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Ildentification of high-risk soil
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urban agglomeration and the
differentiated driving mechanisms
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agglomeration
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Revealing the complex driving mechanisms of soil erosion is essential for assessing regional ecological
security. Focusing on the Central Yunnan Urban Agglomeration (CYUA), a typical mountainous

urban region, this study analyzed the spatiotemporal dynamics of soil erosion from 1990 to 2020

using the RUSLE model and the Improved Stability Mapping (STD) method, identifying high-risk

soil erosion areas. Additionally, it applied the OPGD and MGWR models to reveal differentiated

driving mechanisms of soil erosion across the urban agglomeration and in high-risk zones. The results
indicated that (1) over the past three decades, approximately 27.56% of the CYUA experienced soil
erosion, with moderate and high-intensity erosion accounting for 7.04% and 3.83%, respectively. Soil
erosion increased continuously from 1990 to 2000 but showed significant improvement after 2000. (2)
High-risk areas identified using the improved STD method were primarily distributed along riverbanks,
which are highly sensitive to external disturbances. (3) Slope and vegetation were the key factors
affecting the overall soil erosion pattern in the urban agglomeration, while rainfall and vegetation
were the dominant influencing factors in high-risk areas, where spatial heterogeneity of driving factors
was lower than in the general region. (4) Vegetation cover had a significant mitigating effect on soil
erosion, making increased vegetation coverage an effective strategy for soil and water conservation.
This study provides new insights for soil erosion risk assessment and offers a scientific basis for regional
soil erosion control and ecological restoration.

Keywords Spatiotemporal dynamics, High erosion risk areas, Driving mechanisms, Differentiation analysis,
Improved stability mapping (STD) method

Soil, hailed as the lifeline of humanityl, bears a crucial role in food productionz, water resource conservation>,
and ecosystem support?, serving as the cornerstone of high-quality human life and sustainable development.
However, global environmental changes have intensified soil erosion, impacting land productivity’ and
ecological balance®, threatening food security’, and leading to alterations in the content and composition of
elements such as carbon and nitrogen in the soil®, which in turn affect global biogeochemical cycles and climate®.
Therefore, accurately understanding the spatiotemporal dynamics of soil erosion and its driving mechanisms is
essential for formulating effective soil erosion prevention strategies and promoting sustainable development at
both regional and global levels!®!!,

Previous studies have primarily focused on assessing overall soil erosion and analyzing driving factors at
a regional level'>!3, while detailed identification of high erosion risk areas and their differentiated driving
mechanisms has received comparatively less attention. These studies often emphasize macro-level analysis,

Faculty of Geography, Yunnan Normal University, Kunming 650500, China. 2GIS Technology Engineering Research
Centre for West-China Resources and Environment of Educational Ministry, Kunming 650500, China. 3Kunming No.
10 High School, Kunming 650011, China. *email: frankmei@126.com

Scientific Reports|  (2025) 15:16968 | https://doi.org/10.1038/s41598-025-01443-y nature portfolio


http://www.nature.com/scientificreports
http://crossmark.crossref.org/dialog/?doi=10.1038/s41598-025-01443-y&domain=pdf&date_stamp=2025-5-15

www.nature.com/scientificreports/

overlooking the dynamic characteristics of localized high-risk areas, which hinders the provision of effective
support for precise prevention strategies. In recent years, methods for identifying soil erosion risk areas have
continuously evolved. However, traditional spatiotemporal analysis methods typically rely on average soil
erosion rates at a single time point or a singular sensitivity index!* to identify high-risk areas, making it difficult
to capture the dynamic changes and complexities of the soil erosion process across different time scales'.
Consequently, traditional methods for identifying high erosion risk areas have limitations in addressing multi-
temporal variations and the nonlinear development of soil erosion, resulting in insufficient identification
accuracy. The improved Stability Mapping (STD) method offers a new perspective to address this issue. This
method comprehensively considers the similarity, turnover rate, and diversity of soil erosion, enabling the
refined identification of different types of change trajectories, particularly significant fluctuations in high-risk
areas. Compared to traditional methods, the improved STD approach not only overcomes the limitations of
single-phase analysis but also captures the complex dynamic changes of soil erosion across different time scales,
effectively identifying and quantifying spatial dependencies, and accurately capturing change trends and key
areas'®. Applying this method contributes to a deeper understanding of the dynamic changes in soil erosion and
provides a scientific basis for formulating more targeted soil erosion prevention and control measures, thereby
promoting sustainable regional management.

Changes in soil erosion constitute a complex and multifaceted process, resulting from the combined
impacts of natural phenomena and human activities!”. Land use/cover change and climate change are generally
acknowledged as the primary and dynamic forces driving soil erosion!®-20. Although these factors are universal,
the dominant drivers of soil erosion vary significantly across regions. For example, alterations in water and soil
loss in the lower Yellow River area primarily stem from differences in elevation and land use types®!; conversely,
rainfall patterns and land use changes dictate soil erosion on the island of Crete in the Mediterranean region®’;
and in the karst areas of Southwest China, vegetation types and rainfall conditions significantly impact water
and soil loss?2. Therefore, the principal drivers of soil erosion differ by region, making it crucial to explore the
driving factors in different areas. However, the linkage between these driving forces and soil erosion is not a
straightforward linear relationship but rather the consequence of multiple factors operating in conjunction®.
Consequently, delving into the comprehensive driving factors behind soil erosion has become an essential
research topic.

Current models for attributing driving factors can be divided into non-spatial models (such as multiple
regression?, redundancy analysis®®, ordinary least squares®, etc.) and spatial models (such as Geographical
Detector?’, geographically weighted regression, etc.)?®. Non-spatial models overlook the impact of geographical
location. In contrast, spatial models incorporate spatial position and its dependencies, revealing the heterogeneity
of driving factors across varied geographic areas, offering a fresh perspective for understanding intricate
geographical phenomena®. Spatial models can quantitatively analyze the spatial diversity of causal elements;
therefore, research on spatial models in investigating the causal elements of changes in soil erosion is increasing.
However, challenges remain: the spatial data discretization of traditional Geographical Detector introduces
subjectivity and randomness®, increasing analytical uncertainty; and most studies do not fully consider the
scale characteristics of driving factors®. Addressing these challenges, this study integrates LASSO regression,
Optimal Parameter Geographical Detector (OPGD), and Multiscale Geographically Weighted Regression
(MGWR) methods. The LASSO regression method can effectively solve the multicollinearity problem,
avoiding overfitting and helping to build more reliable models®*’. OPGD reduces subjectivity and randomness
by optimizing the data discretization process and parameter selection, improving the accuracy and reliability
of spatial analysis®®. Simultaneously, the MGWR method considers heterogeneity at different spatial scales,
allowing for a more accurate capture and understanding of the influence of underlying determinants at various
geographical scales®. The combined application of these three methods not only enhances the ability to explain
the spatial interdependence of driving forces but also reveals the distribution characteristics and intensity of
influence of soil erosion determinants at diverse geographic levels, thereby offering specific strategies for soil
erosion prevention and control.

This study focuses on the Central Yunnan Urban Agglomeration (CYUA), a representative mountainous
urban area in southwest China characterized by significant elevation variations, complex geological structures,
and variable climatic conditions, leading to serious soil erosion issues. To this end, this study employs an
improved RUSLE model for a quantitative assessment of soil erosion from 1990 to 2020 and uses the improved
STD method to identify high erosion risk areas. Based on this, the study employs the Optimal Parameter
Geographical Detector (OPGD) and Multiscale Geographically Weighted Regression (MGWR) models to
analyze the differentiated driving mechanisms of soil erosion in the urban agglomeration as a whole and in
high erosion risk areas, aiming to reveal the dominant factors of soil erosion in different regions and their
spatial characteristics. The results will contribute to a deeper understanding of the spatiotemporal evolution
patterns and driving mechanisms of soil erosion in the CYUA, providing scientific references for regional soil
conservation and ecological environment.

Materials and methods

Study area

The Central Yunnan Urban Agglomeration (CYUA) is situated in the southern part of the Qinghai-Tibet Plateau
(100°45 x104°48°E,23°20 x27°02'N), encompassing Kunming, Qujing, Yuxi, Chuxiong, and the northern
portion of Honghe, which includes 7 cities and counties (Shiping, Jianshui, Kaiyuan, Luxi, Mile, Gejiu, and
Mengzi), totaling 49 counties, cities, and districts(Fig. 1). Rainfall and dry periods within the urban agglomeration
display significant disparities, with an average yearly rainfall of 950 mm, mainly occurring between June and
August, making up approximately 60% of the annual precipitation. The terrain of the urban agglomeration is
complex, with mountain ranges extending from northwest to southeast, higher in the north and lower in the
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Fig. 1. Study area. Figure 1 was generated though the ArcGIS 10.5 software (http://www.esri.com).

south, spanning altitudes from 127 to 4293 m above sea level, showcasing high peaks, deep ravines, and steep
inclines. Slopes vary from 0° to 88°, with an average gradient of 15.7°. The region has a considerable amount of
arable land and is the most advanced agricultural area in Yunnan Province, hosting the densest population and
urban distribution. The combination of complex terrain, intense seasonal rainfall, and intensive land use has led
to severe soil erosion in the region.

Data sources

This study selected the period from 1990 to 2020, aiming to reveal the differentiated driving mechanisms
of soil erosion between the urban agglomeration as a whole and high-risk areas. To ensure consistency and
comparability of the data, the spatial coordinate system used in this paper is WGS_1984_UTM_zone_48 N, and
all data have been resampled to a spatial resolution of 1 km. Detailed information about the data can be found
in Table 1.

Quantification of soil erosion

The Revised Universal Soil Loss Equation (RUSLE) model stands as the most utilized method for assessing soil
erosion impacts. Due to its simplicity in structure, constrained parameters, convenient input, and reliable result
have led to its extensive use for predicting and analyzing soil erosion on a global scale®>*. In this study, the soil
erosion modulus for seven consecutive phases from 1990 to 2020 was calculated using RUSLE model. Refer to
Supplementary Material S1 for operating procedures of RUSLE model.
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Data Relevant information Resource
ASTER GDEM V2 30 m; grid Geographic Spatial Data Cloud
Landsat series data 30 m; grid (http://www.gscloud.cn)
Daily rainfall, daily temperature: 99 meteorological stations around CYUA; text
Gross Domestic Product(GDP) Resource and Environment Science &
- - 1 km; grid Data Centre of the Chinese Academy
Population Density(POP) of Sciences (http://www.resdc.cn)
Land use data 30 m; grid
Soil data (including sand, silt, clay, and organic carbon content) | 1 km; grid World Soil Database (HWSD) (http://
www.fao.org)
Resource and Environment Science &
Land use data 30 m; grid Data Centre of the Chinese Academy
of Sciences (http://www.resdc.cn)

Table 1. Data description.

Level Slight Erosion | Mild Erosion | Moderate Erosion | Severe Erosion | Extremely Severe Erosion | Violent Erosion

Soil Erosion Modulus | 0 ~5 5~25 25~50 50 ~80 80 ~150 > 150

Table 2. Soil erosion intensity classification standards (t-ha=!-y™").

Extracting high erosion risk areas based on the stability mapping method

After obtaining the soil erosion modulus, we refered to the “Classification and Grading Standards for Soil
Erosion” (SL190-2007) issued by the Chinese Ministry of Water Resources, merge pixels with the same erosion
level, and draw a soil erosion intensity map of the urban agglomeration. Specific classification and grading
standards can be seen in Table 2.

Based on this, soil erosion intensity levels of severe erosion and above were classified as a new category
named “high-intensity soil erosion”. Meanwhile, according to the erosion standards issued by the Chinese
Ministry of Water Resources, the range of 0-5 t-ha™!-y~! was considered as an area with no significant erosion;
thus, slight erosion was regarded as an area with no significant erosion. In this study, severe erosion, extremely
severe erosion, and violent erosion were classified as high-intensity erosion. Thus, no significant erosion, mild
erosion, moderate erosion, and high-intensity erosion were encoded as 1, 2, 3, and 4, respectively.

Extraction of change maps

The extraction of soil erosion change maps could be viewed as the extraction of multi-temporal soil erosion
spatial unit change maps. Referring to the spatial expression method of land use change proposed by Shi et al.”7,,
we extracted the changes of soil erosion at various temporal phases within a continuous time series. The formula
is as follows:

C=10""1%Y  +10" 2% Yo+, ... ,+10" "% Y, 14,... ,+10" " % Y; (1)

where, C represents the soil erosion change map of the study area in a continuous time series; 7 is the number of
temporal phases during the study period, and Yi represents the soil erosion change map corresponding to the ¢
th temporal phase.

Improved stable mapping change trajectory extraction

To delve deeper into the soil erosion changes at specific locations, we adopted the stability mapping change
trajectory analysis technique advocated by Swetnam?3®, which includes three indices: Similarity, which captures
data regarding the prevalent status of any category at a given location throughout the entire period; Turnover
which records the frequency of changes occurring between consecutive years; Diversity identifies the number of
any category. By integrating this with the real-world context of soil erosion variations in urban agglomerations,
this study proposes a suitable STD judgment method for soil erosion changes in urban agglomeration. Then,
using logical rules, these three indices were combined into four categories in the time series: stable, step, periodic,
and fluctuating (Table 3).

Identifying high erosion risk areas
In analyzing the soil erosion change trajectories of the Central Yunnan Urban Agglomeration (CYUA), we
applied the stability mapping method to categorize the change trajectories of different plots into four types:
stable, stepwise, cyclical, and fluctuating. Among these, the “fluctuating” trajectory exhibited significant soil
erosion changes with high uncertainty and potential risk. Therefore, we regarded fluctuating areas as high-
sensitivity zones for soil erosion.

The definition of high-sensitivity areas is based on the intense volatility of soil erosion in these regions and
their high responsiveness to external factors (such as climate change, precipitation intensity, vegetation cover, and
human activities). Fluctuating areas are generally more susceptible to external environmental changes, leading
to soil degradation and exacerbation of erosion, which increases ecological risk and necessitates enhanced
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Turnover | Diversity | Similarity | Primary Class | Secondary Class Example | Features

0 1 7 Stable Stable 1,111,111 | No change

2 2 6 Metastable 1,111,211 | One-year mutation, the rest unchanged

1 2 6,5 Early Change Late Stability | 1,121,111 | Only one change occurs between two types in the first three temporal phases
1 2 4 Step Mid-term Change 1,112,111 | Only one change occurs between two types in the middle period

1 2 6,54 Early Stability Late Change | 1,111,121 | Only one change occurs between two types in the last three temporal phases
2,34 2,34 2,34 Periodic — 1,212,121 | Fluctuations with certain regularity

— — — Fluctuating — 1,243,413 | More frequent changes between categories are related to high turnover rates

Table 3. Logical rules for soil erosion change trajectories STD in the CYUA.

management and protection efforts. In subsequent analyzes, high-sensitivity areas will be the focus of attention,
combining their specific driving factors to provide more targeted management and protection measures to
effectively control soil erosion, reduce ecological risks, and achieve sustainable regional development.

Analysis of soil erosion drivers

LASSO regression for driver factor screening

Changes in soil erosion are intrinsically linked to both environmental elements and human actions. We initially
selected 19 potential driving factors and classified them into five categories: terrain (elevation, slope, aspect,
terrain wetness index), land use (pattern (edge density, landscape shape index, patch density, cohesion) and
structure (proportion of cropland, woodland, grassland, water area, built-up area, unused land, major land
use types)), population (population density), vegetation (vegetation coverage), and climate (temperature and
precipitation). Utilizing Matlab software, we employed LASSO regression to analyze 19 possible influencers of
soil erosion in the CYUA region. The primary objective of this method is to reduce:

mm{z K (y— Z 5,1l’ijﬁj)2 +A Z i1 ‘51}} 2

Where, 8. is obtained by solving the minimization problem described in the equation, A is used to control
the regularization strength of the coefficients, and its optimal value will be determined based on the model
performance indicators obtained through cross-validation.

We used LASSO regression to conduct biased estimation regression on the 19 driving factors. Subsequently,
important predictor variables were screened out, all five categories of driving factors had predictor variables
retained, totaling 11 variables, encoded as X1 to X11, and Specific description are presented in Supplementary
Material S2.

Optimal parameter geographical detector

To effectively identify and quantify the effect of these potential elements on soil erosion, it is urgent to recognize
these factors and measure their influence quantitatively. In this study, the soil erosion intensity values at different
temporal phases were taken as the response variables, with the 11 screened driving factors as explanatory
variables. We used the Optimal Parameter Geographical Detector (OPGD) developed based on R language
to analyze driving factors®>. The OPGD tool utilizes both single-factor and interactive detector functions to
determine the effect of individual and combined explanatory variables (X) on the response variables (Y) using
the q statistic in Eq. (8) as a measure.

—1— SSW
q , SST
SSW =>" he1 Nno B2 3)
SST =02

Multi-scale geographical weighted regression

While the Geographical Detector can identify important driving factors influencing soil erosion, it primarily
analyzes the influence of each factor from a global statistical perspective, making it difficult to reveal the spatial
non-stationarity of driving factor influences, i.e., how the degree of influence varies with geographical location.
In contrast, the MGWR method, by estimating the local regression coefficients of each explanatory variable
at each geographical location, can effectively quantify the spatial non-stationarity of driving factor influences
and intuitively demonstrate the spatial heterogeneity of driving factor influences®. Although the Geographical
Detector can identify the interactions between different factors, its results are still global and cannot reveal the
specific spatial manifestations of these interactions. Furthermore, MGWR can handle the characteristic that
different explanatory variables may have different spatial scales of influence, which is not achievable with the
Geographical Detector.

Thus, it becomes increasingly essential to understand how this phenomenon can be observed on a local
scale while incorporating more granular spatial details. To capture the spatial heterogeneity of the relationships
between response and explanatory variables, and considering that different variables may operate at different
spatial scales, we employed the Multiscale Geographically Weighted Regression (MGWR) method. This
approach is particularly effective as it accounts for the varied spatial scales inherent to different variables within
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geographical processes*’. The deployment and computation of the MGWR model follow a structured modeling
process, as detailed by Fotheringham et al.*°.

Yi :Z 1B by (wis vi) X + € "

Where, Y; represents soil erosion, X;; represents the jth variable affecting soil erosion of the ith sample, bwj
represents the optimal bandwidth used for estimating the regression coefficient of the j-th explanatory variable,
B bwj( u,v,) represents the position (u,,v;) corresponding to the regression coefficient of the jth variable, and ¢ ; is
the error value of the normal distribution.

Results and analysis

Spatial distribution of soil erosion

In this study, the RUSLE model was employed to assess soil erosion in the CYUA. The validation of the model is
provided in Supplementary Material S3. In this study, the RUSLE model was employed to evaluate soil erosion
in the CYUA. From 1990 to 2020, notable spatial distribution characteristics of soil erosion in the CYUA were
observed (Fig. 2). The data indicates that approximately 72.44% of the area did not exhibit significant soil
erosion, while areas experiencing mild, moderate, and high-intensity erosion accounted for 16.69%, 7.04%, and
3.83%, respectively. It is noteworthy that from 1990 to 2000, the proportion of moderate and high-intensity
erosion areas showed an increasing trend, peaking in 2020 at 9.42% and 7.75%, respectively. However, a reversal
in trend occurred after 2000. By 2020, the proportions of moderate and high-intensity erosion areas decreased to
3.75% and 2.04%, respectively, representing a decrease of 151.13% and 182.16% compared to 2020, particularly
evident in areas southwest near the Red River basin (Fig. 2a). The proportion of areas with no significant erosion
exhibited an opposite trend, with the inflection point also occurring in 2000 (Fig. 2b).

Identifying high-risk areas for soil erosion in CYUA

Using the improved Stability Mapping Method (STD), we classified the dynamic changes in soil erosion intensity
levels in the Central Yunnan urban agglomeration from 1990 to 2020 into four primary categories: stable,
stepwise, cyclical, and fluctuating, with further subdivisions into secondary and tertiary categories (Fig. 3).
These categories reflect the changing characteristics of soil erosion across different regions and temporal scales.

The stable regions account for approximately 60.21% of the total area, primarily composed of persistently
stable (49.97%) and long-term sustained (10.23%) types. This indicates that during the study period, most areas
maintained a relatively stable soil erosion intensity with no significant changes, reflecting a stable ecological
environment with minimal external disturbances. The stepwise regions comprise about 9.42% of the area,
showing only one instance of change in soil erosion intensity, typically triggered by external disturbances during
a specific phase (such as sudden rainfall or human activities), but subsequently returning to stability.Cyclical
regions represent 16.70% of the total area and exhibit periodic fluctuations in soil erosion intensity. These
areas are significantly influenced by seasonal or other periodic factors (such as rainfall or vegetation changes),
indicating that soil erosion intensity follows a regular pattern over time.

Additionally, the fluctuating regions account for 13.68% of the area, characterized by frequent changes in
soil erosion intensity, high turnover rates, and extreme instability. These areas are highly sensitive to changes in
the external environment, such as precipitation intensity, vegetation cover, and variations in human activities,
making them susceptible to soil degradation and heightened erosion risks. Therefore, in this study, fluctuating
regions are identified as high-sensitivity zones for soil erosion, requiring focused attention and effective
preventive measures.

Figure 3b illustrates the high-sensitivity areas are mostly distributed in northwestern Dayao County in the
Chuxiong Prefecture, western Chuxiong City in the Chuxiong Prefecture, southern Gejiu City and Mengzi City
in the Honghe Prefecture, as well as northeastern Huizei County and Xuanwei City in Qujing City, and eastern
Luoping County in Qujing City. Combining this analysis with spatial distribution, we found a strong correlation
between high-sensitivity areas for soil erosion and rivers rated above level five within the region. This suggests
that areas along riverbanks may experience more severe soil erosion due to topographic variations and water
flow erosion. This finding provides important reference data for soil and water conservation efforts in riverbank
areas.

Analysis of soil erosion driving factors
Identification of dominant factors influencing soil erosion in the CYUA
We selected 11 driving factors: elevation (X1), slope (X2), aspect (X3) topographic wetness index (X4), edge
density (X5), landscape shape index (X6), major land use types (X7), population density(X8), vegetation
coverage (X9), temperature (X10), and precipitation (X11). Utilizing the optimal parameters of the Optimal
Parameter Geographical Detector, we quantitatively assessed the distribution of soil erosion in the CYUA over
the past three decades. The results (Fig. 4) show that all 11 driving factors were statistically significant (sig <0.05)
and exhibited significant differences in their explanatory power for the soil erosion situation in the CYUA.
Collectively, the g-value for slope (X2) was the highest (0.628 T3:0%5), followed by vegetation coverage (X9)
(0.531 T5-09% This indicates these two factors mainly drive the spatial differentiation of soil erosion in the
CYUA. Aspect (X3) showed the lowest explanatory power (0.205 T0:057), while the other driving factors also
had some influence on the spatial distribution of soil erosion, with their explanatory power fluctuating with
time, with precipitation showing the most extensive fluctuation range in q-values ( 0.382 199%5),

The results of spatial detection (Fig. 5) indicate that, in most cases, the explanatory power of coupled factors
exceeds that of single factors for soil erosion. Notably, the interaction between slope and precipitation and their
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Fig. 2. Spatial-temporal distribution of soil erosion in the CYUA, where (a) illustrates the distribution of
soil erosion intensity levels in the CYUA, and (b) depicts the proportion of soil erosion intensity at different
periods and the trend of changes in intensity levels in the CYUA from 1990 to 2020. Figure 2 was generated
though the ArcGIS 10.8 software (http://www.esri.com).

interactions with other factors demonstrate notably significant influences, with their combined explanatory
power exceeding 0.6. Notably, the interaction between slope and precipitation stands out with an explanatory
power as high as 0.97, nearly 2.54 times the explanatory power of rainfall as a single factor. Additionally, while
vegetation coverage exhibits explanatory solid power as a standalone factor, its interaction with precipitation
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Fig. 3. Changes in STD trajectories of soil erosion in the CYUA from 1990 to 2020, where (a) illustrates the
spatial distribution of soil erosion STD trajectory changes, (b) depicts the overlay of fluctuating areas of soil
erosion in the CYUA with rivers of level five and above and districts (/counties), (c) presents a zoomed-in view
of (a) (partial counties of Xundian and Mouding), and (d) shows the proportion of trajectory levels in STD
trajectories. Figure 3 was generated though the ArcGIS 10.8 software (http://www.esri.com) and Microsoft
PowerPoint (https://www.microsoft.com).

and population density further enhances its explanatory power, exceeding 0.7. These findings underscore the
significant role of multifactor interactions in the spatial distribution of soil erosion, suggesting the importance
of considering all potential interactive effects for a more accurate understanding and prediction of soil erosion
spatial patterns.

The main drivers of soil erosion in the CYUA were identified as slope, vegetation coverage, and rainfall
through the use of Optimal Parameter Geographical Detectors (OPGD) and Multiscale Geographically Weighted
Regression (MGWR) methods. These factors were found to have significant spatial heterogeneity. The results
(Table 4; Fig. 6) indicate that all driving factors passed the t-test (P< 0.05), demonstrating significant spatial
heterogeneity. The slope exhibited firm spatial heterogeneity with a bandwidth of 45, positively correlated with
soil erosion, with a mean regression coefficient of 0.832. This suggests that steeper slope areas experience more
severe soil erosion issues, particularly in the northern and eastern regions of the CYUA. Vegetation coverage,
with a bandwidth of 43, showed even more significant spatial heterogeneity, albeit with a lower correlation with
soil erosion (mean regression coefficient of —0.448). However, its positive role in mitigating erosion must be
considered, especially in areas with higher coverage along the northeast-to-southwest axis.
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Fig. 4. Explanatory power of 11 driving factors on the spatial distribution of soil erosion in the CYUA.
Figure 4 was generated though the SangerBox (http://www.Sangerbox.com).

Identification of dominant factors in areas with high erosion-risk in the CYUA

Areas with high erosion-risk in the CYUA from 1990 to 2020 were selected as the study objects, and factor
detection was conducted for the 11 driving factors. The results (Fig. 7) indicate that eight factors passed the
significance test. At the same time, the influences of elevation, aspect, and major land use types did not reach
significance (with significance values greater than 0.05). Overall, rainfall (X11) exhibited the highest q-value
( 0.607 T5:99%), followed by vegetation coverage (X9) ( 0.524 T3:055), highlighting these two as the main
driving factors for high-risk soil erosion in the CYUA. Conversely, population density (X8) showed the weakest
explanatory power ( 0.284 *0-03%). Additionally, other driving factors also influenced the spatial distribution
of soil erosion in the CYUA, with their explanatory power fluctuating over time. Analysis of the q-values reveals
slightly reduced single-factor explanatory power for high-intensity soil erosion compared to overall soil erosion
in the CYUA. Nevertheless, single-factor explanatory power for high-intensity soil erosion displayed considerable
fluctuation. Among numerous driving factors, the explanatory power of rainfall stands out, reaching its peak as
a single factor, namely 0.705.
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Fig. 5. Interaction explanatory power of 11 driving factors on soil erosion in the CYUA. Figure 5 was
generated though the SangerBox (http://www.Sangerbox.com).
Slope | 45 0.832 | 0518 0.819 | 1195
FVC 43 -0.448 | -0.737 -0.307 | -0.248
Rainfall | 212 0.488 | 0.387 0493 | 0.579
Table 4. Bandwidth and regression coefficients of key driving factors for overall soil Erosion in the MGWR
model.

Interaction detection results (Fig. 8) indicate that any coupled two-factor interaction surpasses a single factor
in explaining the spatial distribution high erosion-risk areas in the CYUA, with solid interaction explanatory
powers exceeding 0.5. Notably, the interaction between terrain wetness index TWI (X4), a weak single-factor
explanatory power, and temperature (X10) exhibits the highest interaction explanatory power for soil erosion
in high-risk areas, reaching 0.91. The interaction between rainfall and vegetation coverage follows closely with
an interaction explanatory power of 0.89. Additionally, the interaction between rainfall and slope demonstrates
significant explanatory power, reaching 0.85.

The MGWR model reveals the impacts of three dominant driving factors (TWI, FVC, rainfall) on areas with
high erosion-risk in the CYUA (Table 5; Fig. 9). Results indicate that the bandwidths of the three factors are larger
than those of the entire region, with reduced spatial heterogeneity. TWI exhibits the most significant spatial
heterogeneity with a bandwidth of 213, positively correlated with erosion (mean 0.258), particularly influencing
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Fig. 6. Explicit spatial effects of slope, FVC, and rainfall on overall soil erosion in the CYUA through MGWR.
Figure 6 was generated though the ArcGIS 10.8 software (http://www.esri.com).

the northern and southern areas. FVC, with a bandwidth of 547, shows less pronounced spatial heterogeneity,
negatively correlated with erosion (mean —0.295), with notable inhibition observed in the southwest. Rainfall
has the most considerable bandwidth (591) and the most significant positive promotion effect (mean 0.363),
with high coefficient areas distributed in opposition to FVC, primarily in the north. Notably, areas with high
rainfall coefficients exhibit an opposite trend to vegetation coverage factors, mainly distributed in the north.

Discussion

Innovation and generalizability of identifying high-risk areas based on the improved STD
method

This study employed an improved Stability Mapping Method (STD) to identify high-risk areas for soil erosion,
effectively overcoming the limitations of traditional methods that relied on single time-phase data and singular
indicators*!. Traditional approaches often focused solely on the intensity of soil erosion, whereas the improved
STD method further incorporated temporal change characteristics, enabling a comprehensive assessment of the
soil erosion process. Specifically, the improved STD method establishes a logically rigorous classification system
by considering soil erosion similarity, turnover rate, and diversity. This system provides significant guidance for
identifying different change types, allowing managers to quickly and accurately recognize and respond to soil
erosion risks, thereby significantly enhancing decision-making efficiency and effectiveness.

Moreover, the STD method captures the complex dynamic changes of soil erosion processes, particularly
in identifying fluctuating areas that are highly sensitive to environmental changes. This characteristic enhances
the scientific accuracy of identifying high-sensitivity zones. The results show that areas with high erosion risk
are primarily distributed along riverbanks, confirming the significant impact of water flow erosion on soil
erosion*?. This finding provides essential reference data for soil and water conservation efforts in riverbank
areas, highlighting the need for relevant departments to strengthen vegetation protection and soil erosion
control in these regions.

The improved STD method not only demonstrates significant advantages in soil erosion risk assessment
but also possesses broad applicability through its multidimensional assessment framework. It can be extended
to other ecologically sensitive fields. For example, assessing ecosystem degradation, biodiversity conservation,
climate change impact assessment, land use change monitoring etc.

Importantly, identifying high-risk areas and implementing targeted management measures not only
enhances the efficiency of ecological resource protection but also aligns with global sustainable development
agendas®, reinforcing the practical significance and social value of this research. In summary, the improved
STD method provides a new perspective and tool for identifying and assessing various ecological issues by
comprehensively considering temporal dimensions and changes across multiple indicators, with the potential for
broader application in ecological environment management and protection, thereby enhancing the sustainable
management capacity of ecosystems.

Spatial heterogeneity of soil erosion driving mechanisms

This study employed an improved RUSLE model and STD stability mapping method to assess the temporal
and spatial dynamic changes in soil erosion in the Central Yunnan urban agglomeration from 1990 to 2020.
Additionally, OPGD and MGWR models were employed to reveal the differentiated driving mechanisms of soil
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Fig. 7. Explanatory power of 8 driving factors on the spatial distribution of areas with high erosion-risk in the
CYUA. Figure 7 was generated though the SangerBox (http://www.Sangerbox.com).

erosion in the urban agglomeration and high-risk erosion areas. This multi-model approach allowed for a more
nuanced understanding of the complex interplay of factors influencing soil erosion at different spatial scales.

Initial Geographical detector analysis indicated that slope and vegetation cover were the primary factors
influencing the spatial distribution of soil erosion across the Central Yunnan urban agglomeration. This aligned
with previous research findings that terrain**** and vegetation conditions*® were key factors controlling regional
soil erosion. This consistency across studies underscores the fundamental role of topography and land cover
in shaping broad-scale erosion patterns. However, when focusing on high-risk erosion areas, the impact of
precipitation and vegetation cover became more pronounced. This suggested that while topographic factors
dominated at the regional scale, the influence of climatic conditions should not have been underestimated in
local high-risk areas. This finding highlights a critical nuance: the dominant drivers of soil erosion can shift
depending on the spatial scale of analysis. This underscored the importance of exploring internal regional
differences to develop more targeted soil erosion control measures.

The application of the MGWR model provided further insights into the spatial heterogeneity characteristics
of key driving factors, revealing nuances beyond the broad influence of slope and vegetation. Slope, vegetation
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Fig. 8. Interaction explanatory power of 8 driving factors on areas with high erosion-risk in the CYUA.
Figure 8 was generated though the SangerBox (http://www.Sangerbox.com).

TWI 213 0.258 | 0.056 0.246 0.583
FVC 547 —-0.295 | -0.405 -0.307 | -0.191
Rainfall | 591 0.363 | 0.274 0.366 0.583

Table 5. Bandwidth and regression coeflicients of key driving factors for areas with high Erosion risk in the
MGWR.

cover, and precipitation exhibited distinct spatial impact patterns. Slope primarily affected the northern and
eastern regions of the urban agglomeration, suggesting its dominant role in areas with steeper terrain. The
influence of vegetation cover was more significant along the northeast to southwest axis, potentially reflecting the
distribution of different vegetation types and their effectiveness in erosion control. Notably, precipitation had the
largest impact scale, showing a more apparent positive correlation with soil erosion in high rainfall areas. These
spatially varying relationships emphasize the importance of considering local environmental conditions when
assessing erosion risk. These results highlight significant differences in the spatial effects of various factors, likely
stemming from the inherent spatial variations in terrain, climate, and vegetation conditions within the region.
Therefore, formulating effective soil erosion control strategies necessitates considering the spatial heterogeneity
of key factors and implementing water and soil conservation efforts tailored to local conditions.
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Fig. 9. Spatially explicit effects of MGWR, TWI, FVC, and rainfall on areas with high erosion-risk of the
CYUA. Figure 9 was generated though the ArcGIS 10.8 software (http://www.esri.com).

Furthermore, MGWR analysis results for high erosion risk areas revealed that the topographic wetness
index (TWI), along with vegetation cover and precipitation, emerged as dominant factors. Interestingly, the
spatial heterogeneity of these factors was reduced compared to the overall region. This may be attributed to
the relatively consistent environmental conditions within these high-risk areas, leading to diminished spatial
variability in driving factors. Nonetheless, TWI, vegetation cover, and precipitation still exhibited noticeable
spatial differentiation at the local scale. The topographic wetness index had a greater influence in the northern
and southern areas, indicating its importance in areas prone to water accumulation. Conversely, vegetation
cover had a more pronounced suppressive effect in the southwestern region. This suggests that even within
high-risk zones, specific localized factors can modulate erosion processes, requiring fine-tuned interventions.
These findings emphasize the necessity of exploring internal regional differences even within high-risk zones,
providing important references for precise policy-making and targeted interventions.

Significant mitigating effect of vegetation on soil erosion: unpacking the mechanisms

Our research consistently indicated that vegetation cover significantly mitigates soil erosion, both across the
entire study area and within high erosion risk zones. This strong negative correlation aligns with numerous
studies demonstrating the protective role of vegetation'>"”. Our findings further elucidate the underlying
mechanisms: First, the roots of vegetation penetrate deep into the soil, effectively increasing soil stability and
reducing the risk of excessive runoff*3, thereby alleviating soil erosion. Second, the presence of vegetation acts as
a physical barrier, slowing down water flow and reducing its erosive power, thus decreasing the scouring effect
of water on the soil and enhancing soil resistance to erosion?’. Additionally, vegetation significantly improves
rainfall interception capacity®, reducing the amount of rainfall directly impacting the soil surface. Furthermore,
vegetation enhances soil water retention, which not only helps protect soil structure but also effectively prevents
soil and water loss.

Moreover, MGWR analysis results further validate the significant negative correlation between vegetation
cover and soil erosion, clearly indicating that increasing vegetation cover is a highly effective soil and water
conservation strategy!'®. This reinforces the established understanding of vegetation as a key tool for erosion
control. By comparing data from 1990 to 2020, we observed that the severe soil erosion conditions in the
southwestern region of the Central Yunnan urban agglomeration improved, a change directly attributable to
increased vegetation cover. This temporal observation provides empirical evidence supporting the long-term
effectiveness of vegetation restoration efforts in reducing erosion. This finding emphasizes the critical and
multifaceted role of vegetation in preventing soil erosion, particularly in high-intensity erosion scenarios?’.
Therefore, in future soil erosion control efforts, especially in vulnerable areas like the downstream Jinsha River
and upstream Nanpan River, which are significantly affected by rainfall, it is essential to prioritize the protection
and restoration of vegetation to effectively prevent soil erosion and safeguard regional ecological safety>'.

Research limitations

This study investigated the spatio-temporal variations and the mechanisms driving soil erosion in the CYUA
over the past thirty years, yielding some important findings. However, some limitations and uncertainties were
still worthy of further analysis and discussion. First, we did not finely classify the specific values of key driving
factors, unable to accurately capture the subtle distinctions in soil erosion under differing levels of factors. Future
research could supplement this by delving deeper to reveal the differential effects of diverse factors on soil erosion.
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Second, we analyzed the driving forces of soil erosion separately at the grid scale (OPGD) and the basin scale
(MGWR). However, soil erosion processes differed across scales due to hydrological conditions’ nonlinearity,
heterogeneity, and randomness®”>2. Future research could conduct multiscale analyzes to understand soil
erosion processes comprehensively®*>>4. Despite these limitations, this study provided new insights and methods
for soil erosion management in the CYUA. The research outcomes provided a scientific basis for formulating
more targeted and actionable soil protection measures.

Conclusion

This study assessed the temporal and spatial dynamic changes in soil erosion in the Central Yunnan urban
agglomeration from 1990 to 2020 based on an improved RUSLE model and the STD stability mapping method.
Additionally, OPGD and MGWR models were utilized to reveal the differentiated driving mechanisms of soil
erosion in the overall urban agglomeration and high-risk erosion areas. The main conclusions are as follows:

(1) From 1990 to 2020, soil erosion in the Central Yunnan urban agglomeration exhibited a trend of first inten-
sifying and then alleviating, with inflection points for moderate and high-intensity erosion areas occurring
in 2000.

(2) Using the improved STD method, high-risk soil erosion areas were identified mainly along the riverbanks
of the urban agglomeration, which are highly sensitive to external disturbances and require enhanced soil
and water conservation measures.

(3) OPGD analysis indicated that slope and vegetation are key factors influencing the overall soil erosion pat-
terns of the urban agglomeration, while precipitation and vegetation are the dominant influencing factors
in high-risk areas. Significant interactive effects exist among different factors.

(4) The MGWR model revealed the spatial heterogeneity characteristics of key driving factors. Slope primarily
affects the northern and eastern regions, while vegetation has a significant role along the northeast-south-
west axis, and precipitation has the largest impact scale. The spatial heterogeneity of driving factors in high-
risk areas is reduced compared to the overall region.

(5) The mitigating effect of vegetation cover on soil erosion is significant. Increasing vegetation cover is an
effective soil and water conservation strategy, and future efforts should focus on the protection and restora-
tion of vegetation in the northern region of the Jinsha River and the upper reaches of the Nanpan River.

Data availability
All data generated or analyzed during this study are included in this published article. For any inquiries, please
reach out to the corresponding author.
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