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Abstract: Environmental variables have a substantial effect on the reliability of soil organic
carbon (SOC) mapping. However, it is still challenging to identify which environmental
variables are effective in cropland SOC prediction in sandy, saline, and black soil regions. To
address this issue, we used the principal component analysis (PCA) method for the feature
selection of bands, spectral indexes, and terrain factors for each region. Based on the selection
feature, we used global RF and local RF for SOC prediction for these three regions. Our results
indicated that (1) climate factors, particularly mean annual precipitation and mean annual
temperature, were the most effective predictors in SOC mapping across sandy, saline, and
black soil regions, as indicated by their significant contribution to RF model performance
(R? > 0.63); (2) followed by climate factors, the Transformed Vegetation Index (TVI) was
consistently identified as the most influential variable for SOC prediction among spectral
indexes in all three regions; (3) a local regression method based on RF models showed good
performance compared to a global model; (4) desertification and salinization were the main
reasons for the spatial differences in AH and DM&LD, respectively. The SOC of HL in black
soil regions was consistent with the climate change trend because of the latitude difference.
This study provides valuable information for constructing a more precise soil prediction
strategy for cultivated land in sandy, saline, and black soil regions.

Keywords: Sentinel-2; digital soil mapping; soil classes; environmental factors; sustainability

1. Introduction

Soil organic carbon (SOC) constitutes a significant fraction of the soil carbon pool [1].
The decomposition of soil organic matter releases carbon dioxide, which is a major con-
tributor to the rising atmospheric CO; levels [2]. Therefore, SOC mapping in croplands
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is necessary for comprehending its dynamics and assessing its contribution to the global
carbon cycle.

In previous studies, SOC prediction has primarily relied on statistical indexes com-
paring predicted values with field-collected soil samples. However, the substantial costs
associated with field sampling and laboratory analysis pose significant challenges to large-
scale SOC monitoring [3,4]. The visible (VIS) spectral region has been employed for SOC
estimation, as increasing SOC levels typically reduce reflectance in this region [5]. Mean-
while, the NIR and SWIR spectral regions have demonstrated high sensitivity to SOC
prediction. Collectively, these findings underscore the potential of the VIS, NIR, and SWIR
spectral regions in effectively detecting SOC [6,7].

Recent works showed that a bare soil image could be obtained from time-series mean
images, effectively minimizing the interference caused by vegetation cover and soil moisture [1,8].
Furthermore, auxiliary variables such as terrain and climate factors are strongly connected
to SOC. Terrain characteristics control the redistribution rate of soil on the hillside and affect
the quantity and quality of SOC in the landscape because topography plays an important
role in soil accumulation in the process of soil erosion and deposition [9]. Climate factors
regulate the balance between carbon input from plant residues and carbon loss due to the
decomposition of SOC by soil microorganisms [10]. Hence, with digital soil mapping (DSM)
technology, SOC can be quantitatively predicted by establishing the relationship between
field soil observations and easy-to-measure environmental data [11,12]. For instance,
Chen et al. [13] examined the spatio-temporal distribution of SOM by MODIS, terrain,
and climate variables in Hubei province. Zeraatpisheh et al. [1] used remote sensing and
topography covariates in the Cubist, regression tree, and RF models to estimate SOC content
in a semiarid region in central Iran. However, their research merely combined different
variables based on experience, lacking a quantitative method for selecting variables of
different types.

The accuracy of SOC prediction is notably influenced by the complexity of soil classes,
as certain spectral response bands may be obscured. In China, sandy, saline, and black
soil regions represent three distinct areas with unique environmental characteristics that
shape their soil spectral features. For instance, sandy regions are typically associated with
low SOC content [14]. Thus, the spectral reflectance of aeolian sandy soil exceeds that of
loamy or clayey soil such as black soil in visible light. The spectral curve after continuum
removal presents slender absorption valleys in visible light [15]. The spectral curves of
different salinized soils tend to be consistent in morphology, and the reflectance increases
with the wavelength [16]. Black soil is predominantly found in the northeast of China, with
high content of soil nutrients and SOC. Due to its dark color and elevated organic carbon
levels, black soil demonstrates low spectral reflectance in visible light, and its spectral curve
after envelope removal presents deep and pronounced absorption valleys [17]. In large
or distinct datasets, the relationship between soil spectral properties and SOC is highly
nonlinear and spatial-dependent. Despite the observable differences in soil spectral features
across sandy, saline, and black soil regions, it remains unclear which variables—remote
sensing, terrain or climate factors—are most effective for SOC prediction.

The random forest (RF) model is capable of generating predictions from high-
dimensional data by averaging the outcomes of multiple decision trees, each constructed
with varying parameters. This ensemble approach enhances the model’s predictive ac-
curacy and robustness. Additionally, to account for variations in soil or environmental
conditions, separate prediction models can be developed using local regression techniques.
This allows for more tailored and precise predictions by considering the specific character-
istics of different datasets. Shi et al. [18] proposed a local regression model to predict SOC
which can effectively avoid the problem with the cover-up response band. The optimal
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model can also be used in each class of soil to predict SOC. Ward et al. [19] used two
clustering methods to build local regression models, and they found that the accuracy of
the local prediction model using spectral feature parameters performed well.

This study aims to address the gap in previous research regarding the influence of
environmental variables on different soil class regions by utilizing multiple remote sensing
datasets and prediction methods to analyze the spatial distribution of SOC. Specifically,
the objectives are threefold: (1) to compare the optimal variables to inverse SOC in sandy;,
saline, and black soil regions; (2) to evaluate whether incorporating region-specific inputs
can enhance prediction accuracy; and (3) to generate a spatial distribution map with a
10 m spatial resolution. By focusing on these objectives, this study seeks to provide a more
nuanced understanding of how environmental covariates affect SOC distribution across
varied soil class regions.

2. Materials and Methods
2.1. Study Area

The study area comprises three distinct regions: Aohan Banner (AH), located in a
sandy zone; Durbert Mongolian Autonomous Region and Lindian County (DM&LD),
situated in a salinization zone; and Hailun County (HL) positioned within a black soil zone
(Figure 1).
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Figure 1. Locations of the study area: (a) location of the study area; (b) map of sandy region and
sampling sites in AH; (c) image of sandy soil in AH; (d) map of saline soil and sampling sites in
DM&LD; (e) image of soil salinization in DM&LD; (f) map of black soil region and sampling sites in
HL; (g) image of black soil in HL.

AH is located at 119°32'E~120°53'E, 41°41'N~43°02'N, encompassing a land area of
8181 km?, with a quarter of it being a desertification area [20]. The predominant soil type in
this region is Arenosol. The average annual temperature is 6.6 °C, with an annual rainfall
of 449 mm. Elevations range from 0 to 1233 m above sea level, with the highest elevations
predominantly located in the southern parts of AH.

DM&LD covers approximately 9539 km?2 at 45°53'N~47°28'N and 123°45'E~125°20’ E.
More than 15% of this area is affected by salinization [21]. Its terrain features a gentle topogra-
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phy, characterized by low elevations ranging from 111m to 196m. The region experiences an
average annual temperature of 5.2 °C and an annual rainfall of 533 mm.

HL is situated at 46°58'N~47°50'N, 126°13'E~127°45'E and is characterized by black
(Phaeozem) soils [22]. It spans an area of 4643 km?2 and an elevation from 142m to 485m.
The average annual temperature is 3.5 °C, with an annual rainfall of 608 mm. Additionally,
there is a “bare soil period” in the study area from the end of March to May, during which
there is no snow cover and minimal crop residue in the fields.

2.2. Collection and Measurement of Soil Samples

In total, 309 topsoil (0-20cm) samples were collected from April to May in 2014, 2016,
2018, and 2019 to ensure comprehensive coverage of the study area, with 102 samples col-
lected in AH, 96 in DM&LD, and 117 in HL. With consistent cropping practices maintained
throughout the study period (2014-2019), minimal SOC changes could be disregarded.
Five soil samples, including four corners and one center of a 1 m? frame, were mixed for
one representative sample. To ensure sample integrity and prevent cross-contamination,
each soil sample was put in a separate bag. Subsequently, all soil samples were air-dried
and passed through a 2mm sieve before SOC analysis. SOC was determined using the
Potassium Dichromate volumetric method [23].

The portable spectrometer used for analyzing the spectral properties of air-dried soil
samples was the ASD FieldSpec@3 (malvern panalytical, Malvern, UK). The soil spectral
range covered wavelengths from 350 to 2500 nm. The sampling interval and spectral
resolution were 1.4 nm and 3 nm, respectively, within the range of 350-1000 nm, and 2 nm
and 10 nm within the range of 1000-2500 nm. Subsequently, the spectrometer resampled
the data to 1 nm resolution.

During testing, each soil sample was placed in a sample dish measuring 12 cm in
diameter and 1.8 cm in depth. A 50 W halogen lamp, positioned at a zenith angle of 30° and
a distance of 100 cm from the sample, served as the light source. The lamp was oriented
nearly parallel to the soil surface to minimize the influence of shadows resulting from soil
roughness. An optical fiber probe with an 8° field of view was positioned at 15 cm from
the soil surface, with the sensor probe perpendicular to the sample. To ensure accurate
measurements, the spectrometer accounted for and removed the influence of dark current
in radiation intensity before testing and was calibrated using a white board. Each soil
sample underwent testing with 10 spectral curves, and the average value was calculated to
determine the sample’s reflectance. Subsequently, spectral reflection data were subjected to
a nine-point smoothing process and resampled to a 10 nm resolution.

2.3. Explanatory Covariates for SOC Prediction

SOC is influenced by environmental and ecological factors and their interactions.
Based on previous studies [2,13], explanatory covariates including spectra, spectral indexes,
and terrain and climate factors were selected to predict SOC content (Table 1).

Table 1. Explanatory variables used for soil organic carbon prediction.

Classes Predictors Origin or Formula Resolution (m) Reference

B2_mean Blue (0.490 mm) 10
B3_mean Green (0.560 mm) 10
B4_mean Red (0.665 mm) 10

24

Bands_mean B5_mean Vegetation Red Edge (0.705 mm) 10 [24]
B6_mean Vegetation Red Edge (0.740 mm) 10
B7_mean Vegetation Red Edge (0.783 mm) 10
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Table 1. Cont.
Classes Predictors Origin or Formula Resolution (m) Reference
B8_mean NIR (0.842 mm) 10
B8A_mean Narrow NIR (0.865 mm) 10
B11_mean SWIR (1.610 mm) 10
B12_mean SWIR (2.190 mm) 10
GNDVI_mean e B tnean 10
2.5 %
EVI_mean B8_mean—B4_mean 10
B8 rlnlearﬁz;?li%éi_%%%f7.52xBZ_mean+1
SATVI_mean BT neant BA meantT X Blz_mean 10
Bgmean _B4Wl€ﬂﬂ
Spectral TVL mean (g By +0.5) "~ x 100 10 -
indices_mean  RVI_mean Bimeo 10
B3_meaii—B4
GRVI_mean BBS?):%ZZ . 14—%22 10
an— an
LSWI_mean Bsﬁialzlwn:%gan 10
mean
MSI_mean . BS_}—;ZGM s 10
_mean—B4_mean) x 1.
SAVI_mean BSBrgean—B4Bzzean+0.5 10
mean— mean
NDVI_mean B8_mean+B4_mean 10
https:/ /search.asf.alaska.edu/#/
DEM (accessed on 25 March 2020) 30 [13]
S Calculated by DEM 30
A Calculated by DEM 30
. PIC Calculated by DEM 30 2]
Terrain factors  p,c Calculated by DEM 30
TWI Calculated by DEM 30
Rn Calculated by DEM 30
RL Calculated by DEM 30
SL Calculated by DEM 30
Hs Calculated by DEM 30 [13]
MAT Derived from http://data.cma.cn/ 1000
Climate factors (accessed on 18 June 2022)
MAP Derived from http://data.cma.cn/ 1000

(accessed on 18 June 2022)

2.3.1. Remote Sensing Data

Sentienl-2 Level-1C images were processed using the official atmosphere correction
model, Sen2Cor [24]. These images consist of ten bands with varying spatial resolutions:
Bands B2 (490 nm), B3 (560 nm), B4 (665 nm), and B8 (842 nm) possess a spatial resolution of
10m, whereas bands B5 (705nm), B6 (740nm), B7 (783nm), B8a (865 nm), B11 (1610 nm), and
B12 (2190 nm) have a spatial resolution of 20m. Additionally, three atmosphere correction
channels, B1, B9, and B10, have a spatial resolution of 60 m

To ensure high spatial detail and reliable spectral information, the bilinear inter-
polation method was employed to refine the spatial resolution of Sentinel-2 images to
10 m [7,24,26]. Mean spectral reflectance over a time series enhances the accuracy of soil
property prediction, albeit with minor influences from soil moisture, cloud cover, and
green vegetation [8]. We also calculated the mean spectral reflectance as the final spectral
reflectance used in the study area. Specifically, the mean spectral reflectance was extracted
from 20 March to 20 April 2018 in AH and from 20 April to 20 May 2018 in HL and LD&DM.
These intervals represent the bare soil period in these areas.

Mean spectral reflectance values acquired from Sentinel-2 (the mean value from July
to August, which corresponds to the growing season) were also used to calculate remote
sensing indexes. These indexes include the Green Normalized Difference Vegetation Index
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(GNDVI), Enhanced Vegetation Index (EVI), Soil Adjusted Total Vegetation Index (SATVI),
Transformed Vegetation Index (TVI), Ratio Vegetation Index (RVI), Green Ratio Vegetation
Index (GRVI), Land Surface Water Index (LSWI), Moisture Stress Index (MSI), Soil Adjusted
Vegetation Index (SAVI), and the Normalized Differences Vegetation Index (NDVI).

2.3.2. Terrain Factors

To obtain the terrain attributes, a digital elevation model (DEM) was downloaded
from the Shuttle Radar Topography Mission (SRTM) at a resolution of 30 m. The DEM was
obtained from https://search.asf.alaska.edu/#/ (accessed on 25 March 2020). The other
nine terrain factors obtained from DEM using ENVI 5.3 included slope (S), aspect (A), plan
curvatures (PICs), profile curvatures (PrCs), topographic wetness index (TWI), roughness
(Rn), relief (RL), slope length (SL), and hillshade (HS).

2.3.3. Climate Factors

We retrieved meteorological station data from the China Meteorological Data Center
(http://data.cma.cn/) for the year 2018. The data included mean annual precipitation
(MAP) and mean annual temperature (MAT). To standardize the data and align them with
the temporal and spatial resolution of Sentinel-2 imagery, we performed spline interpola-
tion, as outlined in [13,27]. Subsequently, the meteorological data were reprojected and
resampled to match the temporal and spatial resolution of the Sentinel-2 dataset.

2.4. Selection of Predictors for SOC Prediction

The principal component analysis (PCA) evaluation method was used to assess the
weighting coefficient (W) of the predictors across different classes, as described by [5,28].
We extracted 10 bands, spectral indexes, and terrain factors, each with the highest two W
values as the inputs of the prediction model. This approach effectively mitigates collinearity
and redundancy among the predictors. The specific calculation formula for W is as follows:

Eni
i = 1)
ni T

W1 X 01+ X Oy + ooy X Oy
W, = — 2
" Sn1 + 02+ ..+ Oy @

Note: q represents the Q-statistic value with a range value of [0, 1]; L represents the

number of strata; N and Nj, represent the total number of field samples and the number of
samples in strata, respectively; and o2 is the variance of the SOM in the study area. The
GDM was executed with Geodetector (Version 1.5) software. W, is the weighting factor
corresponding to band n. &, 0,,;, d,i, and g,;; are the linear coefficient, initial eigenvalue,
initial eigenvalue variance, and load number corresponding to the i;;, principal component
of the ny, band, respectively.

2.5. Random Forest Model

RF is an ensemble learning technique frequently applied in regression tasks. As a
supervised learning algorithm, RF constructs a collection of decision trees by resampling
the training data and combining the predictions from multiple trees, collectively forming
the “forest”. The RF model contains a random selection of features and evaluates variable
importance based on the increase in mean error associated with each tree. RF uses Out-
Of-Bag (OOB) data to generate reliable error estimates [17]. This regression approach
is effective in mitigating common challenges such as overfitting, noise, and irrelevant
variables [7]. The number of trees in the forest (n_estimators), the minimum number of
samples required to be at a leaf node (min_samples_leaf), and the maximum depth of the
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tree (max_depth) were set to 500, 1, and 40, respectively [29]. In this study, we employed
two types of RF models: global RF and local regression based on RE. Both models were
used to predict SOC but differed in their approach to handling spatial variability across
the study area. Global RF generates one model based on the entire study area, while local
regression based on RF builds separate models for the three regions within the study area.

2.6. Model Calibration and Validation

The calibration set and validation set were randomly divided in a 2:1 ratio to model
the relationships between the SOC observations and the predictors. The RF algorithms
were employed to construct predictive SOC models. Then, we used two validation criteria
to determine the model’s performance: R?> and RMSE. A well-performing model is always
accompanied by a higher R? and a lower RMSE.

n a2
R2—1_ % 3)
(v —Y)
n )2
RMSE — | Zi=1Wi ~ )" (y;; 7) (4)

where n is the number of samples, y; is the observed SOC value of sample i, and ¥, is the
predicted SOC of sample i.

3. Results and Discussion
3.1. Description of SOC Content

Overall, the mean (min-max) values of SOC contents were 5.90 (2.00-12.16) g-kg !,
17.87 (3.72-38.89) g-kg !, and 30.32(10.42-64.07) g-kg !, respectively (Table 2). AH and HL
had the lowest and highest variation. The coefficient of variation (CV) in the three regions
ranged from 35.82 to 36.31%. It showed moderate variability in AH, DM&LD, and HL
separately, whereas CV considering all regions had high variability.

Table 2. Descriptive statistics of SOC in AH, DM&LD, and HL.

Max Min Mean SD Ccv
k K i
Set N (g-kg1) (g-kg1) (g-kg1) (gkg1) Skewness urtosis (%)
AH 102 12.16 2.00 5.90 2.11 0.33 —-0.13 35.82
DM&LD 96 38.89 3.72 17.87 6.43 0.48 0.33 35.99
HL 117 64.07 10.42 30.32 11.01 0.75 0.87 36.31
All 315 64.07 2.00 18.63 12.84 0.91 0.59 68.89

Note: SD represents the standard deviation, where the larger the value is, the more discrete and unstable the
dataset is; CV indicates the coefficient of variation.

3.2. Characteristics of Soil Spectra

Due to unclear differences among various SOC contents using multi-spectral features,
we used the measured indoor hyper-spectral features to analyze spectral changes with
variation in SOC. The spectral curves of soils from the three different classes show remark-
able similarities in the overall position of absorbance features, which relate to major soil
constituents. However, the different classes also exhibited various shape characteristics,
especially in Vis-NIR spectral regions; the differences in reflectance were clearer in the Vis
region (400-700 nm) than in NIR (Baumgardner, 1985). Soil spectral reflectance is inversely
proportional to SOC content between 500 and 700 nm, while this is not the case for longer
wavelengths. The decline extent and speed were the fastest in HL, and the change rate
of soil spectrum accompanied with the change in SOC was the slowest in AH (Figure 2).
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The continuum removal (CR) values strongly correlated with Vis-NIR reflectance and SOC
content. Indeed, we observed an absorption valley centered at 500 nm, with two smaller
ones between 600 nm and 900 nm in AH (Figure 2a). In DM&LD, there were two evident
absorption valleys and one reflection peak at 400-800 nm, while after 800 nm, there was
a tiny absorption valley (Figure 2b). The spectral reflectance in HL has two absorption
valleys. With the increase in SOC, the second absorption valley performed more strongly,
which was related to SOC content (Figure 2c).
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Figure 2. Original reflectance (OR, at the top of each figure) and continuum removal (CR, at the
bottom of each figure) with different SOC contents. (a) AH, sandy region; (b) DM&LD, saline region;
(c) HL, black soil region.

3.3. Selection of Predictors for SOC Prediction

To select prominent explanatory covariates and reduce the redundancy and the com-
plexity of the prediction model, we calculated the weighting values among the bands,
spectral indexes, and terrain factors by PCA, with the two highest weighting values for
each used as the inputs in every covariate class (Figure 3). In addition, we chose MAP and
MAT as the climate factors in all RF models due to their excellent performance in SOC
prediction. In AH, B6, B8, TVI, GNDVI, S, and A were selected as the predictors by PCA.
The weighting values of each class (bands, spectral indexes, and terrain) accounted for
20.775%, 22.077%, and 33.330%, respectively (Figure 3). B4, B8, TVI, RV], S, and PrC, as
selected by PCA, were the most effective covariates in predicting SOC content in DM&LD,
with the weighting values of each class (bands, spectral indexes, and terrain) accounting
for 20.776%, 22.953%, and 27.199%, respectively. In HL, B2, B4, TVI, SATVL S, and TWI
were responsible for the prediction of SOC as determined by PCA. The weighting values of
each covariate class (bands, spectral indexes, and terrain) accounted for 20.775%, 22.077%,
and 33.330%, respectively. When the sampling points of three regions were considered
comprehensively, B4, B5, TVI, RVI, slope, and TWI in pairs were selected as the band,
spectral index, and terrain input variables, respectively.

3.4. RF Model Performance

Based on the validation criteria, climate factors showed the greatest contribution to
the RF model in the study area. Considering all three regions, climate factors alone could
explain 77% of SOC variation in the study area (Table 3). The result was consistent with
Spohn et al. (2023) [30], who proved that the input of soil carbon sources depends on
climate change. Terrain factors showed minor impacts on SOC in the study area compared
with remote sensing and climate variables. Climate factors (such as temperature and
precipitation) directly regulate key processes in the carbon cycle in terms of its spatial vari-
ation, including plant productivity, litter decomposition, and microbial activity (Figure 4).
These processes are the core determinants of SOC dynamics, making climate factors more
influential than terrain factors. In spectral indexes, TVI was a good predictor of SOC in this
study (Figure 3).
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Figure 3. The weighting values of bands, spectral indexes, and terrain factors ((a): AH; (b): DM&LD;
(c): HL; (d): all regions). The yellow points mean two selected variables with the highest values in each
part of the study areas (Bn (The nth bands of Sentinel-2), Green Normalized Difference Vegetation
Index (GNDVI), Enhanced Vegetation Index (EVI), Soil Adjusted Total Vegetation Index (SATVI),
Transformed Vegetation Index (TVI), Ratio Vegetation Index (RVI), Green Ratio Vegetation Index
(GRVI), Land Surface Water Index (LSWI), Moisture Stress Index (MSI), Soil Adjusted Vegetation
Index (SAVI), Normalized Differences Vegetation Index (NDVI), slope (S), aspect (A), plan curvatures
(PIC), profile curvatures (PrC), topographic wetness index (TWI), roughness (Rn), relief (RL), slope
length (SL), and hillshade (HS)).

Affected by sandy characteristics and climate variations, bands, spectral indexes, and
climate variables together showed the highest performance in AH (training: R? = 0.94,
RMSE = 1.97 g kg !, and validation: R? = 0.70, RMSE = 3.54 g kg ') (Figures 5 and 6). The
mean spectral reflectance from multi-date bare soil images could be used to improve the
prediction accuracy by eliminating the effects of water, clouds, and vegetation [8]. B6 and
B8 were the optimal bands, which indicated that the high-weight band moves backward to
around 650-900nm (Figure 2a), and the weight values of the three red edge bands were
higher. B6 could represent the red edge band due to its narrow range. The soil spectrum of
AH had a slight absorption characteristic at about 900 nm, which was more evident than that
of DM&LD. Therefore, B8 was also selected as a high-importance band. The high-weight
band of sandy soil in AH moved backward, which was consistent with [25], who found that
600~900 nm was the optimum spectral range when using fractional differential transform
spectroscopy to retrieve SOC in arid soil. GNDVI reflects the background influence of
plant canopies, which is also related to vegetation coverage [11,31], as well as to a high
correlation value when the background soil is demarcated as dark or bright [32]. This
demarcation could distinguish soils with different degrees of desertification: soil would be
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sunnier and drier in areas with more severe desertification. Temperature and precipitation
regulate the balance between carbon input from plant residues and carbon output through
the decomposition of SOC by soil microorganisms [10]. Humid areas have good plant
diversity and a vigorous metabolism, conducive to the reproduction of microorganisms in
the soil, while desert areas are the opposite. Therefore, climate factors are an important
reason affecting the spatial pattern of SOC in sandy regions.

Table 3. Model accuracy with inputs of different variables or variable combinations.

AH DM&LD HL ALL
R2 RMSE R RMSE R RMSE 2 RMSE
(g/kg) (g/kg) (g/kg) (g/kg)

B+T+S+C  0.62 3.83 0.57 4.77 0.69 6.32 0.76 5.11
B 0.15 5.60 0.35 5.39 0.21 10.69 0.42 8.41
B+T 0.28 5.13 0.41 5.21 0.31 9.56 0.50 7.43
B+S 0.34 5.01 0.40 5.27 0.22 10.27 0.48 7.52
B+C 0.65 3.82 0.57 4.77 0.66 6.43 0.73 5.32
T 0.08 6.03 0.01 6.73 0.12 10.67 0.02 10.70
T+S 0.27 5.27 0.01 6.66 0.14 10.23 0.16 9.42
T+C 0.41 4.64 0.43 5.02 0.72 5.90 0.73 5.33
S 0.12 5.69 0.01 7.16 0.03 11.39 0.13 9.77
S+C 0.60 4.04 0.42 5.13 0.73 5.67 0.76 5.04
C 0.63 3.81 0.43 5.04 0.71 5.90 0.77 4.93
B+T+C 0.57 4.04 0.57 4.68 0.70 6.17 0.76 5.03
T+5+C 0.56 4.05 0.43 5.04 0.73 5.79 0.75 5.16
B+S+C 0.70 3.54 0.64 4.63 0.68 6.34 0.76 5.11
B+T+S 0.41 4.75 0.45 5.12 0.29 9.64 0.50 7.47

Note: B, bands; T, terrain; S, spectral indexes; C, climate.

Precipitation (mm)
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Figure 4. Spatial map of precipitation and temperature in the three different regions.
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In DM&LD, bands, spectral indexes, and climate variables jointly contribute to model
accuracy, with an R? of 0.60 and RMSE of 13.95 g kg . The optical bands B4 and B8 were
selected as predictive variables. The first absorption valley (around 500 nm) had a certain
absorption depth in all regions (Figure 2b), and the absorption intensity of the second
absorption valley (about 650 nm) was more affected by SOC. Therefore, the position of
the second absorption valley was selected and corresponded to the B4 band of Sentinel-2.
The sensitive band of SOC in DM&LD moved in the long-wave direction and had a slight
absorption characteristic before 900 nm, so B8 was also selected as the characteristic band
of DM&LD. RVI is a sensitive indicator of vegetation biomass and can also reflect soil
degradation conditions in saline regions [33]. A dry climate is the main external factor
in soil salinization, and soil freezing can also aggravate the salinization process. When a
specific geothermal gradient is formed, the soil moisture moves from the bottom to the
freezing front, and then the salt moves upward. Thus, the increase in soil surface salinity
will decrease soil compaction and fertility and lead to a corresponding decrease in SOC [34].

Due to climate variations, SOC content varies significantly in black soil areas, forming
different spectra characteristics. Bands, spectral indexes, and the former two-class factors
with terrain variables showed similar SOC prediction performance (R? = 0.73) in HL. Still,
RMSE for the model without terrain factors was lower (RMSE = 5.67g kg~ !) than the value
obtained for the model with terrain factors added as predictors. It was further proven that
terrain factors had little effect on HL. SATVI is composed of the red and SWIR bands by
band calculation. Studies have shown that Vis-NIR spectra are sensitive to both organic
and inorganic soil compositions [35,36]. In contrast, the SWIR spectral range is primarily
characterized by absorption features associated with clay minerals (such as smectite and
illite) and organic compounds (particularly aliphatics) [37]. These spectral features have
been identified as key variables for predicting soil organic carbon (SOC) in rich, dark
soils. Due to the difference in latitude, the differential distribution of temperature and
precipitation is an important reason for the zonal distribution of SOC.

We constructed a local regression model combining the three regions, and this local
regression model was found to be superior to all other models. There was an increase of
0.03 in R? values for both the training and validation results. Additionally, the RMSE values
increased by 0.33 and 0.19 for the training and validation results, respectively (Figures 6
and 7). The local regression model was recommended in this study. But there was also
some local uncertainty due to the different numerical ranges of samples in other regions.
When only taking climate factors into account for AH, DM&LD, and HL, the performance
was not as good as that achieved with optimally selected variables.

3.5. Spatiotemporal Changes in SOC in the Study Area

The prediction map in AH indicated that the SOC content ranged from 5 to 30 g kg~
and increased gradually from the central part of the region to the south (Figure 8). Still,
there was a slight drop at the southernmost part, caused by the expansion of urban con-
struction land, which led to more intensive human activities, and frequent human activities
put pressure on agricultural water usage and contributed to the degradation of soil ag-
gregates [14]. A reduction in aggregate formation leads to carbon loss in the topsoil, as
aggregates play a key role in carbon storage [38]. Thus, rapid urban expansion leads to soil
carbon loss by transforming soil from fertile soil to marginal soil. The lower SOC content in
the northern parts of AH could be predicted due to drought and desertification. Despite the
positive impact of sandy land consolidation measures on SOC restoration, the vulnerability
of the sandy ecosystem, coupled with human activities such as poor management practices
and grazing, has led to the gradual formation of fixed and semi-fixed dunes, ultimately
resulting in SOC loss [1,14].
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Figure 8. Spatial distribution of predicted SOC content in cultivated land in RF model ((a): SOC of
AH; (b): SOC of DM&LD; (c): SOC of HL).

In DM&LD, the highest values of SOC were in the north and in a little part located in
the southwest of the study area, with the SOC content mainly ranging from 5 to 25 g kg~
Lower SOC values were distributed in the central and south-central regions affected by
salinization. High salinity can cause colloid dispersion and soil damage in two ways: one is
that a meager infiltration rate and permeability hinder the water exchange between the soil
and air, with the lack of oxygen, which can limit the activities of microorganisms, indirectly
affecting the nutrient absorption and supply of soil to crops [39,40]. The other is that too
much alkaline salt in the soil will cause a strong alkali reaction in the soil, and plant nutrient
elements such as iron, calcium, and magnesium will easily form sediments, affecting the
process of soil nutrient availability [41]. Due to the presence of paddy fields, the southwest
has a high content of SOC.

The SOC content in HL was higher than that in AH and DM&LD because of the good
properties and high fertility of black soil, which accounted for a large proportion of 20 to
50 g kg~ 1. The content of SOC from the central to the north area was higher than that in
the southwest part. Temperature is an essential factor affecting SOC content. As latitude
increases, temperature decreases, which leads to lower temperatures and weaker microbial
activity. This results in slower nutrient decomposition rates in the soil and, consequently,
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a higher SOC content in colder areas. Wang et al. [14] also pointed that temperature was
negatively correlated with SOC.

3.6. Limitations and Future Research

While this study provides valuable insights into the prediction of SOC in black,
sandy, and salinized soils, there are several limitations that need to be addressed in future
research. First, the PCA method was used to select inputs in this study, but any variable
selection method has certain limitations. When the factor load of PCA is both positive
and negative, the functional significance of the comprehensive evaluation will not be
clear. More input selection methods need to be compared to reduce the uncertainty of
variable selection in future research. Moreover, several agricultural activities, such as tillage
practice, irrigation, and residue management, are essential variables affecting the spatial
heterogeneity. However, due to the spatial and data-related limitations of this study, these
factors were not adequately considered. We only considered environmental variables due
to the lack of agricultural data. To address this limitation, future studies could incorporate
more comprehensive agricultural management data, such as time-series information on
agricultural activities, fertilization practices, and tillage methods, to better analyze the
effects of agricultural practices on SOC. Additionally, combining remote sensing technology
with climate data and adopting spatiotemporal dynamic models could help assess the
long-term impacts of different agricultural management practices. This approach would
enable more accurate predictions of SOC changes under various management scenarios,
providing a more comprehensive and precise basis for regional SOC modeling.

4. Conclusions

In this study, we extracted the mean band value of Sentinel-2 and median spectral
indexes to predict SOC, which eliminated the effects of water and vegetation. We applied
RF models to indicate SOC in sandy, saline, and black soil regions and identify the main
environmental factors (remote sensing, terrain, and climate factors). Climate factors were
more critical than other environmental covariates. They explained a large proportion of
the variation in SOC in the three areas, while terrain factors had a minimal impact on the
accuracy of SOC prediction. TVI was also an excellent spectral index for SOC prediction
across the three regions. In addition to the above standard features, B6, B8, and GNDVI
played an essential role in SOC prediction in AH. B4, B8, and RVI contributed greatly to
explaining SOC variation in DM&LD, while in HL, SATVI contributed more to this.
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