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Abstract: Topography critically affects the occurrence of soil erosion, and computing slope spec-
trum information entropy (SSIE) allows for the convenient mirroring of the patterns of macroscopic
topographic variation. However, whether SSIE can be effectively utilized for the quantitative
assessment of soil erosion across various types of water-erosion areas and the specific methodology
for its application remain unclear. This study focused on the quantitative relationship between
SSIE, the slope length and slope steepness (LS) factor within various types of water-erosion areas
across different spatial scales in China using multi-source geographic information data and techni-
cal tools such as remote sensing and geographic information systems. The results revealed (1) clear
consistency in the spatial patterns of SSIE and the LS factor, which both displayed a distinct three-
step distribution pattern from south to north. (2) The power model (Y = A·XˆB) demonstrated
a superior capacity to explaining the relationship between SSIE and the LS factors compared to
the linear or exponential models, as evidenced by a higher coefficient of determination (R2). R2

values of different evaluation units (second-grade water-erosion area, third-grade water-erosion
area, 30 km × 30 km grid, and 15 km × 15 km grid) were 0.88, 0.88, 0.81, and 0.79, respectively.
(3) Despite a range of variances across various spatial scale evaluation units and different types
of water-erosion areas, no significant disparities were evident within the power model. These
findings offer a new topographic factor that can be incorporated into models designed for the
expedited evaluation of soil erosion rates across water-erosion areas. Information about the prox-
imity of the SSIE to the LS factor is valuable for enhancing the practical utilization of SSIE in the
quantitative evaluation of soil erosion.

Keywords: slope spectrum information entropy; slope length and slope steepness factor; soil erosion;
water-erosion areas

1. Introduction

Soil erosion has progressively emerged as a crucial hindrance to the sustainable de-
velopment of the global economy and society [1–3]. Compared to wind and freeze–thaw
erosion, water erosion has evolved into the most significant and widespread form of
soil erosion and surface dynamic processes [4,5]. According to statistics, approximately
1000 hectares of farmland are impacted by soil erosion globally each year [6]. China’s
extensive geographical expanse and the complexity of its natural, economic, and social
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conditions have facilitated extensive and diverse soil erosion across various regions. The
water-erosion areas in China can be divided into six first-grade water-erosion areas [7],
namely, the Northeastern Mollison (NEM), North earth-Stone (NS), Northwestern Loess
Plateau (NWL), South red Soil (SR), Southwestern purple Soil (SWP), and Southwestern
karst (SWK). Soil erosion remains one of the most pressing ecological and environmental
concerns, particularly in the NEM [8,9], NWL [10–12], SR [13], and SWK [14–16]. Climatic
conditions are the primary factor determining variations in natural environmental condi-
tions on the earth’s surface. Topography is vital in controlling the redistribution of surface
materials and energy [17] and influencing the intensity of human activities. It also has a cru-
cial effect on regional soil erosion. Hence, choosing topographic factors capable of rapidly
estimating the amount of soil erosion and assessing soil erosion intensity can contribute to
a novel scientific approach for monitoring and evaluating the ecological impacts of soil and
water conservation efforts.

Researchers in China and internationally have extensively investigated the mecha-
nisms and influencing factors of the soil erosion process. They have established comprehen-
sive foundational databases for soil erosion and have made substantial advancements in
soil erosion model research, and the outcomes are useful. Soil erosion prediction models are
vital for the quantitative forecasting and prediction of soil erosion [18]. They are paramount
in soil and water conservation as well as ecological environment development and construc-
tion. The slope length and slope steepness (LS) factor [19] serves as a metric for assessing
the impact of topographic characteristics on soil erosion and is essential for conducting
regional soil erosion assessments and estimating soil erosion using both the Universal Soil
Loss Equation [20,21] and Revised Universal Soil Loss Equation (RUSLE) [22,23]. Nonethe-
less, acquiring the LS factor is intricate and fraught with significant uncertainty [24–27].
This complexity makes it unsuitable for rapidly estimating the amount and intensity of soil
erosion at the macro-scale.

In 2003, Tang et al. [28] introduced the slope spectrum theory while investigating
the optimal digital elevation model (DEM) resolution for extracting slope values on the
Loess Plateau (China). This theory effectively captures the undulation patterns of the
regional macro topology [29]. Research on the slope spectrum theory has produced notable
findings, particularly in the Loess Plateau region [30,31]. This encompasses the exploration
of the impact of various classification methods and classification variances in the surface
slope spectrum [32], as well as the revelation of fundamental conditions for the extraction
and application of the slope spectrum [33]. Moreover, it introduces the concept of slope
spectrum information entropy (SSIE) to quantify slope spectrum characteristics. The
findings also demonstrate that SSIE can effectively depict surface complexity [34] and
exhibits a power function relationship with the gully density [35]. At present, based on
the DEM, some scholars have analyzed the slope spectrum characteristics of areas with
severe soil erosion, such as the Pisha sandstone areas [36], the purple soil area [37], and the
rocky mountain area [38]. The slope spectrum theory has been used to quantify the slope
spectrum uniformity using the SSIE method, and the spatial difference in SSIE has been
discussed, the relationship between SSIE and LS factors clarified, and the application field
of the slope spectrum broadened. However, the relationship between SSIE and LS factors
and soil erosion intensity in different types of water-erosion areas has not yet been fully
elucidated, and the application and promotion of SSIE at different spatial scales have not
been effectively verified.

Hence, a systematic analysis of the relationship between SSIE and the LS factor, as
well as soil erosion intensity in various types of water-erosion areas in China, is vital.
This analysis is conducted using Advanced Spaceborne Thermal Emission and Reflection
Radiometer Global Digital Elevation Model (ASTER GDEM) data with a 30 m resolution
and soil erosion data estimated using the RUSLE model. It aims to address the uncertainties
associated with LS factor calculations. The objectives of this research are as follows:
(1) Identify the spatial distribution patterns of SSIE and LS factors within different water-
erosion areas in China. (2) Assess the performance of diverse models (i.e., linear, power,
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and exponential models) in simulating the correlation between SSIE and the LS factor.
(3) Determine the best regression model for SSIE and LS factors in each water-erosion
area. This study aims to comprehensively elucidate the spatial patterns of topographic
undulations in various types of water-erosion areas across China using SSIE. The analysis
seeks to elucidate the distinct topographic and geomorphological characteristics present
in these diverse water-erosion areas. This research presents novel scientific approaches
for assessing and predicting soil erosion within different water-erosion areas in China.
Meanwhile, it holds relevance as a reference for the swift quantitative evaluation of soil
erosion in diverse global regions.

2. Materials and Methods
2.1. Study Area

This study focuses on the six first-grade water-erosion areas [7] designated by the
Ministry of Water Resources of the People’s Republic of China. These regions (Figure 1)
are identified as the NEM, NS, NWL, SR, SWP, and SWK. The NEM region is one of
the three major black soil regions globally [39], covering approximately 12% of the total
global black soil [40]. This region features a remarkably high forest coverage rate and
is vital in commercial grain production within China [41]. However, the region has
faced significant challenges due to prolonged and extensive deforestation, as well as
excessive land reclamation. The NS area is characterized by mountainous and hilly
landscapes within a temperate, semi-humid, and semi-arid climate. The high gravel
content in the soil in this region predisposes it to erosion, especially during heavy
summer rainfall [38,42]. The NWL is considered one of the most severely eroded regions
in the world, primarily due to its extensive distribution and the deep layers of loose
loess soil [12]. The SWP is known for its distinctive soil resource, purple soil. This type
of soil has a loose structure [43,44] and faces challenges due to limited arable land per
capita in the region and over-cultivation. Consequently, this has led to significant soil
and water loss problems in hilly areas and under forests [45]. The SWK is the most
extensively developed among the three major karst landforms globally [46,47], and it
features the largest exposed expanse of carbonate rock. Owing to its unique geological,
hydrological, and climatic characteristics [48], coupled with the significant challenges
posed by human activities and land resource management [49], the rate of soil erosion in
this region markedly exceeds that of soil formation. The specific characteristics of the six
first-grade water-erosion areas in China are detailed in Table 1.

Table 1. Overview of Water-Erosion Areas in China.

Name Mean Altitude (m) Mean Annual Precipitation
(mm)

≥10 ◦C Accumulated
Temperature (◦C)

Northeastern Mollison (NEM) <1000 400–800 <3500
North earth-stone (NS) <1000 400–800 3500–4500

Northwestern Loess Plateau (NWL) 1000–2000 250–400 1700–4500
South red soil (SR) <1000 >800 4500–8000

Southwestern purple soil (SWP) 400–2000 >800 4500–8000
Southwestern karst (SWK) 1000–3000 >800 4500–8000

2.2. Data Collection and Preprocessing

The elevation data for the water-erosion areas were obtained from ASTER GDEM and
downloaded from the Geospatial Data Cloud of the Chinese Academy of Sciences (https:
//www.gscloud.cn/, accessed on 7 July 2023). The data have a spatial resolution of 30 m. In
this paper, the spatial reference of all layers was “WGS_1984_Lambert_Conformal_Conic”.

https://www.gscloud.cn/
https://www.gscloud.cn/
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Figure 1. Elevation (a) and landcover map (b) of water-erosion areas in China. NEM: Northeastern
Mollison, NS: North earth-stone, NWL: Northwestern Loess Plateau, SR: South red soil, SWP:
Southwestern purple soil, SWK: Southwestern karst. Note: The elevation data (https://www.resdc.
cn/data.aspx?DATAID=123, accessed on 7 July 2023) and the 2020 landcover data (https://www.
resdc.cn/DOI/DOI.aspx?DOIID=54, accessed on 7 July 2023) were downloaded from Resource and
Environment Science and Data Center.

The soil erosion data for water-erosion areas were sourced from the 2015 soil erosion
grid dataset of China, which was estimated by Li et al. [50] using the RUSLE model. This
dataset had a spatial resolution of 1 km, with units expressed as t hm−2 a−1. The soil
erosion intensity for each grid was categorized based on the Soil Erosion Classification
and Grading Standard (SL190-2007) issued by the Ministry of Water Resources, People’s
Republic of China [51]. The classification comprised six levels: very slight, slight, moderate,
severe, very severe, and extremely severe.

To enhance the robustness and practicality of the research outcomes, a total of 4626 grids,
each covering an area of 900 km2, along with 20,177 grids spanning 225 km2, were gen-
erated within China’s water-erosion areas. The study investigated the potential of SSIE
to express soil erosion intensity and LS factor within four spatial scale evaluation units
(second-grade water-erosion areas, third-grade water-erosion areas, 30 km × 30 km grid,
and 15 km × 15 km grid).

2.3. Extraction of the Slope Spectrum and Calculation of Slope Spectrum Information Entropy

A slope spectrum curve is a graphical representation that displays the proportion of
the area covered by each grade of slope segment within a particular statistical area. The

https://www.resdc.cn/data.aspx?DATAID=123
https://www.resdc.cn/data.aspx?DATAID=123
https://www.resdc.cn/DOI/DOI.aspx?DOIID=54
https://www.resdc.cn/DOI/DOI.aspx?DOIID=54
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slope spectrum curve generated using the 3◦ isometric classification method accurately
portrays the collective attributes of ground slope [32]. Its calculation formula is presented
in Equation (1):

Pi= ni/n × 100 % (1)

Pi represents the area frequency of the Grade i slope segment; ni stands for the area of
the Grade i slope segment; and n represents the total area of a particular statistical area.

Wang et al. [52] indicated that a region must have an area greater than 30 km2 to
acquire stable and dependable slope spectrum information. The smallest evaluation unit
used in this study covered an area of 225 km2, which aligned with the requirements for
slope spectrum information research.

In this paper, we utilized the SSIE, as defined by Li et al. [35], to gauge the variation in
data frequencies among different groups within the slope spectrum curve. Its calculation
formula is presented in Equation (2):

H = −∑n
i=1 Pi ln Pi (2)

H represents the SSIE; n stands for the classification number in the 3◦ isometric
classification method; Pi represents the area frequency of the Grade i slope segment.

2.4. Calculation of Slope Length and Steepness Factor

This study computed the LS factor for the water-erosion area using DEM data, follow-
ing the method employed in the comprehensive survey of soil and water conservation in
China. The calculation formula is presented in Equations (3)–(6):

L = (λ/22.1) m (3)

m =


0.2, θ ≤ 1◦

0.3, < θ ≤ 3◦

0.4, 3◦ < θ ≤ 5◦

0.5, θ > 5◦
(4)

S =


10.8sinθ + 0.03, θ < 5◦

16.8sinθ − 0.5, 5◦ ≤ θ < 10◦

21.9sinθ − 0.96, θ ≥ 10◦
(5)

LS = L × S (6)

where L represents the slope length factor, λ signifies the slope length value extracted from
DEM data, m denotes the slope length index, θ represents the slope value extracted from
DEM data, and S represents the slope factor.

2.5. Methods for Data Analysis

Regression analysis was used to analyze the relationship between SSIE and the LS
factor. The selection of the optimal regression model for SSIE and LS factor was based on
the determination coefficient (R2) of the regression model (linear model Y = A·X + B, power
model Y = A·XˆB, and exponential model Y = A·eˆB·X). The formula for R2 is shown in
Equation (7):

R2 = 1 − ∑N
i=1 (yi − ŷi)

2/∑N
i=1 (yi − y)2 (7)

where N is the sample number, yi represents the true value of the slope length factor,
ŷi represents the predicted value of the slope length factor obtained through regression
analysis, and y represents the average value of the true slope length factor values.

All statistical analysis and regression predictions were implemented in MATLAB
R2022a [53] and Origin 2022.
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3. Results
3.1. Distribution Characteristics of Slope Spectrum Curve and Topographic Factors
3.1.1. Characteristics of Slope Spectrum Curves in Various Types and Spatial Scales of
Water-Erosion Areas

Apart from the two peaks observed in the slope spectrum within the SWK, all other
slope spectrums of first-grade water-erosion areas are unimodal (Figure 2). These peaks
generally fall within the range of 0–3◦, although the peak values vary significantly between
different regions. The order of peaks, ranging from the highest to the lowest, is as follows:
the NS (51.09%), NEM (45.70%), SR (30.41%), NWL (22.98%), and SWP (10.89%) (Figure 2).
This sequence corresponds to the overall topographical gradient, which transitions from
gentle terrain to steeper landscapes. The variation in the slope spectrum curve can effec-
tively reflect the difference in geomorphology of different types of water-erosion areas. No
significant disparities were observed in the slope spectrum of the respective second-grade
water-erosion areas (Figure 3) within the first-grade water-erosion areas. Notably, the slope
spectrum curves of the corresponding second-grade water-erosion areas in the NEM and
the NS exhibited substantial overlap. This suggests that the geomorphological features of
the NEM resemble those of the second-grade water-erosion areas in the NS.
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3.1.2. Spatial Patterns of SSIE in Different Types of Water-Erosion Areas

Generally, the SSIE values exhibit a spatial distribution pattern characterized by an
increase from north to south and a decrease from the western to the eastern coast (Figure 4).
High values occurred in the southern non-coastal area of the SR, the marginal area of
the SWP, and the SWK. Low SSIE values were observed in several regions, including the
Northeast China Plain in the middle of the NEM, the North China Plain within the NS, the
relatively flat Ordos Plateau in the northwest portion of the NWL, and the Jianghuai Plains
with numerous lakes in the northeastern part of the SR. The mean value of SSIE across
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China’s first-grade water-erosion areas exhibited a distinct three-step distribution pattern
from south to north. The highest mean SSIE values are in the SWK and SWP, measuring
2.64 and 2.63 nat, respectively. Conversely, the lowest mean SSIE values are in the NEM
and the NS, with values of 1.74 and 1.76 nat, respectively. The mean SSIE values for the
NWL and the SR fall between 2.24 and 1.99 nat, respectively. The values of SSIE exhibit
the highest degree of variability (with a standard deviation of 0.63) in the SR. Across this
area, the values decrease gradually from the southeast to the northeast, ranging from 2.71
to 0.55 nat. Conversely, the SWK displays the lowest level of dispersion in its values (with
a standard deviation of 0.09). In this region, the SSIE consistently exhibits high values.
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3.1.3. Spatial Patterns of LS Factor in Different Types of Water-Erosion Areas

The spatial distribution of LS factors in various types of water-erosion areas in China
was mapped using the methodology outlined in the fourth soil erosion census of China.
Spatially, the distribution pattern of the LS factor and SSIE exhibit a high degree of consis-
tency (Figures 4 and 5), with pronounced north–south variations. High values of the LS
factor are primarily concentrated in several regions: the Loess Plateau area with significant
soil erosion; the southeastern hilly area within one of China’s three major hilly regions, the
western, northern, and eastern regions of the SWP; and the Yunnan–Guizhou Plateau area,
which is one of the three major karst landforms globally. Conversely, low values of the LS
factor were primarily concentrated in the northeast plain of the NEM area and the North
China plain of the NS. The mean values (<2, ≈6, >10) of LS factors and their main distribu-
tion ratios are similar (Figure 6a) in three groups (group 1: the NEM and the NS; group 2:
the NWL and the SR; group 3: the SWP and the SWK). Specifically, the proportions of 0–5
(87.51–89.96%, 62.35–64.81%, 43.58–44.07%), 5–10 (4.91–6.93%, 12.57–13.22%, 14.05–15.69%),
and >20 (0.60–0.98%, 10.07–10.76%, and 21.79–23.64%) in the three groups exhibit a similar
distribution pattern.
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NEM: Northeastern Mollison, NS: North earth-stone, NWL: Northwestern Loess Plateau, SR: South
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3.1.4. Identification of Spatial Hotspots of Soil Erosion in Various Water-Erosion Areas

The spatial distribution map (Figure 7) of soil erosion intensity in water-erosion areas
was created based on soil erosion data estimated by the RUSLE model [50], following the
guidelines outlined in the Soil Erosion Classification and Grading Standard (SL190-2007).
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A notable disparity in soil erosion intensity is observed between the water-erosion
areas in northern China and those in southern China. Specifically, in the northern water-
erosion areas, erosion is very slight and slight, covering 92.14–97.90% of the total area, with
extremely severe occupying a minimal portion. Conversely, in the southern water-erosion
area, the combined area of very slight and slight erosion corresponds to a narrower range,
namely 48.78–65.56% of the total area. However, the area affected by extremely severe
erosion constitutes a broader spectrum, ranging from 15.25% to 31.44%. The soil erosion
hotspots are concentrated in specific regions, including the Greater Khingan Mountains
and Changbai Mountains in the NEM area, the Shandong hills in the eastern part of the NS
area, the NWL area, the southeastern hills in the SR area, the Sichuan Basin in the SWP area,
and the Yunnan–Guizhou Plateau in the SWK area. Furthermore, there is some consistency
between the distribution ratio of the LS factor and soil erosion intensity in the first-grade
water-erosion area (Figure 6).

3.2. The Capacity of SSIE to Elucidate the Soil Erosion Intensity

The SSIE for various spatial scale evaluation units (second-grade water-erosion area,
third-grade water-erosion area, 30 km × 30 km grid, and 15 km × 15 km grid) is limited
in its capacity to elucidate soil erosion intensity, with a goodness of fit score lower than
0.30 (Figure 8). Likewise, even when differentiating between various types of water-
erosion areas, the goodness of fit (R2) for the two spatial scale evaluation units remains
low (Figures S1 and S2). The above analysis results demonstrate that SSIE is not effective
in explaining soil erosion intensity.
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3.3. Capacity of SSIE to Elucidate the LS Factor
3.3.1. Capacity of SSIE to Elucidate the LS Factor in Different Evaluation Units

The SSIE-LS power model (Y = AXˆB) can effectively elucidate the relationship between
SSIE and LS factors within the second-grade water-erosion areas, the third-grade water-
erosion areas, as well as the 30 km × 30 km and 15 km × 15 km sample zones (Figure 9). In
particular, R2 values of second-grade and third-grade water-erosion areas are close to 0.9.
Despite substantial variations in scale and sample sizes across distinct evaluation units, no
significant differences are observed in the SSIE-LS power model among the four specific
evaluation units. The corresponding A values are 0.07, 0.15, 0.16, and 0.18, respectively,
with corresponding B values of 5.12, 4.37, 4.33, and 4.20. The SSIE-LS power models derived
from 4626 sample zones of 30 km × 30 km and 20,177 sample zones of 15 km × 15 km
exhibit the least difference. Meanwhile, the SSIE-LS power model with the second-grade
and third-grade water-erosion areas as evaluation units has a higher application value.
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3.3.2. Capacity of SSIE to Elucidate the LS Factor in Various Types of Water-Erosion Areas

The SSIE-LS power models for each water-erosion area were developed (Figures 10 and 11)
based on the disparities in geological structures and geomorphic categories across distinct
water-erosion areas (Table 1). This process relied on data derived from the corresponding
water-erosion areas and utilized two evaluation units—the 30 km × 30 km sample zone
and the 15 km × 15 km sample zone to enhance the goodness of fit (R2) within the SSIE-LS
power models. Relative to the SSIE-LS power model spanning the entirety of the water-
erosion region, the accuracy of the four distinct water-erosion area models exhibits varying
degrees of improvement under the two evaluation units. Specifically, the average increase in
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R2 is 0.04, 0.16, 0.12, and 0.07 for NS, SR, NWL, and SWP, respectively (Figures 9c and 10b–e;
Figures 9d and 11b–e). However, the strength (R2) of the SSIE-LS power model within the
NEM and SWK does not demonstrate a substantial enhancement when contrasted with the
comprehensive model spanning the entirety of the water-erosion area (Figures 9c,d, 10a,b
and 11a,b).
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Figure 10. Capacity of slope spectrum information entropy to elucidate the slope length and
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Plateau (c), South red soil (d), Southwestern purple soil (e), Southwestern karst (f). Red line represents
the fitted curve.

For the same water-erosion area, the strength of the SSIE-LS power models, as mea-
sured by coefficient A and coefficient B, remained similar under the two evaluation units.
Except for a notable discrepancy in R2 of up to 0.06 within the SRN, the variations within
the other five water-erosion zones remain low, ranging from 0.01 (NWL, SR, and SWP)
to 0.02 (NEM and SWK). Regarding coefficient A, the ascending order of differences is as
follows: NS (0.00), NWL (0.01), SR (0.01), NEM (0.02), SWK (0.02), and SWP (0.04). For
coefficient B, the ascending sequence of differences is as follows: NS (0.02), SWK (0.03),
NWL (0.04), SR (0.07), NEM (0.08), and SWP (0.10).

Generally, compared to the linear or exponential models, the power model demon-
strates a superior capacity to explain the relationship between SSIE and LS (Figure 12).
Specifically, the power model of SSIE-LS outperforms the linear model in all 16 different
scenarios (Figure 12a). Although the difference in the simulation effect between the power
model and the exponential model is small (Figure 12b), the power model slightly outper-
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forms the exponential model in 10 out of 16 scenarios. Therefore, the power model may be
robust enough to simulate the relationship between SSIE and LS.
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4. Discussion

This study shows that slope spectrum curves characterizing various types of water-
erosion areas in China primarily exhibit “L”, “near-L”, and “near-S” types. This phe-
nomenon is chiefly attributed to the elevated surface fragmentation and more substantial
slope variations in the SWP and the SWK of southwestern China when compared to the
other four water-erosion areas. These outcomes closely align with the slope spectrum
curves observed in mountainous areas with significant topography [54] and in the Pisha
sandstone areas with severe soil erosion [36], underscoring that the slope spectrum curves
in mountainous regions with deep mountain gullies are more diverse than those in flat
plains. The peak values of slope spectrum curves in the five second-grade water-erosion
areas districts located in the NWL primarily fall within the range of 0–3◦ and 12–15◦. This
differs from the peak values of 25–30◦ reported by Zhu Mei and colleagues [32] in the hilly
and gully region in the northern part of the NWL. The variation can be attributed to the
distinctive characteristics of the northern hilly region, which serves as a representative area
of the NWL [55]. This region is characterized by an abundance of ravines and complex
and diverse landforms, which leads to inherently higher peak values in the slope spectrum
curve compared to the entirety of the NWL.

The spatial distribution pattern of SSIE, the LS factor, and soil erosion intensity were
strongly consistent within China’s water-erosion areas. This consistency aligns with the
actual topographical and geomorphological features of these areas. Typically, mountainous
regions, characterized by intricate and rugged terrain, exhibit higher values, whereas plains
with relatively flat terrain tend to exhibit lower values [38]. Furthermore, the average LS
factor values within the first-grade water-erosion areas in this study show the following
ranking from high to low: the SWP (11.03), SWK (10.56), SR (6.18), NWL (6.16), NEM
(1.79), and NS (1.37). Notably, these results differ starkly from those of Guo et al. [56], who
conducted their research on a 30 km × 30 km scale typical sample area. This disparity can
be attributed to the substantial difference in spatial scale between their research and the
present study.

The functional relationship between SSIE and soil erosion intensity is not ideal across
various spatial scale evaluation units and different types of water-erosion areas. This obser-
vation essentially corresponds with the relationship observed in different Pisha sandstone
areas concerning soil erosion modulus [36,57]. Notably, soil erosion intensity is influenced
by numerous factors, including the natural geographical environment (precipitation in-
tensity, topography effect, and soil types) and human activities [58,59]. Consequently, the
functional relationship between SSIE and soil erosion intensity remains uncertain. Nonethe-
less, the connection between SSIE and the LS factor typically exhibits a notable power
function relationship. However, the goodness of fit of the power function model varies
across various spatial scale evaluation units and types of water-erosion areas. This aligns
with the power function relationship observed by Li et al. [35] in the Loess Plateau of
northern Shaanxi when examining the relationship between SSIE and gully density based
on mathematical statistics. This finding is incongruent with the logarithmic function model
relationship between SSIE and LS factor derived from statistical analysis using counties
of various geomorphic types as units of measurement [54]. The disparity in results can be
attributed to the different roles of SSIE in constructing the functional relationship models.
In the former study, it served as the dependent variable, whereas in this investigation, it
was employed as the independent variable in the construction of the functional model. This
research aimed to offer insights into the utilization of SSIE in soil erosion studies. Thus, it
is in alignment with the research requirements to employ SSIE as an independent variable
in the construction of the functional model.

The scatterplot depicting the relationship between SSIE and LS factor exhibits a
branching pattern, which is notably pronounced in the NEM and the NS. In future studies,
the utilization of big data and advanced machine learning methods, in conjunction with
more detailed soil and water conservation zoning and a wider range of topographic factors,
can facilitate more comprehensive research on the prediction model for the LS factor. In
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addition, the use of SSIE to calculate RUSLE instead of LS for the quantitative assessment
of soil erosion and the exploration of the differences between the results of LS and SSIE
calculations will be key in the next study.

5. Conclusions

This paper employed SSIE as an evaluation index to comprehensively analyze the
topographical and geomorphic characteristics of various types of water-erosion areas
in China. It quantified the quantitative relationships between SSIE and soil erosion
intensity, as well as soil erosion topographic factors, across different water-erosion
areas and multi-spatial scale systems (second-grade water-erosion area, third-grade
level water-erosion area, 30 km × 30 km grid, and the 15 km × 15 km grid). The main
conclusions are as follows.

Within the water-erosion areas of China, a marked coherence was observed in
the spatial distribution patterns of SSIE and the LS factor, characterized by a three-
step distribution from south to north. Specifically, the southern (i.e., SWP and SWK)
and northern water-erosion areas (i.e., NEM and NS) exhibited high and low values,
respectively. The fitting relationship between SSIE and soil erosion intensity was weak
(R2 < 0.30) across various spatial scale evaluation units and diverse water-erosion areas.
Furthermore, to unveil the precise practical utility of SSIE in soil erosion research, a
multiscale analysis encompassing 16 distinct scenarios was employed. This analysis
quantified the intricate coupling dynamics between SSIE and the LS factor. Notably, the
power model (Y = AXˆB) exhibited an exceptional capability to elucidate the intricate
relationship between these two factors, with an average R2 of 0.82. The LS factor for
each water-erosion area could be calculated using the regression equation provided in
Section 2. Lastly, while there are variations between different spatial scale evaluation
units and different types of water-erosion zones, these differences are not distinctly
apparent within the power model.
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//www.mdpi.com/article/10.3390/rs16152816/s1, Figure S1: The capacity of slope spectrum in-
formation entropy to elucidate the soil erosion intensity in various types of water erosion areas
under the evaluation unit of the 30 km × 30 km sample zone. Northeastern Mollison (a), North
earth-stone (b), Northwestern losses plateau (c), South red soil (d), Southwestern purple soil (e),
Southwestern karst (f); Figure S2: The capacity of slope spectrum information entropy to elucidate
the soil erosion intensity in various types of water erosion areas under the evaluation unit of the
15 km × 15 km sample zone. Northeastern Mollison (a), North earth-stone (b), Northwestern losses
plateau (c), South red soil (d), Southwestern purple soil (e), Southwestern karst (f).
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