainty es-
timation, calibration, and validation.

4.2. Application of PSS Technology in SOC Prediction

PSS is commonly used for site-specific estimation of SOC, partic-
ularly in environments where satellite-based RS is constrained—
for example, under dense vegetation cover, where cloud cover is
frequent and/or at fine spatial scales.[**l PSS involves deploying
sensors within 2 meters of the soil material to obtain a spec-
trum which can then be correlated to SOC content and carbon
fractions.[*!) Among these, diffuse reflectance spectroscopy is a
key method that can be conducted both in the laboratory and in
the field.*?] PSS technology relies on the interaction of electro-
magnetic energy with soil components, with visible and infrared
regions proving particularly effective. Common PSS techniques
include visible-near infrared (Vis-NIR) and mid-infrared spec-
troscopy, laser-induced breakdown spectroscopy, and X-ray fluo-
rescence spectroscopy, which infer SOC content through calibra-
tion with a spectral library.*®! Laboratory-based PSS is widely ac-
cepted due to controlled conditions, where factors like soil mois-
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ture and environmental conditions can be controlled.[*?®! Field-
based SOC estimation can be corrected for soil moisture effects
through spectra preprocessing techniques such as orthogonal
signal correction.[*2]

The field sensor can be mounted on a mobile vehicle (e.g.,
Veris’s CoreScan or Landscan’s Digital Soil Corer) or as a hand-
held instrument. For instance, Rodionov et al.l*l mounted a Vis-
NIR spectrometer on a tractor, comparing stop-and-go with on-
the-go data collection. Stop-and-go achieved promising SOC pre-
dictions (R? = 0.65), though with lower accuracy than laboratory-
based models (R? = 0.94). Handheld instruments, such as the
ASD Field Spec IIT and Agilent 4300 handheld FTIR, have also
been tested. Huteng et al.l** found that portable MIR spec-
troscopy performed comparably to benchtop instruments (R? =
0.77-0.78 vs 0.73-0.85). Similarly, Cambou et al.1**] reported SOC
predictions using the Vis-NIR ASC LabSpec 2500 with R? values
between 0.52-0.86 in the field and 0.68-0.76 across three differ-
ent sites in France. Grunwald et al.?%! highlight developments in
multi-sensor approaches. Viscarra Rossel et al.[*?] introduced the
Soil Condition Analysis System (SCANS), which combines Vis-
NIR spectroscopy, AGA for bulk density estimation, and digital
imaging. SCANS supports SOC estimation in both lab and field
applications, offering cost-effective and flexible carbon account-
ing solutions.

4.3. Integrating Sensing Technologies for SOC Quantification
As shown in Figure 4, RS provides spectral information over

broad areas, while PSS offers detailed local spectral informa-
tion. Integrating RS and PSS can leverage the strengths of both,
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enabling fine-scale SOC predictions.[*] For example, Bao et al.l!’!
integrated satellite observations with PSS data and applied a spec-
tral reconstruction method to generate high spectral resolution
imagery. They found that the reconstructed image improved the
accuracy of SOC prediction (R* = 0.78) compared with using
only PSS data (R* = 0.69) or RS data (R?> = 0.57). The method
first used a soil type map to identify soil textures within the RS
image then established a relationship between reflectance spec-
tra of the image and PSS spectral data of sampling points from
corresponding soil categories. A spectral response function was
then employed to reconstruct the high spectral resolution image.
Peng et al.l’] similarly showed that fusing PSS, RS, and envi-
ronmental geodata improved SOC prediction performance, with
R? increasing by ~12-43% compared with using RS and PSS
with environmental geodata separately. This integration compen-
sates for limitations of individual sensors in spectral, spatial,
and radiometric resolution, enabling generation of more con-
tiguous SOC solution spaces while reducing noise and inconsis-
tencies in the data. In addition, PSS data serve as ground-truth
references for calibrating and validating SOC estimates derived
from RS.

Changes in ecosystem carbon stocks are determined by the
mass balance between carbon input and output fluxes.*¥] Change
in SOC over time (i.e., SOC flux) can be quantified using a car-
bon mass balance equation: ASOC = -net ecosystem carbon ex-
change (NEE) — annual yield.l*] Eddy covariance (EC) flux tow-
ers provide continuous, direct NEE measurements at the ecosys-
tem scale, offering high-frequency carbon flux data.[*??] In con-
trast, RS technology provides large-scale, multi-temporal infor-
mation independent of field measurements, making it useful
for extending EC flux observations over larger areas and longer
periods.[?#1 Al models using ML algorithms performed well in
predicting soil respiration (Rs), achieving an R? of 0.89 and 0.86
for Rh. At the global scale, Rs was estimated at 85.5 Pg Cyr~!, and
Rh at 50.3 Pg C yr™" In contrast, 10 mechanistic models showed
wide variability in results, ranging from 61.4 to 91.7 Pg C yr!
(Rs) and 39.8 to 61.7 Pg Cyr~! (Rh).’% The global study by Huang
et al.’! applied ML (random forest (RF) and support vector ma-
chines (SVM)) and DL (artificial neural networks (ANN)) to Rs
modelling, achieving R? values from 0.47 to 0.68 and RMSE be-
tween 148 and 429 g C m~2 yr~!. Boreal, temperate, and trop-
ical regions contributed 15, 24, and 61%, respectively, to total
mean annual global Rs. Al models explained 62-84% of inter-
annual and inter-site variabilities in annual Rs globally. RS data
can compensate for EC’s limited spatial coverage, while EC mea-
surements provide high-precision data for calibrating RS-based
carbon flux estimates. By integrating both sources into carbon
assimilation models, regional and global carbon balances may
be estimated more accurately than using either RS or EC data
alone.>?!

A key requirement for successfully integrating multi-source
sensors is ensuring high spatial resolution and temporal over-
lap between field measurements.>3] Researchers have inte-
grated RS and PSS data through consistent aggregation meth-
ods to address this challenge. For example, Wang et al.>* im-
proved SOC prediction accuracy by pre-selecting spectral bands
with proximal spectrometers that matched those of RS images,
extracting a portion of bands for analysis. Temporally, time-series
data can be harmonized using interpolation or feature extrac-
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tion within defined temporal windows (e.g., monthly or seasonal
composites). An emerging trend in SOC modelling is the de-
velopment of space-time SOC models using RS datasets struc-
tured as data cubes.®®) This approach uses multiple points in
space to compensate for taking measurements over time (be-
cause measuring SOC over time can take decades to realize sig-
nificant changes). Additionally, fusion techniques, such as DL
models that can accommodate heterogeneous data structures,
offer another solution for handling complex spatiotemporal
dependencies.

5. Predicting SOC using Al

5.1. Advancing SOC estimation with Al

Al predicts SOC spatial distribution by relating point-based SOC
observations to environmental covariates such as topography, cli-
mate, and remote sensing data. Our review identified the top 10
Al algorithms used for SOC prediction, based on publication vol-
ume, as shown in Figure 5 (literature search methods see Text
S4, Supporting Information). RF was the most frequently used,
invoked in 182 studies, including those that combined RF with
other algorithms. SVM and Cubist (a rule-based ensemble re-
gression model) followed in popularity. Among DL techniques,
ANN, and convolutional neural networks (CNN) were the most
commonly employed.

To assess algorithm performance, we conducted a meta-
analysis of the three most commonly used models, as shown
in Figure 6. Studies predominantly employed cross-validation
techniques such as leave-one-out or k-fold validation, using
the coefficient of determination (R?) to assess model fit and
root mean square error (RMSE) to evaluate predictive ac-
curacy. Our findings indicate that RF improves R? by 34%
and 4% compared to SVM and Cubist, respectively. Addition-
ally, Cubist outperforms SVM, increasing R? by 13%. Both
RF and Cubist demonstrate superior accuracy, with higher
R? and lower RMSE values compared to other Al meth-
ods. The hybrid models in our meta-analysis include ML en-
sembles, ML-geostatistical integrations (e.g., regression krig-
ing), and ML-biogeochemical model combinations. As shown
in Figure 6, hybrid models often surpass individual models
in predictive accuracy.l??l This will be discussed in detail in
Section 7.

Despite these insights, several limitations must be con-
sidered. A major challenge lies in the comparability of R?
and RMSE across studies, as variations in SOC dataset het-
erogeneity significantly influence these metrics. Studies con-
ducted over smaller, more homogenous areas tend to re-
port higher R? and lower RMSE than those covering larger,
more diverse regions, introducing potential biases in cross-
study comparisons. Furthermore, inconsistencies in R? calcu-
lation methodologies hinder direct comparisons, complicating
meta-analyses. These challenges highlight the need for stan-
dardized reporting practices and consistent evaluation met-
rics in SOC research. Establishing such standards would en-
hance the reliability and comparability of findings, facilitating
cross-study analyses and improving Al-driven SOC prediction
accuracy.
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Figure 5. Publications used Al for soil organic carbon (SOC) prediction. Bar chart on the left shows total publications for each algorithm. The dot
chart below illustrates intersections between algorithms, with connecting lines indicating instances where two or more algorithms are applied together
in a single study. Top bar chart displays number of publications associated with these algorithmic intersections. Abbreviations: Random Forest (RF),
Support Vector Machine (SVM), Partial Least Squares Regression (PLSR), Artificial Neural Networks (ANN), Extreme Gradient Boosting (XGBoost),
convolutional neural networks (CNN), Multiple Linear Regression (MLR), k-Nearest Neighbor (KNN), and Gradient Boosting Machine (GBM). Data
sourced from Web of Science 12 December 2024.
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5.2. ML for SOC Prediction observed in environmental data.®! Studies suggested that RF

and Cubist better captured the nonlinear relationships between
ML, a subset of Al, identifies patterns in datasets to make  predictive variables and SOC, leading to higher prediction accu-
predictions.[??] Unlike parametric models, ML did not rely on  racy than SVM.I*! Keskin et al.l>®! compared seven ML models
strict assumptions about data distribution. This made it well-  and one geostatistical method (ordinary kriging) for modelling
suited for capturing the complex, nonlinear relationships often =~ SOC stocks and carbon fractions in Florida, USA, and found
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Figure 6. Comparison of the relative change effects in model performance for soil organic carbon (SOC) stock prediction between machine learning
(ML) algorithms and hybrid models. Relative change is expressed as percentages for R? (left panel) and RMSE (right panel). Comparisons are relative to
the model listed on the right side of each pairing (e.g., “RF versus SVM" indicates that Random Forest (RF) is compared against Support Vector Machine
(SVM)). Hybrid models refer to a combination of ML algorithms and other modelling approaches, including ensembles of ML techniques, geostatistical
models (e.g., kriging), and biogeochemical models. Positive values indicate improvements in R? or reductions in RMSE for the model listed on the left
side of the comparison. Error bars represent 95% confidence intervals, with the number of studies included in each comparison provided in parentheses.
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RF to be the most effective. However, results varied. Shafizadeh-
Moghadam et al.l’”] reported that SVM outperformed RF in SOC
content prediction, likely due to a smaller training dataset. Were
et al.l’®! found SVM to be the best predictor of landscape SOC
stocks, possibly due to differences in study area, topography, sam-
pling density, or auxiliary data quality. A recent study applied
RF, SVM, XGBoost, and DNN algorithms to predict SOC un-
der different land use types and found that XGBoost achieved
the best performance (R? = 0.73) when soil sample size was lim-
ited and computational efficiency was a concern.*®! This superi-
ority was attributed to its ability to handle heterogeneous data,
capture complex relationships, and offer flexible optimization.
These findings highlight that no single ML algorithm is univer-
sally superior, as the prediction accuracy of SOC models is highly
context-dependent. Specifically, spatial modelling performance is
influenced by the sensitivity of each learning model to local geo-
graphic features, the size and quality of the input data, and the in-
teractions among environmental covariates.[>® This underscores
the need for high-quality prediction data and careful model cali-
bration tailored to specific case studies.

5.3. DL for SOC Prediction

With advancements in AI, ML has evolved into many subset clas-
sifications, including DL, which has shown significant poten-
tial in processing complex soil spectral data.*** An advantage
of DL is its ability to extract features for classification through
multiple layers of adaptive computational units (e.g., hidden
nodes and layers), coupled to algorithms to model input-output
relationships.?*#] Although our meta-analysis did not directly
compare DL and ML methods, previous studies suggested that
DL generally outperforms traditional ML in SOC prediction. For
instance, Hong et al.[®%l found that CNN outperformed PLSR
and Cubist in full-spectral SOC modelling. Similarly, Padarian
et al.ll showed that multi-task CNN reduced error by 87% com-
pared to PLSR and by 62% compared to Cubist when predict-
ing SOC content from spectral data. The capacity of DL to ex-
tract features makes it more advantageous when processing high-
dimensional data (such as spectral data) compared to paramet-
ric models.[®!] However, previous studies also acknowledge that
DL models have deep and complex architectures, which typi-
cally require large amounts of training data. In the context of
SOC prediction, RS data were often limited by cloud cover and
the scarcity of bare soil observations, resulting in small sample
sizes that may affect model performance. To address this, Yuan
et al.[?] proposed pre-training, fine-tuning, and domain adapta-
tion in transfer learning, which are helpful for solving the small
sample problem in environmental remote sensing. Beyond data
limitations, DL models struggle to reveal functional relationships
between spectral information and soil properties, which may hin-
der our understanding of key predictive factors.[®3] In addition,
DL is usually accompanied by higher computational costs and
training time.l%8)

5.4. ML Versus DL: Method Selection under Different Conditions

In selecting an appropriate model for SOC prediction, under-
standing the differences between ML and DL is crucial. Based on
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Table 1, the choice of method depends on several factors, includ-
ing the amount of available data, the complexity of the problem,
and the computational resources at hand.

5.5. The Challenges of Al Techniques

Despite the clear advantages of Al algorithms, three key chal-
lenges remain in current research.*®]

1. Data availability and quality

High-quality SOC measurements are sparse or unevenly dis-
tributed, particularly across space and time, limiting model
generalization.[2#33%2] Accurate SOC stock prediction requires in-
tensive sampling efforts.®»’] The calculation of SOC stocks is
limited by the lack of data on bulk density and gravel content.
While AI methods are flexible, their effectiveness hinges on care-
ful sample selection and parameter tuning to avoid overfitting.

2. Lack of interpretability (“black box” Issue)

Al models often lack transparency in linking input variables
to SOC outcomes. To address this, interpretability tools such as
Shapley values, permutation importance, and partial dependence
plots are used to quantify variable contributions. Feature selec-
tion methods like Boruta also help identify key predictors.[66:68]

3. Limited extrapolation capabilities

Most AI models are trained on historical SOC data and strug-
gle to forecast temporal changes under evolving land use or cli-
mate scenarios.?*!] In contrast, process-based models incorpo-
rate mechanistic understanding of SOC cycling, enabling better
prediction of future trends, or application to a different environ-
mental context.[$!

6. Biogeochemical Models for SOC Simulation

6.1. Trends in SOC Biogeochemical Modelling

Biogeochemical models are often preferred for SOC monitoring
or temporal prediction because they accurately describe longitu-
dinal effects of SOC inputs and loss as a function of climate.l®]
To understand the models applied to SOC prediction, we con-
ducted a literature review (literature search methods see Text S5,
Supporting Information). As shown in Figure 7, we revealed a
clear upward trend in SOC simulation research over the past two
decades. This trend may be attributed to the continuous develop-
ment and optimization of models, the gradual improvement in
the accuracy of simulation results, and the significant advance-
ments in data acquisition and sharing. Additionally, with govern-
ment policy support and the growing emphasis on the carbon
market by industries, the expansion of the carbon market has also
provided a strong impetus for SOC simulation research.
Biogeochemical models incorporate processes such as wa-
ter and nutrient inputs, carbon allocation, crop yield, and lit-
ter production to simulate crop growth and SOC decomposition
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Table 1. Comparison of the advantages and disadvantages of machine learning and deep learning in SOC prediction, including performance features
and preferable applications.

Comparison Dimension Machine learning Deep learning Refs.
Training data requirement Performs better with large datasets Typically requires very large amounts of training [671]
data
Computational resource Low, can run on standard computers High, requires GPU or high-performance [64]
requirements computing resources
Model structure Shallow Architecture (1-2 functional layers), or Deep Network Architecture (5-100+ hidden layers) [62]
tree-based structure

Feature extraction Requires manual feature engineering Automatically extracts features [24]
Preferred applications ® Lab/field point-scale prediction ® Multi-source remote sensing data fusion [65]

® Small-medium regional modelling ® High-dimensional spectral processing

® Scenarios requiring model interpretability ® Spatiotemporal sequence modelling
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Figure 7. Word cloud and publication volume analysis of biogeochemical soil organic carbon (SOC) models. The upper panel presents a word cloud
where larger words indicate higher frequency in the literature. The lower panel shows the publication volume for the top 10 models highlighted in the
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Figure 8. Workflow of a biogeochemical model simulating soil organic carbon (SOC) dynamics using CENTURY as an example.

processes.’2] While the mathematical foundations of biogeo-
chemical and Al models are fundamentally different, their appli-
cation workflows often share similarities. Common steps include
selecting measured SOC, meteorological, and soil data, followed
by model spin-off, initialization, calibration, validation, project
modelling, and measurement. Figure 8 illustrates the basic work-
flow of a typical biogeochemical model.

In SOC stock prediction, a critical initial step is determin-
ing the size of SOC pools. These pools are generally categorized
into three types: active/labile SOC, intermediate/humic SOC,
and passive/inert/recalcitrant SOC.[! However, significant de-
bate exists in how users should conceptualize and partition these
pools.3*71] Here, we categorize workflows into two types (with
and without spin-up).?!! “Spin-up” is also referred to as “model
equilibration”, i.e., the period before the project period that al-
lows modelled SOC pools to stabilize over time. For long-term
SOC simulations, modelers often assume that the SOC pools are
in equilibrium or “steady state” before implementing experimen-
tal treatments or management changes.®'*%] In practice, many
soils may not have stable SOC. Spin-up is commonly used as
proxies to simulate “steady state” conditions by running models
for long periods, e.g., Century allows users to spin-up the model
for hundreds of years prior to the analytical phase. Some authors
have replaced simulated conceptual pools with measured SOC

Adv. Sci. 2025, 12, e04152 e04152 (12 of 28)

fractions in the aim of enabling more accurate initialization.!”?]
Other users follow a long period of spin-up with a shorter “burn-
in” phase, which tends to use more recent RS data to calibrate
above-ground biomass production, although this approach per-
turbs simulated SOC stability prior to the analytical phase. Fol-
lowing the spin-up and burn-in phases, measured SOC (often
obtained in the field by coring) is used to initialize SOC pools as
well as other variables, including management, surface residues,
soil moisture, and mineral soil nitrogen.

Calibration involves adjusting model parameters to ensure
accurate simulation of observed SOC data either using man-
ual or automated approaches.I”?! For SOC, it is crucial to en-
sure transparency in data limitations and model calibration
procedures. A group of data independent from the calibration
dataset must be used to evaluate model performance once the
model has been calibrated. The model validation process in-
volves comparing simulations from the calibrated model against
an independent set of measurements (i.e., not used for calibra-
tion). Validation thus captures all forms of uncertainty, includ-
ing field and laboratory sampling, model initialization, parame-
terization, validation and structure (the equations used). When
new measurements become available, previous calibrations can
be repeated with the new data, a process some call model
“true-up”.
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Figure 9. Overview of ten contemporary biogeochemical models, including capabilities for simulating soil organic carbon (SOC) under different depths
and land use. Top panel shows percentage of models that simulate SOC at various soil depths and land uses. Bottom panel compares model coverages,

with blue circles representing simulation capability.

6.2. Pros and Cons Associated with Common Biogeochemical
SOC Models

As shown in Figure 9, Most models are capable of simulating
SOC in the top 20 cm of soil, but given that many soils are deeper
than this arbitrary threshold, insights into SOC fluxes deeper
than 20 cm may be obscured. Although the mineralization rate
of soil carbon shows a decreasing trend in deeper soils, the de-
composition rate does not always decrease with increasing soil
depth.[”#l Physical disturbances such as crop root growth, ani-
mal activity, and human cultivation can transport surface organic
matter to deeper layers, potentially increasing the organic carbon
decomposition rate in deeper soils.”! These observations sug-
gest that when selecting a model, it is crucial to consider the im-
pact of soil depth on the mineralization rate of organic carbon,
microbial community structure, and environmental conditions
to achieve more accurate results. We found that most SOC mod-
els are primarily designed for croplands, forests, and/or grass-
lands, with fewer models, such as Century and Yasso07, being
validated for various land use.

Table 2 compares parameters required for different SOC mod-
els. Soil parameters to be initialized typically include soil physico-
chemical properties. Most models are driven by climatic vari-
ables, such as solar radiation, relative humidity, temperature, and
wind speed, and require users to input management factors such
as crop type, irrigation, fertilizer (type, timing, and quantity), and
crop planting/harvesting schedules. Most models function on a
monthly (e.g., Century) or daily time step (e.g., DayCent), while
in some instances, sub-daily time steps are used. Yasso07 oper-
ates with an annual time step with highly aggregated processes
in the model structure. Models with shorter time steps typically
require more extensive input data of environmental and manage-
ment factors, enabling them to respond more accurately to sea-
sonal variations and management changes in SOC dynamics.!”®
In contrast, the inventory model Yasso07 is insufficient to repre-
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sent ecosystem processes that occur at fine time scale (minutes
to days to months), but it is considered acceptable for simulating
annual SOC changes in forest ecosystems, as it can operate with
relatively limited input data.”’! However, it may not have the nec-
essary temporal fidelity to effectively capture the direct impacts
of extreme weather events or sudden changes in management
practices. It is crucial to note that gathering more observational
data significantly enhances the rigorous validation of all model
outputs.”®]

6.3. Trials and Tribulations of Biogeochemical Modelling

Many researchers assume that modelling workflows, encom-
passing initialization, calibration, validation, and data selection,
are inherently consistent and, as such, often omit explicit doc-
umentation of these processes, potentially perceiving them as
self-evident. However, inconsistencies in workflow implementa-
tion or inadequate documentation can compromise the scientific
rigor and defensibility of simulated SOC outcomes. A key ex-
ample is inconsistent initialization methods between validation
and project modelling.””) If different initialization approaches
are used at these stages, the validation process may not accurately
reflect the actual project modelling procedure, leading to discrep-
ancies in model performance. Despite its importance, SOC pool
initialization is often not explicitly addressed in model operating
manuals. Wiltshire et al.® highlight that true SOC equilibrium
is likely rare. Given the extensive land-use changes of the 20th
century and the long stabilization periods required for some SOC
pools (e.g., humified material), SOC stocks are often in flux.3!]
Typically, SOC is either decreasing (e.g., conversion of forests
to farmland) or increasing (e.g., forest succession or regenera-
tive agriculture).[®?] Capturing these dynamics requires a specific
initialization approach. First, it should generally account for his-
torical land use changes. Second, it should involve an iterative
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Table 2. Advantages and disadvantages of biogeochemical models for simulating SOC (based on 10 frequently used models presented in Figure 7).

Models Version Carbon Model inputs Disadvantages Refs.
pools
Soil parameters Climatic drivers Management information
requirements

Centuryl®] 4.0 5.7338]  pH soil texture (sand, silt and Monthly total Crop cultivar, tillage systems, type, Simulated rigour of forest ecosystems  [87]
Clay), bulk density, fraction of precipitation, time, and quantity of fertilizer is not as good as that of farmland
excess water lost by drainage, maximum/minimum application, crop and grassland ecosystems, and

initial values for wilting point, N average temperature planting/harvesting time, etc  there is a certain degree of regional
deposition rate variability.

DNDCI®]  CAN  6[318°] Clay content, organic carbon, bulk Daily total precipitation, ~ Crop residue management, 1) Plant growth processes are sim- [69a]

density, pH maximum/minimum mineral fertilization inputs, plified and thus difficult to match
temperature manure carbon inputs, tillage phenology, biomass.

systems, crop 2) Ifthe simulated biomass is inaccu-

planting/harvesting time rate, there will be an intrinsic error

in the subsequent SOC dynamics.

DayCent!®] 4.5 5°71  Organic carbon, organic N, bulk Daily total precipitation, ~ Crop cultivar, tillage systems,  Efforts to simulate the impact of crop  [92]

density, pH, soil texture, maximum/minimum  fertilization management, crop cover on crop yield and SOC
maximum/minimum soil temperature planting/harvesting time, etc dynamics are very limited, as it is
temperature, soil hydraulic unable to capture annual changes
properties in crop biomass.

APSIMI®1 770 3031 Bulk density, saturated water ~ Daily total precipitation, Tillage systems, type, time, and 1) Does not accurately consider the [94]
content, field capacity, wilting ~ maximum/minimum  quantity of fertilizer application, impact of tillage on SOC decom-
point, pH, organic carbon and temperature, solar crop planting/harvesting time position, which may underesti-

initial mineral N radiation mate the rate of carbon decompo-
sition and accelerate soil carbon
loss.
2) APSIM model was originally devel-
oped primarily based on clay soils,
and its default parameters may im-
plicitly assume a certain degree
of physical protection for organic
matter.
EPICI®®] v3060 5% Soil bulk density, soil water ~ Daily total precipitation, Tillage systems, type, time, and 1) Responsiveness to water stress [97]
content at field capacity, maximum/minimum  quantity of fertilizer application, could be improved.
saturated hydraulic temperature, solar crop planting/harvesting time, 2) Highly sensitive to changes in soil
conductivity, horizon thickness, radiation, relative and associated operation dates type, soil texture, and other soil
topsoil clay content, soil humidity, and wind and quantities characteristics, which may result
texture, pH, cation exchange speed in differences in the model’s pre-
capacity, alkali-hydrolyzable N, dictions across different soils.
total N, P, and K content, and
available P and K
DSSATI®®  v4.7 5871 Soil bulk density, texture, organic Daily total precipitation, ~ Crop cultivar, tillage systems, ~ Cannot simulate factors that affect ~ [99]
carbon, soil hydraulic maximum/minimum  plant density, type, fertilization SOC (such as temperature and
parameters, wilting point, field temperature, solar management, crop microorganisms).
capacity, saturated water radiation planting/harvesting time
content, soil texture, total N, pH
SWATI®®]  SWAT-C 5['%1  Soil layer depth, soil texture, bulk Daily total precipitation, Crop planting/harvesting time, ~ Cannot fully capture management  [101]
density, organic carbon content, maximum/minimum  fertilization management, and factors that affect SOC, including
and soil erosion coefficient temperature, solar irrigation applications soil aeration, tillage management
radiation, relative factors, and interactions therein.
humidity, and wind
speed.

ICBMLI192] /2 2031 Content of sand, silt and clay  Daily total precipitation, ~ Carbon inputs and crop yield  Sensitive to the initial SOC inventory.  [33]
maximum/minimum If the initial SOC inventory is high,
average temperature, the model may overestimate the
humidity, cloudiness, decomposition and accumulation

and wind speed rate of SOC during the simulation
process.
(Continued)
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Models Version Carbon Model inputs

Disadvantages Refs.

pools

Soil parameters Climatic drivers

Management information
requirements

Roth Cl'3] 263  4.5B371 Clay content, organic carbon, bulk Monthly total

density, inert organic matter precipitation,

Crop residue quality, residue 1) Does not include carbon input [104]

carbon input, manure carbon from plant growth and requires

maximum/minimum
average temperature,
and total evaporation

Yasso071'%51 07 50331 Initial organic carbon content

precipitation,
maximum/minimum
average temperature

Annual average

inputs, soil cover (bared or obtaining carbon input data from

covered by vegetation) other models or data sources
(lack of dynamic coupling between
plant growth and SOC).

2) Low performance under stubble
management scenarios, resulting
in overestimation of SOC content.

3) Not suitable for double rice crop-
ping plots (because of the high
amount of organic matter inputs
there).

Litter and biomass Based on measurable chemical pools  [77]

rather than steady-state

assumptions, thus relies on key
parameters such as decomposition

rates and transformation rates of
organic carbon pools. In long-term

predictions, the uncertainty of

these parameters can impact the

results. Over time, these variations
and prediction errors may
compound.

Note: The first column of the table is the model name and model developer, the third column is the division of the carbon pool in the reference, and the last two column is

the literature source of the model’s disadvantages.

process, where the model runs for an extended period (usually
thousands of years) until the slower-changing pools stabilize.
During this phase, carbon inputs are adjusted based on post-
initialization SOC stocks, validated against empirical data.l®
Lastly, one option is to use the default library distribution and ini-
tial sizes, or to empirically define the initial state of each library,
as discussed above.

We highlight several other limitations that require attention in
future research:

® Lack of empirical data to populate models: Biogeochemical
models often rely on estimates, surrogate data, or generalized
data from literature, especially in regions with scarce data or
for specific soil types and land management practices. This can
introduce significant parameter uncertainties.

® Coarse model units: Many models use large grid cells (e.g.,
1 km? or larger), which fail to capture the micro-scale spatial
variability of soil and crop properties. These microvariations
can significantly impact carbon storage and nutrient cycling.

e Limitations of profile-scale models: Profile-scale models typi-
cally assume that conditions at a single location represent the
entire region, thereby overlooking the spatial heterogeneity
across the area. As a result, profile-scale models cannot sim-
ulate spatial patterns at the regional scale.

¢ Insufficient integration of microbial processes: Advanced pro-
cess dynamics, such as microbial processes, are often not fully
or only partially integrated into many models.l®* As a result,
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most simulation models are semi-physically based, relying on
equations with numerous empirical parameters that require
re-calibration.

We recommend that more effort be placed into comparison
of how modelers model.33! For example, two users of the same
model and application often result in different calibrations and
validation statistics. This is because, while model sensitivity often
guides the selection of parameters for calibration, many process-
based modelers subjectively make these decisions based on data
availability rather than a deep understanding of model structure
and ecosystem processes. For consistency in any given applica-
tion, we recommend use of standardised protocols, with version
control, and interoperability. Having a single operator may help
ensure consistency, however, we believe that multiple operators
with clear documentation and oversight should be involved to
prevent bias and reduce the risk of errors. Collaboration and re-
view across different users can help ensure consistant model cal-
ibration and validation processes.

To enhance the predictive capability of SOC models, we
suggest:

1) Comparisons of how reliably each model simulates total SOC
and SOC fractionation (particularly stable organic carbon
fractions, such as mineral associated organic carbon, and la-
bile fractions, such as particulate organic carbon) to identify
robust processes and those requiring additional detail.
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2) Conduct model sensitivity analyses to determine parameters
that significantly influence model outcomes versus those that
have minimal impact.

3) Default-out insensitive parameters to reduce the parameteri-
zation burden on users and simplify model setup.

4) Identify and remove processes that contribute little to the re-
sults, enhancing model efficiency without compromising ac-
curacy (model simplification).

5) Using an ensemble of existing models allows leveraging their
collective strengths while accounting for management prac-
tices, climate, land-use change, and extreme weather events.

6) Leveraging RS technology to broaden data sources (as dis-
cussed in 4. Sensing technologies for soil carbon prediction)
and combining AI with biogeochemical models into a unified
modelling system aims to enhance predictive accuracy and
improve model transferability, although this requires more
computational resources. The uncertainties of the biogeo-
chemical modelling come from the model structure, model
parameters, and model inputs. The RS datasets can be effec-
tively integrated to generate model inputs with an aim to re-
flect the land management practices and carbon inputs into
the system for large-scale simulations.!%"]

7. Integration Approaches

7.1. Integrating RS/Sensor Data and Al to Predict SOC

The integration of RS and Al offers a possible approach for es-
timating SOC.[**] RS-derived environmental covariates, such as
topographic attributes and vegetation indices, serve as inputs for
Al models.I'”] However, the performance of these models de-
pends on the covariates selection, the Al algorithms used, and
the extent to which RS data are integrated. The choice of envi-
ronmental covariates varies across studies. In some cases, covari-
ates are selected based on expert knowledge. For example, Meliho
et al.[1%] identified 24 climate variables, 12 topographic variables,
and 15 RS-derived variables as key SOC predictors in the Moroc-
can High Atlas. Other studies take a more data-driven approach.
Hengl et al.['%”] used 158 RS-based soil covariates for model cal-
ibration, while Nguyen et al.1%®! relied exclusively on Sentinel-
1 and Sentinel-2 data to enhance SOC prediction robustness. A
systematic approach to feature selection was demonstrated by
Xiong et al.l*8] who compiled a comprehensive set of environ-
mental covariates—STEP-AWBH variables (S: Soil, T: Topogra-
phy, E: Ecology, P: Parent Material, A: Atmospheric/climate, W:
Water, B: Biota, and H: Human factors). They then used multi-
ple selection methods (e.g., Boruta, greedy forward/backward se-
lection, hill climbing, and simulated annealing) in combination
with four ML algorithms (RF, Cubist, Bagged Regression Trees,
Boosted Regression Trees) to identify an optimal and minimal
predictor set. This process reduced an extensive set of 210 poten-
tial predictors to just four key variables.

Reducing the number of input variables improves model
prediction quality, avoids overfitting, and enhancing prediction
accuracy.21%] Wadoux et al.?%] articulate two strategies: 1) pre-
selection of covariates based on statistical correlation (e.g., Pear-
son’s 1) before model calibration, which is suitable for regression
tasks where both inputs and outputs are continuous, and 2) recur-
sive feature elimination (RFE), which iteratively removes the least
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important features based on model performance. The suitability
of RFE depends on the base estimator—it can be used for either
regression or classification, depending on the algorithm selected
(e.g., linear regression for regression tasks, or logistic regres-
sion for classification tasks). Beyond these, various feature selec-
tion methods have been developed to handle large and complex
datasets. The Boruta algorithm is widely used in classification
problems, as it identifies all relevant features by comparing them
to randomized shadow features.['®] SHAP, another method that
originated from game theory, can be applied to both regres-
sion and classification tasks, and offers both variable importance
ranking and interpretability of predictions.!?**11%] VSURF (vari-
able selection using RF) is another method designed for high-
dimensional data, applicable to regression and classification, and
particularly effective when the number of predictors far exceeds
the number of observations.['!!]

In SOC prediction, multicollinearity — when independent
variables in a linear regression equation are correlated — can in-
crease parameter variance, lead to unstable coefficient estimates,
and confound interpretation of variable importance.!*! Feature
selection methods, such as LASSO, Elastic Net and several reg-
ularization techniques are aimed at addressing multicollinearity
by penalizing large coefficients and shrinking less informative
predictors.[M2] Principal component analysis can also be invoked
to reduce the complexity of variable analysis by selecting features
that have the greatest impact on predictive performance.''?] In-
tegrating domain knowledge (e.g., known soil-climate interac-
tions) with data-driven methods can also improve the interpre-
tatibility of SOC models.

Besides covariate selection, data imbalance remains a chal-
lenge in environmental modelling, especially when high or ex-
treme observations are underrepresented in the training dataset.
This issue is particularly prominent in SOC prediction across
heterogeneous landscapes, as field sampling is often sparse or
skewed. A relevant example outside the soil field comes from
Asadollah et al.'3] who used a RF model to combine multi-
sensor Landsat reflectance data and dissolved organic carbon in
lakes measurement data and addressed the problem of skewed
data distribution through the synthetic minority oversampling
technique (SMOTE). Their findings highlight that data imbal-
ance can lead to systematic underestimation of environmental
variables, while RS-based ML frameworks can be improved via
data augmentation methods. While DOC and SOC are monitored
in different ecosystems, the underlying problem of sample spar-
sity and data imbalance is shared. Therefore, such integrated ap-
proaches (RS + ML + SMOTE) provide a transferable framework
for SOC modelling, especially when data are limited or sample
distributions are skewed.

7.2. Integrating RS/Sensor Data and Biogeochemical Models to
Predict SOC

Biogeochemical models are effective tools for quantifying SOC
in ecosystems by providing an understanding of its dynamics.
These models consider the influence of soil characteristics, crop
types, and field management practices on SOC dynamic. How-
ever, their performance is often constrained by the complexity
of the underlying mechanisms, which results in difficulties with
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Figure 10. Workflow for integrating model simulations with remote sensing (RS) and proximal soil sensing (PSS) data for soil organic car-

bon (SOC) estimation. Diagram illustrates the process starting from
ronmental, and management data) and data sourced from satellites,

parameter preparation, which includes model input data (soil, envi-
airborne platforms, unmanned Aerial Vehicles (UAVs) and PSS. Co-

variates are extracted using environmental data, terrain data, and vegetation indices. Model calibration involves sensitivity analysis and
parameter tuning, leading to model validation. The SOC simulation process biomass, leaf area index (LAl) and generates gross pri-
mary production (GPP) outputs, which are refined through data assimilation and constraints. The radiation transfer model also computes
GPP using RS inputs. Model performance is validated through comparisons with laboratory analysis data, RS data and ground sensing

observations.

their parameterization. At regional scales, the heterogeneity of
surface and near-surface environments further complicates the
acquisition of macro-level data and the regionalization of model
parameters.

Integrating RS information into models through model-data
fusion technology (MDF) is a possible approach for enhanc-
ing model quality.*¥¥11* As shown in the MDF framework in
Figure 10, RS provides continuous temporal and spatial data on
crop biophysical variables and SOC estimates, such as gross pri-
mary production (GPP) and leaf area index.['"] These observa-
tions can be used to adjust model parameters, state variables,
or structures to improve predictions. Research on integrating
RS and biogeochemical models typically employs two main ap-
proaches: forcing and assimilation.[''®! The forcing method di-
rectly substitutes model parameters with values derived from RS
data, driving the model’s operation. Data assimilation, on the
other hand, updates model simulations by incorporating the best
constraints derived from estimated measurements and model
prediction errors, so that the model state aligns with observed
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results. Ye et al."'*l used the MDF method to combine remotely
sensed cover crop biomass data with process models to improve
the prediction accuracy of SOC. Specifically, they constrained and
validated process-based models using aboveground biomass data
obtained from satellite RS. RS-constrained models significantly
improved the quantification of aboveground biomass carbon in
cover crops, increased R? from 0.60 to 0.87 compared with uncon-
strained simulations. It is an expected results since aboveground
biomass serves as a major carbon source for SOC.

Rapid advancements in RS technology have addressed many
practical challenges in modelling, driven by continuous product
development and increased digital data availability. Nevertheless,
in the era of “big data”, modellers often encounter difficulties in
selecting suitable datasets, as different data sources can vary sig-
nificantly in accuracy and resolution. Further, not all data con-
tribute to better model performance. In some cases, their integra-
tion may introduce redundancy or errors. Evaluating and compar-
ing datasets from different sensors, spatial scales, retrieval meth-
ods, and resolutions can help identify the most suitable inputs

© 2025 The Author(s). Advanced Science published by Wiley-VCH GmbH

85UB01 7 SUOLULLIOD AT 3[ded! dde U Aq pauenob ae il VO ‘85N JO 3N Joj Akeiqi 18Ul UO 8|1 LIO (SUORIPUOD-PUE-SWLBIALIO"AB | IM Afe.d1jBu [Uo//Stiy) SUORIPUOD pue SWLB | 8U 89S *[6202/60/62] U0 AiqiTauliuo A|iMm Pi 3N essuezensy Aq ZGTH0SZ0Z SAPR/Z00T OT/I0p/L0o™ A8 | 1M Afe.q 1 |pul U0 peoueApe//SANY WO pepeo|umod ‘TE ‘5202 ‘Tr8s86Te


http://www.advancedsciencenews.com
http://www.advancedscience.com

ADVANCED
SCIENCE NEWS

ADVANCED
SCIENCE

Open Access,

www.advancedsciencenews.com

for carbon cycle modelling. Additionally, validating predictions
through independent datasets (such as in situ observations) re-
mains essential.

7.3. Ensemble Models: Combining Multiple Al Algorithms or
Multiple Biogeochemical Models

Ensemble modelling (i.e., the integration of multiple different
Al algorithms or multiple different biogeochemical models) has
been recognized as a strategy to SOC predictions. In the field
of Al, averaging or weighting the predictions of various AI al-
gorithms can reduce model-specific errors and improve overall
predictive performance. Sun et al.[??], for example, showed that
combining RF, SVM, XGBoost, and ANN improved predictions
(RMSE = 1.29, R? = 0.85) compared to using single models (RF:
RMSE =2.05, R =0.62; SVM: RMSE =2.08, R? = 0.61; XGBoost:
RMSE = 2.39, R? = 0.48; ANN: RMSE = 2.64, R? = 0.37). Tran
et al.l'"”] also found that combining multiple ML algorithms into
an ensemble model improved SOC prediction (R? = 0.76, RMSE
= 0.66). Zeraatpisheh et al.l'®®] constructed an ensemble model
that used a weighted average of SVM, RF, ANN, and k-Nearest
Neighbor, which outperformed all individual models (ensemble
model R? = 0.35, while the R? of individual models was below
0.15). Measuring the central tendency of results from different
algorithm models can reduce uncertainty by balancing the errors
of each model, thereby achieving a better fit.[**]

Similarly, ensemble frameworks have also been applied to bio-
geochemical models by averaging or weighting the outputs from
multiple process-based simulations to account for structural un-
certainties and model-specific sensitivities. For example, Farina
et al.BY evaluated the performance of 26 biogeochemical models
in simulating long-term SOC dynamics under bare fallow con-
ditions. They compared model outputs with observational data
from six long-term bare fallow sites across Europe, and found
that ensemble modelling improved the SOC predictions under
different calibration strategies (R? = 0.937 for scenario-blind sim-
ulations, and R? = 0.994 for site-specific calibrated simulations).
Tebaldi and Knutti et al.['"! also emphasized that combining
multiple simulations tends to enhance prediction accuracy, es-
pecially when overall model performance is considered. Farina
etal.B! suggested that a minimum of 10 models may be required
for ensemble predictions when calibration is not possible, while
as few as 3 to 4 models may suffice when site-specific calibra-
tion is feasible. Still, this threshold may depend on the degree of
structural diversity among the models included in the ensemble.
Process-based models differ in parameter settings and structures
for core processes such as carbon input, decomposition rate, and
stable carbon pools. Integrating these models into an ensemble
can make up for the shortcomings of a single model in character-
izing a specific process and reveal the reasons for the differences
in predictions between models.

The challenges of ensemble modelling lie in the lack of clear
standards for model selection and combination, making it dif-
ficult to ensure complementarity among sub-models. Addition-
ally, parallel computation of multiple models incurs high com-
putational costs, particularly in large-scale applications. Incorrect
ensemble strategies may fail to correct the biases of individual
models. In the future, establishing standardized benchmarking
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platforms to systematically evaluate the performance of differ-
ent ensemble strategies in typical scenarios could help optimize
model selection and combination strategies. Meanwhile, as our
understanding of SOC processes changes, new mechanisms can
be gradually introduced or redundant processes streamlined.

7.4. Hybrid models: Combining RS/Sensor Data, Al, and
Biogeochemical Models

SOC modelling hinges upon how well we understand and em-
ulate fundamental soil science processes, as well as how such
science is represented in modelling processes. All models are
simplifications of reality; if they were not simplifications, they
would not be models but would be reality. The question of which
processes should be captured and which omitted depends on the
purpose for which the model has been derived. The majority of
Al-based SOC predictions are used in static scenarios (i.e. one
model for a prediction at one time step), which result in strong
interannual fluctuations in time series SOC 2%/ when the ob-
jective is space and time prediction. DL methods, such as Long-
Short Term Memory (LSTM) and CNN, can model space-time
sequences of soil and ecosystem properties. LSTM has been ap-
plied to model soil hydrology using RS-informed modelling.[1?!]
However, applying DL algorithms to model SOC sequestration
is somewhat problematic due to lack in long-term experimental
field plots and SOC monitoring programs. Biogeochemical mod-
els capture SOC dynamics explicitly through mechanisms as de-
scribed in Table 2. Nevertheless, these models require substan-
tial effort to understand and parameterize the SOC turnover pro-
cesses. Their complexity demands extensive input data, and gaps
in knowledge or data availability can lead to structural errors.[!?2]
In practice, Al and biogeochemical models can effectively com-
plement each other. Incorporating simulation outputs from bio-
geochemical models as additional training data for ML can sup-
port conscious modelling of SOC turnover processes while re-
taining some of the spatial prediction accuracy of Al To this end,
as shown in Figure 11, we conceptualize the hybrid model. In
addition, RS observations with its temporal repetition and broad
spatial coverage may provide inputs for both types of models,
which may in turn support model verification and add some
constraints.[*]

The hybrid approaches have been widely used. Zhang et al.l'?3]
demonstrated this by integrating two process-based models
(Roth-C and microbial-mineral carbon stabilization, MIMICS)
with RF. Outputs from the process models were used as dynamic
covariates within the space-for-time random forest model to sim-
ulate the temporal variation of SOCso as to capture the spatiotem-
poral dynamics of SOC. The hybrid model including Roth-C +
MIMICS + RF improved R? by 80% and 59% compared with
the single model of Roth-C and MIMICS, respectively.'2}] Hybrid
models can also be used for mismatched spatial/temporal resolu-
tions and computations limitations. For example, Zhang et al.3>
proposed an integration framework that used SOC data simu-
lated by process models as additional training data, combined
with actual measured SOC data to train Al models. The introduc-
tion of simulated process model outputs improves the temporal
representativity of training samples, particularly for years lacking
field data. As a result, the AI can leverage both existing sampling
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Figure 11. Concept figure of the integration model. The simulation results based on the biochemical model serve as additional training data for the
artificial intelligence (Al), and the developed Al is guided by prior knowledge. The reverse hybridization is Al models produce soil organic carbon (SOC)
predictions that are then streamed into biogeochemical models. Site surveys, remote sensing (RS), soil proximal sensing (PSS) and eddy covariance

(EC) data are used to verify and constrain the model results.

data and dynamic predictions provided by the process model in
data-sparse periods. Of particular note is the knowledge-guided
machine learning (KGML) model framework proposed by Liu
etal.[**® which integrates process-based model (i.e. the ECOSYS
model) with DL to improve the prediction accuracy of agricultural
carbon cycling. ECOSYS generates synthetic data for key vari-
ables like crop yield, Ra, Rh, NEE, and GPP, which are used to
pre-train the KGML-ag-Carbon model. Pre-training enables the
model to better capture the dynamic changes in the carbon cy-
cle. Additionally, RS observations of GPP, representing the pri-
mary carbon input in agricultural ecosystems, are incorporated
as spatial constraints. Finally, the model is fine-tuned and vali-
dated using observed data (e.g., from EC and chambers). These
case studies indicate that the hybrid approach successfully com-
bines the strengths of biogeochemical models and AI, compen-
sating for the limitations of individual models in spatial or tem-
poral predictions. Such hybrid models address challenges posed
by low sampling density in space and time by expanding the
training data. In these studies, the causal relationships of eco-
logical processes captured by the process-based models are com-
bined with data-driven prediction. For these reasons, hybrid mod-
els improve the spatial and temporal SOC prediction quality, but
also support interpretability.3°! In situations with data scarcity
or discontinuous observations, datasets generated from process
models can be used for pre-training Al models, providing prior
knowledge.I*®! Moreover, these datasets are much less costly
than large-scale field observations, thereby expanding the spatial
coverage of training samples and enhancing the model’s gener-
alization ability over time. This is because many process-based
models are driven by climate data, and climate measurements
tend to be more ubiquitous than measurements of SOC at scale.

Development of hybrid models for SOC prediction remains in
its infancy. Existing SOC process models are quasi-physical and
semi-empirical at best.[2*] Before developing a new biogeochem-
ical process-based model, it is essential to understand and math-
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ematically encapsulate the complex turnover mechanisms and
causal relationships driving SOC dynamics.®* The design and
integration of the model must be tailored to the specific condi-
tions of the target region, as SOC pathways vary widely depend-
ing on soil types, parent materials, climate scenarios, and land
management practices.['?*] For instance, differences in farming
methods and moisture conditions influence carbon decomposi-
tion rates and soil formation processes, requiring models to be
adjusted accordingly.(*>*! Similarly, management practices such
as irrigation, fertilization, and tillage play significant roles in
shaping the pathways of SOC change and must be incorporated
into the model.[*>8] Spatiotemporal dynamics of SOC are gov-
erned by a combination of natural and anthropogenic factors, as
well as a range of biophysical processes, making it challenging
to fully encapsulate these dynamics within a single model. As a
result, model design requires a careful balance between complex-
ity and parsimony, with intentional decisions on which factors to
include and which to omit to maintain both accuracy and sim-

plicity.

8. Recommendations for Advancing the State of
the Art

Future soil carbon research is expected to benefit from techno-
logical and methodological advancements. This can be fuelled
by the digital convergence.['?®] Here we outline strategic recom-
mendations informed by current challenges and advancements
in SOC modelling. These recommendations aim to inform future
research directions that can foster advancements in SOC mod-
elling.

1. Enhanced data collection for model training

The limited availability of measured SOC data remains a
constraint to model accuracy. There is a need to increase the
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deployment of flux towers, continuous high-resolution data on
carbon fluxes between the soil and the atmosphere. Such data
are needed to understanding the dynamic exchange of carbon.
Besides, better relationships between the diverse sensing tech-
nologies such as PSS and RS need to be developed to help obtain
cost-effective a spatially explicit data to calibrate Al and process-
based models. All in all, these new data can support calibration
and validation of SOC models by providing complementary data
streams.

2. Selection of the optimal biogeochemical model

The selection of an appropriate biogeochemical model for SOC
simulation depends on the specific ecosystem being studied and
the research objectives. No single model universally outperforms
others, as each exhibits varying levels of adaptability to different
environmental conditions. Variability in the quality of input data,
such as meteorological and soil properties, parameter settings,
and the availability of historical management data, introduce un-
certainties into model outcomes. To mitigate these uncertainties,
we need to develop modelling strategies based on coherent and
standardized workflow, particularly during the stages of initial-
ization, calibration, validation, and data selection. Workflows are
also necessary in pre-application testing to optimize model in-
puts and support collecting the right dataset.

3. Integrating Al and biogeochemical models with big data

We highlighted that the fusion of Al with biogeochemical mod-
elling holds potential for improving SOC predictive modelling.
This integration can support modelling with large-scale and di-
verse environmental data collected through advanced sensing
technologies. It can also support hybridization of Al and process
models with cross-fertilization of the SOC data or prediction be-
ing shared or streamed from one model type into the other. Yet,
other hybridized model applications using tight- or loose cou-
pling among models could be envisioned such as a) reverse en-
gineering of process-based equations via Al, b) learning and loss
functions in AI models being coupled to a process-based model,
¢) PSS monitoring data and spectral SOC predictions coupled to
Al or biogeochemical models, and d) meta-modelling or surro-
gate modelling of complex biogeochemical models with Al.

4. Fostering multi and trans-disciplinary collaboration

Advancing SOC prediction requires collaboration among ex-
perts from diverse fields such as soil science, microbiology cli-
matology, hydrology, ecology, agronomy, and computer science.
Challenges such as overfitting, ambiguous model interpreta-
tions, and limited causal inference demand input from soil sci-
entists, agronomists, and ecologists to guide model development
and evaluation. Close coordination with stakeholders is criti-
cal to define acceptable generalization thresholds and identify
application-specific needs for interpretability and causal insights.
Model developers and domain experts must work together to cre-
ate and assess benchmark datasets, define evaluation criteria, and
develop hybrid or physically constrained ML models. This col-
laborative approach will ensures model transparency, supports
realistic uncertainty quantification and visualization, and fosters
trust and usability in real-world agricultural soil carbon decision-
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making contexts (e.g. in soil carbon crediting schemes), aligning
with similar efforts in other research domains.['2¢]

9. Conclusion and Limitations

Prediction of SOC must be grounded on mechanistic under-
standing of soil processes in concert with accuracy in simula-
tion of complex spatiotemporal patterns. Biogeochemical models
simulate SOC dynamics based on known processes, offering in-
terpretability but facing challenges like input data demands and
parameter uncertainty. They tend to be driven by climate data and
point-based, and thus suffer limitations in capturing spatial vari-
ability. In contrast, AI models excel in capturing spatial patterns
but do not predict well temporal trends because of the lack of
such datasets. By combining the temporal mechanistic strengths
of process-based models with the spatial pattern recognition abil-
ities of Al, hybrid approaches embed causal knowledge and im-
prove prediction, especially when training data are sparse. Syn-
thetic data from process models supports Al model pre-training,
while high-quality observations enable direct learning. Integrat-
ing multi-source sensor data further enhances model input and
validation and improv scalability.

Nonetheless, this review has several limitations. First, al-
though we endeavoured to cover key methodological aspects, this
review was not conducted under a formal systematic framework
like PRISMA or SALSA, and some relevant literature may have
been missing. Second, the comparison of model performance
was primarily based on published case studies, which vary in geo-
graphical scale, data quality, and evaluation metrics—limiting di-
rect comparability. Lastly, integration strategies discussed remain
largely conceptual; further empirical testing and benchmarking
are needed to validate their practical effectiveness across diverse
soil systems.
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