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Abstract: To comprehend the potential impacts of both natural phenomena and human activities on
ecological risk, a thorough examination of the spatial and temporal evolution characteristics of Land-
scape Ecological Risk (LER) in arid river basins is imperative. This investigation holds paramount
importance for the proactive prevention and mitigation of LER, as well as for the preservation of
ecological security within these basins. In this scholarly inquiry, the Kriya River Basin (KRB) serves
as the focal point of analysis. Leveraging three historical land use and land cover (LULC) images
and incorporating a diverse array of drivers, encompassing both natural and anthropogenic factors,
the study employs the PLUS model to forecast the characteristics of LULC changes within the basin
under three distinct scenarios projected for the year 2030. Concurrently, the research quantitatively
assesses the ecological risks of the basin through the adoption of the Landscape Ecological Risk
Assessment (LERA) methodology and the Spatial Character Analysis (SCA) methodology. The results
showed the following: (1) The study area is primarily composed of grassland and unused land,
which collectively account for over 97% of the total land. However, there has been a noticeable rise
in cropland and considerable deterioration in grassland between 2000 and 2020. The key observed
change in LULC involves the transformation of grassland and unused land into cropland, forest,
and construction land. (2) The overall LER indices for 2000, 2010, and 2020 are 0.1721, 0.1714, and
0.16696, respectively, showing strong positive spatial correlations and increasing autocorrelations
over time. (3) Over time, human activities have come to exert a greater influence on LER compared
to natural factors between 2000 and 2020. (4) In the natural development scenario (NDS), cropland
protection scenario (CPS), and ecological priority scenario (EPS), the LER of KRB experienced notable
variations in the diverse 2030 scenarios. Notably, the CPS exhibited the highest proportion of low-risk
areas, whereas Daryaboyi emerged as the focal point of maximum vulnerability. These findings offer
theoretical and scientific support for sustainable development planning in the watershed.

Keywords: Landscape Ecological Risk (LER); Kriya River Basin (KRB); PLUS model; multi-scenario
simulation; driving factors

1. Introduction

Watersheds are geographical areas with complex structures consisting of multiple
systems, including ecological, economic, and social, with different functions, such as
maintaining biodiversity and supporting human production, life, and culture [1–3]. Global
climate change is becoming more pronounced as human activities intensify, and this,
combined with the sensitivity and vulnerability of drylands themselves, makes them one
of the most ecologically risky regions [4–6]. On the other hand, the rapid expansion of
cities has caused enormous ecological and ecological problems, such as the degradation of
land resources, the reduction in regional biodiversity, the reduction in the carrying capacity
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of the environment and the exacerbation of the problem of ecological security, which is
evident in the drylands [7–10]. Arid zones, which are mostly composed of oasis cities
and desert ecosystems, have stronger feedback to human activities, which makes them an
ideal area for the study of nature–human complex systems [9,11]. In the midst of climate
warming and transitional resource exploitation, the high intensity of LULC has brought
great pressure on the environment [10]. Consequently, the quantification of ecological risks
in a scientific and rational manner, along with the analysis of the drivers responsible for
their spatial and temporal variations, has emerged as a prominent focus in ecological and
environmental research [12–14].

LERA is an important part of ecological risk assessment, which complements and
expands ecological risk assessment [15], and emphasizes the comprehensive analysis of the
possible impacts of various large-scale disasters that the regional ecological environment
may face [16,17]. LER can be used to evaluate various traditional ecological risk assessment
methods, based on the perspective of the coupled association of ecological processes and
spatial patterns in landscape ecology, paying more attention to the spatial and temporal
heterogeneity of ecological risk and the possible adverse consequences of scale effects, and
belonging to an important branch of regional ecological risk assessment [18,19].

The ecological risk assessment method, which is based on the LULC LER, can be used
to assess the ecological status of a watershed from both an ecological and landscape per-
spective [17,20,21]. The method is able to map the interactions between landscape patterns
and ecological processes and focuses on describing the spatial and temporal variability
of ecological risk, the impact of the spatial distribution of landscape components on eco-
logical risk, and these three areas [22,23]. Thus, from the standpoint of landscape pattern
ecological processes, the study of regional ecological security has emerged [24–28]. In the
1990s, Heggem et al. (2000) [29] introduced a landscape pattern analysis approach to assess
the impact of human activities on ecological change in watersheds. Later, Kapustka et al.
(2001) [30] and other landscape ecology theories introduced ecological risk assessment and
used it to propose control strategies. Paukert et al. (2011) [31] evaluated the ecological
health of the Colorado River Basin using an LERI constructed using the landscape index
method. Research on LER is increasing again both at home and abroad as we enter the
21st century, and most of the evaluation objects are ecologically fragile and sensitive ar-
eas as well as areas with high intensity of human activities, which are mainly centered
around watersheds, cities, mines, nature reserves, and ecologically fragile areas [23,32–36].
The methods of evaluation include landscape pattern index method [9], entropy value
method [37], exposure–response method [38], etc.; additionally, the evaluation scale evolves
from a single scale to multiple scales, and numerous researchers have looked into the LER’s
multi-scale changes [39].

Simulating and forecasting dynamic trends under different conditions is imperative,
as is looking into the characteristics of the temporal and spatial evolution of LER in
rapidly developing watersheds. Furthermore, in order to support future high-quality
economic and social development in watersheds, strategies for optimizing LULC structure
in arid watersheds must be proposed [40,41]. Multi-scenario LULC change models can
be classified into quantitative predictive models, spatial predictive models and coupled
models [36]. Currently, commonly used quantitative forecasting models include Markov,
system dynamics (SDs), grey forecasting models (GMs), and artificial neural network
(ANN) models [42,43]. Spatial prediction models include the CA model, the CLUE model,
and the FLUS model [44–46]. By combining data prediction models and spatial prediction
models into a coupled model, the requirements of quantitative and spatial accuracy can
be highly met. Liang et al. developed a preamble model called the Patch-Level LULC
Simulation (PLUS) model was created [47]. It proposes a rule mining framework based on
the Land Expansion Analysis Strategy (LEAS) and CA based on muti-type random patch
seeds (CARSs) that can be used to explore the drivers of multiple types of land expansion
to determine and predict the patch-level development of the LULC landscape, leading to
more accurate LULC simulation results [9,35].
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The Keriya River Basin (KRB) is an area with important ecological functions in the
north-west arid zone, which is of great significance for regional ecological security as well as
water resource protection. The basin is located in the hinterland of the Eurasian continent,
far from the sea, with the Taklamakan Desert in the north and the Kunlun Mountains in
the south, which makes the basin’s climate arid due to its unique geographical location. In
recent years, with the increase in population and the demand for economic development,
a large amount of land has been reclaimed in the middle and lower plains of the basin,
resulting in the evolution from desert land to oases. The main water resources in the basin
are composed of surface water and groundwater, but the spatial and temporal distribution
of water resources is extremely uneven, and seasonal water shortages often occur in the
oases, which leads to constraints on agricultural production [48]. In this context, it is
particularly important to effectively assess ecological risks. Based on the LULC of the
KRB in 2000, 2010, and 2020, this study analyzes the changing characteristics of landscape
types, examines the spatial and temporal evolution of LER, and simulates the development
trend of LER of the KRB in three different scenarios using the PLUS model and presents
the scenarios of ecological environmental protection, aiming to solve the three practical
problems of development and ecological protection of KRB: (1) How did the spatial pattern
of LULC in the KRB change from 2000 to 2020? (2) What were the characteristics of the
spatial distribution and changes in the LER in the basin, and what are the dominant factors
leading to the changes of LER? (3) Which development scenarios optimize ecological risk
in catchments?

2. Materials and Methods
2.1. Study Area

The Keriya River Basin (KRB), located in the heart of the Eurasian continent, is flanked
by the Taklamakan Desert to the north and the Kunlun Mountains to the south (refer
to Figure 1). Its geographical coordinates range from 80◦09′ to 83◦51′ E longitude and
35◦14′ to 39◦29′ N latitude, encompassing a land area of 70.5 × 104 km2. The basin is
characterized by a warm temperate inland arid desert climate, marked by an average annual
temperature of 11.6 ◦C, a scant annual rainfall of 44.7 mm, and considerable evaporation
totaling 2500 mm [49]. The elevation variance from north to south is approximately 5000 m,
creating a sloping terrain with higher elevations in the south and lower elevations in the
north. Geological tectonics have shaped five distinct landforms in the region: mid-altitude
mountains in the upper reaches, pre-mountainous hills in the upper and middle reaches,
pre-mountainous sloping plains in the middle and lower reaches, alluvial plains in the
lower reaches, and the desert area. These have given rise to a natural desert oasis known
as the Daryabuyi Oasis. The area exhibits a typical arid continental climate, with scanty
annual precipitation of 44.7 mm, high evaporation of 2500 mm, and predominantly drought-
resistant vegetation, Poor vegetation conditions. The central plain serves as the primary
agricultural zone, cultivating crops such as cotton, maize, and wheat.

2.2. Data Acquisition

LULC data were obtained from the Globeland30 global land cover database (http:
//globeland30.org, accessed on 23 April 2023). The dataset encompasses three distinct time
periods, namely 2000, 2010, and 2020, and possesses a spatial resolution of 30 m × 30 m [50]
that reclassified the LULC into six categories, including: cropland, forest, grassland, water,
unused land, and construction land. Data on soil type, GDP, population, temperature, and
precipitation are available in the Scientific Data Center for Resources and Environment of
Chinese Science (https://www.resdc.cn/, accessed on 16 May 2023). The distance vari-
able was retrieved from OpenStreetMap (https://www.openstreetmap.org/, accessed on
24 May 2023). The patterns of the distance variables were also ascertained. The Euclidean
distance analysis also revealed the patterns of the distance variables The DEM data were
obtained from the geospatial data cloud (https://www.gscloud.cn/, accessed on 3 May

http://globeland30.org
http://globeland30.org
https://www.resdc.cn/
https://www.openstreetmap.org/
https://www.gscloud.cn/
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2023) at a resolution of 30 m. The slope, slope direction, and topographic relief data were
calculated through the ArcGIS 10.7 platform.

Water 2023, 15, x FOR PEER REVIEW 4 of 20 
 

 

 
Figure 1. Area of study. 

2.2. Data Acquisition 
LULC data were obtained from the Globeland30 global land cover database 

(http://globeland30.org, accessed on 23 April 2023). The dataset encompasses three dis-
tinct time periods, namely 2000, 2010, and 2020, and possesses a spatial resolution of 30 m 
× 30 m [50] that reclassified the LULC into six categories, including: cropland, forest, grass-
land, water, unused land, and construction land. Data on soil type, GDP, population, tem-
perature, and precipitation are available in the Scientific Data Center for Resources and 
Environment of Chinese Science (https://www.resdc.cn/, accessed on 16 May 2023). The 
distance variable was retrieved from OpenStreetMap (https://www.openstreetmap.org/, 
accessed on 24 May 2023). The patterns of the distance variables were also ascertained. 
The Euclidean distance analysis also revealed the patterns of the distance variables The 
DEM data were obtained from the geospatial data cloud (https://www.gscloud.cn/, ac-
cessed on 3 May 2023) at a resolution of 30 m. The slope, slope direction, and topographic 
relief data were calculated through the ArcGIS 10.7 platform. 

2.3. Landscape Ecological Risk Index 
This study investigates the spatial and temporal changes in LULC within the KRB 

region from 2000 to 2020. The analysis combines the PLUS model with five natural and 
socioeconomic drivers to simulate different scenarios for 2030, including natural develop-
ment, agricultural land protection, and ecological priority. The regional ecological risk 
level was quantified using the LERI. The study’s methodology and framework are illus-
trated in Figure 2. 

Figure 1. Area of study.

2.3. Landscape Ecological Risk Index

This study investigates the spatial and temporal changes in LULC within the KRB
region from 2000 to 2020. The analysis combines the PLUS model with five natural and
socioeconomic drivers to simulate different scenarios for 2030, including natural develop-
ment, agricultural land protection, and ecological priority. The regional ecological risk level
was quantified using the LERI. The study’s methodology and framework are illustrated
in Figure 2.

Building upon previous research, this study develops a rating system for the LERI
by incorporating landscape disturbance and vulnerability factors [9], and the landscape
type index was determined using Fragstats 4.2 software [51]. The LERI was calculated
as follows:

ERIi =
n

∑
i=1

Aki
Ak

Ri (1)

ERIi is LERI within the ith sampling unit; Aki is the area of landscape type i in the kth
sampling unit; AK is the area of the i-th sampling unit; Ri is the landscape loss degree index.

Ri =
√

Ei × Fi (2)

Ei = aCi + bSi + cDi (3)

Ei represents the landscape disturbance index, which is constructed by the landscape
fragmentation Ci, landscape separation Si, and landscape dominance Di, while a, b, and
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c denote the weights of the corresponding landscape indexes, and a + b + c = 1. These
weights, according to existing research and the actual situation [17,18,52], are assigned as
0.5, 0.3, and 0.2, respectively. Additionally, Fi represents the landscape vulnerability index,
and for the six land types of (cropland forest, grassland, watershed, construction land, and
unused land), the assigned weights are 0.1905, 0.1429, 0.0952, 0.2381, 0.0476, and 0.2857,
based on the characteristics of the study area and the results of previous research [53,54].
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In order to visually analyze the characteristics of spatial distribution of ecological
risks, ordinary Kriging interpolation in the geostatistics module of GIS was used to obtain
the LER distribution of KRB. The natural breakpoint method was also used to divide
the 2020 Landscape Ecological Risk values into five classes: lowest risk (LER < 0.1517),
lower risk (0.1517 ≤ LER < 0.2039), medium risk (0.2039 ≤ LER < 0.2846), high risk
(0.2846 ≤ LER < 0.3764), and highest risk (0.3764 < LER). The data for the remaining
periods were standardized using the 2020 assessment intervals for better comparability.

2.4. Analysis of Spatial Autocorrelation for the LER

Spatial autocorrelation analysis is employed to examine the presence of significant
correlations in the spatial distribution of LER. This analysis involves two types of indices:
the global Moran’s I index evaluates the spatial correlation of attribute values across the
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entire study area, while the local Moran’s I index assesses the correlation between LER and
neighboring spatial units. Moran’s I shows a positive correlation when its value is positive,
with increasing significance as the value increases. The LISA map is utilized to identify
distinct patterns of high–high and low–low clustering of LER within local areas [17,55].

2.5. Analysis of the LER Driving Mechanism GeoDetector

Geographic probes are statistical methods that reveal spatial heterogeneity and, con-
sequently, its driving factors [56]. With reference to related studies, the topographic
and climatic characteristics and socioeconomic development of the KRB were also com-
bined to analyze the driving forces of LER changes in the KRB by selecting the following
10 influencing factors from natural and social factors: slope, elevation, climate factors
include soil type, annual precipitation, average temperature, distance from a river, GDP,
population density, and distance from residential areas [35].

q = 1− ∑L
h=1 Ahσ2

h
A2

σ
(4)

In the equation, the q value represents the influence of the driving factor on the LER of
the KRB. It ranges between 0 and 1, where a larger q-value indicates a stronger explanation
of the spatial distribution of the factor on LER. The variable h (1, 2, . . ., L) represents the
number of subregions of the detection factor X. Ah represents the unit count of layer h, and
A represents the total area σ2

h denotes the variance of the h layer, while σ2 represents the
overall variance of the entire region.

2.6. Multi-Scenario Ecological Risk Prediction Using the Markov-PLUS Model

The PLUS model uses a number of steps to analyze changes in LULC. The LULC
data are initially transformed into the appropriate format. The expansion proportion of
LULC is then extracted using the LEAS module in two stages. Natural and socioeconomic
drivers are integrated into the model, and the random forest classification algorithm is
employed to determine the driving contribution rate of each driver. This information is
then used to calculate LULC change and determine the expansion potential for each LULC
type [47]; the Markov model is used to predict the demand of each LULC in 2030, and
the panels are automatically generated to acquire the future LULC simulation map in the
CARS module [57].

To further investigate the alterations in ecological risk due to different developmental
trends in future, this research presents three scenarios: NDS, CPS, and EPS. NDS: The rate
of change between 2010 and 2020 is used as a reference to forecast land usage demand in
2030. CPS: Protect cropland by preventing it from being converted to any other LULC type,
except for construction land, all other LULC can be converted to cropland. EPS: Preserve
forested land and watersheds by prohibiting their conversion to any other LULC. The cost
settings for every situation are illustrated in Table 1 underneath.

Table 1. Cost matrix for land use conversion in each scenario.

NDS CPS EPS

2000–2030 a b c d e f a b c d e f a b c d e f
a 1 1 1 1 1 1 1 0 0 0 0 0 1 1 1 1 1 1
b 1 1 1 1 1 1 1 1 1 0 1 1 0 1 0 0 0 0
c 1 1 1 1 1 1 1 1 1 1 1 1 0 1 1 1 0 0
d 1 1 1 1 1 1 1 0 1 1 1 1 0 0 0 1 0 0
e 0 0 0 0 1 0 0 0 0 0 0 0 0 0 0 0 1 0
f 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1

Notes: a, b, c, d, e, and f represent cropland, forest, grassland, water, construction land, and unused, respectively,
and 0 means no conversion was allowed and 1 means conversion was allowed.
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Accuracy Verification

This study uses the 2010 LULC, driving factor data, and LULC extension analysis
data as its raw inputs in order to keep the simulation error at a level that is reassuringly
acceptable. By contrasting it with the predicted outcomes from the 2020 PLUS model, the
accuracy of the spatial distribution of LULC in the study area for the year 2020 is assessed.
The assessment of simulation accuracy in this article employs the Kappa coefficient and the
Fom coefficient [35,58]. The kappa coefficient, which ranges from 0 to 1, is used to assess
the consistency and accuracy of the simulation results. A value greater than 0.7 indicates
a higher level of consistency and accuracy. Conversely, the FOM coefficient is computed
as the ratio of the intersection of the projected and actual land changes to the total of the
two. Higher values of this coefficient, which likewise has a range of 0 to 1, denote increased
simulation accuracy [36,59].

3. Results
3.1. Spatiotemporal LULC Change

Figure 3 and Table 2 show the spatial and temporal changes in the composition of
the six LULC types in the KRB. The overall change in the area of LULC types in the
KRB from 2000 to 2020 is more obvious, with unused land and grassland being the most
important land types, accounting for more than 78% and 19% of the total land area at all
times, respectively, showing a gradually decreasing trend. Arable land, water catchment
areas, forest areas, and construction areas generally show increasing trends. In 2000–2020,
cropland area continued to increase, with the cropland area increasing by 354.88 km2 and
the unused area increasing by 45.51 km2. During 2010–2020, construction land grew the
fastest, with an expansion rate of 172%. The distribution of construction land is usually
surrounded by cultivated land, which represents the main area of human activity and is
subject to the most human intervention. The amount of undeveloped land and grassland
will drop by 425.42 km2 and 51.43 km2, respectively, between 2000 and 2020, while the area
of water will hardly change.
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Table 2. LULC in KRB by area and percentages in 2000, 2010, and 2020.

Land Use
Type

2000 2010 2020

Area
(km2)

Proportion of
Total Area (%)

Area
(km2)

Proportion of
Total Area (%)

Area
(km2)

Proportion of
Total Area (%)

Cropland 872.8434 1.24 967.9833 1.37 1227.725 1.74
Forest 214.4655 0.30 364.6845 0.52 265.6377 0.38

Grassland 13,505.01 19.13 13,482.52 19.10 13,453.58 19.06
Water 79.9893 0.11 86.0904 0.12 105.2874 0.15

Construction 19.9017 0.03 24.0372 0.03 65.4102 0.09
Unused 55,902.14 79.19 55,669.04 78.86 55,476.72 78.59

Analysis of LULC Structure Change

Figure 4 shows the conversion relationship of the LULC for the three phases from 2000
to 2020, and it is represented visually by a chord diagram. The expansion of cropland and
forest areas was obvious between 2000 and 2010. The expansion of cropland came mainly
from the development of grassland and unused land, with a total increase of 95.14 km2,
while the forest area increased by 150.21 km2, mainly from the evolution of grassland, and
it was the only increase period of the three phases. During the time period of 2010–2020,
the area of grassland transferred in was 2449.11 km2 and the area transferred out was
2420.17 km2. The overall area had increased, and the development of unused land had
become an important way for grassland expansion to occur. The area of construction land
doubled during this period, expanding much faster than in the previous period, while
cropland was the main contributor to urban expansion, providing a total of 38.82 km2 or
93.83% of the total. The area of forest shrank severely, with 64.62 km2 of forest converted
to unused land and 131.9 km2 converted to grassland. From 2000 to 2020 as a whole,
the main use types transferred out from the watershed were grassland and unused land,
with 51.4323 km2 and 425.428 km2, respectively, being transferred out, and the use types
transferred in were cropland, forest, and construction land, with 354.88 km2, 51.17 km2,
and 45.50 km2, respectively, being transferred in.
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3.2. Spatiotemporal Variations in the LER in the KRB

The LERI for the watershed had mean average values of 0.1721, 0.1714, and 0.1669 in
2000, 2010, and 2020, respectively. These values indicated a slight downward trend. Figure 5
shows that the LERI of the watershed had significant spatial and temporal variability. In
the spatial distribution, the entire watershed was dominated by low and lower risks, while
high and higher risks were mainly distributed along the Kriya River system, especially in
the Daryaboyi, which are deep in the desert with sparse surrounding vegetation and poor
natural conditions. The combined percentage of the study area’s total area that was made
up of the lowest risk and the lower risk was approximately constant, making up 98.69%,
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97.88%, and 99.18% in 2000, 2010, and 2020, respectively. In 2000, 2010, and 2020, the total
of the highest and highest risks is 0.29%, 0.58%, and 0.44%, respectively, with a slightly
expanding and fluctuating trend towards the Northern Desert Region.
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3.2.1. Defining the Temporal and Spatial Distribution of KRB

LER Moran’s I values are, respectively, 0.818, 0.847, and 0.920 from 2000 to 2020
(Figure 6), all greater than 0.5. This indicated that the LERI of the KRB over the past
20 years had a positive and significant spatial correlation; in addition, the scattered points
were distributed close to the regression line, suggests that the distribution of LER is spatially
clustered and that this spatial clustering increases over time.
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The trend of the LISA map for the period 2000 to 2020 (Figure 7) shows that the LER
in the catchment area mainly has an aggregated “high–high” and “low–low” distribution.
High-risk areas within the KRB exhibit concentration in the transition zone between desert
and green land, particularly along the lower course of the Kriya River. These areas are
characterized by pronounced landscape fragmentation. Additionally, sporadic high-risk
areas are observed around the city. The high vegetation cover contributes to the relatively
stable ecological quality, while low value zones are typically confined to grassland and
cropland regions.
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3.2.2. Analysis of Deriving Factor on the LER by the Geodetector Model

Based on factor detection, the LER of the KRB was examined with respect to the
drivers for three periods from 2000 to 2020, and all factors passed the significance test
(p < 0.01). Figure 8 displays the results of factor detection for each year. The LER of KRB
is primarily driven by socioeconomic and natural condition factors, and each driving
factor has a different contribution rate. For example, in 2000, soil conditions, annual
temperature, precipitation, and DEM were the main influencing factors; in 2010, urban
settlements, annual temperature, precipitation, and DEM were the dominant factors; and
in 2020, GDP, population, annual temperature, and precipitation were the main influencing
factors. According to the findings, environmental drivers will continue to have the greatest



Water 2023, 15, 4256 11 of 19

influence on the spatial distribution of LER through the year 2020, while social drivers’
influence will grow as society advances.
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3.3. Multi-Scenario LULC and Multi-Scenario Modelling, 2030

A comparison between the simulated and real LULC in 2020, together with the valida-
tion results and the spatial distribution of the PLUS model simulation error (Figure 9). With
a Kappa coefficient of 0.818 and an FOM coefficient of 0.253, the PLUS model is generally
more accurate. With its ability to accurately simulate variations in LULC demand within
the KRB, the PLUS model shows a high degree of accuracy. This model provides a reliable
foundation for future LER simulation predictions, enabling a more precise analysis of LER
dynamics in response to LULC demand changes [13,58,59].
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3.3.1. Analysis of KRB Land Use While Modeling Multiple Scenarios

Figure 10 and Table 3 show the simulated LULC under different development scenarios
for the year 2030, and they show different trends for each scenario for 2030 compared to
the LULC for 2020. In accordance with Table 3, we can derive the following: (1) According
to the NDS, compared to 2020, cropland, forest land, water, and construction land all
increased. Forest land saw the largest increase, with a 92.83 km2 increase, while grassland
and unused land areas decreased. The construction land change rate was 60.37%. (2) Within
the framework of CPS, the primary focus was on the protection of cropland. In this
context, cropland witnessed a substantial increase in area, with a growth of 156.02 km2

or 12.71%, representing the largest expansion among all types of land. The expansion of
construction land, on the other hand, primarily resulted from the conversion of grassland
and unused land. In comparison to the 2020 figures, the area of grassland decreased by
26.81 km2, while the amount of construction land remained relatively stable. (3) Under the
EPS: all ecological land areas increased to different degrees, including forest land, which
increased by 66.27 km2, and grassland, which increased by 132.48 km2, and the total area
of ecological land reached 13,918 km2, which was the maximum area of ecological land
under all scenarios.
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Table 3. Status of 2020 and Multi-scenario simulation of LULC change in 2030.

Scenario Type Cropland/km2 Forest/km2 Grassland/km2 Water/km2 Construction
Land/km2 Unused/km2

2020 1227.725 265.6377 13,453.58 105.2874 65.4102 55,476.72
NDS NDS 1295.027 358.4763 13,449.61 111.4929 104.8995 55,274.85
CPS CPS 1383.749 329.0373 13,426.77 111.4929 68.4603 55,274.85
EPS EPS 1185.139 331.9137 13,586.06 111.4929 104.8995 55,274.85

2020–2030 NDS 5.48% 34.95% −0.03% 5.89% 60.37% −0.36%
2020–2031 CPS 12.71% 23.87% −0.20% 5.89% 4.66% −0.36%
2020–2032 EPS −3.47% 24.95% 0.98% 5.89% 60.37% −0.36%

3.3.2. Comparative Analysis of LER in Three Scenario Watersheds

Figure 11 depicts the spatial distribution of LER in the catchment in 2030 under various
scenarios. Under NDS, CPS, and EPS conditions, respectively, the simulation yields an
overall LERI for the catchment of 0.1682, 0.0933, and 0.0903, showing notable variations
from those of 2020 (0.1669). The pattern distribution of LERI in the NDS scenario remains
largely consistent with 2020. LERs decreased for both CPS and EPS. Comparing the overall
spatial pattern distribution of LER, the similarity between the NDS and EPS was extremely
high compared to that of 2020, while the lower risk occupied a very large area in the arable



Water 2023, 15, 4256 13 of 19

CPS, and the lower risk dominated. In addition, the map clearly showed that ecological
land was located in areas with low levels of LER, such as grassland and forest areas. High-
risk areas in Daryabuyi under different scenarios in 2030. Combined with Figure 12, the
ecological risk ratio of the landscape for 2020 and 2030 under each scenario showed that low
risk and lower risk were always in the dominant position, but the area of each ecological
risk zone under the different scenarios was still significantly different, especially in the
2030 arable land protection scenario where the low-risk zone accounted for 99.1%. It is also
worth mentioning that the largest area of high-risk zone was in 2020, reaching 116.899 km2,
which indicated that there were many ecological risks in the current LULC.
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4. Discussion
4.1. The KRB Shows a Spatial Distribution of ERI

Spatial and temporal variations in ecological risk in arid zone watersheds are negative
manifestations of natural and social impacts, and LERI can reflect the degree to which
watershed ecosystems are threatened by climate change and human activities, thereby
revealing mechanisms and trends in ecological processes [60,61]. With LULC serving as
a driving force, we found a connection between LER patterns, offering a way to examine
the temporal and spatial dynamics of LER. It was discovered that during the period of
2000–2020, the spatial and temporal distribution characteristics of LER in the KRB changed
more, primarily in the following ways: Prior to 2010, the area of cultivated land in the
central part of the basin was primarily where the high and higher risks were concentrated.
This is mainly because the study area is constrained by climatic and environmental factors,
the KRB is located in the Gobi Desert, which is arid with low rainfall, and water resource
constraints are obvious. This, coupled with the rapid development of agriculture which
has led to a large amount of water resource depletion, and because the arable land has
been distributed in a fragmented manner, has resulted in poorer landscape connectivity
and a relatively high level of ecological risk. The overall LER in the catchment shows a
decreasing trend after 2010, with a significant decrease in high-risk areas and an increase
in the proportion of low- and medium-risk areas, although there has been an increase
in ecologically risky areas in Dariyaboi due to the displacement of downstream water
use by upstream water use for irrigated agriculture. In an effort to address the declining
ecological environment, the Chinese government has started to restore farmland to forests
and grasslands [53,62,63], which to some extent improves the ecological quality and reduces
the probability of land degradation, as evidenced by the area of forest the past 20 years.

4.2. Impacts of the Driving Factors on the Pattern of the LER

Taking into account the unique natural geographical, climatic, and social conditions of
the KRB, this study explored the intrinsic mechanisms of the LER changes from the per-
spective of socioeconomic and natural factors. The geodetector results showed significant
differences in the main drivers of the LER changes for the three phases from 2000 to 2020.
The 20-year period from the initial temperature, precipitation, and topography-driven
factors to the GDP, population, temperature, and residence area factors in 2020 showed
a very high influence; this indicates, to some extent, that human activities have become
an important part of influencing the LER. The period 2000–2020 was a period of rapid
economic development from the perspective of the GDP. The 11-fold increase in GDP in
the KRB during the two periods was directly manifested by the large expansion in land
for construction and was based on encroachment on arable land. However, the increase in
the population increased the exploitation and excavation of resources, which was clearly
expressed through the expansion in arable land [17,64]. Agriculture and animal husbandry
were the main sources of GDP in the basin, and during the study period, regarding the
population and socioeconomic development, people increased the area of arable land,
which resulted in a large amount of resource plundering in rivers as well as surrounding
water bodies, leading to the degradation of the original grassland and artificially changing
the spatial configuration of water resources in the basin, which seriously damaged the
ecological water use and degraded the grassland vegetation without any resupply [9,65].
Combined with the spatial characteristics of the LER, the locations of the grassland had
substantial impacts on the LERs of the watershed areas, and the total area of grassland
in 2020 did not change much compared to 2010, but the area of grassland on both sides
of the Kriya channel in 2020 increased significantly; that is, this change made the LER of
the whole watershed decrease, and the landscape pattern played a key role in relation to
the LER.
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4.3. Creation of Future LULC Policies and LER Administration

In the KRB region, both natural and societal factors predominantly dictate changes
in land use resources, with the natural environment forming the foundational basis that
invariably experiences impacts during economic development [66]. Concurrently, amidst
the backdrop of severe global climatic alterations, arid zone climates have transitioned from
“warm–humid” to “warm–dry” [67]. This shift, coupled with heightened evaporation from
river basins, has strained the balance between water resource supply and demand. The
land use/cover and landscape patterns in the KRB have drastically transformed over the
past two decades [49,68,69]. As the climate in the watershed has evolved, there has been an
upsurge in glacial snowmelt runoff upstream, thereby enhancing the accessibility of water
resources for agricultural production in the midstream region [70]. However, the expanding
cultivated land area in the midstream region, driven by agricultural economic activities,
has considerably elevated the demand for agricultural water. Concurrently, the large-scale
development of arable land has substantially altered the landscape pattern of natural
vegetation in the mid and downstream areas of the river. This alteration has influenced the
ecological water demand of the vegetation, leading to a more noticeable trend of vegetation
degradation. The rising demand for agricultural water and the decreasing ecological water
demand of vegetation have significantly altered the water demand structure of the river
basin, as evident in the spatial distribution of the high-risk area of LER from 2000 to
2020. The key ecological LULC in the KRB region is grassland, which, compared to other
areas, displays heightened susceptibility and plays a critical role in mitigating ecological
risks [9,36].

To safeguard grasslands, moderate grazing intensities can enhance their resilience
and bolster their habitat quality stability in riverine ecosystems. Reducing watershed
LER necessitates diverse strategies, contingent on the specific region: (1) In high-risk
areas, meticulous consideration of natural conditions and actual economic needs is crucial.
One strategy involves accommodating the demand for ecological land through natural
restoration, encompassing comprehensive protection of forests, grasslands, and arable
land, and strategic planning to resolve the conflict between ecological and economic
water usage. This includes proactive ecological restoration efforts and the conversion
of farmland back to forests and grasslands. Simultaneously, it is essential to develop
the agricultural economy in alignment with local conditions, advocate for energy- and
water-efficient agricultural management models, and encourage agricultural restructuring.
(2) Recognizing the evident spatial variation of LER, adjustments to the spatial distribution
pattern of LULC can be employed as a component of ecological risk management. In
areas characterized by concentrated ecological risks, it is crucial to address landscape
fragmentation and employ spatial governance strategies at the national level. This should
entail implementing regionally specific control measures that are tailored to the local
natural conditions.

4.4. Limitations and Future Work

In this investigation, an analysis of the Land Ecological Risk (LER) status within
the Kriya River Basin (KRB) over the past two decades was undertaken, employing a
landscape ecology perspective. The study aimed to elucidate the spatial and temporal
distribution of LER while investigating the mechanisms of influencing factors on ecological
risk. Furthermore, the research extended to designing and simulating ecological risks under
different development scenarios projected for the year 2030. The overarching objective was
to provide a theoretical foundation for future ecological risk control measures. Arid zone
watersheds, characterized by ecologically sensitive attributes, have witnessed a surge in
ecological issues in recent years [2,11]. These concerns have manifested as typical ecological
and environmental problems observed globally, garnering extensive attention from various
sectors of society. Consequently, the development of a rational and effective ecological
assessment model for watersheds, especially those with unique natural geographical
conditions like the KRB, assumes critical importance. In this paper, a landscape pattern
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index was formulated based on land use (LULC) data to assess the KRB. This method proves
feasible for managing land resources within the basin and addressing regional ecological
and environmental challenges. However, the study acknowledges certain limitations owing
to the intricate nature of data sources and ecological risks in the area. The uncertainties
introduced as a result of these complexities impact the outcomes of the comprehensive
assessment. Notably, the risk assessment method grounded in landscape ecology exhibits
a discernible scale effect, where the size of the scale influences the calculation results of
the landscape pattern index, leading to potential bias [17,35]. Additionally, the driving
factors behind changes in land use landscape patterns within the KRB are exceedingly
intricate. The selection of some natural and anthropogenic factors in this study, while
omitting others challenging to quantify, hinders the precise prediction of the future spatial
pattern of land use in the simulation. Subsequent research endeavors should consider a
multi-scale comprehensive assessment, emphasizing the scale effects of diverse influencing
factors for a more accurate evaluation. Furthermore, exploring additional quantitative
driving analysis indicators in conjunction with the specific conditions of the KRB will
contribute to enhancing the simulation’s accuracy.

5. Conclusions

This study employs the Landscape Ecological Risk Assessment (LERA) model to con-
duct a comprehensive examination of the spatial and temporal dynamics within the Kriya
River Basin (KRB) from 2000 to 2020. Additionally, the investigation integrates the PLUS
model to simulate and forecast the spatial distribution of LER, projecting potential trends in
the KRB under diverse scenarios by the year 2030. (1) The KRB predominantly encompasses
grassland and unused land, constituting over 97% of its total expanse. Over the two-decade
timeframe, notable expansions occur in cropland, water, and construction land, while
unused land and grassland witness contractions. Spatial alterations notably reveal that the
proliferation of construction land predominantly encroaches upon cropland. (2) The period
from 2000 to 2020 manifests a discernible spatial clustering pattern of Ecological Risk Index
(ERI) values in the KRB, with an observed escalation in the degree of clustering. Dominat-
ing the LER spectrum are low-ecological-risk areas and lower-ecological-risk areas. (3) ERI,
as an index, reflects the confluence of socioeconomic and natural conditions, and its princi-
pal determinants undergo a nuanced transition over the two decades. In the early 2000s,
natural variables including temperature, precipitation, topography, and soil type wield
substantial influence, whereas by 2020, socioeconomic factors such as GDP, population,
temperature, topography, and proximity to settlements emerge as predominant factors
shaping LER. Human activities progressively assert themselves as the paramount catalyst
for LER variations. (4) The anticipated landscape configurations under three distinct KRB
scenarios in 2030 portray varied degrees of transformation, wherein low-risk and high-risk
areas predominate within the NDS, CPS, and EPS scenarios. Spatially, high-risk LERs
exhibit notable concentration, particularly evident in the Daryabuyi site across divergent
scenarios. The conclusions of the study can provide a decision-making basis for ecological
risk early warning for the ecological protection of the Kriya River Basin, enhancement of
the ecological security level as well as giving full play to the role of ecological functional
zones of inland river basins in arid zones.
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