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As China’s pioneering cross-provincial ecological compensation zone, the upper 
Xin’an River Basin harbors immense ecological value. However, the long-term 
effects of its compensation policies on land use dynamics and associated 
landscape ecological risks (LER) remain poorly understood. Leveraging Google 
Earth Engine (GEE), this study analyzes land use changes from 1990 to 2020 and 
develops an LER assessment model to characterize spatiotemporal risk patterns. 
The GeoDetector model is then employed to quantify the relative influence of 
four categories of driving factors on LER. The results reveal that: (1) Forests have 
consistently dominated the landscape, with notable expansions in forest, 
waterbody, and urban areas, while cropland and tea plantations have 
declined; key transitions include bidirectional conversion between forests and 
tea plantations, as well as cropland conversion to other land uses; (2) The overall 
LER in the watershed has generally declined, particularly during the ecological 
compensation period, underscoring the policy’s positive impact. Spatially, LER 
exhibits distinct clustering patterns, with high-risk areas concentrated near urban 
centers and low-risk zones prevailing in mountainous regions; and (3) Natural 
factors, especially elevation and temperature, are the dominant drivers of LER 
patterns, while socioeconomic and accessibility factors have a limited impact. 
Collectively, these findings reflect the interplay between urbanization and 
ecological conservation efforts, offering a scientific foundation for optimizing 
watershed management under ecological compensation frameworks.
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1 Introduction

Land use dynamics serve as a critical link between human activities and the natural 
environment, profoundly shaping ecosystem structure and function (Van Asselen and 
Verburg, 2013; Zhou et al., 2020). Over decades, rapid population growth and 
socioeconomic development have driven substantial land use changes (Jiang et al., 2022; 
Kuang et al., 2021), leading to habitat degradation (Zhou et al., 2017), diminished ecosystem 
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services (Carter Berry et al., 2020), and increased ecological risks (Ai 
et al., 2022). These shifts pose critical threats to sustainable 
development, underscoring the need to analyze spatiotemporal 
land use patterns and assess regional ecological risks to enhance 
resilience.

Landscape ecological risk (LER) represents a crucial component 
of eco-environmental risk, referring to negative outcomes stemming 
from the interplay between landscape configurations and ecological 
dynamics (Cao et al., 2022; Jin et al., 2019; Zhang et al., 2020). Unlike 
traditional ecological risk assessments, LER focuses on 
spatiotemporal variation and scale effects, providing unique 
insights into risk processes and their evolutionary mechanisms 
(Chen et al., 2020; Lin and Wang, 2023). To date, extensive 
research has been devoted to LER assessments, addressing risks 
related to biodiversity loss (Li et al., 2024), climate adaptation 
(Mantyka-Pringle et al., 2015), landscape connectivity (Man 
et al., 2024), and human-induced ecological pressures (Bacci 
et al., 2013). These studies span multiple scales, including 
administrative units (Wang L.-J. et al., 2023), regular grids (Li 
et al., 2022), watershed units (Du et al., 2023), and urban clusters 
(Keshtkar et al., 2023).

LER assessment typically relies on land use patterns, as changes 
in land use impact both individual landscape features and broader 
ecological processes, making it essential for ecological risk 
evaluation (Zeng et al., 2024). Recent advancements in GIS/RS 
(Geographic Information System/Remote Sensing) technology, 
alongside platforms like Google Earth Engine (GEE) and PIE- 
Engine, have greatly enhanced the ability to map complex land 
use patterns over extended temporal scales (Xiong et al., 2021). This 
progress has enabled LER assessments across broader spatial extents 
and longer periods. For example, Karimian et al. (2022) assessed 
LER variations over nearly 40 years in the Dongjiang River Basin, 
while Zhang et al. (2023) evaluated the ecological risks in China’s 
nature reserves over the past 30 years. These studies have highlighted 
the spatiotemporal variations in ecological risks, essential for 
understanding regional ecological health and guiding 
conservation efforts. However, such studies often rely on existing 
land use data products (e.g., GlobeLand30, China Land Use Dataset 
(CLCD), and FROM-GLC, etc.) (Chen et al., 2015; Gong et al., 2013; 
Yang and Huang, 2021). For instance, Lin and Wang (2023) used the 
CLCD dataset to assess landscape ecological risks in a mountainous 
urban area, and Wang L.-J. et al. (2023) analyzed ecological risk 
changes in Nanjing from 2000 to 2020 using the 
GlobeLand30 dataset. Despite their high accuracy, these datasets’ 
applicability and reliability can vary significantly across regions 
(Zhai et al., 2023), and their direct use in regional LER studies 
may introduce considerable uncertainty (Zhong et al., 2023). 
Therefore, a more detailed understanding of land use changes 
and regional characteristics is essential for accurate LER 
assessments.

The Xin’an River Basin, spanning Anhui and Zhejiang 
provinces, plays a vital role as an ecological buffer and a primary 
water source for the Yangtze River Delta, contributing significantly 
to water conservation and biodiversity preservation (Ren et al., 2020; 
Yu et al., 2023). Meanwhile, the upstream watershed, renowned for 
its tourism appeal and tea production, has garnered sustained 
attention regarding its ecological health and sustainability. Since 
the 1990s, rapid population growth and socio-economic 

development in the upstream region have led to substantial land 
use changes, which pose significant threats to the water quality of 
downstream Qiandao Lake and undermine the basin’s ecological 
security (Chen et al., 2024; Wang S. et al., 2023). In response to this 
challenge, Anhui and Zhejiang provinces have implemented a cross- 
provincial ecological compensation mechanism, designating the 
Xin’an River Basin as China’s first pilot project of its kind (Yu 
et al., 2023). While considerable research has been conducted on 
ecological compensation mechanisms, ecosystem services, and water 
quality improvements, there remains a paucity of studies focusing 
on land use changes and long-term LER assessments within the 
context of ecological compensation.

This study centered on the upper Xin’an River Basin (XAJ 
watershed) to investigate the spatiotemporal changes in land use 
and LER from 1990 to 2020. Given the unique land cover features of 
the region, tea plantations were included in the land use 
classification system. By utilizing the GEE platform, six stable 
land use types were identified across the 1990–2020 period, and 
land use maps for 1990, 2000, 2010, and 2020 were generated by 
combining spectral, topographic, and textural features. A grid-based 
model for LER assessment was then developed, incorporating 
indicators of landscape disturbance and ecological vulnerability, 
which facilitated the examination of the spatiotemporal dynamics 
of LER and the identification of spatial patterns of clustering within 
the watershed. Subsequently, the GeoDetector model was applied to 
evaluate the influence of four categories of driving factors on 
changes in LER. The findings of this study will offer critical 
guidance for formulating sustainable development strategies and 
informing future management practices within the watershed.

2 Materials and methods

2.1 Study region description

The XAJ watershed, situated in the upper Xin’an River Basin of 
Anhui Province, eastern China (Figure 1), covers the geographic 
coordinates of 117°30′–119°00′E and 29°00′–30°30′N, with elevations 
ranging from 94 to 1765 m. It primarily covers Huangshan City, 
including Tunxi, Huizhou, and parts of Huangshan District, as well 
as Xiuning, Qimen, Yi, She, and Jixi Counties, with a total watershed 
area of 5,873.7 km2 (Cheng et al., 2020). The region features mainly 
mountainous and hilly landscapes, characterized by a subtropical 
monsoon climate. The mean annual temperature is 15.3 °C, and the 
average annual precipitation is 1927 mm. Forests dominate the area, 
with a forest coverage rate exceeding 70% (Chen et al., 2025a; Chen 
et al., 2025b).

As a pioneering cross-provincial ecological compensation zone 
and a major tourist and tea-producing area, it has consistently 
drawn attention for its environmental quality (Fu L. et al., 2022; 
Li et al., 2023). In recent decades, rapid urbanization and significant 
changes in land use have led to a continuous decline in the ecological 
condition of the watershed. Additionally, influenced by human 
activities and climate change, events such as landslides, rockfalls, 
and mudflows are becoming increasingly frequent. These pressures 
are accelerating landscape fragmentation and heightening ecological 
risks, raising serious concerns for the region’s long-term 
sustainability.
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2.2 Dataset overview and processing

Several relevant data are included in this study, including time- 
series Landsat imagery, natural factors (elevation, slope, and NDVI), 
climatic factors (precipitation and temperature), socio-economic 
factors (GDP density and population density), and regional 
accessibility factors (distances to rivers, town centers, and 
highways). Detailed information regarding data types, spatial 
resolution, and sources is provided in Table 1.

Landsat imagery was utilized for land use mapping. Specifically, 
the “LANDSAT/LT05/C01/T1_SR” and “LANDSAT/LC08/C01/ 
T1_SR” datasets were used for mapping and classification in 

1990, 2000, 2010, and 2020 on the GEE platform, with a spatial 
resolution of 30 m. All images underwent comprehensive pre- 
processing, including clipping, cloud removal, image fusion, and 
other necessary steps to ensure data quality. To better distinguish 
between tea plantations and forests, we synthesized composite 
images using data from April to July, aligning with the tea 
plantation harvest season. This period was chosen because 
spectral band characteristics exhibit pronounced variations 
during these months, enhancing the accuracy of classification. 
From these composite images, spectral and textural features 
were extracted, while elevation, slope, and aspect were obtained 
from 30-m resolution digital elevation data. This approach resulted 

FIGURE 1 
The study region location within China (a), within Huangshan City (b), and the distribution of sampling points across the region (c).

TABLE 1 Datasets overview for land use and landscape ecological risk dynamic analysis.

Datasets Spatial resolution Year Sources

LANDSAT/LT05/C01/T1_SR 30 m 1990, 2000, 2010 https://code.earthengine.google.com/

LANDSAT/LC08/C01/T1_SR 30 m 2020 https://code.earthengine.google.com/

SRTM DEM 90 m — https://www.resdc.cn/

Slope 90 m — —

Population density 1 km 1990, 2000, 2010, 2020 https://www.resdc.cn/ and https://data.tpdc.ac.cn/home

GDP density 1 km 1990, 2000, 2010, 2020 https://www.resdc.cn/ and https://data.tpdc.ac.cn/home

Annual precipitation 1 km 1990, 2000, 2010, 2020 https://www.resdc.cn/ and https://data.tpdc.ac.cn/home

Average temperature 1 km 1990, 2000, 2010, 2020 https://www.resdc.cn/ and https://data.tpdc.ac.cn/home

NDVI 1 km 1990, 2000, 2010, 2020 https://www.resdc.cn

Highways — — https://www.openstreetmap.org/

Rivers — — https://www.resdc.cn/

Town centers — — https://www.geodata.cn/

Frontiers in Environmental Science frontiersin.org03

Chen et al. 10.3389/fenvs.2025.1723453

https://code.earthengine.google.com/
https://code.earthengine.google.com/
https://www.resdc.cn/
https://www.resdc.cn/
https://data.tpdc.ac.cn/home
https://www.resdc.cn/
https://data.tpdc.ac.cn/home
https://www.resdc.cn/
https://data.tpdc.ac.cn/home
https://www.resdc.cn/
https://data.tpdc.ac.cn/home
https://www.resdc.cn
https://www.openstreetmap.org/
https://www.resdc.cn/
https://www.geodata.cn/
https://www.frontiersin.org/journals/environmental-science
https://www.frontiersin.org
https://doi.org/10.3389/fenvs.2025.1723453


in a robust, multidimensional feature set that integrates spectral, 
texture, and terrain information for improved classification 
performance. Additionally, by integrating multi-source data and 
applying spectral angular distance analysis (Section 2.3.2), long-term 
stable sample points were identified to support classification. The 
Random Forest (RF) algorithm was then applied to classify land use 
types for each target year, facilitating a comprehensive 
spatiotemporal analysis of land use dynamics throughout the 
study period.

Subsequently, the watershed was gridded, and the landscape 
disturbance index as well as the landscape vulnerability index for 
each grid cell were calculated using ArcGIS 10.2 and FRAGSTATS 
4.2. Based on these indices, an LER assessment model was developed 
to evaluate the dynamic patterns and spatial correlations of LER 
across the entire XAJ watershed.

Finally, we assessed the impact of natural, climatic, socio- 
economic, and regional accessibility driving factors on LER 
changes using the GeoDetector model. Natural and climatic 
factors are regarded as key drivers influencing land use 
dynamics, while the acceleration of socio-economic development 
has further expanded changes in land use patterns. Additionally, we 
considered the influence of proximity to rivers, town centers, and 
highways. Based on these considerations, we ultimately selected ten 
key indicators to describe the driving forces behind LER changes 
(Table 1). The elevation and slope data have a resolution of 90 m, 

whereas the GDP density, population density, precipitation, NDVI, 
and temperature data are available at a resolution of 1 km. All 
datasets used in this research are listed in Table 1, and a detailed 
workflow diagram is provided in Figure 2.

2.3 Land use classification

2.3.1 Image compositing and feature extraction
Referring to the land use classification system and watershed 

characteristics, the labeled land use types within the watershed 
encompass tea plantations, forests, croplands, built-up lands, 
grasslands, and waterbody. The classification of this 
heterogeneous land use in the watershed poses a significant 
challenge. Notably, tea plantations, mainly situated in 
mountainous regions with complex terrain, exhibit a fragmented 
distribution and are highly influenced by climatic conditions, 
intensifying the difficulty and uncertainty associated with 
classification. In our methodology, we systematically reviewed all 
images captured between April and July of the target year, 
prioritizing composites with less than 10% cloud cover. This 
process enhances our ability to distinguish features between land 
use types, contributing to heightened classification accuracy.

To ensure the consistency and availability of image features 
across all target years, we extracted three distinct types of features: 

FIGURE 2 
Workflow diagram for land use mapping, LER pattern analysis, and driving factor assessment.
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spectrum, terrain, and texture features. Recognizing that the original 
spectral features offer limited information, we opted to enhance 
their informativeness by incorporating spectral indices. In this 
regard, we utilized Normalized Difference Water Index (NDWI), 
Modified NDWI (MNDWI), Normalized Difference Tillage Index 
(NDTI), Normalized Difference Building Index (NDBI), 
Normalized Difference Vegetation Index (NDVI), Enhanced 
Vegetation Index (EVI), and Land Surface Water Index (LSWI) 
indicators to expand the original set of indicators for more effective 
land use classification. These indicators have been proven to be 
effective indicators for land use classification in other studies. 
Similarly, terrain features such as elevation, slope, and aspect 
were considered for classification (Table 2).

Besides, considering the distinctive texture characteristics of tea 
plantations, the Gray-Level Co-occurrence Matrix (GLCM), a widely 
recognized method for capturing detailed spatial information, was used 
in this study. The GLCM is particularly effective in extracting 
information related to the direction of grey levels, adjacent intervals, 
and the amplitude of changes within images (Kang et al., 2023). In this 
research, commonly used texture features such as Angular Second-order 
Moment (ASM), Contrast (CON), Correlation (CORR), and Variance 
(VAR) were applied for classification, and the texture features were 
calculated by the glcmTexture function provided by the GEE, with a 
kernel size of 3 × 3. Eventually, 20 image features were generated in land 
use classification for each target year.

2.3.2 Stable sample points acquisition
Obtaining high-accuracy training sample datasets with extensive 

temporal coverage remains a significant challenge in dynamic land 
use mapping (Huang et al., 2020). Here, we overcame the difficulties 
of sample collection by integrating multiple data sources and 
applying a spectral angular distance approach. First, we obtained 

the National Second Land Use Survey data from the local 
government, facilitating our selection of accurate sample points 
for 1 year. Based on this, sample points summing up to 2650 were 
selected for the main five land use types (Table 3). These sample 
points were evenly distributed and covered the entire study area 
(Figure 1). Subsequently, we used the annual CLCD dataset to filter 
out the sample points that consistently belonged to one land use type 
from 1990 to 2020. This process is a prerequisite for sample point 
migration and ensures that most sample points are stable over the 
study period. Finally, we further screened the samples using the 
sample migration method proposed by Huang et al. (2020). 
Specifically, we calculated the Spectral Angular Distance (SAD) 
and Euclidean Distance (ED) for each sample to measure spectral 
differences between reference and target times. Change status was 
determined by applying thresholds of 0.9 for SAD and 0.2 for ED, 
where samples exhibiting values below both thresholds were 
classified as stable (Huang et al., 2020). Ultimately, 864 long-term 
stable sample points were selected for classification.

2.3.3 Land use classification algorithm
RF is an ensemble algorithm that builds decision trees using random 

data and feature subsets. It’s commonly used in land use classification to 
categorize remote sensing imagery by assigning pixels to land cover 
types based on spectral and spatial features. Compared to other 
classification models, the RF model demonstrates stronger robustness 
and generalization abilities, and can effectively avoid overfitting. This 
study utilizes the ee. Classifier.smileRandomForest function for 
classification on the GEE platform. This algorithm requires setting 
two parameters: the number of decision trees and the number of 
features assigned to each node. In this study, three type of features 
were selected for RF classification (Table 2). The number of decision 
trees was set to 500 to ensure reliable predictions, while the number of 

TABLE 2 Feature types and descriptions for land use classification.

Feature types Feature description Abbreviation

Spectrum feature Original spectral band --

Normalized difference water index NDWI

Modified normalized difference water index MNDWI

Normalized difference turbidity index NDTI

Normalized difference built-up index NDBI

Normalized difference vegetation index NDVI

Enhanced vegetation index EVI

Land surface water index LSWI

Terrain 
Feature

Terrain elevation Elevation

Terrain slope Slope

Terrain aspect Aspect

Texture 
Feature

Gray-level Co-occurrence matrix angular second-order moment ASM

Gray-level Co-occurrence matrix contrast CON

Gray-level Co-occurrence matrix correlation CORR

Gray-level Co-occurrence matrix variance VAR
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features considered at each node followed the default setting, calculated 
as the square root of the total input variables. To optimize classification 
accuracy, repeated experiments and analyses were conducted to 
determine that 70% of the stable samples were used for training and 
30% for validation. The overall performance each year was assessed 
using Overall Accuracy (OA) and the Kappa coefficient, while class-level 
accuracy was evaluated through Consumer Accuracy (CA) and 
Producer Accuracy (PA).

2.4 LER assessment

2.4.1 Delineation of risk grids
Delineating the landscape into risk zones is crucial for LER 

assessment. According to landscape ecology principles, risk zones 
are typically set to 2~5 times the average patch size of the study 
region (Leuven and Poudevigne, 2002; Lin and Wang, 2023). 
Accordingly, the watershed was first divided into 3 km × 3 km 
grid cells using ArcGIS 10.2, generating a total of 735 risk assessment 
units. The ecological risk index for each unit was then calculated 
using FRAGSTATS 4.2.

2.4.2 LER assessment model
The LER assessment model was constructed according to the 

landscape disturbance index and landscape vulnerability index, as 
formulated in Equation 1: 

ERI �􏽘

n

i�1

Aki
Ak
Ri (1)

Where ERI denotes the landscape ecological risk index of the 
assessment unit; Ak and Aki represent the areas of the kth risk zone 
and ith land use type, respectively. The variable n denotes the total 
number of land use types, and Ri is the landscape loss index for the 
ith land use type, calculated by Equation 2. 

Ri � Fi · Si (2)

Where Fi denotes the landscape disturbance index of the ith land 
use type, and Si denotes its corresponding landscape fragility index. 
The index Fi reflects the spatial dispersion of patches within a given 
land use category—higher values indicate a more fragmented or 
scattered distribution. As shown in Table 4, different Fi values are 
assigned to six land use types. After normalization, these values are 
as follows: built-up land (0.047), forest (0.095), tea plantation 
(0.143), grassland (0.190), cropland (0.238), and waterbody 
(0.286). Si indicates the intensity of disturbance affecting various 
land use types. It is composed of three components: the landscape 
fragmentation index (Ci), isolation index (Ni), and dimension index 
(Di), with corresponding weights of a = 0.5, b = 0.3, and c = 0.2.

According to the calculation results of ERI, the natural break method 
is used to classify the ecological risk into five levels: low ecological risk 

(ERI ≤ 0.035), medium-to-low ecological risk (0.035 < ERI ≤ 0.05), 
medium ecological risk (0.05 < ERI ≤ 0.07), medium-to-high ecological 
risk (0.07 < ERI ≤ 0.09) and high ecological risk (ERI > 0.09).

2.4.3 Spatial autocorrelation analysis
Spatial autocorrelation analysis is used to determine whether LER 

values in neighboring spatial units exhibit statistically significant 
associations, thereby uncovering the spatial dependency structure of 
LER (Liu et al., 2019). Here, the global Moran’s I index is employed to 
quantify the overall degree of spatial autocorrelation in LER, with its 
values spanning from −1 (indicating perfect dispersion) to 1 
(indicating perfect clustering). Additionally, the local Moran’s I 
index is used to explore the local spatial heterogeneity of LER 
(Forey et al., 2009). Positive values indicate a significantly high- 
high or low-low clustering pattern, where neighboring areas exhibit 
similar risk levels. In contrast, negative values reveal a high-low or 
low-high clustering pattern, indicating dissimilarity between adjacent 
regions. The specific formulas are as follows: 

Moran’s I �
n􏽐

n

i�1􏽐
n

j�1 xi − x̄( ) xj − x̄􏼐 􏼑

􏽐
n

i�1􏽐
n

j�1Wij􏽐
n

i�1 xi − x̄( )
(3)

LocalMoran’s I �
xi − x̄
m

􏼒 􏼓􏽘

n

i�1
Wij xj − x̄􏼐 􏼑 (4)

Where xi and xj are the landscape ecological risk indices for 
units i and j, Wij is the spatial adjacency weight between units i and j, 
and x̄ is the mean of the landscape ecological risk indices.

2.5 Factors influencing LER

The GeoDetector model is a statistical framework developed to 
identify spatial heterogeneity and uncover its underlying driving 
mechanisms. It comprises four functional components: the factor 
detector, risk detector, interaction detector, and ecological detector 
(Yang et al., 2024). Among them, the factor detector can quantify 
the relative importance of influencing factors by constructing a q statistic 
to assess the explanatory power of the independent variable on the 
dependent variable, while the interaction detector can be used to identify 
interactions between different drivers and to assess the impact of the 
interaction of two factors on the explanatory power of the dependent 
variable Wang et al. (2010). The q statistic was defined as follows: 

q � 1 −
􏽐
L

h�1Nhσh2

Nσh2
� 1 −

SSW

SST
(5)

SSW �􏽘
L

h�1
Nhσh2, SST � Nσ 2 (6)

The q statistic signifies the impact of an individual factor on LER 
changes. A higher q value indicates a more pronounced influence of 
the driver on LER, q ∈ [0,1], the larger the q value, the greater the 
effect of the driver on LER. Here, h = 1, . . ., L, represents stratum of 

TABLE 3 Number of samples and stable samples for land use classification.

Types Waterbody Cropland Tea plantation Forest Build-up land Total

Samples 289 680 465 862 354 2650

Stable samples 100 256 105 280 123 864
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variables, Nh and N denote sample sizes in h and the whole region, 
σ2
h and σ2 are the variance in h and the whole region. SSW (Within 

Sum of Squares) and SST (Total Sum of Squares) capture the 
variability within strata and across the entire region, respectively.

Here, we utilized the GeoDetector model to detect and quantify the 
spatial stratified heterogeneity of factors within the watershed from 
1990 to 2020. This study examined the driving forces that influence 
LER change from four perspectives: natural factors (elevation, slope, 
and NDVI), climatic factors (precipitation and temperature), socio- 
economic factors (GDP density and population density), and regional 
accessibility factors (distances to rivers, town centers, and highways). 
Elevation (X1), slope (X2), NDVI (X3), precipitation (X4), temperature 
(X5), GDP density (X6), population density (X7), distances to rivers 
(X8), distances to town centers (X9), and distances to highways (X10) 
were selected as independent variables, and LER level were selected as 
dependent variables. Using ArcGIS software, we discretized the 
independent variable and performed grid matching for both the 
independent and dependent variables based on the generated grid 
cells. The Spatiotemporal variation of the four types of driving factors 
influencing LER patterns is presented in Supplementary Figures S1–S4.

3 Results

3.1 Classification accuracy evaluation and 
land use change analysis

3.1.1 Accuracy evaluation
Land use was generated for 1990, 2000, 2010, and 2020 based on 

all available Landsat SR data on the GEE platform. The accuracy of 
classification was analyzed using the validation samples and 

confusion matrix (Table 5). Overall, the classification accuracy is 
satisfactory, with the Kappa coefficient and OA both exceeding 0.87. 
In each category, waterbody has the highest average scores for both 
CA and PA, followed by croplands and built-up land, which show 
similar levels of accuracy. Forest and tea plantations exhibit slightly 
lower scores in comparison. Given the high accuracy of 
classification, it can be further utilized for dynamic analysis of 
land use and LER.

3.1.2 Land use change analysis
The land use distribution and area of the XAJ watershed from 

1990 to 2020 are presented in Figure 3. The region is 
predominantly forested, accounting for over 70% of the total 
area. Between 1990 and 2010, forested areas showed an 
increasing trend, while from 2010 to 2020, they remained 
relatively stable. Forests are mainly distributed in the higher- 
altitude areas surrounding the watershed. In contrast, cropland 
is concentrated in the central part of the watershed, where the 
terrain is flat and adjacent to urban areas. Cropland accounts for 
more than 10% of the total watershed area but has shown a 
gradual decreasing trend. Tea plantations, an important 
component of the watershed, occupy approximately 10% of 
the watershed’s area and have generally declined within the 
study duration. Additionally, built-up land, waterbody, and 
grassland make up a small part of the XAJ watershed, 
together accounting for less than 3% of the total area. Among 
these, built-up land and waterbody areas have steadily expanded 
from 1990 to 2020, increasing by 1.07 and 1.55 times, 
respectively, while grassland areas have consistently 
diminished, with a reduction of 74.9%.

TABLE 4 Calculation expression of landscape pattern indices.

Index Formula

Landscape vulnerability index (Fi) Built-up land, forest, tea plantation, grassland, cropland and waterbody were assigned values of 1, 2, 3, 4, 5 and 6 respectively and 
normalized to obtain Fi

Landscape disturbance index (Si) Si � aCi + bNi + cDi

Landscape fragmentation index (Ci) Ci � ni/Ai

Landscape separation index (Ni) Ni �
A

2Ai

��
ni
A

􏽱

Landscape dimension index (Di) Di � dLi + ePi

* ni represents the number of patches of landscape type i, Ai is the area of landscape type i, A is the total area of the landscape. Li is the relative density of the landscape type i, Li = ni/N, N is the 
total number of landscape patches. Pi is the relative coverage of the landscape type, Pi = Ai/A. the variables d and e represent the respective weights assigned to these metrics, with values of 0.4 and 
0.6, respectively.

TABLE 5 The statistics of classification accuracy for different years.

Year Kappa OA Waterbody Cropland Tea plantation Forest Build-up land

CA (%) PA (%) CA (%) PA (%) CA (%) PA (%) CA (%) PA (%) CA (%) PA (%)

1990 0.90 0.92 0.97 0.99 0.96 0.98 0.74 0.73 0.91 0.91 0.98 0.94

2000 0.87 0.90 0.99 1 0.97 0.94 0.68 0.62 0.87 0.91 0.94 0.95

2010 0.94 0.95 0.98 1 0.98 0.96 0.71 0.73 0.91 0.89 0.96 0.97

2020 0.89 0.92 0.95 0.97 0.94 0.96 0.79 0.69 0.90 0.94 0.94 0.92
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Figure 4 illustrates substantial land use changes in the XAJ 
watershed between 1990 and 2020. The findings show that major 
transitions primarily occurred between tea plantations and forests, 
as well as from cropland to forest, tea plantations, and built-up land 
during the study period. This process may reflect both rapid 
urbanization and the implementation of the “Grain for Green” 
program. For instance, between 1990 and 2000, approximately 
258.7 km2 of tea plantations were converted into forests, while 

209.9 km2 of forests were transformed into tea plantations 
(Supplementary Table S1), highlighting a notable bidirectional 
conversion between forests and tea plantations. Additionally, the 
continuous decline in cropland over the past 3 decades has been 
largely driven by its conversion to forest. Specifically, 67.64 km2, 
41.92 km2, and 20.9 km2 of cropland were converted into forest in 
each respective decade (Supplementary Table S1). Besides, part of 
the cropland was also converted into built-up land and waterbody, 

FIGURE 3 
Land use distribution and area statistics in the XAJ watershed from 1990 to 2020.

FIGURE 4 
Land use transition patterns in the XAJ watershed visualized by chord diagrams across 3 decades: (a) 1990–2000, (b) 2000–2010, (c) 2010–2020. 
The width of each chord represents the area of land use change, in square kilometers (km2).
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which further contributed to the expansion of these land use 
categories.

3.2 Spatiotemporal pattern of LER

Figure 5 presents the temporal dynamics and spatial distribution of 
LER in the XAJ watershed over the past 3 decades, revealing notable 
variations across different risk levels. Spatially, LER intensity decreases 
gradually from the central urban areas outward, with high-risk zones 
mainly concentrated in the urban core of Huangshan City, while low- 
risk zones are predominantly distributed in the surrounding high- 
altitude mountainous regions. Over time, the average LER values for 
the watershed in 1990, 2000, 2010, and 2020 were 0.056, 0.055, 0.055, 
and 0.051, respectively, indicating a general downward trend, especially 
between 2010 and 2020. In terms of the composition proportions of 
LER, the percentage of low ecological risk areas continuously increased 
from 13.7% to 25.3% between 1990 and 2020. Meanwhile, the area of 
high ecological risk regions expanded during the period from 1990 to 
2010 but decreased during the subsequent decade from 2010 to 2020. 
Additionally, the proportion of medium-to-high ecological risk areas 

showed a consistent decline, collectively reflecting the ongoing 
reduction in LER over the study period.

Figure 6 depicts the changes in the area of different levels of 
LER within the watershed from 1990 to 2020. Between 1990 and 
2000, the shifts in LER levels were mainly reflected in the 
following aspects: the transition from medium-to-low risk to 
low risk (368.38 km2), the shift from medium to medium-to- 
low risk (381.23 km2), and the mutual conversion between 
medium-to-high risk and medium risk areas (618.75 km2). 
Additionally, an area of 191.66 km2 transitioned from medium- 
to-high risk to high ecological risk (Supplementary Table S2). 
During this period, the extent of both low risk and high risk areas 
expanded by 6.2% and 5.1%, respectively. These dynamics suggest a 
polarization trend in LER during the urbanization process, with 
marked risk reduction in certain areas and increasing risk in others.

Between 2000 and 2010, both low risk and high risk zones 
continued to expand, with their proportions increasing to 21% and 
27.2%, respectively. During this period, the area transitioning from 
medium-to-low risk to low risk was 311.54 km2, while the area 
shifting from medium-to-high risk to high risk was 198 km2 

(Supplementary Table S2). In addition, the LER transitions 

FIGURE 5 
Spatiotemporal distribution and composition proportions of LER risk levels in the XAJ watershed (1990–2020).
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during 2000–2010 were mainly characterized by the shift from 
medium risk to medium-to-low risk, as well as the mutual 
conversion between medium and medium-to-high risk levels.

From 2010 to 2020, LER levels continued to improve, with 
LER gradually shifting toward more favorable categories. The 
main transitions included: 270 km2 shifting from high to 
medium-to-high risk, 549.2 km2 transitioning from medium- 
to-high to medium risk, and 398.27 km2 moving from medium 
to medium-to-low risk (Supplementary Table S2). These 
changes resulted in notable decreases in the proportions of 
both medium-to-high and high-risk areas, reflecting an overall 
reduction in LER across the study region.

3.3 Spatial autocorrelation characteristics 
of LER

The XAJ watershed exhibited global Moran’s I values of 0.60, 0.66, 
0.66, and 0.61 for the years 1990, 2000, 2010, and 2020, respectively, 
with corresponding p-values all below 0.01 (Figure 7). These results 
point to a consistently clustered spatial distribution of LER across the 
study area, indicating pronounced positive spatial autocorrelation that 
remained relatively stable over the 30 years. From 1990 to 2010, a steady 
increase in Moran’s I value was observed, suggesting a growing 
tendency for LER to cluster spatially. However, between 2010 and 

2020, a slight drop in the index was noted, implying a minor reduction 
in the degree of spatial clustering during this period.

Figure 8 illustrates that the local spatial autocorrelation of LER in 
the study area is primarily characterized by high-high (H-H) and low- 
low (L-L) clustering types. The H-H clusters are predominantly located 
around the Tunxi urban area in the central region of the watershed, 
where land use is primarily composed of built-up land and cropland. In 
contrast, the L-L clusters are predominantly found in the peripheral 
areas of the watershed, with land use largely consisting of forested areas. 
Notably, the H-H clustering type exhibited a trend of initial expansion 
followed by contraction over the past 3 decades. Between 1990 and 2010, 
urban sprawl contributed to an increase in both the magnitude and 
spatial dispersion of LER. In contrast, during the ecological 
compensation period, a reduction in the spatial extent of H-H 
clusters was observed.

3.4 Factors influencing the pattern of LER

By employing factor detector and interaction detector analyses, 
this study quantitatively evaluated the impact of ten influencing 
factors across four categories of driving factors on the LER 
pattern. As shown in Table 6, natural and climatic factors 
significantly influenced the LER pattern throughout the study 
period. Among the natural variables, elevation demonstrated the 

FIGURE 6 
Sankey diagram of area transfer matrix (km2) for different levels of LER in XAJ watershed from 1990 to 2020.
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greatest explanatory power, while temperature was found to be the 
most influential climatic factor. From 1990 to 2020, their average q 
values were 0.57 and 0.56, respectively, underscoring their dominant 
roles in determining LER patterns. In contrast, socio-economic factors 
and regional accessibility factors had relatively limited impacts. 
Among the socio-economic factors, population density showed the 
highest explanatory power, while distances to town centers exhibited 
the greatest explanatory power within the regional accessibility 
factors. Notably, from 1990 to 2010, the continuous rise in the q 
values of these factors likely reflects the increasing impact of 
urbanization on LER. In contrast, from 2010 to 2020, their 
influence gradually declined, likely attributable to the 
implementation of ecological compensation policies.

As shown in Figure 9, the interaction between any two factors 
consistently exerts a stronger influence on LER than the effect of 
individual factors alone. This indicates that the LER pattern is shaped 
by the combined effect of multiple factors. Notably, the interaction 
between elevation and average temperature stands out as the most 
significant, with q values consistently surpassing 0.5. Additionally, 
natural factors such as slope and NDVI exhibit strong interactive 
explanatory power, whereas the interactive explanatory power of 
socioeconomic and regional accessibility factors is comparatively 
weaker. This further underscores that the LER pattern is 
predominantly driven by natural and climatic factors.

4 Discussion

4.1 Investigation into land use dynamics

Understanding land use dynamics provides key insights into 
regional environmental, socioeconomic, and ecological dynamics 
that are closely associated with human activities and natural 
variations (Berihun et al., 2019; Du et al., 2024). As an important 
practice ground for the “Two Mountains Theory,” the XAJ 
watershed was predominantly characterized by forest land from 
1990 to 2020, with a continuous increase in forested areas that 
gradually stabilized. This trend can likely be attributed to the 
implementation of ecological protection measures in recent years 
(Sheng et al., 2023; Wang S. et al., 2023). Over the past 3 decades, the 
accelerated advancement of ecological civilization initiatives such as 
the “Ten Million Mu Forest Growth Project” and the “Forestry 
Greening and Efficiency Enhancement Initiative” has significantly 
increased forest coverage in the XAJ watershed through measures 
like returning cropland to forests and large-scale tree planting. 
Currently, forest coverage in the region has exceeded 70%. These 
efforts have not only significantly improved the regional ecological 
environment but also laid a solid foundation for the sustainable 
development of the watershed. Besides, despite the ongoing 
expansion of built-up land areas in the watershed over the past 

FIGURE 7 
Goble Moran’s I scatter of LER in the XAJ watershed from 1990 to 2020.
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30 years, significant growth has also been observed in both forest and 
waterbody areas (Figure 3), which has further contributed to a 
notable improvement in the region’s ecological service capacity (Yu 
et al., 2023). This, to a certain extent, demonstrates that the 

watershed has achieved a balance between ecological protection 
and economic development during its urbanization process.

From the perspective of land use transition, the past 3 decades 
have been characterized mainly by the conversion of cropland to 

FIGURE 8 
Local autocorrelation LER cluster map of ecological risk in the watershed.

TABLE 6 Results of single-factor detector analysis for LER influencing factors in the XAJ watershed.

Influence factors Factors q value

1990 2000 2010 2020

Natural factors Elevation 0.51 0.60 0.62 0.55

Slope 0.33 0.37 0.41 0.37

NDVI 0.26 0.40 0.44 0.24

Climatic factors Annual precipitation 0.28 0.23 0.16 0.27

Average temperature 0.49 0.59 0.61 0.56

Socio-economic factors GDP density 0.08 0.10 0.25 0.17

Population density 0.16 0.16 0.25 0.21

Regional accessibility factors Distance to rivers 0.02 0.02 0.02 0.02

Distance to town centers 0.24 0.28 0.36 0.29

Distance to highways 0.09 0.09 0.11 0.10

Frontiers in Environmental Science frontiersin.org12

Chen et al. 10.3389/fenvs.2025.1723453

https://www.frontiersin.org/journals/environmental-science
https://www.frontiersin.org
https://doi.org/10.3389/fenvs.2025.1723453


other land use types, as well as the dynamic interplay between tea 
plantations and forests. Among these transformations, the 
continuous decline in cropland and tea plantation areas is likely 
closely associated with urban development and local environmental 
policies. For instance, the acceleration of urbanization has prompted 
a substantial migration of rural laborers to urban centers, thereby 
leading to a reduction in the cultivation of economic crops such as 
tea plantations and cropland. Moreover, since the 1990s, the 
progressive deterioration of downstream water quality in 
Qiandao Lake has driven local governments to implement a 
series of measures aimed at mitigating pollution sources and 
enhancing water quality (Chen et al., 2025b; Chen et al., 2024). 
In this context, the reduction in cropland and tea plantation areas 
corresponds closely with decreased fertilizer application, as these 
land use types are the primary sources of nutrient inputs.

Meanwhile, the mutual transformation between tea 
plantations and forest land may be influenced by a 
combination of factors such as economic demands and 

population changes. As an important tea-producing region in 
China, the Huangshan area holds significant economic value (Li 
et al., 2021). However, due to the relatively scattered distribution 
of tea plantations, which are interspersed with forests, this 
spatial pattern may lead to the conversion of some forest land 
into tea plantations. On the other hand, the region faces the 
challenge of labor outflow, resulting in the abandonment of 
some tea plantations due to a lack of management. This provides 
an opportunity for these areas to gradually revert to forest land. 
Overall, this dynamic change profoundly reflects the complex 
balance between economic development and ecological 
conservation.

4.2 LER pattern assessment in the watershed

As an important practice site for China’s “Two Mountains” 
theory and the construction of ecological civilization, the XAJ 

FIGURE 9 
Interaction results of LER driving factors from 1990 to 2020.
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watershed holds significant demonstration value in assessing 
the development trends of ecological risks. Research findings 
reveal that between 1990 and 2020, the overall LER exhibited a 
declining trend, accompanied by pronounced spatial 
differentiation. High risk zones were predominantly located 
in central urban areas, where the extent expanded continuously 
from 1990 to 2010. This expansion was primarily driven by 
increasing built-up and impervious surfaces due to rapid 
urbanization, which intensified landscape fragmentation. In 
contrast, low risk areas were primarily distributed across the 
surrounding high-altitude regions, where forestland dominated the 
land use, characterized by high habitat quality and low LER values. 
Notably, during the period from 2010 to 2020, despite the ongoing 
expansion of urban areas, the proportion of high LER zones decreased 
(Figure 5). This decline may reflect the positive effects of ecological 
compensation policies implemented in recent years, highlighting their 
critical role in mitigating ecological risks. These measures likely 
encouraged more intensive urban land use and reduced landscape 
fragmentation, thus alleviating ecosystem stress (Liu et al., 2023; Wang 
X. et al., 2025). Furthermore, large-scale ecological restoration 
initiatives, such as the “Ten Million Mu Forest Growth Project” 
and the “Forestry Greening and Efficiency Enhancement Initiative” 
have significantly increased forest cover and promoted more compact 
land use patterns (Liu et al., 2018), further contributing to the 
reduction of ecological risks.

Spatially, LER exhibits significantly high-high and low-low 
clustering patterns (Figure 8), consistent with previous research 
findings (Shamuxi et al., 2025). These patterns reflect a clear 
spatial concentration of LER, revealing an uneven distribution 
across the watershed. High–high clusters are predominantly 
located in urban zones and areas adjacent to croplands—recognized 
as major sources of pollution inputs (Wang S. et al., 2023). 
Therefore, future environmental governance and ecological 
management should be regionally adaptive, integrating local 
characteristics to achieve more effective environmental 
governance and ecological protection.

4.3 Driving factors of LER in the watershed

Results from the driving force analysis indicate that 
temperature and elevation are the dominant factors 
influencing LER, consistent with prior findings (Wang 
J. et al., 2025). This pattern is likely shaped by the unique 
topography of the XAJ watershed, which is mainly composed 
of mountainous and hilly terrain. These areas typically feature 
steep slopes and cooler climates, creating favorable conditions 
for vegetation growth and ecological recovery. Consequently, 
over the past 3 decades, regions with low ecological risk have 
steadily decreased in extent. Conversely, human activities such 
as agriculture and industry are predominantly concentrated in 
lower-altitude flat zones (Fu J. et al., 2022), where accessibility is 
higher and settlement is more favorable. These anthropogenic 
pressures have led to increased disturbances in natural 
ecosystems, intensified land use conflicts, and greater 
landscape fragmentation in low-altitude regions. Overall, LER 
is primarily driven by natural and climatic factors, with 
temperature and elevation being the most critical influencing 

factors, while NDVI and slope also significantly affect the spatial 
distribution pattern of LER. However, the influence of 
population density and distance to town centers on LER 
should not be disregarded, as they also play an important role 
in shaping LER to a certain extent.

The analysis of two-factor interactions underscores the 
significant role of combined effects in shaping the spatiotemporal 
dynamics of LER. The results reveal that these factors interact 
synergistically, with their combined influence surpassing that of 
any single factor. This aligns with previous research (Shamuxi et al., 
2025), suggesting that LER patterns are influenced by the interplay 
of multiple factors.

4.4 Future strategies for watershed 
ecological protection

As a national pilot zone for implementing the “Two Mountains 
Theory” and cross-provincial ecological compensation mechanisms, 
the XAJ watershed exhibits a distinct spatial gradient in LER. High- 
risk areas are predominantly concentrated in urban built-up 
zones and adjacent agricultural lands, whereas low-risk areas are 
largely confined to upstream ecological barriers. This spatial 
differentiation offers a scientific basis for designing targeted and 
differentiated land-use governance strategies. Accordingly, we 
propose a closed-loop management framework structured around 
“zonal identification, categorical intervention, and coordinated 
governance.” In high-risk zones, urban expansion should be 
strictly controlled through the clear delineation of urban growth 
boundaries, mandatory implementation of Low-Impact 
Development (LID) techniques, and systematic restoration of 
blue-green infrastructure. Concurrently, peri-urban farmlands 
should transition toward ecologically oriented agricultural 
practices to alleviate land-use conflicts. In moderate-risk zones, 
integrated measures –such as cropland consolidation, farmland- 
to-forest/wetland conversion, and the establishment of ecological 
corridors –should be promoted to enhance landscape connectivity 
and ecosystem service provision. In low-risk zones, rigorous 
enforcement of ecological redlines is essential, supported by 
comprehensive conservation policies, strict development 
prohibitions, and intelligent ecological monitoring to maintain the 
watershed’s fundamental ecological security. Furthermore, LER 
dynamics should be formally incorporated into the cross- 
provincial ecological compensation framework, establishing a 
dual-indicator mechanism based on both water quality and 
ecological risk. Compensation funds should be allocated 
differentially and linked to performance, with priority given to 
high-risk restoration areas. Such a transformation will shift 
ecological compensation from a reactive, outcome-based model 
toward a proactive, risk-informed governance system, ultimately 
fostering synergy between ecological conservation and high- 
quality regional development.

5 Conclusion

This study investigates the XAJ watershed, China’s pioneering 
cross-provincial ecological compensation watershed. Utilizing the 
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GEE platform, it analyzes land use changes from 1990 to 2020 and 
develops an LER model to explore its spatiotemporal dynamics. The 
GeoDetector model is further employed to quantify the impacts of 
four categories of driving factors on LER. The results revealed that: 
(1) Over the past 30 years, the watershed has undergone profound 
land use changes, with forests consistently dominating (covering 
over 70% of the area and showing a continuous increase), while 
cropland and tea plantations have steadily declined, and built-up 
land and water bodies have expanded significantly. (2) The primary 
land use transitions involved bidirectional conversions between tea 
plantations and forests, as well as the conversion of cropland to other 
land types; concurrently, the overall LER showed a declining trend, 
with a particularly sharp decrease during the ecological 
compensation period. (3) The spatial distribution of LER 
exhibited distinct high-high and low-low clustering patterns, 
where high-risk areas were concentrated in the central urban 
district of Huangshan City, and low-risk areas were primarily 
distributed across the surrounding mountainous regions. (4) Natural 
and climatic factors were the dominant forces shaping the spatial 
distribution of LER, with elevation and temperature identified as the 
primary determinants, while socio-economic and accessibility factors 
had a limited impact; the interaction between any two factors 
consistently exerted a stronger influence than any single factor alone, 
indicating that the spatial pattern of LER results from the synergistic 
effects of multiple elements. In summary, land use and LER patterns 
may reflect the interplay of urbanization and ecological conservation. 
Moving forward, prioritizing high-risk areas and refining ecological 
compensation and land management strategies will be crucial for 
optimizing watershed protection.
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