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ARTICLE INFO ABSTRACT

Handling Editor: Dr. H Neely Soil organic carbon (SOC) underpins the global carbon cycle and represents a central lever for climate change
mitigation and food security. Yet its accurate spatiotemporal quantification remains a challenge, owing to the

Keywords: complex interactions among biological, chemical and physical processes operating across scales. This review

Spatiotemporal modelling critically evaluates the current state of SOC spatiotemporal modelling frameworks and their limitations, and
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future directions. Process-based models provide mechanistic insight into carbon dynamics but are constrained by
parameterisation, structural assumptions and computational demands. In contrast, machine-learning (ML) ap-
proaches excel at capturing spatial patterns from large datasets but often struggle to represent temporal kinetics,
enforce physical consistency or generalise across scales and environmental contexts. We argue that the next
generation of SOC modelling will emerge from the convergence of process-based understanding and data-driven
inference through knowledge-guided ML and hybrid modelling strategies. We synthesise four principal inte-
gration pathways: (1) meta-modelling to accelerate computationally intensive simulations; (2) sequential
hybridisation to embed mechanistic trends as dynamic covariates; (3) ensemble frameworks to reduce structural
uncertainty; and (4) data assimilation to constrain model trajectories with observations. We further highlight
emerging frontiers, including residual and parameter learning, physics-informed neural networks, foundation
models for earth observations, and omics-informed frameworks that link microbial functional potential to carbon
turnover processes. We conclude that progress toward causally interpretable, uncertainty-aware monitoring
frameworks will require tighter integration of mechanistic theory, interpretable artificial intelligence and cross-
scale data synthesis.

1. Introduction about 2,500 Pg of C in the top two meters, more than three times the
amount currently in the atmosphere and four times that in the biotic

Soil organic carbon (SOC) plays a central role in terrestrial ecosys- pool (Friedlingstein et al., 2024). While soils possess a potential pathway
tems, governing the global carbon (C) cycle and regulating essential soil for atmospheric CO5 drawdown, they also harbour the risk of becoming
functions and services (Evangelista et al., 2023; Lehmann et al., 2020; a significant source of CO, due to unsustainable anthropogenic practices
Lal et al., 2021). Soil represents the largest terrestrial C pool, storing and positive carbon cycle-climate feedbacks (Amelung et al., 2020).
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Furthermore, SOC is central to soil condition or health assessment,
agricultural resilience and carbon-crediting schemes (van Noordwijk
et al., 2023).

Given these roles, accurate quantification of SOC stocks and char-
acterization of their spatiotemporal dynamics are essential for assessing
ecosystem resilience, agricultural productivity, and food security under
global change. SOC is inherently spatially heterogeneous and temporally
dynamic, governed by the balance between continuous carbon inputs (e.
g., plant litter, rhizodeposition and atmospheric deposition) and loss
processes (e.g., microbial respiration, leaching, and erosion). A critical
determinant of these stock sizes is the SOC turnover time, commonly
expressed as the average time that organic carbon molecules remain in
the soil (Sierra et al., 2017). This rate shows significant spatial hetero-
geneity and is driven by mechanisms that differ substantially across
regions. Consequently, many process-based models rely on SOC turn-
over time to accurately simulate carbon decay and storage potential
(Zhang et al., 2025a; Zhou et al., 2024). This balance is strongly
modulated by climate, soil properties, land use, and management,
resulting in pronounced spatial and temporal variability in SOC stocks
and fluxes (Smith, 2008; Lehmann et al., 2020). Crucially, this balance is
no longer governed by gradual environmental change alone but is
increasingly disrupted by climate extremes.

Recent literature further demonstrates that SOC dynamics are
increasingly shaped by climate extremes. Heatwaves, droughts, and
extreme precipitation events have been shown to accelerate SOC losses
induced by directional climate change, particularly through pulses of
microbial activity and destabilization of previously protected C pools
(Garcia-Palacios et al., 2021; Saez-Sandino et al., 2024; Wang et al.,
2024). Land-use and land-cover change remains another dominant
driver, with conversion of forests and grasslands to croplands causing
substantial reductions in topsoil (0-30 cm) SOC globally over the past
four decades (Huang et al., 2024). Management can either amplify these
losses through intensive tillage, residue removal and simplified rota-
tions, or buffer them through reduced tillage, cover cropping, diversified
rotations and organic amendments. These episodic and non-linear re-
sponses challenge models calibrated mainly on gradual environmental
gradients or legacy observations. High-carbon systems such as peatlands
further highlight this challenge: despite covering only a small fraction of
the global land area, they store a disproportionate share of global soil
carbon and are highly sensitive to drainage, fire and warming
(Widyastuti et al., 2025; Yu, 2012).

Despite major advances in understanding SOC processes, substantial
limitations persist in how SOC is modelled, mapped, and monitored.
Digital soil mapping (DSM) has greatly improved the spatial represen-
tation of soil properties from regional to global scales (Arrouays et al.,
2014; Chen et al., 2022), yet most applications implicitly assume tem-
poral stationarity and rely on legacy datasets collected across disparate
time periods. Consequently, many DSM products are not suited to
capturing SOC dynamics and detecting emerging risks. Explicitly
spatiotemporal SOC models offer a pathway forward by identifying
where and when SOC stocks are most vulnerable. This spatiotemporal
capability enables trend detection and supports monitoring designs
focused on change detection rather than long-term averages (McBratney
et al., 2003; Minasny et al., 2017).

Current space-time SOC modelling approaches remain fragmented.
Process-based models (PBMs), geostatistical frameworks, and machine-
learning (ML) methods have largely evolved in isolation. PBMs are
grounded in mechanistic understanding but face challenges related to
spatial scaling, parameter uncertainty, and equifinality (Van de Broek
et al,, 2025; Wang et al., 2025). Geostatistical approaches provide
rigorous spatial inference but require explicit assumptions about
space-time trends. Data-driven machine learning (ML) models excel at
pattern recognition but often lack explicit process representation,
limiting their reliability for temporal extrapolation and scenario anal-
ysis. A further challenge is that many SOC modelling studies report
predictive accuracy but provide limited assessment of uncertainty
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propagation, temporal transferability, causal interpretability or suit-
ability for monitoring and reporting applications. Recent advancements
have shifted towards hybrid modelling frameworks that integrate the
mechanistic rigor of PBMs with the predictive power of ML.

Against this background, there is a need to move beyond treating
process-based models, statistical models and machine learning as sepa-
rate approaches. This review is to evaluate existing approaches for
spatiotemporal SOC quantification and synthesise emerging strategies
for their integration. We focus on hybrid frameworks that combine
process understanding, statistical structure and machine-learning flexi-
bility to develop SOC models that are mechanistically informed, data-
efficient, interpretable and scalable. In doing so, this review identifies
key methodological challenges, evaluates opportunities for knowledge-
guided and hybrid modelling, and proposes research priorities for robust
SOC monitoring systems capable of supporting soil security, climate
mitigation and sustainable land management.

2. Existing approaches for spatiotemporal SOC modelling

A range of modelling approaches has been developed to quantify
SOC content and stock and their variation across space and time. These
approaches differ in their underlying assumptions, mathematical
structure, and treatment of soil processes, spatial dependence, and
temporal change. Broadly, they can be grouped into process-based
(mechanistic) models, geostatistical frameworks, and data-driven ma-
chine-learning methods (Table 1).

2.1. Process-based (mechanistic) models

PBMs are grounded in the mechanistic understanding of biogeo-
chemical processes. Traditional SOC PBMs, exemplified by RothC
(Coleman and Jenkinson, 1996), CENTURY (Parton, 1996), Yasso (Liski
et al., 2005), DNDC (Li, 1996), etc., employ a multi-pool, first-order
decay framework. SOC, usually expressed as stock (t/ha), is partitioned
into discrete conceptual C pools (e.g., active, slow, passive) with specific
decomposition rates modulated by environmental factors such as tem-
perature and moisture (Fig. 1a). Their C pools are conceptually defined
by intrinsic turnover times rather than physically measurable fractions
(e.g., the “slow” pool cannot be isolated and quantified directly).

In response, a new generation of models has emerged that explicitly
represents microbial processes and links them to measurable SOC pools
(Schimel and Weintraub, 2003), including MEND (Wang et al., 2013),
MIMICS (Wieder et al., 2014), CORPSE (Sulman et al., 2014), Millennial
(Abramoff et al., 2018), MEMS (Robertson et al., 2019), and SOILcarb
(Van de Broek et al., 2025). Many of these models shift the model from
first-order decay formulations to Michaelis-Menten kinetics. They
explicitly simulate microbial biomass, enzyme production, and carbon
use efficiency (CUE), allowing them to capture phenomena such as the
priming effect (where fresh inputs accelerate old C loss) and thermal
adaptation, as well as dynamics that linear models fail to predict (Kyker-
Snowman et al., 2020; Tao et al., 2023). Models such as MEMS v2.0 and
Millennial align model pools with physically measurable soil fractions (i.
e., POM, MAOM). These measurable pools enable researchers to directly
calibrate models against empirically derived soil carbon fractions
(Lavallee et al., 2020).

Recent modeling frameworks have also increasingly included rep-
resentations of deep-soil carbon dynamics. Models such as RothPC-1
(Jenkinson and Coleman, 2008), COMISSION (Ahrens et al., 2015),
OC-VGEN (Keyvanshokouhi et al., 2019), and MEMS v2.0 (Zhang et al.,
2021) have moved towards multi-layer architectures that partition the
soil profile into discrete vertical intervals. Deep-soil carbon dynamics
are modelled based on the vertical transport of water-soluble organic
matter, bioturbations and vertical distribution of root litter (Ryzhova
et al., 2024).

For spatial applications, PBMs typically rely on gridded soil, climate,
vegetation and land-management data as model inputs. PBMs are then
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Table 1
A summary of spatiotemporal models of SOC.

(Soil-ML)
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Physics-informed
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Category Method class Core principle Representative models /  Key strengths Key limitations Best-suited
techniques applications
Conventional  Process-based Based on Traditional: RothC, Mechanistic causality; Structural rigidities; Long-term SOC
models (PBMs) biogeochemical and CENTURY, Yasso, mass balance; climate parameter equifinality; pool projections; climate
physical processes DNDC; sensitivity; scenario validation change scenario
Microbial-explicit: projection analysis
MIMICS, MEND,
CORPSE, Millennial,
MEMS, SOILcarb
Geostatistical Quantify spatial OK, STK; Rigorous uncertainty Require regular space-time Regional to
models autocorrelation and INLA-SPDE quantification; best linear data; continental SOC
covariance structure unbiased predictor correlation-based; limited mapping with
mechanistic insight sufficient space-time
coverage
Machine learning Nonlinear statistical RF, Cubist, XGBoost; High spatial accuracy; Poor extrapolation; no High-resolution SOC
(ML) learning from Deep Learning: CNN, flexible; scalable kinetics; black-box maps, space for time
covariates LSTM, GNN behaviour substitution
Hybrid Meta (surrogate) ML emulates PBM RF-surrogates for APSIM  Orders-of-magnitude Inherits PBM biases; lacks Global upscaling;
models behaviour speed-up; preserves PBM explicit physical constraints; ~ uncertainty analysis
logic complex parameter tuning
Sequential PBM outputs used as POML, RothC-RF Improves temporal trends; ~ Systematic bias propagation ~ SOC trend detection;
(physics-guided ML features physics-informed features from PBM; high gap filling
ML) computational intensity
Ensemble / ML learns optimal RothC-MIMICS-RF stack Reduces structural Feature overshadowing; Cross-ecosystem
Stacking weighting of multiple uncertainty; robust uncertainty accumulation modelling
models predictions
Data assimilation Bayesian fusion of EnKF, Bayesian MCMC, Strong uncertainty Computational cost; SOC MRYV; long-term
(DA) PBMs with PRODA reduction; parameter equifinality persists; limited ~ monitoring
observations convergence by observations
Emerging Soil-science- Physical laws KGML-ag-Carbon Physically consistent AI; Model design complexity Data-sparse regions;
informed ML embedded in ML strong generalization policy-relevant
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Fig. 1. Conceptual diagram of process-based model (a), geostatistical model (b), and machine learning model (c) for SOC spatiotemporal modelling.

executed independently for each grid cell, usually treating every pixel as
a one-dimensional soil column. While this strategy enables large-scale

application and straightforward integration with spatial datasets, it
generally neglects horizontal fluxes of carbon, water, and sediments,
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and assumes that model parameters and processes operate identically
across heterogeneous landscapes. Despite these spatial simplifications,
PBMs remain the most practical and mechanistically grounded tools for
projecting SOC sequestration under future climate scenarios.

A persistent challenge for PBMs is equifinality, in which different
combinations of parameters or processes can yield similar SOC stock
trajectories, sometimes for mechanistically incorrect reasons. To address
this limitation, recent frameworks such as SOILcarb (Van de Broek et al.,
2025) and PRODA (Tao et al., 2023) employ data assimilation (DA)
techniques (see details in section 4.4). For example, the SOILcarb model
constrained the residence times of deep soil C by integrating depth-
resolved isotope AM*C constraints. Specifically, it used the bomb-spike
gradient in A'C to infer carbon turnover rates, thereby providing a
robust observation for model calibration. Such approaches illustrate
how specific isotopic, fraction-based and depth-resolved observations
are required to reduce parameter uncertainty and improve the mecha-
nistic credibility of SOC projections.

2.2. Geostatistical spatiotemporal models

Geostatistics is grounded in the theory of regionalised variables,
especially the Gaussian Random Field (GRF), which considers that any
variable studied, such as SOC, is the result of a stochastic process that
can be linked to a mathematical function (the variogram) quantifying
the spatial dependence between observations (Matheron, 1960). Sub-
sequently, ordinary kriging (OK) uses the spatial structure described by
a variogram to produce estimates by spatial interpolation at unvisited
locations. OK is therefore based solely on sampled SOC data and does not
take into account associated covariates (Fig. 1b). Regression kriging
(RK) extends this framework by modelling the deterministic trend using
environmental covariates, such as SCORPAN factors, and then applying
kriging to the regression residuals to account for remaining spatial
autocorrelation (Heuvelink and Webster, 2022). Under the assumed
model and variogram, OK and RK provide the best linear unbiased
predictor, offering not only a prediction but also a rigorous estimate of
the variance of the prediction error (uncertainty).

Because SOC is temporally dynamic, purely two-dimensional spatial
frameworks are often insufficient. Space-time Kriging (STK) extends the
framework by modelling the covariance between points in both space
and time. However, exact STK typically requires operations on dense
space-time covariance matrices. Direct covariance-matrix computations
scale as approximately ¢ (n®) for matrix inversion and ¢ (n?) for stor-
age, where n is the number of observations. As SOC datasets increase in
spatial coverage and temporal resolution, these computational demands
can become prohibitive, although iterative solvers, including Krylov
subspace methods, can reduce the burden in practice (Sun et al., 2012).

Approximation strategies, including local kriging, covariance
tapering and composite likelihood approaches, have been developed to
improve scalability, but they often require dataset-specific tuning and
may compromise statistical optimality. To overcome these limitations,
geostatistics has increasingly adopted stochastic partial differential
equation (SPDE) approaches. The SPDE framework represents a
continuously indexed Gaussian random field (GRF) as a Gaussian Mar-
kov random field (GMRF) with sparse precision matrices. Lindgren et al.
(2011) established the explicit link between Matérn GRFs and GMRFs
through an SPDE formulation solved using finite element methods. This
representation transforms kriging and stochastic simulation into sparse
linear algebra problems, reducing computational complexity to
approximately #(n®?2) in two dimensions (and near-linear scaling in
memory), enabling scalable spatiotemporal modelling for large envi-
ronmental datasets.

SPDE models can be implemented within a fully Bayesian estimation
framework based on the integrated nested Laplace approximation
(INLA), yielding an INLA-SPDE model. The INLA method, developed by
Rue et al. (2009), provides an alternative to traditional Markov chain
Monte Carlo methods for Bayesian estimation and offers fast, accurate,
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off-the-shelf deterministic approximations of posterior inferences for a
large class of models. INLA allows joint estimation of all model com-
ponents using many data points, ensuring that estimation uncertainty is
propagated across all components. A recent example of spatio-temporal
modelling of SOC with INLA-SPDE employed separable spatio-temporal
covariance models, meaning the covariance matrix can be expressed as
the product of the spatial and temporal covariance matrices. Sun et al.
(2021) included time as an autoregression model of order 1.

Saby et al. (2020) applied their approach to a French SOC dataset to
model national-scale SOC dynamics. The statistical spatio-temporal
model used basis functions representation to combine several effects:
e.g., regression with covariates =, a global temporal slope term f, +
p1 x t, and intercept Wy (s) and slope Wi (s) coefficients that are allowed
to vary across space (Wy(s) + Wi(s) x t). A final effect corresponds to a
nonlinear spatiotemporal structure, represented with a deterministic
spline basis By (t) for nonlinear modelling of temporal trends, and each of
the temporal spline coefficients has spatial structure defined through a
Gaussian random field Wy. In full, the model can be written as:

Y(S, t) =po+p xXt+ Zilﬂfcz?c“) + Wo(S) W (s)
% t+Zf,1Bk(t)Wk(s) + (s, t) D

where (s, t) denotes a Gaussian white-noise process representing mea-
surement errors, with a mean of 0 and a variance of ¢2.

Fig. 2 presents the predicted distributions of soil organic matter
(SOM) contents using the model fitted with INLA-SPDE. It shows that the
temporal change of the SOM is important between 1995 and 2016, while
the spatial patterns of the SOM distributions are basically similar during
the period. The spatial gradient of SOM is mainly driven by the oceanic
climate and elevation, with higher values in the western part of the
study area. SOM contents decreased significantly from 1995 to 2016;
that is, the red colour in the western area of the study region changes to
yellow. Primarily, this is attributed to the fact that, in this area of the
study, a number of plots underwent grassland conversion for cultivation.

INLA-SPDE currently represents the state of the art in geostatistics,
offering a flexible framework for modelling complex anisotropic corre-
lation structures and non-Gaussian data (e.g., zero-inflated soil counts)
while maintaining full probabilistic quantification of uncertainty (Rue
et al., 2017). However, especially when no covariates are inserted in
the model, it is highly sensitive to the SOC training data. When obser-
vations across sampling periods are scarce, the uncertainty in spatio-
temporal predictions remains high. Mechanistically, INLA-SPDE lacks
physical constraints and relies on predefined statistical structures to
model temporal trends.

2.3. Machine learning (data-driven) models

In contrast to both mechanistic and geostatistical frameworks,
machine-learning approaches prioritise predictive performance by
learning empirical relationships between SOC observations and large
sets of environmental covariates. The growing availability of spatial,
temporal, and remote-sensing datasets has accelerated the adoption of
ML in SOC modelling, extending earlier geostatistical approaches (Chen
et al., 2022). ML models relate observed SOC content or stock to pre-
dictor variables (e.g., climate, terrain, and remote-sensing indices;
Fig. 1c). Static covariates primarily represent spatial variation, whereas
dynamic covariates, particularly remote-sensing time series, capture
temporal variability in environmental conditions and land management.
Most applications have used tree-based ML algorithms such as Random
Forest (RF), Cubist, and XGBoost (Chen et al., 2024a; Heuvelink et al.,
2021; Liu et al., 2021; Wiesmeier et al., 2011).

Recent work also extended SOC modeling toward deep learning (DL).
Unlike conventional ML, which treats each pixel as an isolated data
point, DL architectures such as convolutional neural networks (CNNs)
can ingest spatial context, recognizing that SOC at one location is
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Fig. 2. Posterior mean of the soil organic matter (SOM in %) contents for 1995, 2010 and 2016 and relevant 95% confidence interval over the study area in France

(revised from Saby et al., 2020) under the Lambert-93 projection.

influenced by the textures and patterns of its neighbours (Ng et al., 2020;
Padarian et al., 2019). In addition, graph neural networks (GNNs) offer
another advantage by capturing complex landscape topology and non-
Euclidean connectivity that grid-based CNNs often miss. By modelling
the landscape as a connected network, GNNs can explicitly represent
directional fluxes, such as hydrological flow paths, providing a more
physically realistic depiction of soil formation processes. Such archi-
tectures are promising for SOC prediction because they can capture
multiscale spatial dependencies and landscape connectivity, although
their advantages depend on data density, model design, and indepen-
dent validation (Kipf and Welling, 2017; Shen et al., 2023).

Temporal information has also been incorporated through recurrent
architectures such as Long Short-Term Memory (LSTM) networks. Zhang
et al. (2022), for example, demonstrated that land-surface phenology
features extracted using LSTM improved SOC prediction relative to RF.
However, the application of LSTM to SOC modelling remains limited by
the scarcity and irregularity of long-term SOC time-series data.

Remote sensing has become central to ML-based SOC mapping to
capture temporal variation. Optical satellite platforms such as Landsat,
Sentinel, MODIS, and PlanetScope provide covariates that capture
vegetation, surface condition, and spectral soil properties. A major
development has been the move from single-date imagery to multi-
temporal analysis and bare-soil composites (Rogge et al., 2018; Xue
et al., 2024). By screening observations across seasons and years, these
approaches identify periods when exposed soil dominates the surface
reflectance signal, improving the retrieval of soil-related spectral in-
formation (Safanelli et al., 2020; Vaudour et al., 2019). Dvorakova et al.
(2023), for example, used Sentinel-2 spectral indices to reduce con-
founding effects from soil moisture and crop residues. Such spectral
soilscapes support SOC mapping using visible-near-infrared (VNIR) and
shortwave-infrared (SWIR) bands (Dematte et al., 2018).

Nevertheless, bare-soil detection remains challenging. Vegetation
can often be masked using NDVI thresholds, but reliable SOC retrieval
also requires filtering residues, roughness, and moisture effects
(Chabrillat et al., 2019). Dvorakova et al. (2023) showed that locally
calibrated thresholds based on the normalized burn ratio 2 (NBR2),

derived from SWIR bands, can reduce moisture and residue effects.
However, the broad SWIR bands available on current multispectral
sensors cannot fully separate these influences. Future hyperspectral
satellite missions may improve residue detection through narrow-band
indices such as the cellulose absorption index. Sentinel-1 synthetic
aperture radar (SAR) can also provide soil-moisture time series, which
may serve as dynamic covariates for SOC prediction (Fan et al., 2025).

A further advance is the derivation of spatially explicit management
variables from remote sensing (Kc et al., 2021; Zhou et al., 2025). These
variables can be used both as covariates in ML models (Yang et al., 2020;
Hu et al., 2021; Zhou et al., 2022) and as inputs for PBMs, thereby
improving the spatiotemporal representation of management drivers for
SOC prediction (Xia et al., 2025; Zhou et al., 2024). For example, Zhou
et al. (2025) combined time-series optical and radar data to estimate
cover-crop duration and tillage practices using an RF framework (Fig. 3).
When these RS-derived management variables were used in RothC, the
model yielded a limited bias of 1.03t C ha™! when upscaling SOC sim-
ulations across 10,102 agricultural fields covering 50,656 ha in Wallo-
nia, Belgium (Zhou, 2024).

2.4. Synthesis: Complementary strengths and structural limits of existing
approaches

The modelling approaches discussed above have complementary
strengths and limitations. PBMs and ML approaches have often devel-
oped along separate trajectories, yet neither is sufficient on its own to
represent the full complexity of SOC dynamics. Recent work in earth
system modelling therefore points toward closer integration of mecha-
nistic understanding and data-driven prediction (Reichstein et al., 2019;
Irrgang et al., 2021; Minasny et al., 2024).

The case for integration arises from the distinct limitations of each
modelling approach. PBMs provide causal structure and physical con-
sistency: they can represent why SOC changes and enforce constraints
such as mass balance. However, their performance is often limited by
structural assumptions, uncertain process representation, and difficult
parameterisation, particularly when kinetic constants are applied across
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Fig. 3. The framework of generating spatially explicit management data from remote sensing as fundamental inputs for PBMs. Solid arrows denote the RS data used
as input covariates, dashed arrows denote the management variables used as training labels.

heterogeneous soils and landscapes (Luo et al., 2022).

Conversely, ML models have demonstrated superior performance in
capturing spatial heterogeneity and nonlinear patterns within the
training domain (interpolation). Yet, they face a critical generalization
barrier. In regions where sample data are limited, ML models are sus-
ceptible to overfitting, capturing localized noise rather than broad
ecological signals. Furthermore, these algorithms typically predict
within the specific range of their training data; they often struggle with
extrapolation. Because most ML models infer relationships from statis-
tical correlations rather than biophysical laws, they tend to reproduce
average conditions or even generate ecologically implausible pre-
dictions when extrapolated to novel climate regimes or data-sparse re-
gions (Liu et al., 2024; Shen et al., 2023).

SOC research is therefore moving toward hybrid modelling strate-
gies. A key motivation is the uneven density of SOC observations, spatial
datasets are increasingly available, whereas repeated temporal mea-
surements remain scarce. ML methods can capture spatial patterns, but
they often provide a weak representation of temporal SOC dynamics.
Mechanistic constraints can help improve extrapolation, fill temporal
gaps, and produce SOC predictions that are more robust under changing
climate and management conditions (Bodnar et al., 2025; Chen et al.,
2023). Section 4 groups these integration approaches into four
pathways.

3. Fundamental challenges in spatiotemporal SOC modelling

Despite methodological advances, major challenges remain in the
spatiotemporal modelling of SOC content and stock. The accuracy,
robustness, and interpretability of SOC assessments are constrained by
the limitations in data availability and consistency, difficulties in rep-
resenting temporal dynamics, and incomplete representation of key soil
processes.

3.1. Data limitations and spatiotemporal sparsity

Despite progress in global soil databases, such as WoSIS (Batjes et al.,
2024), the scarcity of high-quality, spatiotemporally consistent obser-
vations remains a major bottleneck for robust SOC modelling. These
limitations arise from three related problems: geographical bias, tem-
poral discontinuity, and methodological inconsistency. Legacy soil da-
tabases typically compile observations from multiple surveys, projects,
and institutional sources, with sampling concentrated in particular re-
gions or land uses rather than distributed according to a common design
(Richer-de-Forges et al., 2025). Because samples were rarely collected

with equal or known selection probabilities, their spatial and temporal
distributions may introduce bias into model calibration and evaluation.

This sampling imbalance limits model generalisation. Existing global
databases are disproportionately concentrated in North America,
Europe, and parts of East Asia, whereas large areas of Asia and Africa
remain sparsely sampled (Batjes et al., 2024; Nenkam et al., 2024). The
problem is not only spatial coverage, but also covariate shift: the envi-
ronmental conditions represented in the training data often differ from
those in target prediction regions. As a result, ML and geostatistical
models may be forced to extrapolate into poorly represented feature
space. ML models may then learn correlations that do not transfer to new
environments, while geostatistical models may suffer from weak spatial
or spatiotemporal support in unsampled regions (Wadoux et al., 2020).

Temporal discontinuity is an equally important constraint. Most
legacy soil profiles are static observations from single sampling cam-
paigns, often collected decades apart and rarely revisited. This limits
direct estimation of SOC change and forces researchers to infer dynamics
from spatial contrasts or modelled covariate change. Space-for-time
substitution assumes that spatial gradients, for example in climate or
land use, can approximate temporal responses (Pickett, 1989). For
example, Yigini and Panagos (2016) predicted current SOC across
Europe using regression kriging with environmental covariates, then
projected SOC to 2050 by modifying climate and land-use inputs. Such
projections are inherently extrapolative and often imply movement
between discrete equilibrium states. Recent work suggests that space-
for-time substitution can miss transient responses, hysteresis, and
rapid nonlinear SOC losses triggered by extreme events or abrupt
environmental change (Evans et al., 2025; Kreyling, 2025).

Inconsistencies in data quality introduce substantial uncertainty,
particularly in SOC stocks, which are calculated as the product of SOC
concentration, depth, coarse fraction (CF), and bulk density (BD) (Chen
et al., 2024b):

SOCyoek = SOC*BD*depth*(1 — CF) o)

where SOCqock is expressed in t ha’l, SOC is SOC concentration (% by
mass), BD is bulk density (g cm’g), depth is soil thickness (cm), and CF is
the coarse fraction (>2 mm, expressed as a fraction).

Bulk density measurements are missing in more than 50% of global
soil profile records, requiring the use of pedotransfer functions (PTFs;
Batjes et al., 2024; Chen et al., 2025). Additional inconsistencies arise
from differences in how BD and CF are defined and measured. BD may
be reported for whole soil or for the fine earth fraction only, while CF
may be quantified on either a mass or volumetric basis. When BD is
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measured for whole soil, CF must be expressed on a mass basis (Hobley
et al.,, 2018). These inconsistencies and estimates could lead to
cascading errors, whereby uncertainties in measurements and PTF-
derived estimates propagate through SOC stock calculations, often
resulting in errors of 20-40% (Hobley et al., 2018; Walter et al., 2016).
To contextualize this magnitude, a global synthesis showed that surface
SOC storage (0-40 cm) experienced a net increase of only 11.0% over a
two-decade period (Liu et al., 2025a).

These issues, including data irregularity, non-stationarity, and un-
even observations, represent fundamental data limitations rather than
model-specific weaknesses and therefore affect all spatiotemporal SOC
modelling approaches. Acknowledging these limitations is necessary to
correctly interpret model outputs and assess their reliability. In addition,
addressing these data limitations requires methods that explicitly
represent and propagate data uncertainty.

3.2. Limits of ML approaches for temporal inference

Although ML has substantially improved spatial SOC mapping, its
use for temporal forecasting remains constrained by the mismatch be-
tween static or sparsely repeated training data and the dynamic pro-
cesses that control SOC change. In spatiotemporal SOC modelling, ML
models primarily learn associations between observed SOC and high-
dimensional environmental covariates. Algorithms such as RF are
therefore often better suited to spatial interpolation than temporal
extrapolation, especially when trained on static observations distributed
across climatic gradients (e.g., Syu et al., 2025; Zhang et al., 2024b). In
such cases, the model may learn equilibrium-type relationships, such as
higher SOC in cooler environments, without learning the kinetics of SOC
change. For example, when applied to future warming scenarios, an ML
model may implicitly infer that a 2 °C increase will shift SOC toward
values currently observed at sites that are 2 °C warmer, rather than
estimating the transient response of SOC to warming.

This limitation exposes ML-based forecasts to two related problems:
covariate shift and concept drift (Bayram et al., 2022). Covariate shift
occurs when future predictor distributions differ from those represented
in the training data, whereas concept drift occurs when the relationship
between environmental drivers and SOC changes through time. These
issues can lead to substantial projection errors under rapid warming,
abrupt management change, or no-analogue future climates (Luo and
Weng, 2011; Meyer and Pebesma, 2022).

In spatiotemporal mapping, ML models often use static covariates to
represent soil and environmental conditions and remote sensing images
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to represent dynamic covariates (e.g., Tian et al., 2026; Yang et al.,
2021; Yang et al., 2025; Zhang et al., 2023a). A critical, often overlooked
challenge is the temporal-scale mismatch between remotely sensed
environmental covariates and SOC dynamics (Fig. 4). Satellite sensors
(e.g., Landsat, MODIS, Sentinel) capture surface reflectance at high
temporal frequencies (days to weeks) and can detect rapid changes in
vegetation phenology or land cover. In contrast, SOC is a slow-variable
pool, often requiring decades or even centuries to reach a new equilib-
rium following a disturbance (Smith, 2008). For instance, in a land use
change event such as the conversion of grassland to cropland, a satellite
detects the conversion almost instantaneously (within days) due to the
removal of vegetation. However, the resulting loss of SOC is a gradual
process that may persist for 10-20 years (Tang et al., 2019; Jiao et al.,
2012), and the rate varies substantially with climate and management.
An ML model trained on instantaneous satellite predictors often fails to
account for this lag effect (Fig. 5). It may erroneously predict an im-
mediate drop in SOC or, conversely, overestimate SOC by correlating the
new land cover with the legacy SOC from the previous ecosystem
(memory effects in soil systems; Sanderman et al., 2017). Padarian et al.
(2022) address this temporal lag by tracking land use changes and
modelling the SOC dynamics based on the time since land use changes.
This approach accounts for the lag between rapid vegetation pheno-
logical shifts and slow soil carbon turnover, enabling the model to
capture the gradual decay or accumulation trajectories that spectra-
driven models often miss.

Finally, the black-box nature of complex ML algorithms challenges
their reliability for scientific inquiry. Unlike PBMs, which are explicitly
constrained by process-based understanding, ML models optimize solely
for statistical accuracy. This creates susceptibility to the so-called
“Clever Hans” effect (Lapuschkin et al., 2019), in which a model ap-
pears to perform well but relies on spurious correlations or proxy signals
that are unrelated to the underlying process of interest. For example, an
ML model may predict high SOC in a given region not due to soil
properties or carbon inputs, but because of systematic artifacts in sat-
ellite imagery, such as cloud shadows, sensor geometry, or region-
specific acquisition conditions. Similarly, Rentschler and Scholten
(2025) demonstrated that even irrelevant covariates can generate
apparently strong predictive relationships. Such examples highlight the
risk that ML models may exploit coincidental statistical patterns rather
than real biogeochemical drivers. In the absence of physical or process-
based interpretability, it becomes difficult to determine whether pre-
dictions reflect real biogeochemical drivers or coincidental statistical
patterns, limiting the credibility of such models for extrapolation, policy
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Fig. 4. The schematic of temporal mismatch between remote sensing covariates and soil processes. While satellite sensors detect land cover change (e.g., forest to
cropland) instantaneously, SOC responds slowly due to physical protection and turnover kinetics, creating a blind spot for purely data-driven models. The y-axis
represents the normalised value for either signal or SOC. The SOC decay curve assumes a turnover time-constant of approximately 36 years, representing the slow

SOC pool.
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Fig. 5. Temporal dynamics of soil organic carbon (SOC) and Normalized Difference Vegetation Index (NDVI) for two long-term agricultural experimental sites
(Brigalow and East Beverly) in Australia (a, b) and two LUCAS Soil sites (Italy and Poland) in Europe (c, d). The Australian sites remained croplands throughout the
study period. The LUCAS sites underwent land use changes: the Italian site transitioned from cropland (2009) to grassland (2015) and forest (2018), while the Polish
site shifted from forest (2009) to cropland (2015) and shrubland (2018). The units for SOC differ between the Australian (t/ha) and European (g/kg). The Australian
data are from Luo et al. (2017), and the LUCAS data are by Orgiazzi et al. (2018) and Fernandez-Ugalde et al. (2022).

support, and land-management decision-making (Wadoux et al., 2020).
3.3. Limits of process-based models for spatial prediction

PBMs provide a mechanistic basis for interpreting causality, but their
predictive use is constrained by model complexity, demanding input
requirements, and parameter uncertainty. These limitations often render
them less accurate than data-driven approaches for spatiotemporal
prediction (Abramoff et al., 2022; Hendriks et al., 2021).

A central challenge is the tension between the complexity of SOC
dynamics and the simplifications required in model design. PBMs
represent SOC change through mathematical descriptions of physico-
chemical and biological processes, yet many relevant pathways are
difficult to parameterise explicitly. For example, the formation of
mineral-associated organic carbon (MAOC) from root exudates involves
microbial assimilation, necromass turnover, and mineral-surface
adsorption rather than a single transformation step (Zhou et al.,
2024). This pathway is only one component of a wider network of
interacting SOC transformations (Dungait et al., 2012). As a result, many
PBMs still simplify important aspects of soil physics, microbial activity,
and organo-mineral interactions (Ding et al., 2025).

To represent spatial heterogeneity, PBMs are typically executed
point-by-point or grid-by-grid, treating each location as an independent,
one-dimensional soil column. This framework neglects lateral fluxes and
spatial connectivity, such as the transport of carbon, water, and sedi-
ments along hillslopes, through hydrological flow paths, or via erosion
and deposition processes. The importance of these lateral fluxes is
illustrated by Ma et al. (2023), who showed that coupling RothPC-1 SOC
dynamics model with a cellular automata erosion-deposition modelling
substantially altered predicted SOC stocks and reduced systematic
overestimation in erosional landscapes. Increasing the spatial resolution
or modelling extent further increases computational demands, often
requiring additional simplifications that reduce process representation.

The predictive reliability of PBMs is also constrained by uncertainty
in parameterisation and initialisation. These models require extensive

input data that are frequently sparse, incomplete, or unavailable at the
spatial scales of application. Climate data are generally accessible, but
detailed management histories, such as cropland tillage and irrigation,
forest harvest intensity, and grassland grazing pressure, are rarely
available regionally. In forest ecosystems, key inputs such as root
turnover rates and litterfall chemistry are also poorly constrained. As a
result, simulations often depend on generalized parameters and as-
sumptions, increasing equifinality and reducing confidence in model
predictions (Luo et al., 2009).

PBMs are often carefully calibrated but rarely independently vali-
dated. Garsia et al. (2023) indicated that about a third of the models they
evaluated were never validated under acceptable criteria. An analysis by
Le Noe et al. (2023) indicated that about 60% of the models they ana-
lysed are not designed for prediction but rather for conceptual under-
standing of soil processes.

4. Toward integrated and hybrid SOC modelling frameworks

The limitations identified in previous sections indicate that no single
modelling approach can adequately represent spatiotemporal SOC dy-
namics on its own. This has motivated the development of hybrid
frameworks that combine mechanistic understanding, statistical struc-
ture, and machine-learning flexibility. These approaches differ in how
and where integration occurs within the modelling workflow, ranging
from surrogate representations of process models to coupling through
data assimilation.

4.1. Meta model

A meta-model, or surrogate model, trains an ML algorithm to statis-
tically emulate the behaviour of a PBM rather than learning directly
from field observations (Razavi et al., 2012). In this framework, the PBM
acts as a data generator, producing synthetic input-output pairs (for
example, climate, soil and management variables linked to SOC dy-
namics), which are then used to train the ML model (Fig. 6a). The
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Fig. 6. Four strategies for hybridization, including meta model (a), sequential hybridization (b), ensemble model (c), and data assimilation (d). The abbreviations are
defined below: PBM, process-based model; ML, machine learning; SOC, soil organic carbon; EnKF, ensemble Kalman filter; MCMC, Markov chain Monte Carlo. These

are the four pathways developed in Section 4.

surrogate effectively approximates the mechanistic simulations at a
fraction of the computational cost (Irrgang et al., 2021).

The primary advantage of this strategy is computational efficiency.
Complex PBMs such as CENTURY or Earth System Models require
solving large systems of differential equations and performing long spin-
up runs, often spanning thousands of simulated years, to reach equi-
librium. These demands limit high-resolution applications and large
ensemble simulations for uncertainty analysis. ML surrogates can
reproduce PBM outputs orders of magnitude faster, enabling spatial
upscaling and rapid scenario exploration while retaining the structural
logic embedded in the original model (Razavi et al., 2021). For example,
Sun et al. (2023) demonstrated that ML surrogates can emulate the spin-
up phase of land surface models while preserving mass balance, and
Xiao et al. (2024) used an RF meta-model trained on outputs from a soil-
crop model (APSIM; Table 2) to upscale predictions of SOC, crop yield
and greenhouse gas emissions across the North China Plain.

Despite these advantages, the meta-model entails specific limitations.
First, the predictive accuracy of the model is fundamentally constrained
by the quality of the PBM-generated training data. If the initial PBM
simulations are suboptimal or biased, these uncertainties are directly
propagated to the ML. Furthermore, meta models often involve a large
number of parameters and lack explicit physical constraints, posing
challenges for parameter optimization and model tuning during the
development process. As a result, meta-models primarily improve

computational efficiency but do not fundamentally enhance process
representation or error correction, thereby motivating alternative hy-
bridization strategies that integrate physical constraints more directly.

4.2. Sequential hybridization

Sequential hybridization represents a coupling strategy where a PBM
acts as a pre-processor for an ML algorithm (Fig. 6b). This approach uses
the PBM to generate process-informed covariates to improve the pre-
dictive accuracy and physical plausibility. The workflow proceeds in
two stages: (1) the PBM is run using standard climatic and soil inputs to
generate a theoretical projection of SOC dynamics; (2) this simulated
output of SOC, which captures the fundamental biogeochemical trends
and constraints, is then fed as a covariate into the ML model, alongside
traditional environmental covariates.

This method effectively creates a physics-guided feature space by
utilizing PBM outputs that capture fundamental biogeochemical prin-
ciples (Xie et al., 2022). By including the PBM output as a predictor, the
ML model leverages established biogeochemical relationships (e.g.,
temperature sensitivity) encoded in the process model. This allows the
ML to focus on resolving spatial heterogeneities using covariates. An
example is Ma et al. (2019), who used particle-size distribution simu-
lated by the State Space Soil Production and Assessment Model
(SSSPAM) as an additional covariate in DSM. This approach

Table 2
Evaluation of hybrid models in SOC prediction.
Method class Model / Method Predictive accuracy gains over ML/ Independent validation Uncertainty ~ Code Source
PBM accessibility
Meta (surrogate) models RF-APSIM / Held-out site / Yes Xiao et al. (2024)
Sequential (physics-guided POML RMSE decrease 19% Held-out site, Held-out / / Zhang et al.
ML) time (2024a)
Ensemble / Stacking RothC-MIMICS-RF RMSE decrease 9% Held-out site / / Zhang et al.
stack (2023b)
Data assimilation (DA) PRODA RMSE decrease 44% Held-out site / / Tao and Luo
(2022)
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demonstrated how process-based landscape models can enrich empir-
ical soil prediction. This is particularly valuable for filling temporal
gaps, as the PBM provides a continuous theoretical baseline even for
years where no field sampling occurred.

One implementation of this sequential strategy is the process-
oriented machine learning (POML, Fig. 7, Table 2) framework pro-
posed by Zhang et al. (2024a). In this approach, RothC model-simulated
SOC stock data for unsampled years were used as additional training
data for an ML model, while adjusted parameter weights W, were used
to control the contribution of PBM-generated SOC data during model
training. The hybrid model improved temporal trend prediction by 19%
compared with the standalone ML model.

While this approach addresses the black-box nature of ML, the
integration of a PBM introduces its own set of complications. Because
the ML model treats the PBM output as a covariate, any structural de-
ficiencies or poor calibrations within the PBM directly introduce sys-
tematic biases that the ML may fail to correct. Furthermore, the high
computational overhead and complex data requirements of sequential
hybridization pose a significant challenge for high-frequency
monitoring.

4.3. Ensemble model

An ensemble model (or model stacking) represents a hierarchical
integration strategy. Unlike residual learning (which corrects errors),
stacking treats the predictions of disparate models as new input features
for a higher-level meta-learner. In this framework, multiple base models
(e.g., mechanistic models with different structural assumptions, such as
RothC or MIMICS) generate independent estimates of SOC (Fig. 6¢).
These estimates are then fed, alongside environmental covariates, into
an ML model. The ML algorithm learns the optimal weighting scheme,
effectively selecting the best-performing model for each specific
environment.

This approach reduces structural uncertainty. No single model
structure is perfect for all ecosystems, as SOC turnover processes and
parameters differ considerably across different environments. By
stacking diverse models, the meta-learner can leverage the unique
strengths of each model. This results in a final prediction that is statis-
tically more robust and accurate than any single contributing model
could achieve alone (also known as super-learning). An application of
this strategy is the work by Zhang et al. (2023b), who improved the
spatiotemporal dynamics modelling of cropland SOC. They developed a
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hybrid ensemble by integrating RothC and MIMICS. RothC is designed to
simulate SOC turnover in arable topsoil with an emphasis on the impacts
of agricultural management, while MIMICS explicitly represents
microbial-driven transformations and their response to temperature.
Instead of selecting one model, they used the simulated SOC stocks from
both models as dynamic covariates for an RF regressor. This RF-RothC-
MIMICS (Table 2) stack outperformed both the individual PBM and the
standalone ML model.

However, the ensemble model approach has several inherent limi-
tations. First, variable importance analysis in stacked frameworks
frequently identifies PBM-simulated SOC as the dominant predictor,
which may marginalize the direct influence of underlying environ-
mental covariates (Zhang et al., 2023b). Second, stacking does not
rectify the fundamental sources of model error and can therefore lead to
the cumulative propagation of hard-to-interpret uncertainties. Finally,
incorporating a greater number of models does not guarantee a corre-
sponding improvement in predictive accuracy; rather, it often increases
the computational expense and structural complexity of spatiotemporal
SOC modelling.

4.4. Data assimilation

Data assimilation (DA) transitions from traditional forward simula-
tion to observation-constrained statistical inference (Fig. 6d). Funda-
mentally, DA operates within a Bayesian framework that sequentially
updates the estimated state of a PBM by integrating new observational
data, effectively steering the model trajectory towards reality (Luo et al.,
2011).

Established approaches, such as the ensemble Kalman filter (EnKF;
Gao et al., 2011) and Bayesian MCMC (Zhao et al., 2023), have been
widely employed to assimilate observational data into PBMs. These
methods are instrumental in constraining model parameters and
reducing predictive uncertainty. More recently, the PRODA approach
(Tao and Luo, 2022; Table 2) was proposed to integrate site-level MCMC
assimilation results with DL techniques to optimise model parameters
for global-scale SOC simulations (Tao et al., 2023). Notably, Tao et al.
(2024) demonstrated that when constrained by identical high-quality
observational datasets via DA, structurally distinct models exhibit
remarkable convergence in their simulations of global SOC stocks and
spatial distributions. This finding suggests that effective parameter
constraints derived through DA can compensate for structural simplifi-
cations or divergences among models. DA serves as a statistical
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framework for fusing observations with mechanistic understanding as a
way to reduce uncertainties in spatiotemporal SOC predictions.

Despite the potential of DA in reducing simulation uncertainties, it
still has several limitations. The effectiveness of DA is strictly limited by
the information content of the available observational data. For
instance, incorporating C flux data constrains turnover rates but offers
limited improvement for pool-size estimation (Xie et al., 2024).
Computationally, the high cost of rigorous algorithms such as MCMC
necessitates simplifying assumptions, such as steady-state equilibrium,
which may compromise the representation of transient dynamics in
disturbed agricultural soils (Raoult et al., 2025).

4.5. Validation, uncertainty and reproducibility

Despite the advancements of the hybrid modelling frameworks dis-
cussed in Sections 4.1-4.4, their widespread application demands
attention to validation, uncertainty and reproducibility. Current evalu-
ations of hybrid models rely on k-fold cross-validation or held-out site
splitting within a single study area. While these methods assess local
spatial interpolation accuracy, they fail to evaluate model transferability
to new regions or temporal horizons. In SOC mapping, the quantification
of prediction uncertainty has received little attention. As emphasized by
Wadoux et al. (2018), quantifying prediction uncertainty is as critical as
the prediction itself. Most hybrid models report only global accuracy
metrics or parameter uncertainty, while the uncertainty of the mapping
outputs remains unaddressed (Table 2). Furthermore, we call for the
release of complete code to improve reproducibility across the scientific
community.

5. Recent advancements in hybrid modelling

Building on earlier hybrid strategies that combine models at the
workflow level (Section 4), recent advances increasingly integrate soil
science knowledge directly into the learning process itself. These ap-
proaches move beyond coupling outputs or features and instead embed
physical constraints, process structures, or global representations within
machine-learning architectures. Here we discuss soil-science informed
ML with variations including residual learning, parameter learning,
physics-informed ML, and foundation models. These developments aim
to improve the extrapolation capacity, interpretability, and robustness
of SOC predictions, particularly under conditions of data scarcity and
non-stationarity.

5.1. Soil-science informed machine learning

Soil-science Informed ML (SoilML) or knowledge-guided ML (KGML)
or also known as theory-guided data science, represents a fundamental
shift beyond simple model stacking (Minasny et al., 2024). Unlike meta-
models, sequential hybridization, or ensemble approaches, SoilML in-
tegrates process knowledge directly into the machine-learning training
process rather than coupling models externally (Willard et al., 2022).
This knowledge guidance can occur through three pathways.

(1) Training initialization: using synthetic data generated by PBMs to
pre-train the neural network, thereby transferring physical constraints
before the model sees any real-world data.

(2) Architecture design: structuring the neural network layers to
mirror the causal flow of the physical system (e.g., ensuring water flows
from topsoil to subsoil, not vice versa).

(3) Loss function regularization: modifying the optimization goal to
penalize physically impossible predictions.

An application of this approach is the KGML-ag-Carbon framework
developed by Liu et al. (2024). They used a PBM (ecosys) to generate
millions of synthetic data points representing diverse climate scenarios,
and then used this synthetic data to pre-train a gated recurrent unit
(GRU) neural network, enabling it to learn biogeochemical processes.
When fine-tuned with sparse real-world observations, the KGML-ag-
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Carbon model outperformed both the original ecosys model (by
reducing parameter uncertainty) and standard DL models (by adhering
to mass balance). Furthermore, the high-resolution approach captured
substantially greater spatial detail in SOC changes, which was reflected
in an 86% lower NRMSE than the conventional coarse-resolution base-
line. These results illustrate how embedding physical constraints during
training can improve both predictive performance and generalization
capacity, particularly when observational data are sparse.

5.2. Residual learning

Residual learning represents a pragmatic approach to addressing the
imperfections of PBMs. Unlike SoilML, which modifies the internal
training processes, residual modelling operates sequentially by using an
ML model to predict the residuals of a PBM (Willard et al., 2020). In this
framework, the ML model learns the errors in PBM predictions relative
to actual observations.

The core concept is to learn the systematic biases of the physical
model relative to empirical observations, and subsequently use this
learned information to correct the PBM's baseline predictions. For SOC
predictions, the final output is formulated as the sum of the mechanistic
prediction and the ML-derived correction ey :

SOCﬁnal (x, t) = SOCPBM(X, t) + Epg, (x, t) (3)

The ML component is trained on the discrepancy between observed
SOC and the PBM predictions, typically utilizing a diverse set of static
and dynamic environmental covariates to capture localized spatial or
temporal heterogeneity that the baseline model failed to resolve.

This approach is highly modular and computationally efficient,
combining the long-term temporal extrapolation capabilities of PBMs
with the non-linear spatial pattern recognition of ML algorithms. How-
ever, the residual modelling approach only learns which components are
missing from the model and does not inherently incorporate any
informed physical knowledge into the ML algorithm. Consequently,
while residual learning can improve SOC prediction accuracy within the
bounds of the training data, it remains susceptible to generating physi-
cally inconsistent trajectories when extrapolating to novel or extreme
environmental conditions.

5.3. Parameter learning

Parameter learning uses ML to estimate uncertain parameters in
PBMs, addressing the challenges posed by unobservable and under-
determined parameters. Within this framework, the ML component can
be formulated as a mapping function:

P = fu(x; W) 4

where the function transforms environmental covariates x (e.g., soil
texture, topography, and climate) into physical parameters p required by
the process-based models (e.g. decomposition constants or the amount
of inert organic matter in RothC). W denotes the internal learnable
weights of the ML model.

An advancement is the differentiable parameter learning (dPL)
framework proposed by Tsai et al. (2021), which employs deep learning
to construct a global mapping that predicts spatially varying parameters
directly from environmental covariates. This method overcomes the
inherent inefficiencies and limitations of conventional site-by-site cali-
bration, facilitating a more robust integration of deep learning with
physics-based processes. This kind of parameter learning provides an
effective mechanism for constraining the parameter space and miti-
gating the problem of equifinality. The efficacy of this approach is
dependent on the availability of physical governing equations and re-
lationships between the parameters and environmental data.
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5.4. Physics-informed neural networks

Physics-informed neural networks (PINNs) are a specific subclass of
KGML, in which governing equations are embedded explicitly within the
learning objective. While standard neural networks are universal func-
tion approximators that fit curves to data points, PINNs are trained to
solve partial differential equations (PDEs; Raissi et al., 2019). The core
innovation lies in the loss function. In a conventional neural network,
training minimizes a data-misfit loss,

- 1.~
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where C is the predicted SOC concentration and C° denotes observa-
tions. In a PINN, an additional physics-based constraint is imposed by
penalizing violations of the governing PDE:

]PINN = ]data +ﬂphys ]phys«, (6)

where Apys is a weighting parameter and

o 1 S ¥ C 2

Loy =27 2_11#(C(x.5)) | @
=1

represents the residual of the governing SOC equation, evaluated at
collocation points. A,pys is usually determined by hyperparameter tuning
or adaptive weighting algorithms.

SOC dynamics can be described using PDEs; for example, for a two-
pool model:
oC

5 =1-K@C+ T(@)C - V(vO) + V(DVC)

(8
In this formulation, SOC dynamics are governed by the balance between
external inputs I, first-order mineralisation losses KC, internal transfers
between fast (e.g. particulate) and slow (e.g. mineral-associated) pools
represented by TC, and spatial redistribution through advective trans-
port V(vC) and diffusive mixing V(DVC). Environmental drivers z(e.g.,
temperature, moisture, texture, management) regulate decomposition
and transfer rates, while the velocity field v captures rapid lateral
transport processes such as runoff-driven redistribution or erosion.

Additional terms could be added to the loss function, including initial
and boundary conditions, and non-negativity C values. By minimizing
both data misfit and physical inconsistency, PINNs learn SOC trajec-
tories that satisfy observational constraints while remaining consistent
with known biogeochemical laws. The network can infer the correct
trajectory of C and decomposition rates from sparse measurements
(Sargeant et al., 2024).

A prospective implementation of PINNs for SOC dynamics, as pro-
posed by Minasny et al. (2024), employs a dual neural network archi-
tecture to enforce mass balance constraints. In this framework, the
problem is split into two coupled learning tasks: (1) Parameter learning:
The first neural network estimates the spatially varying kinetic param-
eters (e.g., decomposition rates K, transfer coefficients T) based on static
environmental covariates (e.g., soil texture, topography), and spatial
redistribution parameters from topography and rainfall. (2) State pre-
diction: A second neural network predicts the spatiotemporal SOC stocks
using parameters derived from the previous step and environmental
controls. These networks can be trained simultaneously using a physics-
informed loss function (Eq. (6). This architecture makes PINNs partic-
ularly attractive for modelling SOC dynamics in data-poor or physically
constrained domains, while also motivating complementary approaches
that rely on large-scale representation learning. Nevertheless, PINNs are
most effective for one-dimensional systems with well-defined governing
equations and may be less suitable for SOC processes that are strongly
heterogeneous, threshold-driven, or poorly parameterised.
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5.5. Foundation models

A parallel advancement in KGML is the emergence of foundation
models (FMs) for the Earth system. In contrast to SoilML, which encodes
explicit physical constraints, FMs rely on large-scale representation
learning to capture generic spatiotemporal structure across the Earth
system. Unlike traditional DL models that are trained for specific tasks,
FMs are pre-trained on massive, multi-modal datasets, spanning satellite
imagery, climate reanalysis, and soil grids, using self-supervised
learning techniques (Barkov et al., 2026; Huang et al., 2026). Bodnar
et al. (2025) demonstrated that such models can learn generalizable
representations of Earth system dynamics without requiring explicit
labels, instead learning directly from the inherent structure of the data
by predicting missing pixels or future time steps.

Specifically, the FM workflow operates through three integrated
pathways: (1) self-supervised pre-training: learning universal Earth
system representations from massive unlabeled datasets (e.g., ERAS5,
Landsat) by predicting masked pixels or future states. (2) multimodal
spatiotemporal encoding: converting heterogeneous data into a unified
3D latent space via Transformer architectures. (3) task-specific adapta-
tion: transferring the pre-trained knowledge to specific SOC prediction
tasks through few-shot fine-tuning.

By leveraging the generalized knowledge encoded during pre-
training, FMs could achieve high predictive accuracy even in data-
sparse regions. A recent application is the FoundationSoil framework
developed by Song et al. (2025). They integrated a geospatial foundation
model (Prithvi-EO-2.0) with environmental covariates resampled to a
30-m spatial resolution to predict the spatial variability of SOC (0-5 cm
and 5-15 cm depth layers). Compared to a standard pixel-based baseline
model, FoundationSoil demonstrated better performance, achieving a
peak R? of 0.72 across the continental United States. Similarly, Zhang
et al. (2025b) used a pre-trained global SOC foundation model
(GSoilCPM) to enhance localized soil modelling. Their findings highlight
that regions with sparse soil sampling or lower baseline accuracy derive
the most significant benefits from the generalized knowledge transferred
from global models.

While foundation models can improve spatial generalization, they do
not inherently enforce physical consistency or mass balance unless
combined with process-based or physics-informed constraints. As with
other ML models, the reliability and accuracy of FMs depend on the
quality of training data, which remains a bottleneck in any modelling
approach. Consequently, foundation models can be regarded as repre-
sentation engines whose outputs can benefit from further integration
with process-based constraints or uncertainty-aware frameworks. It's
worth noting that foundation models such as Prithvi-EO-2.0 and
GSoilCPM are not yet independently benchmarked for SOC outside the
studies that produced them.

6. Future directions and research gaps

Hybrid SOC modelling has advanced significantly, yet there are key
conceptual, methodological, and data-related gaps. Addressing these
gaps is essential for improving the robustness, generalizability, and
policy relevance of spatiotemporal SOC assessments. Key priorities
include next-generation data acquisition, process representation, model
generalization and causality, remote sensing capabilities, and uncer-
tainty quantification.

6.1. Novel approaches for soil data generation

As we discussed in previous sections, data scarcity is the most
fundamental bottleneck, and all modelling approaches depend on
improved data. The prohibitive cost of traditional wet chemistry con-
tinues to limit global SOC and its fractions (e.g., POC and MAOC)
modelling, perpetuating data scarcity in critical regions (Tang et al.,
2026a). To overcome this, future soil data generation should
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transition from static surveys to dynamic active learning (AL) frame-
works. Unlike conventional sampling, AL algorithms leverage the spatial
uncertainty maps generated by models (as discussed in the following
section) to autonomously identify high-uncertainty zones. This guides
sampling campaigns to locations that maximize information gain per
unit effort, effectively allowing the model to request the data it needs
most to improve its own performance. Concurrently, the integration of
proximal soil sensing (e.g., handheld Vis-NIR and MIR spectrometers)
allows for the high-throughput characterization of soil properties
directly in the field (Peng et al., 2025; Dai et al., 2025; Tang et al.,
2026b). When coupled with cloud-based spectral inference engines,
these technologies enable the rapid expansion of global soil databases,
thereby filling critical spatial gaps without the latency associated with
laboratory analysis (Huang et al., 2026).

6.2. Improving representation of processes

A critical gap in current hybrid models is the oversimplification of
the biological formation and transformation of the soil C continuum,
which comprises numerous functionally distinct components. While
physical protection of SOC (e.g., MAOM) is increasingly represented, the
explicit role of the soil microbiome remains largely parameterized as a
black box constant. A number of models do not explicitly account for
how microbial community composition (e.g., fungal-to-bacterial ratio)
or physiology (CUE) shifts under climate stress. This is a significant
limitation, as soil microorganisms fundamentally govern organic matter
cycling. However, microbial functional traits, which dictate the rates of
these processes, can now be inferred from metagenomic sequencing and
genomic data (Xue et al., 2025). Early proof-of-concept studies suggest
that omics inputs may eventually contribute to hybrid models, although
substantial methodological challenges remain. Specifically, scaling
omics-to-flux mappings to the landscape scale is hindered by critical
barriers, including DNA extraction biases, uncertainties in taxa-to-
function mapping, and the inherent difficulty of sample-to-pixel
scaling. Recent work by Collart et al. (2025), for example, demon-
strated an initial framework in which convolutional neural networks
trained on gene abundance data dynamically predicted decomposition
rates for a process-based model, thereby directly linking soil biodiversity
to SOC dynamics.

6.3. Towards generalizable, interpretable and causal hybrids

While DL models achieve high accuracy locally, they exhibit poor
transferability, often failing when applied to regions with different soil
parent materials or climates (covariate shift). Current models are often
overfitted to data-rich regions (e.g., Europe and the USA), creating a
trust gap for global application. Research must prioritize transfer
learning and few-shot learning, emerging techniques that allow pre-
trained global models to be fine-tuned on sparse local data (e.g., in
under-represented areas) without starting from scratch (Huang et al.,
2026; Immorlano et al., 2025).

However, generalizability alone is insufficient; models must also be
trustworthy. Here, a critical distinction must be drawn between inter-
pretability and causality. Zhang and Wadoux (2026) distinguish be-
tween two fundamental viewpoints for causal interpretation in the DSM
framework: a successionist and a generative one. The successionist view
interprets causal relationships as stable and repeatable regularities,
treating reliable associations as causal factors. Post-hoc frameworks like
Shapley Additive exPlanations (SHAP), exemplify this approach by
diagnosing model behaviour through the statistical importance of
covariates for prediction. As argued by Kakhani et al. (2025), these
techniques reveal which variables drive predictions, allowing re-
searchers to detect whether a model relies on spurious correlations
rather than pedological drivers. While SHAP explains associations, it
does not confirm mechanisms.

By contrast, causal inference requires an explicit causal model,
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causal sufficiency, and statistical faithfulness. The generative perspec-
tive is better aligned with these requirements, as it represents soil-
forming factors as operating through mechanistic layers, including mi-
crobial processing and nutrient cycling. Advancing toward causal ML,
such as structural causal models, is a key research priority. For example,
Liu et al. (2025b) used structural equation modelling to identify relevant
predictors, which were then fed into a ML model for temporal SOC
forecasting. Unlike explainable Al, causal ML enables explicit testing of
cause-and-effect relationships, allowing models to support actionable
interventions (e.g., whether reducing tillage causes SOC to increase)
rather than descriptive correlations. Finally, the integration of causal ML
with process-based mechanisms points toward the future development
of causal digital twins for soil. However, it's worth noting that
landscape-scale causal SOC inference is at an early, methodological
development stage.

6.4. The role of next-generation remote sensing

The performance of hybrid SOC models remains limited by the
spectral resolution of widely used multispectral satellite sensors. Broad-
band sensors such as Sentinel-2 provide valuable spatial and temporal
coverage, but they cannot reliably separate SOC signals from con-
founding effects of soil moisture, iron oxides, crop residues, and surface
roughness. They also provide limited information on mineralogical
controls on SOC stabilisation.

Spaceborne hyperspectral missions, including EnMAP, PRISMA,
Copernicus CHIME, and NASA SBG, offer a major opportunity to over-
come these constraints. These sensors can better resolve diagnostic
features associated with clay mineralogy, organic matter, and crop
residues. Because hyperspectral satellites measure continuous reflec-
tance spectra that are more comparable to laboratory and field Vis-NIR
instruments, they create new opportunities for proximal-remote sensing
fusion. Integrating soil spectral libraries with hyperspectral imagery
could allow hybrid models to move beyond total SOC estimation toward
spatially explicit mapping of functional SOC pools, including POC and
MAOGC, at regional to global scales (Hong et al., 2025; Tang et al., 2026a;
Zhao et al., 2025). However, improved spectral resolution alone will not
resolve all modelling challenges. The temporal mismatch between
frequently observed remote-sensing covariates and slowly changing SOC
stocks remains a critical limitation.

6.5. Rigorous uncertainty quantification

Finally, as SOC maps are increasingly used for C credits and climate
policy (MRV), point estimates of SOC stocks are no longer sufficient.
Most hybrid SOC studies report point predictions with global metrics (e.
g., overall RMSE or R?), rather than the prediction uncertainty of the
outputs. There is an urgent need to quantify spatial uncertainty. In
recent years, the pedometrics community has made significant efforts to
quantify and assess uncertainty in SOC modelling at various spatial
scales (Szatmari et al., 2021; Szatmari et al., 2024; Wadoux and Heu-
velink, 2023). For example, Rau et al. (2025) proposed using a Bayesian
deep learning technique, Laplace approximations, to generate uncer-
tainty maps that explicitly highlight areas where model predictions are
unreliable. Moving forward, establishing rigorous uncertainty bounds
will be essential to translate hybrid model outputs into reliable soil
carbon management strategies (Huang et al., 2025). These research di-
rections highlight that progress in hybrid SOC modelling will depend not
on a single methodological breakthrough but on coordinated advances
in new data acquisition methods, process understanding, learning ap-
proaches, and uncertainty quantification.

7. Conclusion

Accurate spatiotemporal quantification of SOC remains a central
challenge for climate mitigation, carbon accounting, and sustainable
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land management. Current modelling approaches have complementary
strengths and weaknesses: PBMs provide mechanistic consistency but
are limited by parameter uncertainty, scaling constraints, and limited
validation, whereas ML approaches efficiently capture spatial hetero-
geneity but often lack physical constraints, causal interpretability, and
robustness under extrapolation.

This review contributes to the field in three key ways. First, it pro-
vides a structured synthesis of spatiotemporal SOC modelling ap-
proaches across mechanistic, geostatistical, and data-driven approaches,
clarifying their different inferential foundations. Second, it organises
hybrid strategies—ranging from meta-models and sequential coupling to
data assimilation, soil-science-informed ML, residual learning, param-
eter learning, PINNs, and foundation models—and shows how integra-
tion can be implemented at the workflow, architectural, or loss-function
level. Third, it identifies bottlenecks beyond modelling, including data
irregularity, non-stationarity, spatial transport processes, and uncer-
tainty propagation, and links these to emerging solutions in causal ML,
uncertainty-aware modelling, hyperspectral sensing, and active
learning.

The convergence of mechanistic and data-driven approaches offers a
pathway toward models that are both physically constrained and
computationally scalable. However, methodological innovation alone is
insufficient. Progress will depend equally on improving data quality and
coverage, strengthening representation of microbial and transport pro-
cesses, developing interpretable and causal frameworks, and imple-
menting rigorous spatial uncertainty quantification.

These advances shift SOC modelling from static mapping toward
dynamic, uncertainty-aware monitoring systems. Such systems are
essential for robust measurement, reporting, and verification, and for
ensuring that SOC-based climate mitigation strategies are scientifically
defensible, transparent, and scalable under global change.
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