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Abstract: Spatial-temporal variation in soil organic carbon is an important factor for national targets
to mitigate climate change and land degradation impacts. In this research, we took Guangdong
Province of China as the study area, evaluated the spatial-temporal distributions of soil organic
carbon using data from three China Geochemical Baseline projects (conducted in 2009, 2016, and
2023, respectively), and quantified the main driving factors of spatial-temporal variations in soil
organic carbon using the random forest algorithm, further predicting the density and inventories of
soil organic carbon. The results demonstrate that the mean value of SOC in Guangdong in 2009 was
0.81%; in 2016 it was 1.13%; and in 2023 it was 1.02%. The inventories of soil organic carbon (0-30 cm)
in Guangdong Province were 0.61 Pg in 2009, 0.74 Pg in 2016, and 0.62 Pg in 2023. Soil in Guangdong
acted as a carbon sink from 2009 to 2023 as a whole, and the most important driving force behind
spatial-temporal variations in soil organic carbon was temperature, followed by precipitation and
vegetation cover.

Keywords: soil organic carbon; spatial-temporal variations; random forest; inventories

1. Introduction

Spatial-temporal variations in soil organic carbon (SOC) are one of the vital factors
affecting global carbon cycles, as well as global climate change [1]. The Third Assessment
Report of IPCC pointed out that, since the 1760s, global temperature has shown a significant
warming phenomenon, due to rapidly increasing CO; in the atmosphere [2]. In addition to
carbon emissions from the burning of fossil fuels such as oil and coal, CO; released by soil
respiration is also an important source contributing to global warming [3,4].

Soils constitute the Earth’s largest terrestrial carbon pool [5-7]. Thus, small fluctuations
in soil organic carbon will largely influence atmospheric CO, concentrations and change
the global carbon balance pattern [8]. Soil organic carbon stocks and fluxes are soil- and site-
specific and reflect the long-term balance between organic matter inputs from vegetation
and losses due to respiration, decomposition, erosion, and leaching.

Furthermore, SOC can affect the global biogeochemical cycle through coupling
with nutrient elements such as nitrogen and phosphorus, thus affecting ecosystem
processes [9,10]. Especially against the background of global climate change, the soil
C cycle may significantly impact ecosystem productivity, biodiversity, and sustainable
development through interactions with multiple drivers of global change, including in-
creased CO, concentration, N deposition, climate warming, and land-use changes [11,12].
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Therefore, studies on SOC inventories and their changes can provide a scientific and reliable
basis for research on the global carbon cycle.

Studies have shown that SOC inventories are closely related to environmental variables
such as climate, vegetation, and terrain [13-17]. Changes in environmental variables not
only directly affect the density of SOC, but also play an important role in the spatial—-
temporal distribution pattern of SOC. Therefore, it is particularly important to reveal the
driving forces behind changes in different environmental variables and their effects on
SOC [18]. The relationship between SOC decomposition and climate factors—especially its
sensitivity to temperature and precipitation—is now the focus of academic attention. Under
the comprehensive influence of climate change and human activities, SOC inventories and
dynamic balance will change. Thus, the SOC pool may serve as both a carbon sink and
carbon source which, in turn, will influence global climate change.

The statistical analysis of the relationships between environmental variables and SOC
inventories is of great significance for assessing the impact of future climate change on
soil carbon pools [19]. Factors controlling SOC cycles differ under different environmental
conditions; so, there is high spatial-temporal variability in SOC [20]. In this context, many
research studies have been conducted [21-23]; however, most of them have focused on the
spatial variation in SOC, while temporal variation—especially long-term monitoring—was
seldom involved. In addition, linear regression methods are often used [24-29], especially
the GWR method, which has achieved good results [30-32]. However, non-linear rela-
tionships may better describe the spatial variation in SOC [33-36], among which machine
learning methods have shown great advantages, including random forests, support vector
machines, regression trees, and neural networks [37-42].

The Global Geochemical Baselines (GGB) project aims to provide a long-term and
effective quantitative scale for resource and environmental assessment. The GGB project
divides the world into several grids of a certain size and collects representative samples
to reflect the overall element levels of the grid [43,44]. As a part of the GGB project, the
far-reaching China Geochemical Baselines (CGB) resource and environmental projects were
completed in 2008-2012 (CGB I) and 2015-2019 (CGB II), respectively, using 81 geochemical
parameters [45-47]. Guangdong Province is located in the southern coastal region of China,
for which CGB I was implemented in 2009, and CGB II was implemented in 2016. In 2023,
we re-sampled soils at the same sites to monitor long-term SOC changes. This study takes
Guangdong Province, China, as the study area, aiming to identify the spatial-temporal
variations in SOC over the past 14 years, quantify the driving factors using a random forest
algorithm, and evaluate the SOC inventories in Guangdong Province. This study is of
great significance for the in-depth understanding of SOC stabilization mechanisms and the
carbon-climate feedback effect under global climate change. The generated research data
are also important for carbon balance—global climate change simulation analysis and the
formulation of climate change policies.

2. Materials
2.1. Introduction of Study Area

Guangdong Province is located in the southern coastal area of China, with an area
of 17.97 x 10* km? (Figure 1). Its permanent population was 126.01 million in 2020, and
its GDP was up to RMB 11,076.094 billion. It is the most populous and economically
developed province in China. Guangdong Province has a subtropical monsoon climate,
with high temperatures and rainy weather in the summer and relatively low temperatures
and little rain in the winter. The average annual rainfall was 1801.08 mm, the average
annual temperature was 22.3 °C, and the annual sunshine duration was 1705.6 h in 2020.
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Figure 1. Study area and sampling sites.

The lithology of Guangdong Province is mainly granite, unconsolidated sediment,
mixed sedimentary rocks, and carbonate rocks (Figure 2). Soil types in Guangdong Province
are mainly Alisols, including Haplic Acrisols, Ferric Acrisols, and Humic Acrisols (Figure 3).
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Figure 2. Geological map of Guangdong (mt: metamorphic rocks; pa: acid plutonic rocks; pb: basic
plutonic rocks; pi: intermediate plutonic rocks; py: pyroclastics; sc: carbonate sedimentary rocks; sm:
mixed sedimentary rocks; ss: siliciclastic sedimentary rocks; su: unconsolidated sediment; va: acid
volcanic rocks; vb: basic volcanic rocks; vi: intermediate volcanic rocks; and wb: water body).
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Figure 3. Soil types of Guangdong (ACf: Ferric Acrisols; ACh: Haplic Acrisols; ACu: Humic Acrisols;
ALh: Haploc Alisols; ARh: Haplic Arenosols; ATc: Cumulic Anthrosols; CMc: Calcaric Cambisols;
CMd: Dystric Cambisols; CMo: Ferralic Cambisols; CMu: Humic Cambisols; DS: Dunes&shift.sands;
FLe: Eutric Fluvisols; FP: Fishpond; FRh: Haplic Ferralsols; GG: Glaciers; GLe: Eutric Gleysols; GLt:
Thionic Gleysols; LP: Leptosols; LPk: Rendzic Leptosols; LVh: Haplic Luvisols; LXf: Ferric Lixisols;
NTu: Humic Nitisols; RGe: Calcaric Regosols; RGd: Dystric Regosols; RGe: Eutric Regosols; SCg:
Gleyic Solonchaks; SCh: Haplic Solonchaks; UR: Urban, mining, etc. and WR: Water Region).

2.2. Sample Collection

A total of 77 samples were collected in Guangdong Province in 2009 and 2023, with
about 2-3 samples collected per sample grid, as well as 31 samples in 2016, with 1 sample
per sample grid collected. Alluvial soils are the most representative sampling medium,
which not only represent the mean value of elements in the whole basin, but also effec-
tively reflect environmental changes. The elements released by the natural weathering of
upstream rocks will be transported by surface water and deposited in the plains, deltas,
floodplains, or basins in low-lying areas. Thus, the samples can represent the average value
of the elements in the basin due to the mixing process during transporting. Almost all of
the grids are controlled with samples; thus, the samples in each grid represent the average
content within that grid (Figure 1). The sampling media, sampling methods, analytical
laboratories and methods, and quality control were identical for CGB I and CGB II, making
the data comparable.

2.3. Sample Analysis

All samples were air-dried either in a room or under shade, without exposure to
sunlight, and sieved through a 2 mm nylon mesh screen. They were subsequently ground
to <200 mesh in an agate or pure aluminum porcelain mill [46,48]. All samples were
analyzed in the laboratory of the Institute of Geophysical and Geochemical Exploration,
Chinese Academy of Geological Sciences. The SOC content was determined using a high-
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frequency infrared absorption method. Additionally, 50% hydrochloric acid was used to
remove carbonate interference during sample pre-treatment. During the analysis, the soil
samples were heated to over 800 °C in an oxygen-rich environment, and the SOC was
oxidized to CO;. The resulting CO, was fed into a non-dispersive infrared detector, and
the SOC content was calculated based on the intensity of CO, absorption. All chemical
analyses performed during the CGB project were conducted under strict quality control
measures, which have been described in detail in [45]. Analytical accuracy and precision
were controlled based on analyses of standard reference materials as well as field and
laboratory replicate samples. The analysis methods and detection limits are detailed in
Table 1.

Table 1. Analysis methods and detection limits.

Index Analysis Method Detection Limits Units
Si0, X-ray fluorescence spectrometry 0.1 %
Al,O3 X-ray fluorescence spectrometry 0.05 %
TFe;O3 X-ray fluorescence spectrometry 0.05 Y%
FeO X-ray fluorescence spectrometry 0.1 %
MgO Plasma emission spectrometry 0.05 Y%
CaO X-ray fluorescence spectrometry 0.05 Y%

High-frequency combustion—infrared
carbon sulfur meter

50C 0.1 Y%

2.4. Environmental Covariates

Soil parent material, soil type, climate (mean annual temperature, mean annual pre-
cipitation), NDVI (normalized difference vegetation index), vegetation type, and land-use
type (LUCC) were taken as the environmental covariates which may control the change
in SOC. The parent material data were obtained from the Geological map of Guang-
dong Province [49]. The climate data (mean annual temperature, mean annual precip-
itation) and NDVI were obtained from the Resources and Environmental Sciences and
Data Center of Chinese Academy of Sciences, comprising mean annual data
(https:/ /www.resdc.cn/data.aspx?DATAID=123, accessed on 6 March 2023). Normal-
ized difference vegetation index (NDVI) data at a 30 m spatial resolution were calculated
using bands 4 (red) and 5 (near infrared) of Landsat 8 images collected from the image
inventory of USGS Earth Explorer using the maximum value synthesis method.

2.5. Estimate of SOC Inventories

The SOC density (SOCD) is a necessary indicator of soil properties for calculating SOC
inventories. The SOCD can be determined according to the SOC content and BD, and was
calculated using the following equation [19]:

SOCD =SOC x BD x H x 1071,

where SOCD represents the SOC density (kg/m?), BD represents soil bulk density (g/cm?),
and H represents soil thickness (cm).
The SOCI was calculated using the following equation:

SOCI=SOCD x S x 1073,

where SOCI represents SOC Inventories (t), SOCD represents the SOC density(kg/m?), and
S represents the soil area (m?).

2.6. Random Forest

The random forest algorithm is a classical combined classifier algorithm, proposed
in [50]. A bagging algorithm is used to generate training sample subsets and a classification
regression tree is used as a meta-classifier. Candidate attributes are randomly selected to
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split the current node when building a single cart tree. This doubly random (with respect to
both the training set and attributes) strategy results in greater differences between the meta-
classifiers, which makes the random forest algorithm perform better in classification [51].

The random forest algorithm is a combination of tree classifiers {h(x,0k), k=1, ...... 1,
where the meta-classifier h(x,0k) is a complete growth and non-pruning classification
regression tree, x is the input vector, and 0k is an independent and identically distributed
random vector, which determines the growth process of a single classification regression
tree. For classification, the output of the random forest algorithm is the result of simple
majority voting and, for regression, the output is the simple average of the output of a
single tree.

The random forest approach presents many advantages; for example, the algorithm
can deal with both continuous and category attributes through the use of the cart algorithm
as its meta-learning algorithm. Moreover, the decision tree allows for greater differences
and better classification performance, due to the combination of the bagging algorithm and
randomly selected candidate feature splitting, which prevents over-fitting and tolerance
to noise.

Another prominent feature of the random forest algorithm is the calculation of the
importance of variables. First, the random forest algorithm adds disturbances through the
random re-ordering of the variables of training samples, following which the change in
the classification accuracy of all samples in the decision tree is observed before and after
disturbance, in order to measure the importance of the variables.

The random forest analysis was completed in R4.2.2 [52].

2.7. Prediction Method of SOC Inventories

We used the ArcGIS resample tool to divide Guangdong Province into 19,300 3 km x 3 km
grids, and the attributes of environmental covariates (including temperature, precipitation,
NDV], soil type, and soil parent material) were extracted for each grid. Then, the SOC
content of each grid was predicted using the random forest algorithm, according to the
environmental covariates. Finally, the SOC inventories in Guangdong Province were
calculated using ArcGIS 10.8.

2.8. Accuracy of SOC Inventories Prediction

A cross-validation approach [53] was used to assess the accuracy of predicted
SOC stocks. Cross-validation—also referred to as the “leave-one-out validation
approach”—removes one observation and estimates the value of SOC stocks at that location
with the remaining observations. The root mean square error (RMSE) was computed to
assess the prediction accuracies of all three predictions:

1 n
RMSE = \/nZ[SOCme(xj) — SOCes(xi)]z
i=1

where SOC,.(x;) is the measured SOC, SOCgs(x;) is the estimated SOC at the ith location,
and 7 is the number of validation predictions.

3. Results
3.1. Summary Statistics of SOC Content

The mean and median values of SOC in Guangdong Province were 0.81% and 0.71%
in 2009; 1.13% and 0.95% in 2016; and 1.02% and 0.95% in 2023, respectively. The mean
value of SOC in 2009 was lower than that for China overall; in contrast, both the mean and
median values of SOC in 2016 were higher than that for China (Table 2). The mean value of
SOC in Guangdong Province in 2016 was higher than those in 2009 and 2023, and moreover
with a large coefficient of variation.
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Table 2. Descriptive statistical characteristics of SOC.

Min Mean Median Max CvV N
Guangdong 2009 0.163 0.808 0.707 2.639 56.42 76
Guangdong 2016 0.253 1.128 0.945 2.902 57.65 31
Guangdong 2023 0.149 1.017 0.947 2.768 52.29 76
China 2009 0.006 0.865 0.601 11.360 110.19 3382
China 2016 0.006 0.904 0.688 6.843 96.66 1690

Unit: %; CV: coefficient of variation; N: number of samples; data of SOC for China 2009 and China 2016 were from
Global Geochemical Baselines (GGB) project [43,45,46].

3.2. Soil Organic Carbon Content in Soils Developed from Different Parent Materials

The SOC in soils developed from different parent materials was counted and a his-
togram was drawn, as shown in Figure 4. The results indicated that, in 2009, the SOC
contents in soils developed from carbonate rocks was the highest, with a mean value of
1.35%, followed by unconsolidated sediments and basic volcanic rocks, with mean values of
0.87% and 0.81%, respectively, while the organic carbon contents in granite-developed soils
was the lowest. In 2016, the organic carbon content in soils developed from basic volcanic
rocks was the highest, with an average value of 1.36%, followed by mixed sedimentary
rocks and unconsolidated sediment-developed soils, with average values of 1.21% and
1.20%, respectively, while the organic carbon contents in soils developed from granite was
the lowest. In 2023, the SOC content in soils developed from carbonate rocks was the
highest, with an average value of 1.44%, while those in soils developed from granite and
basic volcanic rocks were the lowest.

5 25 25

F 1.0

0.5 0.5 } 0.5

0.0 0.0 0.0
MT PA SC SM MT PA SC SM $S

MT PA sC SM 8s SuU vB Vi $S su VB Vi

su VB Vi

Figure 4. SOC content in soils developed from different parent materials: (a) 2009; (b) 2016; and
(c) 2023. MT: metamorphic rocks; PA: acid plutonic rocks; SC: carbonate sedimentary rocks; SM:
mixed sedimentary rocks; SS: siliciclastic sedimentary rocks; SU: unconsolidated sediment; VB: basic
volcanic rocks; and VI: intermediate volcanic rocks. The error bars represent standard deviations.

The SOC was significantly different in soils developed from different parent materials
and at different sampling times. Overall, the SOC in soils developed from carbonate rock
was the highest, followed by unconsolidated sediments, while that for soil developed from
granite was the lowest.

3.3. Soil Organic Carbon Content in Different Soil Types

The soil organic carbon content in different soil types was counted and a histogram
was drawn, as shown in Figure 5. The results showed that, in 2009, the SOC contents
in Haplic Luvisols, Calcaric Cambisols, and Eutric Gleysols were higher (1.40%, 1.25%,
and 1.23%, respectively), while those in Dystric Cambisols and Calcaric Cambisols were
relatively lower. In 2016, the SOC contents in Cumulic Anthrosols, Ferralic Cambisols, and
Calcaric Regosols were higher, with averages of 1.45%, 1.41%, and 1.35%, respectively. In
2023, Haplic Luvisols, Calcaric Cambisols, and Haplic Acrisols had higher organic carbon
contents, the mean values of which were 1.32%, 1.26%, and 1.36%, respectively. The SOC
in different soil types was similar in 2009 and 2023, while that in 2016 was significantly
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different. The SOC contents of Eutric Gleysols, Haplic Luvisols, and Calcaric Cambisols
were relatively high overall.

3.0 3.0 3.0
a b c
25 25 25
20 2.0 2.0
S S S
15 015 015
o o o
|2} 12} (2]
1.0+ 1.0 1.0
) ﬂ ) H ﬂ ) m
0.0 0.0 0.0
ACf ACh ATc CMcCMdCMo FLe GLe LVh RGcRGe SCh ACf ACh ATc CMc CMo FLe LVh RGc RGe ACf ACh ATc CMcCMdCMo FLe GLe LVh RGc RGe SCh

Figure 5. SOC content in different soil types: (a) 2009; (b) 2016; and (c) 2023. ACf: Ferric Acrisols;
ACh: Haplic Acrisols; ATc: Cumulic Anthrosols; CMc: Calcaric Cambisols; CMd: Dystric Cambisols;
CMo: Ferralic Cambisols; FLe: Eutric Fluvisols; GLe: Eutric Gleysols; LVh: Haplic Luvisols; RGc:
Calcaric Regosols; RGe: Eutric Regosols; and SCh: Haplic Solonchaks. The error bars represent
standard deviations.

3.4. Correlations between SOC and Oxides

The correlations between SOC and major oxides are shown in Figure 6. The results
indicate that, in 2009, SOC was significantly positively correlated with FeO, Al,O3, MgO,
and CaO, with correlation coefficients of 0.78, 0.5, 0.45, and 0.43, respectively. In 2016,
soil organic carbon showed significant positive correlations with FeO and Fe,O3, with
correlation coefficients of 0.82 and 0.63, respectively. Compared with 2009, the correlation
coefficient with FeO increased, while that with Fe,O3 decreased slightly; there were also
positive correlations with MgO and CaO, where the correlation coefficients were 0.48 and
0.39, respectively. In 2023, there were significant positive correlations between soil organic
carbon and FeO and Al,O3, with correlation coefficients of 0.9 and 0.43, respectively.

fsio. £ X —0.5**|

0.18 0.24 0.14 0.01 0.29

0.04 0.04 021 0.19 -0.04 0.

C

Figure 6. Correlations between soil organic carbon and oxides: (a) 2009; (b) 2016; and (c) 2023.
**: significantly correlated at the 0.01 level; *: significantly correlated at the 0.05 level.
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3.5. Spatial Variations in SOC

In 2009, the SOC in Guangdong Province was relatively low overall, and the high-
valued areas were mainly distributed in Zhuhai, Zhongshan, and the north of Qingyuan
and Meizhou. In 2016, the SOC in Guangdong Province increased significantly, and the
spatial distribution pattern was significantly different from that in 2009. Zhanjiang in
western Guangdong showed obvious high SOC values, while soils in the Pearl River Delta,
Qingyuan City, and northern Zhaoging, Meizhou, and Shantou also presented high organic
carbon contents. In 2023, the soils with high SOC concentrations were mainly located in
Guangzhou, Zhongshan, Zhuhai, northern Meizhou, and Shaoguan (Figure 7).

Figure 7. Geochemical map of SOC in Guangdong Province: (a) 2009; (b) 2016; and (c) 2023.

3.6. Model Performance and Drivers of SOC

The random forest regression model explained 44.8% (R?) of SOC concentration
variability across all sites in 2009, 36.2% for 2016, and 41.1% for 2023, suggesting that
about 40% of the spatial variability of SOC was explained by soil parent materials, soil
type, precipitation, NDVI, temperature, land-use type, and vegetation type. The root mean
square error (RMSE = 0.14% for 2009, 0.13% for 2016 and 2023) indicated an acceptable
prediction accuracy. The random forest model revealed that the three most important
predictors of SOC spatial distribution were temperature, precipitation, and NDVI. The
remaining predictors showed lower, but non-negligible, influences (Figure 8).
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Figure 8. Influencing factors of spatial variation in SOC in Guangdong Province: (a) 2009;
(b) 2016; and (c) 2023. Veg.: vegetation type; LUCC: land-use type; SPM.: soil parent material;
Tem.: temperature; and Pre.: precipitation.

3.7. Prediction of SOC Density and Inventories

The SOC density and inventories in Guangdong Province were calculated, and the
results predicted using the random forest method are shown in Figure 9. In 2009, the areas
with high SOC contents in Guangdong Province were mainly distributed in the northern
parts of Guangdong, Zhongshan, and Zhuhai. In 2016, SOC in Guangdong increased
significantly, and the high-value areas were mainly distributed in Zhanjiang, Foshan, and
Zhongshan in the Pearl River Delta, as well as parts of northern and eastern Guangdong
Province. In 2023, the SOC content decreased significantly, and the high-valued areas
mainly appeared in parts of northern and eastern Guangdong Province.

>z
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3.19-3.42
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3.58-3.77 ‘ - y 3.58-3.77
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Figure 9. Prediction of SOC density in Guangdong Province: (a) 2009; (b) 2016; and (c) 2023.
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As shown in Table 3, the average SOC density in Guangdong in 2009 was 3.1 kg/m?,
while it was 4.34 kg/m? in 2016, and 3.94 kg/m? in 2009. The SOC inventories in topsoils
(0-30 cm) in Guangdong were 0.61 Pg in 2009, 0.74 Pg in 2016, and 0.62 Pg in 2023 (Figure 10).

Table 3. Statistical analysis of SOC density in surface soils (0-30 cm) of Guangdong Province (kg/m?).

Year Min Mean Median Max
2009 0.63 3.14 2.75 10.25
2016 0.98 4.38 3.67 11.27
2023 0.58 3.95 3.68 10.75
0.8
0.6
N
(@)}
o
\—
>
o 04 [
| -
S
(/2]
@)
O
w
0.2
0.0
2009 2016 2023

Figure 10. Soil organic carbon inventories in Guangdong Province.

3.8. Temporal Variation in SOC

Overall, the soil of Guangdong Province acted as a carbon sink from 2009 to 2016,
among which Zhanjiang in western Guangdong, parts of Maoming in eastern Guangdong,
and most parts of the Pearl River Delta appear to be high carbon sinks. There were also
some areas that acted as carbon sources, mainly distributed in the eastern part of northern
Guangdong (Figure 11a). From 2016 to 2023, the soil in Guangdong Province mostly
acted as a carbon source, and the SOC contents in Zhanjiang and Maoming in western
Guangdong and Zhongshan, Jiangmen, Zhaoqing, and Dongguan in the Pearl River Delta
decreased significantly, while parts of northern and eastern Guangdong appeared to be
carbon sinks (Figure 11b). From the perspective of the period 20092023, soil organic carbon
in Guangdong Province acted as a carbon source, and carbon sink areas were distributed
in a scattered manner, while soils in Dongguan, Zhongshan, Zhuhai, and Shenzhen in the
Pearl River Delta were obvious carbon sources (Figure 11c).
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Figure 11. Change in SOC density in Guangdong Province: (a) 2009-2016; (b) 2016-2023; and
(c) 2009-2023.

4. Discussion
4.1. Stabilization Mechanism of SOC

The stabilization mechanism of SOC determines the ability of soil to fix and store
organic carbon [54-58]. At present, there is increasing evidence that the stability of SOC
may depend on complex interactions between organic carbon and minerals [59], such as
the formation of organic-inorganic complexes with iron and aluminum oxides, which
control SOC stability over a longer time scale [60-62]. Studies have shown that about 90%
of long-term SOC inventories are closely related to soil minerals [63]. Soil organic carbon
binds to minerals through ligand exchange, cation bridge, the van der Waals force, or
hydrogen bonding, and organic macromolecules are adsorbed onto mineral surfaces to
form organic-inorganic complexes [64,65]. The interaction between organic carbon and
metal ions on mineral surfaces greatly enhances the stability of organic carbon [66,67].

Therefore, the high organic carbon content of basalt-developed soils may be closely
related to the large amount of iron oxides, while the retention of SOC in soil developed from
carbonate rocks is related to calcium oxide and magnesium oxides. SOC can be adsorbed
onto the surface of metal minerals in a variety of forms, reducing the contact between
SOC and micro-organisms or biological enzymes and, thus, avoiding self-degradation.
The formation of organic-mineral complexes can prevent microbial decomposition and
effectively maintain the stability of SOC [68]. In the stabilization process of SOC, metal
minerals—especially iron minerals—play a significant role. The iron minerals, characterized
by a large specific surface area and strong adsorption capacity, can combine with SOC by
means of precipitation and adsorption to maintain the stability of SOC [69]. In contrast,
granite-developed soils contain less organic carbon, which may be due to the low contents
of iron oxide, calcium oxide, or magnesium oxide, thus weakening the protective effect of
soil minerals.
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4.2. Prediction of SOC Inventories

Luo [70] evaluated the spatial distribution of organic carbon density using 211 soil
profiles collected in Guangdong Province in 2010. The spatial distribution of SOC density
showed a significant spatial similarity with the predicted SOC density for 2009 in our
research, suggesting that the prediction of SOC density in this research is reliable. Due to
the high spatial variability of SOC, it is difficult to capture this spatial variability using
traditional geochemical maps, which brings great uncertainty to the results. In contrast, the
spatial variation characteristics of SOC can be more accurately inferred through combining
environmental variables and quantitative models.

4.3. Influencing Factors of Temporal-Spatial Variation in SOC

We plotted the temperature, precipitation, and NDVI maps of Guangdong Province
(Figure 12). The regional difference in SOC density for Guangdong Province was found
to be closely related to the difference in hydrothermal conditions between the north and
south regions of the province. Generally speaking, from south to north, with the decrease
in temperature and rainfall, the intensity of leaching and mineralization of organic matter
gradually weakens (in most cases, such as 2009 and 2023; 2016 is an exception, due to
extreme weather conditions). In addition, as northern Guangdong is a mountainous area
with dense vegetation cover and less human disturbance, vegetation is a direct factor
affecting soil organic carbon content.

Figure 12. Environmental covariates in Guangdong: (al) temperature 2009; (a2) temperature 2016;
(a3) temperature 2022; (b1) precipitation 2009; (b2) precipitation 2016; (b3) precipitation 2022;
(c1) NDVI 2009; (c2) NDVI 2016; and (c3) NDVI 2022.
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Soil fixes organic carbon through the decomposition and transformation of carbon
dioxides by plant photosynthesis, and releases carbon dioxide into the air through soil
respiration. Soil organic carbon stocks and fluxes are soil- and site-specific and reflect the
long-term balance between the two. The NDVI is an indicator of primary and ecological
productivity [71]. The average value of the NDVI was 0.746 in 2009, 0.786 in 2016, and
0.777 in 2022, suggesting that the SOC input in 2016 was the highest. Deng [72] evalu-
ated the temporal and spatial changes in vegetation carbon sequestration in Guangdong
Province and found that the vegetation carbon sequestration in 2016 was significantly
higher than that in 2009—the same result as our research. The average temperatures in
2009 and 2023 were 22 °C and 21.8 °C, respectively, and the spatial variation in temperature
between the two was similar, showing a trend of low temperature in the north and high
temperature in the south. However, the temperature pattern in 2016 was different from
the other two years, with an annual average temperature of 21.2 °C, showing the lowest
temperature relative to 2009 and 2023. Moreover, the temperature in the southeast coast
region was significantly lower in 2016, especially for Leizhou Peninsula, where the temper-
ature was higher in 2009 and 2023. In 2009 and 2023, the rainfall in Guangdong Province
showed a trend of low in the north and high in the south, with an average annual rainfall of
1597 mm and 1567 mm, respectively, while the rainfall in 2016 increased significantly, with
an average of 1869 mm, showing a very different spatial distribution from that of 2009 and
2023: high in the north and low in the south, with a rare drought occurring in the southeast
coast region.

In general, temperature is considered to be the main factor affecting soil respiration.
Most studies have found that global soil respiration increases significantly under global
warming. At the physiological and biochemical level, temperature is necessary to regulate
the breakdown of enzymes needed for respiration. At the ecosystem level, the supply of
respiration substrates to the subsurface parts of the plant is also driven by temperature,
which has an impact on soil respiration. Temperature is a significant driving force for
the variation in soil respiration, due to its influence on the adsorption and desorption of
soil organic matter and mineral surface, as well as its direct effects on the activities of
micro-organisms and soil enzymes [73,74].

Precipitation can increase soil moisture in farmland, promote crop growth, increase
crop productivity and, thus, increase soil carbon input. Moreover, precipitation promotes
microbial activity and improves soil respiration [3], thereby increasing the soil carbon
output. The effect of precipitation on carbon sequestration in farmland ecosystems depends
on the balance between these two factors. The relationship between annual precipitation
and surface SOC content is complex. Generally speaking, when precipitation is between
400 and 900 mm, SOC decreases with increasing precipitation; meanwhile, when the
precipitation is greater than 900 mm, SOC increases with increasing precipitation. However,
the influence of precipitation on soil respiration is also affected by the instantaneous
intensity and frequency of rainfall [75].

The most typical change in SOC source and sink was observed in Leizhou Penin-
sula, where extreme climate conditions led to a severe low-temperature drought in 2016,
compared with previous years (from 2009 to 2016, the average temperature in Leizhou
Peninsula dropped from 24 °C to 20 °C, while the average precipitation dropped from
2400 mm to 1200 mm), and soil organic carbon mineralization decreased significantly,
resulting in the rapid accumulation of SOC.

4.4. Limitations and Uncertainties

All of the data in this research were obtained from the China Geochemical Baseline
Project. Alluvial soil samples were collected according to Global Reference Network grid
cells for the whole of mainland China. The sampling media, sampling methods, analytical
laboratories and methods, and quality control were all the same for CGB I and CGB 11,
making the data comparable. However, two to three samples per sample grid were collected
for CGB I, while one sample per sample grid was collected for CGB II, resulting in thirty-one
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samples for Guangdong Province with a limited sample size for CGB II relative to CGB
I, which may have influenced the statistical results, to some extent. In addition, we did
not consider the impacts of human activities on soil organic carbon storage in terrestrial
ecosystems. It would be ideal if we could conduct future research at a more detailed level,
for example, by taking more anthropogenic factors, such as vegetation and land-use types,
into consideration.

5. Conclusions

The purpose of this study was to identify the spatial-temporal variations in SOC over
the past 14 years (2009-2023) and quantify the main driving factors of spatial-temporal
variations in soil organic carbon in Guangdong, China. The organic carbon contents in soils
developed from different parent materials significantly differed. Overall, SOC in carbonate-
developed soils was the highest, followed by basic volcanic rocks and unconsolidated
sediment-developed soils, while that in granite-developed soils was the lowest. Therefore,
soil minerals—especially iron- and calcium-based minerals—may play significant roles in
soil organic carbon stabilization. The formation of organic-mineral complexes can prevent
microbial decomposition and effectively maintain the stability of SOC.

The SOC inventories (0-30 cm) in Guangdong Province were 0.61 Pg in 2009, 0.74 Pg
in 2016, and 0.62 Pg in 2023. From 2009 to 2016, soil organic carbon in Guangdong was
mainly represented as a carbon sink, from 2016 to 2023 as a carbon source, and from 2009
to 2023 overall as a carbon sink. In Guangdong Province, the biggest changes in SOC were
mainly distributed in Leizhou Peninsula and the Pearl River Delta. Finally, at the provincial
scale in Guangdong, the most important driving force of spatial-temporal variations in
SOC was temperature, followed by precipitation and NDVI.
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