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ARTICLE INFO ABSTRACT

Keywords:

Soil Organic Carbon (SOC) is vital for the global carbon cycle, agricultural sustainability, and climate change.
Process-based models like Rothamsted carbon model (RothC) simulate SOC dynamics, but their accuracy relies
on revisited soil samples for calibration, which are often scarce, especially in environmentally heterogeneous
regions. This study proposes a novel approach to generate pseudo revisited samples using environmental simi-
larity, addressing the lack of revisited samples. For each intervening-year sample, pseudo SOC stocks in
unsampled years were constructed by calculating environmental similarity with existing samples and applying
weighted averaging. These pseudo SOC stocks served as revisited samples for model calibration. Bayesian
optimization was used to adjust RothC’s microbial activity parameters. Validation results showed the approach
significantly improved predictive accuracy, with an RMSE of 5.28 t/ha (31.6 % lower than global parameter
optimization and 10.7 % lower than spatiotemporal Random Forest) and an R2 improved from 0.319 (spatio-
temporal Random Forest) to 0.456. The approach enhances SOC model accuracy by leveraging environmental
similarity and parameter optimization, offering a practical solution for regions lacking revisited samples and
improving long-term SOC dynamics simulations. This approach not only addresses data scarcity but also provides

Soil organic carbon (SOC)

Pseudo revisited samples

Third law of geography (similar principle)
Environmental similarity

Rothamsted carbon model (RothC)

more reliable predictions for climate and agricultural management.

1. Introduction

Soil carbon is the largest carbon pool in terrestrial ecosystem, which
plays an important role in global carbon cycle, soil health and crop yield
(Hamzehpour et al., 2019; Lal, 2004). Soil Organic Carbon (SOC) serves
as a critical indicator of soil fertility and plays an essential role in the
global carbon cycle and climate change (Hamzehpour et al., 2019). The
spatial distribution of SOC is influenced by a combination of factors such
as climate, topography, vegetation types, and land use (Grinand et al.,
2017; Lehmann et al., 2020). Temporal SOC changes reflect the dynamic
responses of soil ecosystems to natural processes (e.g., vegetation suc-
cession) and human activities (e.g., tillage and fertilization) (McBratney
et al.,, 2014). When SOC changes, it not only affects the soil’s carbon
storage capacity but also regulates atmospheric carbon dioxide con-
centrations. These changes, in turn, exert significant effects on global
climate, carbon balance of terrestrial ecosystem and ecosystem services
(Hisse et al., 2022; Shen et al., 2023). Therefore, accurately estimating
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the spatiotemporal change of SOC is not only crucial for understanding
soil health and carbon stocks but also holds great significance for pre-
dicting future trends in climate change.

Process-based models such as Rothamsted carbon model (RothC)
(Coleman and Jenkinson, 1996), CENTURY (Kelly et al., 1997), and
Millennial (Abramoff et al., 2018) have been widely used to simulate the
temporal change of SOC. These models categorize SOC into different
pools with varying stability and decomposition rates. They predict SOC
changes by describing the transformation processes between these pools
and the inputs and outputs of carbon (Coleman and Jenkinson, 1996).
The application of these models has expanded from site to regional scale
studies as well as assessing the impacts of climate change (Viscarra
Rossel et al., 2019), land use changes (Qingsong et al., 2023; Zhou et al.,
2019), and agricultural management practices (Meng et al., 2024) on
SOC stocks. Although process-based models have general applicability
and broad scope, their effectiveness largely depends on the appropri-
ateness of the parameter settings (Paramesh et al., 2022). Key
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parameters in the models, such as the decomposition rates of carbon
pools, carbon input, and temperature and humidity correction factors,
are typically set based on the model’s default values. However, due to
significant differences in soil types (Jebari et al., 2021), climatic con-
ditions (Farina et al., 2013; Jebari et al., 2021), vegetation cover, and
land management practices such as carbon inputs (Nemo et al., 2017)
across different regions, using default parameters may not accurately
reflect the conditions of the study area. Parameter optimization
methods, such as Bayesian optimization (Dechow et al., 2019), can be
employed to improve the calibration. During the parameter optimiza-
tion process, most studies optimize parameters and generate a single set
of parameters across the entire study area, which may overlook the
environmental heterogeneity of the whole area.

Using process-based models typically requires revisited soil samples
(samples at the same location at different times) within a study area to
calibrate the model parameters (Ugbaje et al., 2024). In practical
research, due to high sampling costs, lack of historical data, or differing
sampling objectives, the number of revisited soil samples is often
insufficient or absent, making it impossible to directly calibrate the
parameters of process-based models (Smith et al., 2020). Yet, many
study areas have non-revisited soil samples at multiple time points. In
case of non-revisited samples, researchers have attempted to use
spatiotemporal Digital Soil Mapping (DSM) methods such as Random
Forest (RF) and other machine learning (ML) methods, which establish
soil-environment relationships based on samples at multiple time points
and generate soil maps by inputting environmental covariates at the
target years. These methods have demonstrated high predictive capa-
bilities at the spatial dimension, compensating for the limitations posed
by non-revisited samples (Radocaj, 2024; Zhou et al., 2020). However,
the modeling of spatiotemporal RF doesn’t consider the temporal
change of SOC in mechanism, so it is unable to perfectly capture the
change trend of SOC at time dimension (Zhang et al., 2024a).

Although revisited soil samples are scarce, samples collected at
different years/periods often exist in regions. These non-revisited soil
samples, while spatially distinct, may demonstrate environmental sim-
ilarities within the environmental factor space (Zhu et al., 2018). By
calculating the environmental similarity between samples from different
years, one can identify environmentally similar samples at both the
starting and ending years for any given sample at the intervening years,
and pseudo revisited soil samples can be constructed. Using the SOC
stock (SOCS) values of these pseudo revisited soil samples (hereinafter
referred to as pseudo SOCS), one can calibrate model parameters to
simulate changes over time, providing a potential solution for the
common situation of non-revisited samples. Based on this idea, this
study proposes a novel approach that matches environmentally similar
soil samples across multiple years using environmental similarity, con-
structs pseudo revisited soil samples for model calibration. Our case
study uses the widely applicable RothC model (Liu et al., 2011) as an
example to perform calibration in a study area in Jiangsu Province,
China. Independent samples from intervening years are used for vali-
dation, and results are compared with global parameter optimization
approach and spatiotemporal RF in terms of prediction accuracy and
SOC change over years at validation samples. The study aims to provide
a reliable soil carbon spatiotemporal change modelling approach in the
absence of revisited soil samples.

2. Study area and dataset
2.1. Study area

The study area is located in Jiangsu Province, China, encompassing
the Huaihe River Basin in the central Jiangsu region, the Yangtze River
Basin and the Taihu Lake Basin in the southern Jiangsu region (Shen
et al., 2023), covering an area of approximately 75,000 square kilome-
ters. The area is situated in the eastern coastal region of China, with a
predominantly flat plain topography. It falls within the transitional zone
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between the subtropical monsoon climate and the warm temperate
monsoon climate, characterized by distinct seasons, cold winters and hot
summers, with rain and heat occurring in the same season. The annual
average temperature ranges from 13 °C to 17 °C, with annual precipi-
tation around 1000 mm. Major cities in the region include Nanjing,
Yangzhou, Suzhou, and Wuxi. The region has fertile soil, abundant
water resources, and a mild climate, with rice as the main crop. Machine
transplanting occurs in mid-May, and harvest takes place in early
November (https://nynct.jiangsu.gov.cn/art/2019/5/30/art_134
66_8349710.html). The location of the study area with samples is
shown in Fig. 1.

2.2. Dataset

2.2.1. Soil samples

The soil dataset covers a total of 186 non-revisited surface soil (0-20
cm) samples collected 48 samples in 1980, 72 samples in 2010, and 66
samples in 2020. During sampling, the SOC concentration (g/kg) at each
sample was originally measured at different depths. The SOC concen-
tration and soil bulk density data for the 1980 samples were sourced
from Soil Species of China, based on the Second National Soil Survey of
China (Office for the Second National Soil Survey of China, 1993). The
SOC concentration and soil bulk density data for the 2010 samples were
from Soil Series of China (Huang and Pan, 2017). The SOC concentration
data for the 2020 samples was derived from field sampling using the
Latin Hypercube Sampling method (Minasny and McBratney, 2006;
Wang et al., 2024) and then subsequent processed, while the soil bulk
density data came from the Chinese Soil Database Used for Land Surface
Modeling (Shi et al., 2024). The SOCS (t/ha) was then calculated using
Equation (1) (Liu et al., 2011):

n
SOCS =) _ (soc;-BD;-D;-0.1) 1)
i=1

where soc; is the SOC concentration (g/kg) in depth interval i; BD; is
the soil bulk density (g/cm®) in depth interval i; D; is the corresponding
depth interval (cm).

2.2.2. Environmental covariates

Due to that climate, topography, and agricultural factors influence
SOC in this area, this study selected six environmental covariates for
environmental similarity calculation and SOC mapping, including three
static covariates: Digital Elevation Model (DEM), slope, and soil sand
content, and three dynamic covariates: annual average temperature,
summer Normalized Difference Vegetation Index (NDVI), and nitrogen
fertilizer. DEM data was obtained from the Shuttle Radar Topography
Mission (SRTM) with a 90 m resolution. Slope was calculated from DEM
using ArcGIS. Soil sand content data was derived from the Chinese Soil
Characteristic Dataset with a 1 km resolution (Shangguan et al., 2012).
Annual average temperature data was sourced from the National Ti-
betan Plateau / Third Pole Environment Data Center with a 1 km reso-
lution (Ding and Peng, 2020; Peng, 2019; Peng et al., 2019, 2018, 2017).
NDVI data was provided by Li et al. (2024) with a 5 km resolution.
Furthermore, as most of the study area is agricultural land, the impact of
agricultural activities on SOCS needed to be considered (Zhao et al.,
2018). Therefore, nitrogen fertilizer data (Yu et al., 2022) was included
as one of the covariates to reflect the impact of human activities like
agricultural practices on SOC (Padarian et al., 2022). Since the original
nitrogen fertilizer data is available until 2018, data for 2019 and 2020
for the study area was represented by the data in 2018.

When calculating environmental similarity, the dynamic covariate
data were from the corresponding years. For the RothC model, in
addition to temperature, precipitation and evaporation data were also
sourced from the National Tibetan Plateau / Third Pole Environment
Data Center (Ding and Peng, 2021, 2020; Peng, 2022, 2020; Peng et al.,
2019, 2018, 2017). NDVI data was used to determine whether the soil
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Fig. 1. Study area and distribution of samples.

was vegetated or bare. Soil clay content was obtained from the Chinese
Soil Characteristic Dataset. Land use type (Zhang et al., 2024b) was used
to determine the monthly carbon input pattern according to Smith et al.
(2007). The temperature, precipitation, evaporation and NDVI data used
in RothC are all monthly data to ensure the proper functioning of the
model. The above covariate data without 1 km as resolution were
resampled to a resolution of 1 km using ArcGIS version 10.2.

3. Methodology
3.1. The overview of the approach

According to the third law of geography, also known as the
geographic similarity principle or similarity principle, soil properties
(here, SOCS) tend to be more similar in more similar environments (Zhu
and Turner, 2022; Zhu et al., 2020). The basic idea of the proposed
approach to generate the pseudo revisited soil samples in a study area is
to select environmentally similar samples in years to be calculated for
each intervening-year sample and then calculate pseudo samples based
on those environmentally similar samples in corresponding years. Tak-
ing the study area with three sampling years as an example—namely,
the starting year 1980, intervening year 2010, and ending year 2020.
For each intervening-year sample’s location, its environmentally similar
samples in the starting and ending years could be selected by environ-
mental similarity calculation, and used to generate a pseudo SOCS value
(taken as pseudo revisited samples) in the starting and ending year,
respectively. Before the environmental similarity calculation, the sam-
ples that are not applicable to the similarity principle in each year
should be filtered firstly. This means that samples with similar envi-
ronmental conditions but different SOCS deemed to be of low reliability
and should be excluded from the calculation. Then for the remaining
samples, we calculate the environmental similarity between the
intervening-year samples’ locations and all the samples from the starting
and ending years, based on both static and dynamic environmental
covariates. For each intervening-year sample’s location, by setting an
environmental similarity threshold, we select the environmentally
similar sample pool from the two years respectively. Then according to
the SOCS of each sample in the sample pool and their environmental
similarity with the intervening-year samples, the pseudo SOCS of the
starting and ending years are calculated by a weighted average method,

which in turn allows us to derive the pseudo revisited soil samples. The
RothC model is calibrated for those samples’ locations with the pseudo
revisited soil samples in starting and ending years by parameter opti-
mization, then the intervening year SOCS value can be predicted with
calibrated model. The experimental workflow is shown in Fig. 2.

3.2. The specific approach

Based on the above basic idea, the proposed approach for calculating
pseudo samples based on environmental similarity consists of the
following four steps:

(1) Filter samples in each year separately which are not applicable to
the similarity principle based on overall reliability assessment;

(2) Calculate the environmental similarity between spatial locations
of filtered intervening-year samples and filtered samples in
starting and ending year respectively;

(3) Obtain the sets of environmentally similar samples for each
intervening-year sample’s location by setting an environmental
similarity threshold and calculate the pseudo SOCS for the loca-
tions at both the starting and ending years;

(4) Use the pseudo SOCS to calibrate the RothC model.

3.2.1. Filtering samples by environmental similarity and overall reliability

The environmental similarity between any two samples can be
calculated based on their environmental covariates, using the method
outlined in individual predictive soil mapping (iPSM) (Zhu et al., 2015).
For each simple, the similarity with other samples is calculated using the
method in Equation (2):

ES Em: [~ (VieVie) SDi,
ij = €xXp|—(Vik-Vjk) -
—~ ZSDﬁ

] (2

where ES;; is the similarity between the sample i and j; Vi is the k-th
environmental covariate value at the i-th sample; Vj; is the k-th envi-
ronmental covariate value at the j-th sample (wherek =1, 2,...,m); SDi
is the standard deviation of the k-th environmental covariate across all
grids in the study area; SDy; is the root mean square deviation for all
grids in the study area in relation to the j-th sample for the k-th envi-
ronmental covariate. Unlike Zhu et al. (2015), this study uses the
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average method rather than the minimum operator when calculating
ESi Je

According to the similarity principle, the higher the environmental
similarity is, the more similar the SOCS should be. However, there are
cases where some samples may have similar environments but signifi-
cantly different SOCS. This discrepancy may be influenced by human
activities and soil management practices (e.g., tillage, fertilization,
grazing), biological activities (e.g., microorganisms, plant roots, soil
fauna), and historical soil usage (e.g., historical soil erosion, saliniza-
tion, or other natural disasters), which could reduce the reliability of
these samples. Therefore, such samples should be filtered out. To filter
out samples that may exhibit high uncertainty, it is necessary to calcu-
late the overall reliability of each sample in steps. First, using a fuzzy
similarity measure, we assume that the similarity between soil attributes
of the samples follows a bell-shaped distribution (Burrough et al., 1992;
Environmental Soil-Landscape Modeling, n.d.). This can be calculated
using the following Equation (3):

(Si — ﬂs)z

SS; = exp[— 552
S

] 3

where the value of SS; is the similarity of sample i for different values of
the selected soil attribute; S; is the current soil attribute value of sample
i; ug is the mean value of all samples for the selected soil attribute; and
6% is the variance of the values of all samples for the selected soil
attribute. In other words, for the sample i in the sample set, the simi-
larity relationship between its soil attribute value and others follows a
bell-shaped curve function f; = SS;, where each sample has its own bell-
shaped curve. For two samples, the closer the bell-shaped curves are to
each other and the larger the intersection area, the stronger the con-
sistency between the soil attribute values of the two samples. According
to the similarity principle, this implies that the environments corre-
sponding to these two samples should be more similar. The method for
calculating the consistency between samples is called Consistency
Measure (CM) (Zhu, 1999), as shown in Fig. 3 and Equation (4):

2(Aiy)

@
(Ai + Aj)

SCMi_j =

where SCM;; is the CM value between sample i and sample j; A; is the
area under the soil attribute similarity distribution curve SS; for sample
i; Aj is the area under the soil attribute similarity distribution curve SS;
for sample j; A; is the area of intersection between the two curves. After
calculating the CM values between samples, it is necessary to evaluate
the environmental conditions of the samples. Specifically, if a sample
has a high overall reliability, it is considered applicable to the similarity
principle (Liu et al., 2020); otherwise, it is classified as an outlier.

SS; SS;
Similarity
A\ A

Ainj

Soil Property

Fig. 3. Soil attribute similarity distribution curve of samples (Liu et al., 2020).
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Overall reliability refers to the average CM value of a sample with
other environmentally similar samples within the same time period. By
setting an environmental similarity threshold, samples with the envi-
ronmental similarity (ES;;) exceeding the threshold are considered as
environmentally similar to the current sample. The average of these
samples’ CM values is then calculated to determine the overall reliability
of the current sample (Equation (5)):

> -1SCM;;
OR: — n >0 )
NAn=0

where OR; is the overall reliability of sample i; n is the number of other
samples for sample i with SCM;; exceeding the environmental simi-
larity threshold (the setting of the environmental similarity threshold is
detailed in Section 3.2.4). Samples with a low OR; are considered out-
liers and not used in this study.

After calculation, under the condition of considering both the num-
ber of samples and overall reliability, samples with OR; below 0.5 are
filtered out. As a result, 45 samples remain for 1980, 60 samples remain
for 2010, and 60 samples remain for 2020. In total, 165 samples are
selected from the original 186. The spatial distribution of soil samples
across the three years is shown in Fig. 1.

3.2.2. Calculation of environmental similarity between the intervening-year
samples’ locations and samples in starting and ending year after filtering
To obtain pseudo revisited samples, the environmental covariates in
starting and ending years are extracted to the locations of filtered
intervening-year simples firstly. Then the environmental similarity be-
tween locations and filtered starting-and-ending-year simples is calcu-
lated respectively. The calculation method is the same as Equation (2).

3.2.3. Obtaining the sets of environmentally similar samples for each
intervening-year sample’s location and calculating the pseudo SOCS for the
locations

In the same year, for each intervening-year sample’s location, the
similarity to each sample is calculated, a higher value indicates that the
location is more similar to the current sample’s environment, while a
lower value indicates less similarity. Samples with low similarity are
considered to interfere with the calculation for the current location.
Therefore, by setting an environmental similarity threshold (detailed in
Section 3.2.5), only samples with a similarity exceeding the threshold
are included in the SOCS calculation for the current location. In other
words, for an intervening-year sample’s location, it may not be possible
to calculate the SOCS if no sample with similarity exceeding the
threshold is found. For each location with environmentally similar
samples, the method for calculating the pseudo SOCS for the current
year is given by Equation (6):

S, ES;;-SOCS;

50CS; = -
> i-1ESj

©

where SOCS; is the pseudo SOCS at the i-th intervening-year sample’s
location; SOCS; is the SOCS at the j-th sample.

3.2.4. Approach parameter determination: Environmental similarity
threshold and sample reliability threshold

There are two conditions that the environmental similarity threshold
is used. The first is to be used for calculating the overall reliability of
samples. The second is to be used for obtaining the set of environmen-
tally similar samples for each intervening-year sample’s location and
calculating the pseudo SOCS.

When calculating the overall reliability of samples, it is necessary to
consider the environmental similarity between samples based on the
environmental similarity threshold to determine the number of samples
(n) that can participate in the calculation (Eq. (5)). In the study by Liu
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et al. (2020), the impact of different environmental similarity thresholds
was discussed. It was found that the higher the environmental similarity
threshold, the stronger the relationship of similarity between the envi-
ronment and soil property is, but the number of samples (n) was small. In
other words, the environmental similarity threshold plays an important
role in the interpretability of the environment and soil property when
calculating the overall reliability of samples.

The environmental similarity threshold is not only used to calculate
the overall reliability of samples, also needs to be considered when
calculating the pseudo SOCS using Equation (2) and (6). Specifically, if
the environmental similarity between some samples and an intervening-
year sample’s is too low, those samples should not be included in the
calculation of the pseudo SOCS for that location, as they may otherwise
introduce interference. By setting an environmental similarity
threshold, the calculating result will be more accurate. However, if the
environmental similarity threshold is set too high, some locations will
not have any samples exceeding the threshold. It is important to note
that for a location (and also for the corresponding validation sample) to
be considered available, it must meet the condition that there are
environmentally similar samples for both 1980 and 2020.

The sample reliability threshold is used when, after calculating the
overall reliability, it is obvious that a sample with low overall reliability
has the weak relationship between the environment and soil property,
which will interfere with the results, so it is necessary to delete these
samples by setting a sample reliability threshold. An increase in the
sample reliability threshold directly leads to a decrease in the number of
available samples for further calculation (Liu et al., 2020). Therefore, to
ensure a sufficient number of sample points, a threshold of 0.5 for
overall reliability is used in this study, and samples with overall reli-
ability below 0.5 are considered as interfering samples.

In this study, we selected environmental similarity thresholds of 0.5,
0.6, 0.7, 0.8, and 0.9 to test the sensitivity and observe the effect. The
first test was that when calculating the overall reliability of samples, we
used different environmental similarity thresholds. The second test was
that when calculating the environmental similarity of filtered validation
samples’ locations to the filtered samples in starting and ending years,
we used different environmental similarity thresholds. In the second
test, to control the variable and ensure sufficient sample sizes for the
calculation of environmental similarity and pseudo SOCS, the environ-
mental similarity threshold for calculating the 1980, 2010 and 2020
samples’ overall reliability was uniformly set at 0.7. Details will be
presented in Section 4.3.

3.3. Modelling of SOCS change and validation

To evaluate the approach of model calibration by using pseudo
revisited soil samples, the optimized parameters are used to rerun the
RothC model for the year corresponding to each validation sample. The
predicted values for each validation sample are compared with the
observed values to assess prediction accuracy. The results are then
compared using two approaches:

(1) Applying the parameter optimization approach across all vali-
dation samples;
(2) Using the spatiotemporal RF model.

In this study, the samples in 1980 and 2020 are used to calculate the
pseudo SOCS, while the samples in 2010 are used as independent vali-
dation samples.

3.3.1. Parameter optimization for calibration of RothC model based on the
generated pseudo revisited samples

The RothC model is based on first-order kinetics and divides soil
organic carbon into five functional carbon pools, each representing
different stabilities and decomposition characteristics of organic matter
components, thereby refining the dynamic process of soil carbon cycling
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(Coleman and Jenkinson, 1996). These five carbon pools include
decomposable plant material (DPM), resistant plant material (RPM),
microbial biomass (BIO), humus (HUM), and inert organic matter
(IOM). DPM represents organic matter that is chemically simple and
easy to decompose, with the highest decomposition rate, while RPM
corresponds to more chemically complex plant residues, decomposing
more slowly and being more stable. BIO refers to metabolic products
generated by soil microbial activity, with a medium decomposition rate,
and HUM represents more stable organic matter in the soil, typically
composed of complex organic compounds with a longer decomposition
cycle. IOM is an extremely stable inert carbon pool, usually associated
with mineral compounds, and its decomposition is assumed to be un-
measurable or non-existent in the model. After each carbon input, the
carbon is divided between the DPM and RPM pools according to their
ratio, and then decomposes into carbon dioxide, BIO, and HUM, with the
decomposition rates determined by clay content. The BIO and HUM
pools further decompose dynamically into more carbon dioxide, BIO,
and HUM. For each pool, the amount of carbon decomposed during a
carbon input and decomposition cycle (one month) is described by
Equation (7).

AC, = C; 4 (1 —exp|[— ll—z-abck]) 7)

where AC; is the carbon decomposition in the current month; C;_; is the
carbon content in the pool at the end of the previous month; a is the rate
modifying factor for temperature;b is the rate modifying factor for
moisture; ¢ is the rate modifying factor for soil cover; k is the decom-
position rate constant for different pools.

In the RothC model, the equilibrium refers to the state where the SOC
pools reach a dynamic equilibrium under long-term conditions. During
this state, the total carbon input equals the total carbon decomposition,
and the SOCS no longer undergoes significant changes. With changes in
land use or management practices (such as tillage, fertilization, or
vegetation changes), the current equilibrium of the soil may be dis-
rupted and gradually shift toward a new equilibrium. In this experiment,
the climate data for the spin-up phase was set as the average from 1970
to 1980, running for 10,000 years to reach equilibrium. During this long
spin-up phase, the original first-order dynamics were maintained, and
the effects of microbial factors were not considered. The initial annual
carbon input value was set to 1 t/ha (Smith et al., 2007), and after
reaching the equilibrium for the first time, the new carbon input was
adjusted according to Equation (8).

SOCSys — IOM

Cea = Cing505.. oM

®
where C,q is the adjusted carbon input; Cy,;; is the initial carbon input;
SOCS,ps is the observed SOCS in the starting year; SOCSg;, is the simu-
lated result after the initial run; and IOM refers to the inert organic

matter pool. The calculation method for IOM is given by Equation (9)
(Falloon et al., 1998):

IOM = 0.049 x SOCS.;1* 9

In the forward prediction state of the model, carbon input needs to be
calculated based on actual conditions. However, in the absence of data
such as plant residues, many studies adjust the annual carbon input ratio
based on equilibrium carbon input, using Net Primary Production (NPP)
(Gottschalk et al., 2012; Paul and Polglase, 2004) or fertilizer applica-
tion (Dechow et al., 2019). Considering that the majority of the study
area consists of farmland and that agricultural development has been
rapid since 1980, with a positive correlation between fertilizer appli-
cation and SOC accumulation (Meng et al., 2024; Pu et al., 2024), this
study opts to adjust the model’s carbon input during the prediction state
using annual nitrogen fertilizer variations:
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Nfer,

Cl, = Cl;4-
t -1 Nfer,_,

(10)

where CI; is the carbon input for the current year; CI,_; is the carbon
input for the previous year; Nfer, is the total amount of nitrogen fertil-
izer applied in the current year; and Nfer, ; is the total amount of ni-
trogen fertilizer applied in the previous year.

Many studies have optimized various parameters in RothC to cali-
brate the model, such as changing the value of decomposable plant
material: resistant plant material (DPM:RPM) ratio (Wang et al., 2013)
or changing the decomposition rate for the submergence period and the
drained period (Shirato and Yokozawa, 2005), to make the model more
applicable to the selected research area. Considering that microbial
activity plays a significant role in SOC decomposition, and that quan-
titative studies on microbial activity already exist (Allison et al., 2010;
Hofmeyr and Cornish-Bowden, 1997), this study selects microbial
biomass rate correction parameters based on the inverse Michaelis-
Menten (MM) equation (Woolf and Lehmann, 2019). The rate of car-
bon decomposition is adjusted according to the following Equation (11)
and (12):

1

AC, = Ci4 (1 —exp[— 13

-abckﬂ) a1

[MB]

= ”mmm 12)
where p is the monthly microbial biomass rate correction parameter;
HUmax 1S the maximum microbial enzyme decomposition rate; Ky is the
MM constant at which the reaction rate reaches half of its maximum
value; [MB] is microbial biomass, here represented by the monthly BIO
pool. During the parameter optimization, the Bayesian Optimization
method (Fenton et al., 2016; Stone, 2013) is used to explore u and Ky.

For parameter optimization at each validation sample’s location
(RothC with Parameter Optimization for Each Intervening-year Sam-
ple’s Location, RPOEISL), the pseudo SOCS of 1980 is used as the
starting observed value for the RothC model, and the pseudo SOCS of
2020 is used as the ending observed value. Bayesian optimization is then
applied to optimize the values of y,,,, and Ky, minimizing the error
between the predicted value and the ending observed value, and
obtaining the microbial parameters for that location. The calibrated
RothC model is then rerun with the optimized parameters, using the
pseudo SOCS of 1980 as the starting value and running the model to
2010 (Fig. 2).

3.3.2. The comparison experiments

As a contrast experiment, the starting and ending pseudo SOCS of all
available validation samples in 2010 were used as observed values to
optimize the microbial parameters using Bayesian optimization. That is,
for all validation samples’ locations, to minimize the overall mean
squared error between all pairs of the predicted and observed values in
2020 and obtain the global microbial parameters y,,,, and Ky (RothC
with Global Parameter Optimization, RGPO). The optimized parameters
were then applied to rerun the calibrated RothC model to 2010, and the
validation accuracy under the globally unique parameters was assessed.

Meanwhile, a spatiotemporal RF model was used as a comparison
model, with samples from 1980 and 2020 as training samples and 2010
as the validation samples. The spatiotemporal RF model utilized dy-
namic covariates corresponding to the sample year to reflect the tem-
poral scale characteristics and predict the SOCS of the 2010 samples.
Selected covariates were the same as when calculating the environ-
mental similarity.

3.3.3. Validation indices
The root mean squared error (RMSE) and R-squared were used as
accuracy metrics to evaluate the accuracy of the three experiments with
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the validation samples (Equation (13) and (14)). The model was run in
the R 4.1.3 and Python 3.9 environments.

1 n
RMSE = N Zi:1 pred = Yobsi)” 13)
n 2
R? — 1 — izt Opred — Yobsi)~ a4

S Ypresd — Yow)”

where n is the total number of validation samples; y,re; is the predicted
value for the i-th validation sample; y,; is the observed value for the
i-th validation sample; y,ps is the mean of the observed values for the
validation sample set.

4. Results

4.1. The pseudo SOCS results based on environmental similarity
calculation

Fig. 4 displays the pseudo SOCS for 1980 and 2020 across all avail-
able grids within the study area. Grids marked with a value of 0 in
Figure 4 indicate locations where no environmentally similar samples
are available after environmental threshold screening. Grids labeled
with NA values result from limitations in the original data resolution and
the presence of water bodies, where valid raster values are unavailable.
The figure reveals that the mean SOC storage in 2020 (Fig. 4-b)
decreased compared to 1980 (Fig. 4-a), especially in the southwestern
region of the study area. According to the elevation distribution shown
in Fig. 1, the study area generally has low elevations and flat terrain,
with most of the available samples located in low-altitude areas. In
contrast, fewer samples are available in the higher-altitude, moun-
tainous regions. Consequently, grids at these elevations lack samples
with high environmental similarity and become unavailable after the
environmental similarity threshold is applied. Then the two-year pseudo
SOCS are extracted to the intervening-year samples’ locations for RothC
calibration.

4.2. The validation results of three approaches

The prediction results for each validation sample’s location, obtained
using the RothC model with parameters calibrated based on the pseudo
SOCS (environmental similarity threshold set to 0.7), the RothC model
with global parameter optimization, and the spatiotemporal RF model,
are shown in Fig. 5. It can be seen that the RMSE (5.28) for the pre-
diction results after RPOEISL is improved by 31.6 % compared to the
RGPO (7.72) and by 10.7 % compared to the spatiotemporal RF (5.91).
The R? (0.456) is approximately 42.9 % higher than that of spatiotem-
poral RF (0.319), proving that the calculation with environmental
similarity constraints better reflects the SOCS differences caused by
environmental characteristics at different locations. We also observed
that the RGPO approach exhibits lower accuracy in this study area. As
shown in Fig. 5-b, most of the predicted results are distributed in the
23-30 t/ha range. The environmental difference at different locations is
significant as shown in Fig. 1. This is also evident from Fig. 4. It implies
that global parameters based on overall trends do not effectively reflect
the variation at all samples, particularly those where the SOCS change
trend differs from most other samples. In contrast, the predicted results
with RPOEISL and spatiotemporal RF do not show a clear concentration
in a specific range, but a wider and more reasonable range.

4.3. Impact of environmental similarity threshold when calculating
pseudo SOCS

As mentioned in Section 3.2.4, in the first test, the environmental
similarity thresholds were set to 0.6, 0.7, 0.8, and 0.9, and the count of
samples with overall reliability exceeding 0.5 under each environmental
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Fig. 5. Scatter plots of predictions from three approaches: (a) Predictions after RothC with Parameter Optimization for Each Intervening-year Sample’s Location; (b)
Predictions after RothC with Global Parameter Optimization; (c) Predictions from the spatiotemporal RF model.

similarity threshold was calculated (Table 1). It is obvious that with high
environmental similarity threshold, the counts of samples in three years
are small. We finally selected 0.7 when calculating the overall
reliability.

The results of the second test are shown in Table 2, with the increase
of the environmental similarity threshold, the number of available
validation samples gradually decreased. The RMSE initially decreased,
then increased, showing a U-shaped trend. When the environmental
similarity threshold reached 0.9, the number of available validation
samples significantly decreased, which reduced the statistical signifi-
cance of the validation samples. This led to a rise in the overall RMSE
due to large errors from a small number of samples. However, as the
environmental similarity threshold increased, the R? value improved

Table 1
Number of samples exceeding the overall reliability threshold under different
environmental similarity thresholds for each year.

Environmental Similarity ~ Count of 1980 Count of 2010 Count of 2020
Threshold Samples Samples Samples

0.6 47 67 64

0.7 45 60 60

0.8 36 56 55

0.9 22 41 40

Table 2

Number of available validation samples and validation accuracy in the RothC
with Parameter Optimization for Each Intervening-year Sample’s Location
approach with different environmental similarity thresholds.

Environmental Similarity Count of Available Validation RMSE R?
Threshold Samples
0.5 63 6.19 0.154
0.6 61 5.64 0.252
0.7 60 5.28 0.456
0.8 53 6.35 0.394
0.9 35 8.01 0.421

significantly compared to lower thresholds. Yet, the R? value also fluc-
tuated due to the changes in the samples. For instance, when the
threshold was set to 0.8, the R? was lower than at thresholds of 0.7 and
0.9. Considering these points, to ensure that the 1980 and 2020 samples
reflect the regional environmental conditions through their similarity
relations, and that the number of validation samples is sufficient, we
ultimately selected an environmental similarity threshold of 0.7 after
balancing these considerations.
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4.4. The dynamic changes of SOCS at the validation samples from 1980
to 2020

The simulation results of all validation samples from 1980 to 2020
using the three approaches are shown in Fig. 6. It can be seen that the
overall trend of SOCS change from 1980 to 2020 presents a fluctuating
downward pattern. In the RothC model results (Fig. 6-a and 6-b), the
average SOCS changes from 1980 to around 1995 with an initial decline
followed by a rise, and it starts to gradually decline after 2000. With the
RPOEISL approach (Fig. 6-a), the mean line aligns well with the mean of
the 2010 validation samples, which performs better than RGPO
approach and spatiotemporal RF.

From Fig. 6-a and Fig. 6-b, it can be seen that the RothC model
produces smoother simulations over time, while the spatiotemporal RF
simulation results in Fig. 6-c show much more pronounced variability
over the time scale, which indicates that when conducting analyses on a
temporal scale, the results derived from spatiotemporal RF may not
align closely with actual conditions, also as shown in Fig. 5-c.

5. Discussion
5.1. Advantages of the proposed approach

This study calculates pseudo SOCS based on the environmental
similarity and calibrate the RothC model for the intervening-year SOCS
prediction. According to the result, our approach is more accurate than
the spatiotemporal RF model. This indicates that using environmentally
similar samples is a practical and effective approach to generate pseudo
samples with SOC calculated based on environmental similarity for
carbon model calibration. Yet, using RothC model calibrated with global
parameter optimization was not effective for our study area at a regional
scale. In some studies, model typically runs based on default parameters
or globally optimized parameter (Zhang et al., 2020), but relying on
these generalized parameters may affect the model’s accuracy under
varying environmental conditions (Tao et al., 2023). This means that the
accuracy of this approach is strongly related to the heterogeneity and
existing samples of the selected study area. Thus, there has been many
studies calibrate model for each subarea or sample (Li and Jun 2018;
Paramesh et al., 2022; Wilcox et al., 2023). In this study, to optimize
parameters on each point to better reflect the influence of the site-
specific environment condition also performs better than for globally.

To more accurately capture the changes in SOCS over time, a suffi-
cient number of revisited samples are usually required. But in fact, it is
somewhat challenging to require a large number of revisited samples in
different study areas. From a temporal perspective, non-revisited sam-
ples hinder the analysis of soil property changes over time. Our
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approach addresses this issue by selecting validation samples with
relatively high simulation accuracy. These samples, with calculated
values for both the starting and ending years, are treated as expanded
revisited samples. This approach allows the simulation of SOC change
across different years with process-based models.

RF model primarily specializes in constructing the relationship be-
tween environment and soil property over space (Fathizad et al., 2020;
Grimm et al., 2008; Guio Blanco et al., 2018). The spatiotemporal RF
builds spatial-temporal relationships based on existing sample soil
properties over multiple time points and predicts unobserved locations
at the target time point with the corresponding environmental cova-
riates. However, it is not like process-based models which simulate
based on the soil temporal change knowledge (Talebi et al., 2022; Zhang
et al., 2024a). As shown in Fig. 6, our study reveals that simple spatio-
temporal RF models show significant fluctuations when predicting SOCS
for different years. This highlights that when only two years of training
samples are available, the RF method for simulating long-term SOCS
changes needs further investigation. For comparison, process-based
models such as RothC analyses carbon change on time series under
the influence of environment (Coleman and Jenkinson, 1996; Peltre
et al., 2012), results from process-based models show smoother tem-
poral variations, and are closer to the real change patterns compared to
the sharp annual fluctuations in the RF results.

5.2. Applicability, limitations and uncertainties

When applying our approach, there are several issues to be consid-
ered. First, although there are three years of sampling points in our case
study, our approach is not only applicable to calculate the pseudo SOCS
in starting and ending two years. If samples from multiple years are
available, any number of them can be selected to anchor the trend of
SOCS changes. The more anchor years used, the model’s ability to reflect
the temporal changes in SOCS and the more accurate the predictions for
future years may be better. Similarly, for example, if samples exist for
two different years (years A and B) but are both non-revisited, the year-B
samples’ pseudo revisited samples (in year A) can be calculated directly
by existing samples in year A. Moreover, for each year for calculating the
pseudo SOCS, the result will be more accurate if more existing available
samples can be used.

When calculating the pseudo SOCS, it is crucial to select relevant
environmental covariates. That is, the relationship between the envi-
ronment and the soil property may be reflected by different environ-
mental covariates according to the study area, not all the accessible
environmental covariates are suitable. For example, if the study area is
small, the climate covariates may not differ so much, then climatic
covariates can be not used (Zhu et al., 2018, Zhu et al., 2015).
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Fig. 6. Time trend of validation samples under different approaches: (a) Time trend after RothC with RothC with Parameter Optimization for Each Intervening-year
Sample’s Location; (b) Time trend after RothC with Global Parameter Optimization; (c) Time trend of spatiotemporal RF prediction. The blue solid line represents the
mean value; the blue shaded area indicates the prediction range for all validation samples each year; the purple vertical lines and dots represent the pseudo SOCS and
the mean of all validation samples in 1980; the green vertical lines and dots represent the pseudo SOCS and the mean of all validation samples in 2020; the yellow
vertical lines and dots represent the observed values and the mean of all validation samples. (For interpretation of the references to colour in this figure legend, the

reader is referred to the web version of this article.)
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A suitable environmental similarity threshold needs to be deter-
mined, balancing the number of candidate environmentally similar
samples selected from the starting and ending years with the represen-
tativeness of the selected samples as mentioned in Section 3.2.4. If a high
environmental similarity threshold is chosen, the overall reliability of
the samples increases, meaning these samples are more applicable to the
similarity principle (Liu et al., 2020). However, the reduced number of
samples may not represent the environmental characteristics of the
majority of locations in the study area. Additionally, some locations may
lack sufficiently environmentally similar samples from starting and
ending years, reducing the model’s generalizability. In other words, for
regions with different environment condition, selecting appropriate
environmental covariates and adjusting the threshold may be necessary
to make this approach more applicable to the selected study area.

The uncertainty in our proposed method primarily arises from two
components. First, during the generation of pseudo revisited soil sample
data, the selected environmental covariates, the environmental simi-
larity thresholds and the variations in the number of sample points, can
influence the experimental outcomes, as discussed earlier and illustrated
in Tables 1 and 2. Second, when running the RothC model, uncertainty is
predominantly associated with carbon inputs and model parameter
settings (Farina et al., 2013; Jebari et al., 2021). However, during the
RothC model operation, if the carbon inputs, model parameters, and
climatic data during the process are fixed, the resulting outputs are
deterministic, meaning that no uncertainty emerges at the operational
stage (Davoudabadi et al., 2024).

5.3. Future perspectives

Generating pseudo samples by our approach is used for process-
based models in this study. Yet, it may also be used in other ML
methods in DSM, or causal model such as structural equation models
(Grace and Keeley, 2006; Yang et al., 2021) to analyze SOCS change by
further integrating soil science principles (Minasny et al., 2024). When
selecting the environmental covariates for ML models, some methods
like SHAP (SHapley Additive exPlanations) can help to identify key
drivers of soil properties (Beucher et al., 2022; Wadoux et al., 2023).
Moreover, if appropriately resolved farmland management data are
available in future, they can also be used as environmental covariates.
After obtaining the revisited samples, ML methods can be combined to
explore SOCS changes across different years, spatial grids, and envi-
ronmental conditions, serving as supplementary training samples to
expand the sample set (Zhang et al., 2024b). Additionally, not only for
SOCS, our approach can also simulate other soil properties as long as
conforming to the relationship between environment and soil property.

After calculating and filtering environmental similarities, there are
some girds without environmentally similar points matched. This means
that the existing samples cannot represent all the area well. Thus, sup-
plementary sampling can be conducted in these regions to enhance the
representativeness of the samples in capturing regional spatiotemporal
variations in the soil property.

It would help enhance accuracy and interpretability across diverse
environmental conditions by further integrating process models with
pseudo observations and machine learning models in case of lacking
revisiting samples. For example, Minasny et al. (2024) proposed meth-
odologies for integrating soil science knowledge into ML models,
including enhancing training datasets with observational priors,
designing model structures that reflect soil science principles, and su-
pervising model training using loss functions informed by soil science.
Zhang et al. (2024a) introduced a process-oriented machine learning
model that employed RothC to generate additional training points for
years without samples, which were then incorporated into the RF model
to enhance its accuracy.
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6. Conclusion

This study calculates the environmental similarity and pseudo SOCS,
in order to obtain pseudo revisited soil samples and calibrate process-
based model. Compared to RothC with global parameter optimization
and spatiotemporal RF, this approach achieves higher accuracy in
simulating the temporal dynamics of SOCS at validation points. The
results confirm that calculating pseudo SOCS based on environmental
similarity and subsequently optimizing the model parameters signifi-
cantly are an effective approach for modeling SOC change. This
approach provides the possibility of obtaining revisited soil samples and
conducting SOC analysis based on them in areas without revisited soil
samples, in a relatively less complicated and accurate way. Furthermore,
attention must still be paid to determining environmental similarity
thresholds for the model’s prediction accuracy. Future studies could
incorporate samples from more years and further optimize parameters
for model calibration through environmental covariate analysis. Addi-
tionally, integrating this approach with other process-based models or
ML techniques may improve computational efficiency and model
applicability, providing broader prospects for large-scale dynamic
monitoring and prediction of SOCS or other soil properties. Based on
this, establishing long-term SOC monitoring networks and integrating
real-time environmental data (e.g., meteorological data, vegetation
indices) could enable dynamic model calibration, capturing both short-
term fluctuations and long-term trends in SOC dynamics, thereby
providing more timely scientific support for climate change mitigation
and agricultural management.
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