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The thickness of the black soil horizon in sloping farmland within China’s black soil region is primarily affected
by various elements, including terrain, climate, and anthropogenic activity. While conventional studies on soil
thickness prediction primarily rely on topographic variables and vegetation indices, they often overlook the
potential importance of spectral data. This study employs Sentinel-2 optical imagery data from May 2023, during
the bare soil phase, in conjunction with topographic features and vegetation indices, to investigate the efficacy of
various input variables in predicting soil thickness in sloping farms within the watersheds of the black soil region.
The model was trained and validated using 157 sampling points of black soil horizon thickness (BSHT) through
three machine learning techniques: Random Forest (RF), Extreme Gradient Boosting (XGBoost), and Artificial
Neural Networks (ANNs), to assess the influence of various variable combinations on soil thickness prediction.
The findings show that models incorporating spectral information (R? ranging from 0.62 to 0.71) have better
explanatory power for predicting BSHT than models without (R? ranging from 0.68 to 0.75). While topographic
factors were strong predictors, including spectral information significantly enhanced prediction accuracy. The
findings indicated that RF exhibited superior prediction accuracy compared to XGBoost and ANNs among the
three methodologies. This study’s findings yield novel insights for accurately predicting soil thickness on sloping
farmland within the black soil region and furnish scientific support for soil conservation and sustainable agri-
cultural growth.

1. Introduction

Soil thickness, the vertical distance from the soil surface to the
consolidated material, is a critical factor influencing vegetation devel-
opment and land suitability (Chen et al., 2021). Soil erosion can lead to
soil loss and reduce soil fertility, affecting land productivity. Soil
thickness is, therefore, an important indicator of soil health. Measuring
soil thickness is essential for assessing land productivity potential soil
quality and promoting the sustainable use of soil resources. Research
indicates that prolonged human activities, including tillage and hedge-
row cultivation, can substantially modify soil thickness in agricultural
fields (Fu et al., 2011). The Northeast Black Soil Region, a vital area for

grain production in China, has undergone substantial alterations in the
thickness of its black soil horizon due to extensive human activity. Since
the initiation of extensive land reclamation in the 1950s, significant soil
and water erosion has resulted in an average yearly loss of 0.3-1 cm in
the black soil region. This decline has led to a significant decrease in the
thickness of the black soil horizon, which has diminished from 60-70 cm
in the 1950s to the present 20-30 cm (Xu et al., 2010). The thickness of
the black soil horizon directly affects soil fertility and crop yield, so its
reduction poses a serious threat to the region’s agricultural productivity.
In addition, the high spatial heterogeneity of the thickness of the black
soil horizon and the high cost of obtaining high-precision distribution
data pose significant challenges to accurately assessing and managing
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this critical resource.

Since the previous century, comprehensive studies on black soil re-
sources have been undertaken in Northeast China, encompassing
essential data including black soil horizon thickness (BSHT), physico-
chemical characteristics, and agricultural circumstances (Pendleton
et al., 1935; National Soil Census Office, 1994, pp. 276-286). However,
these investigations mainly focused on the basic recording of the
thickness of the black soil horizon and lacked in-depth research on its
laws of variation and driving factors at different spatial scales. This lack
of spatial variation analysis has led to our knowing very little about the
laws of variation in BSHT under the influence of different topographic,
climatic conditions, and human activities. Furthermore, invasive data
collection methods require considerable effort and significant expenses,
requiring extensive field sampling and laboratory processing (Frances
and Lubczynski, 2011). Thus, acquiring spatial distribution data on the
thickness of black soil horizons continues to be complicated.

Presently, strategies for predicting soil thickness predominantly
focus on examining the processes affecting soil formation and the related
landscape variables (Zhang et al., 2022). According to the concepts and
data sources that inform the predictions, these methodologies can be
classified into process-based models, point-sample interpolation tech-
niques, and empirical statistical models (Kuriakose et al., 2009). Despite
significant progress in their particular applications, these technologies
encounter constraints when utilized across extensive areas and intricate
environmental situations.

Process-based models may thoroughly elucidate the mechanisms
underlying soil thickness formation. Dietrich et al. (1995) proposed a
process-based model that forecasts the spatial distribution of soil
thickness by resolving a mass balance equation between the bedrock soil
formation rate and diffusive soil transport divergence. Heimsath et al.
(1997) researched landscape morphology at the point of dynamic
equilibrium between erosion and soil generation rates, indicating that
soil productivity diminishes exponentially as soil thickness increases.
This equilibrium idea offers a theoretical foundation for deducing soil
thickness distribution in stable landscapes. D'Odorico (2000) assessed
the probability distribution of soil thickness by examining the correla-
tion between soil productivity and erosion rate. These studies mainly
focus on explaining soil thickness distribution under stable landscapes,
while in-depth exploration is still lacking regarding the effects of
different types of geomorphic evolution models and soil transport pro-
cesses over long timescales. Therefore, Roering (2008) further devel-
oped a nonlinear model that incorporates slope and soil thickness
dependence, which better preserves ridge morphology in the study area
and demonstrates different erosion rate distributions and soil thickness
variations over long timescales. However, this research places greater
emphasis on explaining the formation of landform morphology rather
than directly providing a convenient method for soil thickness predic-
tion. Liu et al. (2013) proposed a model based on the dynamic equation
of soil thickness evolution. Under specific assumptions (such as no
recent tectonic uplift), they derived a simplified analytical solution, thus
avoiding complex numerical computations and extensive adjustment of
experimental parameters. These two types of models still have certain
limitations in practical applications, primarily in that they focus on
equilibrium theory or single dynamic processes. For the first time,
Bonfatti et al. (2018) systematically coupled the Soil Production Func-
tion with the Landscape Evolution Model, taking into account both
steady-state and non-steady-state scenarios. This approach is capable of
simultaneously simulating the spatial distribution and temporal varia-
tion of soil thickness, and quantitatively analyzing the mechanisms of
soil thickness change under different terrain and hydrological conditions
within a watershed.

The interpolation method uses soil thickness data from known
measurement points to estimate the distribution of soil thickness at
unsampled locations through spatial interpolation techniques. The in-
verse distance weighting method is simple but tends to overlook sys-
tematic influencing factors, sometimes resulting in low predictive
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efficiency. Topographic attributes have a significant impact on the
spatial distribution of soil thickness, and these attributes can be used as
auxiliary information to improve the prediction accuracy of soil thick-
ness. Therefore, Penizek and Bortuvka (2006) utilized topographic fea-
tures and adopted kriging, regression kriging, and co-kriging methods to
construct spatial prediction models for soil thickness. Their study used
multiple topographic attributes, such as slope, aspect, and elevation, to
predict soil thickness, and the experimental results indicated that
regression kriging and co-kriging provided better prediction perfor-
mance. Similarly, Sarkar et al. (2013) employed the regression kriging
model, incorporating various topographic and environmental factors as
covariates to improve the prediction of soil thickness. In the study of the
spatial distribution of hard soil horizon thickness in landslide-prone
areas, Yanto et al. (2022) compared several interpolation methods,
including ordinary kriging, to generate regional maps of hard soil ho-
rizon thickness. Hard soil horizon thickness predicted by the ordinary
kriging method showed significant spatial correlation with recorded
landslide disaster points in the area. Beyond specific geological disaster
applications, kriging interpolation methods have also been widely
applied in broader soil resource studies. To gain a deeper understanding
of the effects of human activities and natural factors on soil resource
distribution, Yan et al. (2021b) fitted and compared different interpo-
lation models (including spherical, exponential, Gaussian, and linear
models) for soil thickness in the Yimeng Mountains region of China,
selecting the model that best fit the regional spatial variation for kriging
interpolation. With the optimized interpolation model, their study pro-
duced spatial distribution maps of soil thickness, revealing the spatial
variation characteristics of soil thickness under different land use types
(such as sloping farmland, forest land, and grassland).

The environmental covariate modeling method improves prediction
accuracy by modeling the relationship between soil thickness and
multidimensional environmental variables. This method uses terrain
parameters, vegetation coverage, climate data, and other environmental
factors as input variables and uses algorithms such as machine learning
or regression analysis to establish a prediction model to estimate soil
thickness. This method is based on the close correlation between envi-
ronmental factors and soil properties during soil formation. Establishing
a response relationship between environmental variables and soil
thickness can predict the spatial distribution of soil thickness in larger
areas. Li et al. (2020) employed machine learning techniques to model
and delineate extensive soil thickness, utilizing 11 quantitative and four
qualitative environmental variables. They examined the principal fac-
tors influencing soil thickness and accounted for 64 % of the variation in
soil thickness. Xiao et al. (2023) tackled the challenge of precisely
mapping soil thickness across extensive regions by employing an opti-
mized geomorphological index soil thickness model (GIST) alongside a
random forest regression model that integrates geomorphological pa-
rameters (GIST-RF) in the Wanzhou district of the Three Gorges Reser-
voir area, China. The findings indicated that the GIST model was less
adept at managing the significant geographic variability of soil thick-
ness, whereas the GIST-RF model excelled, achieving a mean absolute
error of 3.52 m and a root mean square error of 4.56 m. In their study,
Zhang et al. (2021) proposed an integrated model framework that uti-
lizes the random forest approach to estimate the thickness of the black
soil horizon at the watershed scale. This approach addresses the defi-
ciency of spatial variation data on soil thickness in Northeast China’s
black soil region. This model can explain 61 % of the spatial variation in
BSHT and is superior to traditional interpolation techniques in predic-
tion accuracy.

Although progress has been made in predicting soil thickness in
black soil regions, there are still multiple challenges at complex terrains
and fine spatial scales. Firstly, existing environmental factors and
traditional empirical models exhibit low prediction accuracy when
addressing the highly heterogeneous and multi-factor-influenced black
soil areas. While process-based models can explain the mechanisms,
their practical application is limited due to difficulties in parameter
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acquisition (Yan et al., 2021a). Secondly, interpolation techniques as-
sume that soil and environmental factors are evenly distributed within a
region, but black soil areas exhibit strong spatial heterogeneity, which
contradicts this assumption, leading to prediction inaccuracies that do
not meet the fine-scale management needs of small watersheds (Feng
et al., 2022). Although spectral information is crucial for soil erosion
identification and spatial distribution analysis, it has not received suf-
ficient attention in existing models. Black soil regions possess unique
erosion and deposition processes that exhibit distinct spectral charac-
teristics, yet these features remain underutilized. To improve prediction
accuracy, it is necessary to develop an innovative approach that in-
tegrates multidimensional environmental variables and regional
characteristics.

This study is the first to innovatively integrate spectral information,
topographic features, and vegetation indices at the small watershed
scale in the Northeast Black Soil Region, employing machine learning
methods such as Random Forest (RF), Extreme Gradient Boosting
(XGBoost), and Artificial Neural Networks (ANNs) to thoroughly
investigate the spatial distribution patterns of BSHT. Unlike previous
research, this study takes into account the unique erosion-deposition
processes of sloping farmland in this region: due to runoff erosion on
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sloping farmland in the black soil area, significant erosion typically
occurs at the shoulder positions, resulting in a thinner black soil horizon,
while the foot of the slope often features a thicker black soil horizon due
to deposition. Additionally, changes in soil thickness at the summit and
backslope are strongly influenced by geomorphological features and
hydrological processes. These specific topography-hydrology in-
teractions often render traditional prediction methods ineffective in
explaining the spatial variability of soil thickness at the small watershed
scale in the black soil region. In this study, RF, XGBoost, and ANNs are
utilized to explore the synergistic effects of spectral information, topo-
graphic features, and vegetation indices to improve the accuracy of soil
thickness prediction. The specific objectives of this research include: (1)
evaluating the explanatory power of multidimensional environmental
variables, especially bare soil imagery, for the variation in BSHT; (2)
comparing the predictive accuracy of the RF, XGBoost, and ANNs
models in this region; and (3) exploring the combined predictive ad-
vantages of topographic features and spectral information under the
unique environmental conditions of sloping farmland in the black soil
region. This study provides a novel modeling approach for assessing
BSHT at the small watershed scale in the Northeast Black Soil Region
and offers reliable data support for agricultural productivity assessment
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Fig. 1. Flowchart of BSHT prediction based on multi-source environmental variables.
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and soil degradation prevention and control. The detailed research
methodology is illustrated in Fig. 1.

2. Materials and methods
2.1. Study site and soil sampling

This research focused on three contiguous minor watersheds in
Nenjiang City, China. The data for these watersheds were obtained from
the HydroBASINS Level 8 watershed vector dataset (Lehner and Grill,
2013), which offers high-resolution watershed boundary details. The
examined watersheds are located in the northern region of the black soil
zone, including an area of 3106 square kilometers (Fig. 2a), with co-
ordinates spanning from 49.4770°N to 48.3471°N latitude and
124.5048°E to 126.1899°E longitude, featuring diverse topographies
and land use classifications. The elevation of the watersheds varies from
194 m to 488 m, with a mean elevation of 301 m (Fig. 2b). Approxi-
mately 78 % of the land in the study region is cultivable, predominantly
sown with soybeans. The area experiences a temperate semi-humid
continental monsoon climate, with an average annual temperature of
around O degrees Celsius and an average annual precipitation of 534
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millimeters (Zhang et al., 2023). The rainy season predominantly tran-
spires from May to October, comprising 85.6 % of the yearly rainfall.
Snowfall predominantly occurs from November to April in the subse-
quent year (He et al., 2023). The Chinese Soil Classification System
categorizes black soil as Udic Isohumisols, which are further subdivided
into four subcategories: conventional black soils, surface-gleyed black
soils, meadow black soils, and chernozems (Nearing et al., 2017). In the
U.S. Soil Taxonomy, black soil is categorized as Mollisols; however, in
the World Reference Base for Soil Resources (WRB), it is designated
Phaeozems (Liu et al., 2012).

2.2. Data sources

2.2.1. BSHT measurements

Given the significant geographic heterogeneity of the region, we
established sampling stations at multiple locations in slope farmland
using high-resolution Digital Elevation Model (DEM) data. Through
spatial overlay analysis of existing soil type maps and Sentinel data, we
selected a total of 157 representative sampling points. These points were
chosen based on the Multiresolution Index of Valley Bottom Flatness and
the Multiresolution Index of Ridge Top Flatness, and are distributed

[JStudy area
(1 Black soil region

DEM
. High : 1743

S Low 139

N b

Legend

® Sampling points
RGB
I Red: Band_4
B Green: Band_3
I Blue: Band_2

Fig. 2. (a) Distribution of black soil areas in China and the study area; (b) Distribution of sampling points in the study area; (c) Local distribution of sampling points;

(d) Profile of sampling points.
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across different topographic positions, including the foot, middle, and
top of slopes, to elucidate the variation of BSHT with topography (Han
et al., 2025). To ensure the representativeness of the samples, the
regional topography was systematically classified based on different
flatness indices, and multiple sampling transects were established in
each type of slope area, thus comprehensively covering the topographic
features of the study area. In May 2024, we performed field measure-
ments of BSHT and documented the sampling point locations utilizing
Global Positioning System technology (Fig. 2). At each sampling loca-
tion, a profile was excavated to assess and document the thickness of the
black soil horizon. At the same time, GPS technology was employed to
capture the geographical coordinates of each site for further data pro-
cessing and spatial analysis. While several areas did not fully encompass
the entire slope type, most sampling points addressed the principal
characteristics of the slope type. The sample data were randomly par-
titioned into modeling and validation sets at 2:1 to guarantee the
model’s dependability and validity. This study defines BSHT according
to the categorization standards of the surface horizon (Pendleton et al.,
1935) and the A horizon (National Soil Census Office, 1994, pp.
276-286).

2.2.2. Remote sensing data

Image reflectance is intricately linked to soil attributes, including
organic matter, moisture content, and mineral composition, directly
affecting its spectral reflectance characteristics. The intricacy and
distinctiveness of erosion on sloping farms in black soil regions arise
from the extensive presence of rivers and undulating topography, along
with the prevalent agricultural method of ridge farming. These factors
collectively lead to discrepancies in the thickness of black soil (Wang
et al., 2023). These modifications are seen in the varying spectral
properties of reflectance. Generally, the toe area has a relatively low
reflectivity due to significant sedimentation, waterlogging, and high
organic matter content, resulting in a thick black soil horizon. The slope
shoulder area is usually the location with the most vigorous erosion due
to the effects of accelerated water flow and gravity, and the soil is thin,
with a high reflectivity. The intensity of erosion or deposition in the
slope top and the slope back areas depends on the specific topographic
and hydrodynamic conditions and may be expressed as erosion or sta-
bility. The area at the foot of the slope is located in the transition zone
between the slope back and the toe of the slope. It is usually an area
where deposition and erosion act together, and the soil thickness varies
greatly (Fig. 3).

During the bare soil period in Northeast China, the soil surface is not
covered by vegetation. By analyzing the reflectance of multiple spectral
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Fig. 3. Schematic diagram of slope position zoning.
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bands, spatial variations in soil physicochemical properties such as
organic matter content and texture can be identified. These character-
istics are related to soil development and erosion processes, providing
important remote sensing data for the spatial prediction of black soil
layer thickness. In this study, Sentinel-2 Level-2A imagery was processed
on the Google Earth Engine platform; this dataset provides surface
reflectance products that have undergone atmospheric correction and
orthorectification by Sen2Cor. The specific data preprocessing steps are
as follows: First, images from May 2023 with cloud coverage of less than
5 % were selected. This period is the bare soil season in Northeast China,
making soil surface features easily identifiable by remote sensing. Then,
the QA60 band was used to perform cloud masking on all images, and
image mosaicking and temporal averaging were conducted to ensure
complete coverage of the study area while removing the effects of clouds
and shadows, ultimately resulting in a high-quality, cloud-free time-
series image set. As for band selection, bands with little relevance to
soil features—B1 (Coastal aerosol), B9 (Water vapor), and B10
(Cirrus)—were excluded. Instead, nine bands were selected: B2 (Blue),
B3 (Green), B4 (Red), B5 (Vegetation Red Edge), B6 (Vegetation Red
Edge), B7 (Vegetation Red Edge), B8 (Near Infrared), BSA (Narrow Near
Infrared), B11 (Short Wave Infrared), and B12 (Short Wave Infrared), all
of which are better suited for soil feature identification (Zhang et al.,
2024b).

2.2.3. Topographic factors

Studies demonstrate that topographic factors typically exhibit sub-
stantial spatial relationships with soil characteristics. Integrating these
variables enhances the prediction of soil attributes (McKenzie and Ryan,
1999). This study employed high-resolution DEM data obtained from 91
Satellite Map Assistant, featuring a spatial resolution of 6.5 m. To ensure
consistency with the spatial resolution of Sentinel-2 imagery, the DEM
data were resampled to a 10-meter resolution with bilinear interpolation
in ArcGIS 10.6.1. Eight topographic characteristics were derived from
the resampled DEM data and utilized as input variables for simulating
the thickness of the black soil horizon (Table 1). In conjunction with the
DEM data, the topographic parameters were utilized to elucidate the
geographical variability of BSHT. Topographic factors were extracted
and calculated using SAGA software, while spatial overlay analysis was
executed with additional data sources to maintain consistency in model
input data. Fig. 4 illustrates the topographic elements used for the study,
which encompass slope, valley depth, topographic wetness index, and
relative slope position index, among others.

2.2.4. Vegetation data

The Normalized Difference Vegetation Index (NDVI) is a prevalent
vegetation index utilized in remote sensing. It quantitatively represents
surface vegetation’s biomass, health status, and growth conditions
(Huang et al., 2021). In sloped agricultural regions, the prolonged im-
pacts of soil erosion and degradation result in a progressive reduction of

Table 1
Topographic factors used for modeling analysis of BSHT.
Topographic Factors Software Unit Reference
Valley Depth(VD) Meter
Plan Curvature(PC) Meter
Profile Curvature(PRC) Meter
Total Catchment Area Square
(TCA) meters
Topographic Wetness y I
Index(TWI) SAGA 9.5.1 Conrad et al. (2015)
Channel Network Meter
Distance(CND)
LS-Factor
Relative Slope Position
(RSP)
. ArcGIS Zevenbergen and
Elevation (ELE) 10.6.1 Meter Thorne (1987)
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Fig. 4. Topographic factors (slope, valley depth, topographic wetness index, relative slope position) and NDVI derived from the digital elevation model and Sentinel-

2 imagery in the studied area.

the black soil horizon’s thickness, subsequently influencing vegetation
growth conditions. Analyzing the fluctuating trends of NDVI enables the
effective identification of possible soil degradation zones. The spatial
distribution characteristics of NDVI can be utilized to deduce the vari-
ation patterns and trends of BSHT. The technique of calculation is as
follows:
NIR + RED

This study employed the red band (B4) and near-infrared band (B8)
of Sentinel-2 data to compute the monthly average Normalized Differ-
ence Vegetation Index (NDVI) for June, July, August, and September
2023. Photos exhibiting cloud cover below 5 % were picked on the GEE
platform, NDVI values were computed for each pixel, and the NDVI
photos for each month were averaged to provide matching monthly
NDVI images. In the following investigation, we examined the rela-
tionship between NDVI values throughout various months and the
thickness of the black soil horizon. The results showed that the NDVI
value in June was positively correlated with the thickness of the black
soil horizon. The thickness of the black soil horizon may play an
important role during the critical stages of vegetation growth.

Therefore, we decided to use the NDVI data in June as the input variable
for the model.

2.3. Methodology

2.3.1. Random forest

RF is a commonly used regression algorithm that constructs multiple
decision trees and averages their predictions to obtain the final predic-
tion value. It is particularly suitable for dealing with complex and non-
linear relationships while effectively reducing the risk of overfitting. The
application of random forests is particularly suitable for soil thickness
prediction because soil thickness is affected by many factors, including
topography, soil parameters, and vegetation cover, which often exhibit
significant spatial heterogeneity and non-linear characteristics (Xue
et al., 2024). Moreover, RF does not depend on feature scaling and is
appropriate for many data formats. During training, RF utilizes the
bootstrap approach to randomly select about two-thirds of the samples
from the training set to build each decision tree, while the unselected
samples (out-of-bag samples) are employed for model validation and
feature importance assessment. During tree growth, each node identifies
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the ideal split point from a randomly selected subset of characteristics,
thereby augmenting tree variety, mitigating the risk of model over-
fitting, and improving generalization capability.

In this study, we performed the analysis based on the random forest
model (randomForest package, version 4.7.1.1) in the R programming
environment (version 4.3.2). We optimized the model performance by
adjusting key parameters: the number of decision trees (ntree) was set to
500 to improve stability, the number of randomly selected features
(mtry) was set to one-third of the total number of input features by
default to balance model complexity and generalization ability, and the
minimum node size (nodesize) was adjusted to 4 to enhance the model’s
adaptability to regression tasks. The remaining parameters were left at
their default settings, as no effect on model performance was found
during experimentation.

2.3.2. Extreme gradient boosting

XGBoost is a potent machine learning technique that uses gradient-
boosted decision trees and excels, especially when dealing with high-
dimensional and complex data. The basic principle is to combine a se-
ries of weak learners (i.e., decision trees) into a single robust model by
continuously optimizing the loss function. In each iteration, XGBoost
does not directly train a new decision tree to fit the original data but
calculates the residual between the prediction result of the current
model and the actual value and uses this residual as a new target for
learning. XGBoost then trains a new decision tree to predict these re-
siduals and gradually reduces the overall loss by adding the tree’s pre-
dictions to the previous model. Therefore, each new tree is a correction
to the prediction error of the previous tree, and by iterating continu-
ously, the model can gradually improve the accuracy of its predictions.
XGBoost, in contrast to conventional boosting techniques like Adaptive
Boosting, does not modify the sample distribution; instead, it minimizes
mistakes by enhancing the gradient boosting process. XGBoost in-
corporates regularization terms into the objective function, utilizing L1
(the sum of absolute weights) and L2 (the sum of squared weights)
regularization to limit the degrees of freedom of the model parameters,
contingent upon model complexity (including tree depth and the num-
ber of leaf nodes) and leaf node weights. This regularization technique
efficiently mitigates overfitting and improves the model’s generalization
capacity (Chen and Guestrin, 2016).

This study established a maximum decision tree depth of 5 through
experimental validation to enhance model resilience and efficiency,
creating a simplified decision stump model to mitigate complexity and
avert overfitting. The learning rate was established at 0.1 to regulate the
cumulative effect of each new tree on the overall model across itera-
tions, hence assuring model stability. The number of iterations was
established at 500 to guarantee that the model could sufficiently learn
the feature patterns in the data. All other parameters were configured to
their default values, and no notable effect on the outcomes was detected
during the studies. The research utilized R language version 4.3.2 and
the XGBoost package version 1.7.8.1.

2.3.3. Artificial neural network

ANNs are computational models inspired by biological neural net-
works designed to model complex nonlinear relationships in data by
simulating the way the human brain processes information (Yang and
Wang, 2020). ANNs are composed of multiple artificial neurons (or
nodes). Each neuron receives input signals, performs weighted sum-
mation operations, and outputs results through an activation function.
ANNS s generally include an input layer, one or more hidden layers, and
an output layer, with signals transmitted between nodes via weighted
connections. During training, ANNs dynamically adjust the weights of
these connections using optimization algorithms such as gradient
descent to minimize the value of a loss function and thus gradually
improve the model’s predictive power. These optimization algorithms
are combined with learning rules, such as the backpropagation algo-
rithm, to update the weights and biases during training. In addition, the
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structural design of the network, such as the number of layers and nodes,
also directly impacts the performance of ANNs.

To prevent overfitting in the neural network model, L2 regulariza-
tion was applied in this study. The regularization coefficient (decay) was
set to 0.01 to limit the size of the model weights. The neural network
consisted of an input layer, a single hidden layer with 4 neurons, and an
output layer. Due to the randomness in weight initialization and opti-
mization paths involved in ANNs during training, the maximum number
of iterations (maxit) was set to 500 to ensure sufficient convergence of
the model. For other parameters, default values were used, and experi-
mental results validated their rationality, showing no significant impact
on model performance. The study’s operating environment used R lan-
guage version 4.3.2, with the nnet package version 7.3.19.

2.3.4. Model evaluation and validation

In this work, all soil data were randomly partitioned into training
and testing datasets to guarantee that model training and validation
were representative. Environmental parameters were designated pre-
dictor variables, with the black soilhorizon’s thickness as the modeling
response variable. Ten-fold cross-validation was employed during model
evaluation to guarantee the stability and correctness of the models uti-
lized. To ensure the stability and reliability of the model, we used ten-
fold cross-validation. The predictive performance of the model is eval-
uated using the following four standard metrics: the coefficient of
determination (R?), root mean square error (RMSE), mean absolute error
(MAE), and mean absolute percentage error (MAPE). R? reflects the
degree of fit of the model, while RMSE is used to evaluate the predictive
accuracy. MAE quantifies the average absolute deviation between the
predicted and observed values, while MAPE presents the relative size of
the prediction error in percentage terms.

2
3)
Z Iyl - yl|
MAE=%2 4
n
MAPE:%Z yy;y » 100% )
=1 i

Where n is the sample size, ¥ is the average thickness of the black soil
horizon, and y, and ¥, are the observed and predicted values of the BSHT
at the i-th location, respectively.

3. Results
3.1. Response characteristics of spectral reflectance to different BSHTes

By extracting and averaging spectral curves from BSHT sample
points at depths of 0-25 cm, 25-50 cm, 50-75 cm, and 75-100 cm, we
noted that black soils of differing thicknesses exhibit similar shapes in
the Sentinel-2 spectral curves while demonstrating significant variations
in reflectance values (Fig. 5). The spectral reflectance increases pro-
gressively with wavelength from the visible light spectrum to shortwave
infrared 1 (B2-B11), while it decreases gradually with increasing
wavelength from shortwave infrared 1 to shortwave infrared 2 (B11-
B12). Moreover, when the thickness of the black soil horizon increases,
the overall soil reflectance typically decreases. This may correlate with
the heightened organic matter and moisture levels in denser black soils,
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Fig. 5. Variations in spectral reflectance at different thicknesses of the black
soil horizon.

enhancing light absorption and reducing reflection. In the shortwave
infrared bands (B11 and B12), the reflectance of black soil at thicknesses
of 25-50 cm and 75-100 cm is comparable; however, the reflectance at
a thickness of 50-75 cm is the lowest, signifying superior light absorp-
tion characteristics.

3.2. Statistical analysis and correlation insights

Table 2 presents the statistical results about the thickness of the black
soil horizon in the research region. The thickness of the black soil ho-
rizon varies from 19 cm to 98 cm, with a mean of 42.15 cm. The stan-
dard deviation (SD) of BSHT is 17.75 cm, and the coefficient of variation
(CV) is 42.10 %, signifying substantial variability in BSHT. Pearson
correlation analysis investigated the link between BSHT and variables,
including NDVI, topographic parameters, and spectral reflectance
(Fig. 6). The research revealed a correlation coefficient ranging from
—0.53-0.56, indicating a statistically significant association between
these variables and black soil horizon thickness (P < 0.01 or P < 0.05).
Among the topographic factors, VD (r = 0.56, P < 0.01) showed the
strongest positive correlation, indicating that an increase in the depth of
the valley may significantly affect the change in the target variable,
showing its high importance in the model; followed by TCA (r = 0.42,
P < 0.01) and TWI (r = 0.41, P < 0.01), all of which were significantly
positively correlated with the dependent variable, while RSP (r = -0.53,
P <0.01) and CND (r =-0.50, P < 0.01) showed a strong negative
correlation and had a significant impact on the dependent variable. All
bands (B2 to B12) showed highly significant negative correlations
among the spectral reflectances, with correlation coefficients ranging
from —0.22 to —0.36. Among them, B12 had the strongest negative
correlation (r =-0.36, P < 0.01), indicating that changes in spectral
reflectance can indirectly reflect the trend of soil thickness changes. In
contrast, NDVI has a lower correlation (r = 0.17, P < 0.05), and the
linear relationship between NDVI and BSHT is weak.

Table 2
Descriptive statistics of BSHT.
N Mean(cm) Minimum(cm) Maximum(cm) SD(cm) CV(%)
157 42.15 19 98 17.75 42.10

(N: Sample size; Mean: Average value of the data; Minimum: Minimum value of
the data; Maximum: Maximum value of the data; SD: Standard deviation of the
data; CV: Relative variability of the data)
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Fig. 6. Correlation of different Indicators with BSHT, where the correlation
between NDVI and PC is statistically significant (p < 0.05), while the correla-
tions of other variables with BSHT show more substantial statistical signifi-
cance (p < 0.01).

3.3. Model performance and accuracy

This work constructed six soil thickness prediction models utilizing
three methods—RF, XGBoost, and ANNs—alongside two variable sets (a
combination of topographic factors and NDVI; a combination of topo-
graphic factors, NDVI, and spectral information). The results revealed
that the RF model exhibited superior predictive ability across both
variable combinations, achieving an RMSE of 8.88 cm, an R? of 0.75, an
MAE of 6.66 cm, and a MAPE of 18.09 % with the inclusion of spectral
information. The XGBoost model had an RMSE of 9.41 cm, an R? of 0.68,
an MAE of 7.57 cm, and a MAPE of 19.970 % after incorporating spec-
trum information, demonstrating a decrease in RMSE and MAPE relative
to the model without spectral data. The ANNs model exhibited a supe-
rior R? (0.710) with the incorporation of spectral information, suggest-
ing certain benefits in elucidating variable variability; however, the
RMSE (12.72 cm), MAE (8.89 cm), and MAPE (19.00 %) were compar-
atively elevated, and its overall efficacy was inferior to that of RF and
XGBoost. The results indicate that the random forest model performed
best in predicting BSHT, and the introduction of multispectral band
reflectance significantly improved the predictive performance of all
models, indicating the importance of this variable in soil thickness
prediction (Fig. 7).

3.4. Spatial distribution of black soil thickness

Three models were employed to assess the regional variability of
BSHT in the study area, revealing significant spatial heterogeneity in
BSHT. The RF model predicted a thickness range from 24.06 cm to
76.78 cm, with an average of 40.63 cm; the XGBoost model predicted a
range from 17.01 cm to 93.82 cm, with an average thickness of
41.23 cm; and the ANNs model provided a relatively wider prediction
range, from 6.92cm to 83.73 cm, with an average thickness of
44.25 cm. The overall trend shows that BSHT gradually increases as
elevation decreases within the watershed, indicating the important
regulatory role of topography in the distribution of black soil. Although
there are some differences in the predicted values among the models, the
spatial distribution of BSHT is primarily controlled by topography.

Fig. 8 shows that all three models successfully captured the overall
trend of BSHT variation within the watershed: the black soil horizon is
thinner in high-altitude areas and relatively thicker in low-altitude
areas. The RF model’s lower root mean square error (RMSE) and mean
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Fig. 7. Soil thickness prediction performance of Random Forest, XGBoost, and ANNs under different variable combinations (Spectral information (S) and Non-

spectral information (NS)).

absolute error (MAE) indicate prediction stability and accuracy. The
XGBoost model performed well in handling complex nonlinear in-
teractions, mainly predicting a more pronounced increase in thickness in
some low-altitude regions. ANNs exhibited more significant predictive
variability between high and low altitudes in the transition zones,
reflecting their high sensitivity to local data characteristics.

3.5. Comparison of importance of variables in different models

Through the normalization analysis of variable importance in the RF,
XGBoost, and ANNs models, it can be seen that there are specific dif-
ferences in the dependency on different variables among the three
models (Fig. 9). In the RF model, the five most important variables are
RSP, CND, TCA, VD, and TWI; in the XGBoost model, the most important
variables in order are RSP, TCA, CND, VD, and TWI. In the ANNs model,
the differences in variable importance are relatively small, with the most
important variables including B8A, B12, LS-Factor, B8, and B2, which
are primarily spectral information and topographic factors, demon-
strating a balance between spectral information and topographic factors,
with the contribution of spectral information being significantly higher
than other models. These results reflect the ability of the ANNs model to
integrate multiple data features. The combined performance of the three
models suggests that topographic factors still dominate in predicting the
thickness of the black soil horizon. At the same time, spectral informa-
tion is an important complementary variable that helps improve the
models’ overall predictive performance.

4. Discussion

In soil thickness prediction studies, traditional methods usually rely
on topographic factors and vegetation indices to characterize the spatial
distribution of soils. Although these methods are effective to a certain
extent, they tend to neglect the application of spectral information,
especially in sloping cropland farmland. As these areas are susceptible to

soil erosion, their spectral properties differ. Therefore, incorporating
spectral information into soil thickness prediction models and evalu-
ating the influencing factors of different modeling accuracies can pro-
vide more accurate predictions of the spatial distribution of BSHT.

4.1. Importance of input quantities and their interpretation

The results of this study are highly consistent with previous research,
further confirming the important role of topographic features in soil
thickness modeling. In this study, VD demonstrates a significant positive
link with BSHT, while EIE exhibits a significant negative correlation.
This suggests that valley terrains, owing to their more level features,
have reduced erosion and are more prone to develop and sustain a
thicker soil horizon. The research by Li et al. (2017) further verified this
conclusion, demonstrating that elevation and valley depth are key
influencing factors of active layer soil thickness change. Elevation di-
minishes soil formation potential by modifying local climatic conditions
and exacerbating erosion processes, but valley depth considerably
augments soil thickness by promoting sedimentation. Mehnatkesh et al.
(2013) identified slope, wetness index, specific catchment area, and
sediment transport index as significant topographic factors influencing
the spatial variability of soil thickness in semi-arid hilly regions through
multiple linear regression analysis. Among these, the wetness index and
catchment area showed a highly significant positive correlation with soil
depth, with the wetness index having the highest correlation, indicating
that the topographic wetness index and catchment area are the most
important variables for predicting soil thickness in this region. The
conclusion of this study is partially consistent with previous research,
validating the importance of TWI and TCA in predicting BSHT. How-
ever, this study also found that while TWI is a key factor, it is not the
most important factor among all the variables. This mismatch may
indicate the intricate mechanisms via which topographic factors influ-
ence soil properties across various geographies and soil types, alongside
the impact of the multifaceted interactions of numerous factors on



W. Ruan et al.

Black soil thickness (cm)

High : 75.56
0 20 40

1 Km B ow: 246

Black soil thickness (cm)

» High: 93.82

B ow: 1201

Black soil thickness (cm)
i High: 8373

B Low: 692

Soil & Tillage Research 256 (2026) 106886

Fig. 8. Spatial distribution of BSHT inferred by RF (a), XGBoost (b), and ANNs (c) models.
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Fig. 9. Importance of variables for predicting black soil thickness using
three models.
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BSHT. Zhi et al. (2021) used the boosted regression tree model to
identify key environmental variables affecting soil thickness. The study
showed that RSP is one of the important variables influencing soil
thickness. In this study, RSP can help identify the black soil layer
thickness at different slope positions, as soil thickness is typically thicker
in depressions and thinner in elevated areas. By using high-resolution
DEM data combined with field-measured soil thickness, a more accu-
rate prediction of the spatial distribution of soil can be made. CND
represents the horizontal distance from a surface point to the nearest
river network. Water flow gradually converges in areas close to the river,
making these regions prone to forming depositional environments
where soil thickness is generally greater. In highland or slope areas
farther from the river, the dispersive effect of water flow is stronger,
with erosion being dominant, often resulting in thinner soil horizons.
The examined area is typical sloped agriculture; therefore, this topo-
graphic factor substantially impacts the distribution of black soil and its
horizon thickness. Patton et al. (2018) proposed a simple empirical
model based on high-resolution topographic data for predicting soil
thickness. The study found a strong linear relationship between soil
thickness and topographic curvature, with a significant linear correla-
tion between soil thickness and curvature observed in both convergent
and divergent terrain areas. In this study, PC showed a highly significant
and high correlation, while PRC showed a significant but low correla-
tion. Both influence trends on BSHT are similar to prior research find-
ings. The LS-Factor combines slope length and gradient impacts,
representing topography’s function in hydrodynamic erosion processes.
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Sun et al. (2024) constructed a high-resolution global set of topographic
factors (LS-Factor) based on SRTM data. The study pointed out that the
LS-Factor is critically important for assessing soil erosion risk, especially
in steep slope areas, where high values of the LS-Factor significantly
intensify soil erosion severity. In this investigation, the LS-Factor
revealed a substantial positive link with BSHT, with high values
largely distributed in toe slope positions and runoff path areas. Although
high LS-Factor values are often linked with intense erosion, in runoff
channel locations near the bottom of slopes, the lower kinetic energy of
water flow leads to the deposition of eroded particles, generating thicker
black soil. The greater thickness of the black soil horizon in these lo-
cations can be attributed to the lower flow velocity and depositional
effects, particularly in relatively flat sections at the slope bottom where
water deposits eroded material, resulting in increased soil thickness.

Topographic features can influence the formation and properties of
soil, but plant growth is also jointly affected by various factors such as
soil moisture and temperature. These hydrothermal conditions are often
closely related to soil thickness. Generally speaking, the thicker the
black soil layer, the stronger the soil’s capacity to retain water and heat,
which creates a favorable environment for plant growth. Therefore, as
an indicator of vegetation coverage, NDVI can, to some extent, reflect
soil moisture and temperature conditions as well as the thickness of the
black soil horizon. This study has a substantial association between
NDVI and BSHT, although the correlation is not strong, and its impor-
tance is relatively modest in the RF and XGBoost models. This contrasts
with the findings of Zahedi et al. (2017), where NDVI was one of the
essential variables for forecasting soil depth. NDVI considerably boosted
the model’s predicted accuracy in deep soils and agricultural areas
through its synergistic interaction with land use and slope variables.
However, in this study, the predictive value of NDVI was restricted, and
its capacity to predict black soil horizon width was not as significant as
other environmental variables. This implies that the applicability of
NDVI differs across different study participants and environmental set-
tings, though its combination with other factors still maintains some
reference value.

4.2. Advantages of introducing spectral information

Traditional soil thickness prediction studies frequently employ
topographic characteristics and vegetation indices as the primary input
variables (Malone and Searle, 2020). Changes in topography affect
water permeability, sediment loss, and accumulation, drainage condi-
tions, and the distribution of water potential energy, influencing soil
formation, erosion rates, and, ultimately, the spatial variation of soil
depth. However, such studies often miss spectrum information, partic-
ularly the value of optical band data from remote sensing imaging in
revealing soil characteristics. Spectral information can reflect key at-
tributes of the soil surface, such as organic matter content, mineral
composition, and moisture changes (Dharumarajan et al., 2024). These
qualities are closely related to the regional variation of BSHT, especially
in places with high erosion or deposition, and serve as essential markers
for the spatial distribution of soil thickness.

This study found a significant negative correlation between black soil
horizon thickness and spectral reflectance (correlation coefficient
ranging from —0.22 to —0.36), with the B12 band showing the strongest
negative correlation (r = -0.36, P < 0.01). As the thickness of the black
soil horizon increases, the overall soil reflectance generally decreases,
and this pattern is particularly evident in the shortwave infrared bands
(B11-B12). The different reflectance values observed in the black soil
horizon are primarily due to the following physical and chemical
mechanisms: First, thicker black soil typically contains higher organic
matter content, and the higher the organic matter content, the lower the
soil’s spectral reflectance ( Francos et al., (2021) ). Second, topo-
graphic variations directly influence the spatial distribution of moisture
in slope farmland. In low-lying areas, higher moisture content enhances
light absorption and scattering, thereby displaying distinct
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characteristics in remote sensing imagery (Liu et al., 2020). Addition-
ally, in eroded areas, soil erosion selectively transfers fine particles rich
in organic carbon, leading to a reduction in the organic carbon content
in the surface soil of eroded slopes (Li et al., 2019). As the black soil
horizon thins and the plowing depth increases, loess-like parent material
gradually mixes with the black soil, and the iron oxides in this mixture
cause the soil color to turn yellow, thus altering the soil’s spectral
characteristics. By combining spectral information and topographic
features, the model can resolve local-scale heterogeneity that topo-
graphic analysis alone cannot identify. When relying solely on topo-
graphic parameters, these variations are typically undetectable. This
advantage becomes most evident in complex slope agricultural envi-
ronments, thus significantly improving prediction performance.

It should be noted that topographic features and spectral information
do not function independently, but exhibit a clear synergistic effect. For
example, low-lying areas (identified by the VD index) often accumulate
organic-rich sediments, forming thick black soil horizons that exhibit
low reflectance in the shortwave infrared bands. By comparison,
shoulder areas characterized by high EIE values show increased erosion
susceptibility, causing thinner black soil horizons with correspondingly
higher reflectance. The integration of topographic and spectral data
substantially strengthens BSHT prediction performance and contributes
to a better understanding of the spatial distribution characteristics of the
black soil horizon.

4.3. The need for model comparison

Model comparison is necessary due to varying model sensitivities to
factors like black soil horizon thickness. This ensures selection of the
optimal model for our specific research context. Through model per-
formance comparison, researchers can discover the model that best suits
a particular dataset and recognize that certain models may offer
considerable advantages under specific factors or environmental situa-
tions. While no universal algorithm exists for forecasting the spatial
distribution of all soil qualities, some algorithms may be more suitable
than others based on the data features and mapping aims (Khaledian and
Miller, 2020). After doing model comparisons in this study, it was
observed that the R? values for all three models were relatively high,
each above 0.6. Among all, the RF model displayed the highest accuracy.
This study shares a high degree of resemblance with previous research.
De Sousa et al. (2023) found that topographic features play a significant
role in identifying soil depth, whereas surface temperature and NDVI
also play essential roles in forecasting soil depth. When evaluating the
performance of several models, the RF model outperformed the support
vector machine in soil depth prediction, with an average R? value of
0.77, indicating the superiority of the RF model for this assignment.
Moreover, this study indicated that different models evaluate the value
of variables differently, demonstrating differential sensitivities and
adaptability of the models to input data elements. For instance, in RF
and XGBoost, topographic-related variables (such as ELE, CND, and
TCA) exhibited increased importance, while ANNs emphasized spec-
trum information (such as NDVI and band data). Therefore, different
algorithms should be chosen to balance data types and research aims.
Additionally, this study’s results reveal that the model selection and the
matching of data features are critical for the accuracy of soil thickness
prediction. For example, RF and XGBoost are more dependable with
small datasets, whereas ANNs can better capture complicated nonlinear
interactions when dealing with more enormous datasets
(Micheli-Tzanakou, 2011). In regional-scale soil thickness studies, a
combination of methods facilitates the selection of optimal models and
enhances the understanding of the effects of variable relationships on
the distribution of BSHT.

4.4. Limitations and future research

This work focuses on the predictive analysis of cultivated land soil
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thickness but also has certain drawbacks. First, the research area is
confined to cultivated land, without examining the soil thickness char-
acteristics of other land use types (such as forest land or grassland),
which may limit the applicability of the results to a wider variety of land
types. Some research indicates that land use practices and erosion pro-
cesses significantly affect the temporal variation of soil thickness (Zhang
et al., 2024a). Secondly, this study primarily focuses on the influence of
topographic factors and spectral information on soil thickness. However,
it does not fully consider other factors that may significantly affect the
thickness of the cultivated black soil horizon, such as soil management
practices and the historical legacy effects of human activities. These
components are critical for the long-term alterations and recovery ca-
pacity of soil. As Vanwalleghem et al. (2017) observed in their research,
drastic changes in land use considerably exacerbate soil erosion,
significantly when human activities surpass the natural recovery ca-
pacity of the soil, making changes in soil thickness more noticeable.
Additionally, the study assesses soil thickness solely within a given
period, neglecting temporal dynamic changes. Some studies have shown
that the topsoil thickness of black soil has fallen from 60 to 70 centi-
meters in the 1950s to the current 20-30 centimeters, with loess parent
material exposed in some regions, resulting in barren land that is un-
suited for agricultural farming (Shen et al., 2019). In order to further
improve the applicability and prediction accuracy of the model, future
research should focus on the following aspects: first, this study only
focused on the thickness of the black soil horizon in arable land, and in
the future, the analysis can be extended to include different land use
types, such as woodland and grassland, in order to assess the perfor-
mance of the model in various environments. Second, the influencing
factors are enriched by incorporating environmental factors, such as
meteorological data, into the existing variables like topography and
spectral data to describe the complex relationships affecting soil thick-
ness more comprehensively. Third, the time dimension will be intro-
duced by employing time series analysis methods to study the changes in
soil thickness over time, such as the impact of long-term cultivation on
soil thickness.

5. Conclusions

This study focuses on a small watershed in the black soil region of
Northeast China, an area with complicated terrain and significant slope
position changes, where BSHT demonstrates distinct spatial variability.
By integrating topographic parameters, spectral information, and
vegetation indicators and employing RF, XGBoost, and ANNs machine
learning models, the study obtained high-precision predictions of soil
thickness. The results reveal that multidimensional environmental var-
iables may explain 68 %-75 % of the variability in soil thickness,
including spectral information (multiband image data), considerably
boosting the models’ ability to explain regional changes in soil thick-
ness. In comparing model performance, the RF model beat XGBoost and
ANNSs, displaying superior stability and accuracy across assessment
criteria such as RMSE, R%, MAE, and MAPE. In places with complicated
topography and considerable slope position differences, the synergistic
effect of spectral information and topographic parameters indicated a
notable predictive advantage. This combination boosted the models’
sensitivity to soil parameters (such as organic matter and moisture
content), effectively enhancing forecast accuracy and reliability. Over-
all, this study constructed a high-precision predictive model integrating
topographic factors and spectral information, revealing the spatial
variability of BSHT and its main influencing factors while validating the
potential of spectral information in small watershed-scale soil thickness
studies. The findings give credible data support for assessing agricultural
production and controlling soil degradation in the black soil region of
Northeast China.
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