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Abstract: Land degradation under the influence of global warming and ecological environmental
destruction due to poor land management is the main challenge facing the Mongolian Plateau, and
its future ecological risk change trends and drivers are also unclear. Therefore, to address the context
relevant to this challenge, planning based on measured information from land use patterns is required.
Based on land use and land cover (LULC), this study evaluates the landscape ecological risk (LER)
of the Selenga River Basin by calculating the landscape pattern index. The spatiotemporal pattern
and influencing factors of landscape ecological risk in the Selenga River Basin from 1990 to 2040
were analyzed. According to the results of LULC analysis, forest and grassland were the primary
land use types in the Selenga River Basin. The built area, forest, and cropland showed an increasing
trend, while the grassland area showed a fluctuating decreasing trend. From 1990 to 2010, the
comprehensive land use dynamic degree showed a trend of rising first and then falling, specifically
from 0.13% in 1990 to 0.29% in 2010, and will drop to 0.06% by 2040, indicating that the range of
land use change is becoming more and more stable. The landscape ecological risk assessment shows
a distribution pattern of “low at the edge and high in the middle”. The landscape ecological risk
index (LER) first increases and then decreases, with the peak value in 2010 (0.085). By calculating the
spatial aggregation of LER and the partial correlation with climate, we found that the Moran’s I index
showed an “anti-V”-shaped change trend from 1990 to 2040, and the average landscape ecological
risk presents positive spatial correlation, primarily with high-value aggregation, and peaked in 2010.
Precipitation had a negative correlation with landscape ecological risk controlling for temperature,
while there was a positive relationship between temperature and landscape ecological risk under
the influence of controlling precipitation. This study provides a scientific basis for LULC planning
in the Selenga River Basin, and is of great significance for maintaining the ecological security of the
Mongolian Plateau.

Keywords: landscape ecological risk; PLUS; land use; spatial aggregation; Selenga River Basin

1. Introduction

Land is an important basic resource for human survival, and land cover change can
directly reflect the degree of human activity or natural change [1,2]. The land ecosystem
is the basis for achieving regional sustainable development goals and guaranteeing sus-
tainable regional socioeconomic and agricultural development. In recent years, significant
changes have occurred in the structure of global land cover, and various ecological and
environmental issues have frequently occurred [3]. Land use change has proven to be a
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reliable perspective reflecting ecosystem change and can be used to assess ecological risk [4].
Therefore, based on regional land use changes, research on simulating future landscape
ecological risks has become an academic focus.

In the past two decades, cellular automata models simulating future LULC have
developed rapidly. At present, most studies on land use change simulation are based on
the following two types of models. The first is the spatial causal model. Taking CLUE-S as
an example, this model mainly explores the relationship between the influencing factors
and land change, and then simulates future LULC. However, it cannot effectively reflect
the underlying mechanisms of LULC and their influencing factors [5]. The other type of
model is the discrete dynamic model, which contains a Markov model, FLUS model and
cellular automata (CA). These models simulate complex land use changes by calculating
the interaction between different patches, while the spatiotemporal dynamics are lacking
and the spatial evolution of land use patches cannot be efficiently simulated [6,7]. Although
most current studies focus on improving the pixel-by-pixel accuracy between simulation
results and real LULC, they fail to take into account the spatial homogeneity of land type
change [8]. Therefore, several efforts have been made to develop patch-based CAs that can
simultaneously simulate land use changes in multiple adjacent homogeneous units. For
example, the CA model is based on the convolutional neural network, and the vector data
can simulate the actual ground objects as well as capture the fine-scale characteristics of the
driving factors. However, its applicability in developing areas such as Mongolia is poor
due to the lack of multi-temporal phase vector land use data [9]. The vector results may be
reasonable only for some landscape indicators. The landscape-driven patch-based cellular
automaton (LP-CA) model takes into account the spatial homogeneity of urban growth on
a local scale, which can better describe the actual land use conversion process. However,
the model has considerable errors in suburbs and other cities where there are few buildings
and land use changes greatly affected by random factors [10]. In order to solve this problem,
the patch-level land use simulation model (PLUS) came into being, which combines the
advantages of TAS and PAS, and proposes a method that combines the cellular automata
model with a plaque generation simulation strategy to simulate future LULC. This model
can simulate future LULC at the patch level by mining the driving factors of multi-type
land expansion [11]. Currently, PLUS models are mostly used to simulate the distribution
of patch-level land use in future scenarios to estimate and integrate the value of ecological
services [12].

Landscape ecological risk assessment is a method used to assess the possible adverse
consequences of external disturbances on ecosystems and related components. It uses
landscape pattern indices to link landscape structure with ecological processes and reflects
ecological risks at the landscape level [13]. However, because the ecological benefits of
different land use types differ, most scholars use ecological carrying capacity and ecolog-
ical service value to evaluate them [14,15]. While both types of indicators are good at
characterizing changes in risk, they do not fully assess the extent of ecological risk. In
order to comprehensively reflect the landscape heterogeneity of landscape ecological risk
and comprehensively reflect the impacts of human and natural factors on the ecological
environment, the landscape ecological risk index (LER) is widely used [16]. It can not
only emphasize the spatiotemporal heterogeneity of ecological risks and describe it quan-
titatively but can also evaluate and analyze the impacts of ecological risk on landscape
composition and function [17]. The geographical units of landscape ecological risk assess-
ment are primarily divided into two types, based on administrative region boundaries
and natural landform boundaries [18,19]. Considering the administrative boundary as the
analysis unit can be beneficial in terms of formulating corresponding risk management and
control measures among different provinces, whereas considering the boundaries of natural
landforms as the analysis unit can formulate risk management and control measures for
different regions in line with their current situation. Currently, most local and international
studies use the basin as a unit to conduct landscape ecological risk assessments and reflect
ecological risk changes by calculating the LER [20]. Under the combined influence of global
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warming and human activities, desertification of the Mongolian Plateau is serious and veg-
etation has been severely degraded, which has severely threatened the ecological security
of the Mongolian Plateau. As the most important region of the Mongolian Plateau, the
Selenga River Basin is a typical arid/semi-arid area with a fragile ecological environment.
Therefore, carrying out the landscape ecological risk assessment of the Selenga River Basin
is of great significance for the ecological risk management of related arid and semi-arid
areas. The result can provide a theoretical basis for dealing with uncertain and complex
ecological problems in the future.

The research objectives include the following: (1) We will use the PLUS model to
simulate the LULC in the Selenga River Basin in 2030 and 2040, and analyze the degree of
land use dynamic change. (2) We will construct the landscape ecological risk assessment
model of the Selenga River Basin and carry out ecological risk assessment to predict the
spatio-temporal variation characteristics of the ecological risk of this basin in the next
20 years. (3) We will combine the semivariogram and spatial autocorrelation analysis
methods to analyze the temporal and spatial variation characteristics of ecological risk in
the Selenga River Basin from 1990 to 2040. In addition, we will also analyze the independent
influences of temperature and precipitation on its ecological risk using partial correlation
analysis. The goal of implementing the LER in this study is to provide recommendations
for the management of associated ecological risks in the associated arid—semi-arid regions.

2. Materials and Methods
2.1. Study Area

The Selenga River Basin is located in the core of the Mongolian Plateau, and it is a
crucial node of the China-Mongolia Economic Corridor and China-Mongolia cross-border
high-speed railway, as well as a key area for future basin control and planning. In the
Selenga River Basin, the mountains are mainly distributed in the west, with the Kent
Mountains in the southeast, and most of the rest is valley plains, of which 67% of the basin
area is in Mongolia [21] (Figure 1). Recently, the decline in the water levels of the Selenga
and Lake Baikal has attracted widespread attention [22]. The Selenga River Basin has a
typical continental climate with large temperature changes and an average annual rainfall
of 250450 mm [23]. The water system in the basin is developed and the rivers are dense,
all of which belong to the Selenga River system and flow through a delta and finally into
Lake Baikal, which is the channel for Mongolia to enter the Russian Asian Plain [22]. It is
the most important agricultural and pastoral area of Mongolia [24], but its fragile ecological
environment makes it vulnerable to damage.

2.2. Data and Methods

To begin with, the driving factors were selected based on the current land use status
of the Selenga River Basin, and then the PLUS model was used to simulate the land use
changes in the Selenga River Basin for 2030 and 2040 and analyze the land use dynamic
degree. Then, we constructed a landscape ecological risk index (LER) from the computed
landscape pattern indices and analyzed the spatio-temporal variation trends of its ecological
risk from 1990 to 2040 by combining spatial autocorrelation analysis and semivariogram
methods. Finally, the impacts of temperature and precipitation on ecological risk were
studied through partial correlation analysis. The technical roadmap is shown in Figure 2.



Remote Sens. 2023, 15, 4262 4 0f 20

98°E 100°E 102°E 104°E 106°E

Russia

SI°N 52°N

50°N

Z | pa

2 A Province |%
— River

Z

z] DEM |z

2 - High : 4000 2

£ | ~ Low : 448
g 0 60 120 |Z&
— ki [

98°F 100°E 102°E 104°E 106°E 108°E

Figure 1. Location map of the study area.
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Figure 2. Methodological flowchart for this study.
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2.2.1. Land Use Data

In this study, a land use dataset of the Selenga River Basin with a resolution of 30 m
was produced by our team based on Landsat-7-and Landsat-8 images [25], which meets the
required accuracy for our research. Land use types included forest, grassland, built area,
cropland, barren land and water.

2.2.2. PLUS Model

The PLUS model is a novel type of land use prediction model that can reveal the
contribution of potential driving factors to land use change. It integrates two sub-models:
the CA based on multiple random seeds (CARS) and the land expansion analysis strategy
(LEAS) [2]. The mode of operation is as follows. First, extract the changes in land use
types in two periods and analyze their direct relationship with the driving factors. Second,
the growth probability of different land use types is calculated by the LEAS module, and
the appropriate transition matrix and rule weight are set to simulate the future land use
status [26]. The CARS cellular automaton model of the PLUS model has the characteristics
of time consistency and allows new patches to grow spontaneously under the constraints
of growth probability.

Commonly used driving factors in the PLUS model include natural environmental and
human activity factors [18]. Considering the geographical and environmental characteristics
of the Selenga River Basin, the vegetation index and climatic factors, such as NDVI, DEM,
temperature, precipitation, etc., must be prioritized. The Selenga River Basin is sparsely
populated but relatively well-traveled. The Euclidean distance tool in ArcGIS is used in this
study to calculate dis_road and dis_railroad as the influencing factors of human activities.
The data sources are shown in Table 1.

Table 1. Data source description (All data accessed on 1 January 2023).

Data Types Time Data Source Data Address

DEM 2000 NASA https:/ /srtm.csi.cgiar.org

Driving NDVI 1990-2020 NOAA https:/ /www.noaa.gov/
factors EVI 1990-2020 NOAA https:/ /www.noaa.gov/

Road, Railroad 1990-2021 GRIP global roads https:/ /do.wnload.geofabrlk.de/
index.html

Influencing Temperature 1990-2021 CRU https://crudata.uea.ac.uk
factors Precipitation 1990-2021 CRU https:/ /crudata.uea.ac.uk

2.2.3. Accuracy Verification

At present, the kappa index is becoming less and less common in accuracy evaluation,
and the use of kappa and OA indicators alone cannot show the classification accuracy very
well. The FOM coefficient has good properties for evaluating the accuracy of the model;
it is a measure of the efficiency, sensitivity or precision of a system. Larger FOM values
indicate better simulation results and higher accuracy. Therefore, for the simulation results,
this study uses the overall precision, kappa coefficient and FOM coefficient to calculate its
p accuracy index.

2.2.4. Construction of the Landscape Ecological Risk Model

Referring to previous research results and combining the empirical link between land
use landscape patterns and regional ecological risks in the Selenga River Basin [17], this
study introduces the following landscape indices, namely the landscape fragmentation
degree A;, fractal dimension B; and landscape separation index C;, which were selected to
calculate the landscape interference index (D;). and landscape vulnerability index (F;). The
formulae for the calculations are as follows:

D;= dA;+eB;+fC; (1)
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Aj = M 2
. M n;
Bl - ZMZ‘ Ml (3)
o _ 21n(%) A

where M is the total area, M; is the area of landscape i, 1; is the number of patches, N; is
the perimeter of the landscape type and d, e and f are the weights of the D; that satisfy
(d + e + f = 1), referring to previous research [27]. The weights were assigned as 0.5, 0.3 and
0.2 for d, e and f, respectively.

After standardizing the land use types, this study referred to previous research and
grades the six land use types according to their ability to resist external disturbance [28]:
cropland was four, forest was two, built area was one, water was five, barren was six and
grassland was three, and the landscape fragility index (Fi) was then calculated through nor-
malization.

In order to reflect the changes in the ecological environment in the study area caused
by potential ecological risks and losses [29], the landscape ecological loss degree (R;) was
calculated, and the formula is as follows:

Ri = D,’ X Fi (5)

where R; is the landscape ecological loss degree, D; is the landscape interference index and
Fiis the landscape fragility index

In this study, combined with previous studies and the topographic features and
environmental elements of the Selenga River Basin, a 15 km x 15 km grid (1525 grids in
total) was determined as the risk assessment unit [18] and then the LER value of each risk
unit was calculated [30]. Finally, the surface distribution of the risk value was obtained
using the kriging method [31]. The formula used is as follows:

LER = i %Ri 6)
i=1 Mk

where i is the ith landscape, My, is the area of landscape i in the area k, M is the total area
of k samples and # is the number of landscape types. According to the size of the LER
value, the ecological risk of the Selenga River Basin is divided into the following five levels
by using the natural break method and combining the characteristics of the ecological
environment of Mongolia [32]: low ecological risk (LER < 0.0503), relatively low ecological
risk (0.0503 < LER < 0.0748), medium ecological risk (0.0748 > LER < 0.0902), relatively
high ecological risk (0.0902 < LER < 0.1016) and high ecological risk (LER > 0.1016).

2.2.5. Land Use Dynamics Degree

This study used a comprehensive/single-land-use dynamic degree to reflect the chang-
ing rate of different land use types in the study area [33]. Among them, the single-land-use
dynamic degree (K) reflects the rate of change of a certain land use type within a specified
time using the following formula:

LU, - LU, 1

X = % 100% (7)

K= LU, T

The comprehensive land use dynamic degree (LC) describes the overall speed of land
use change in the whole region, which can be used in the study of regional differences in
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land use dynamic change and can reflect the comprehensive change rate of different land
use types within a specified period of time [34]. Its formula is the following;:

" ALU;_;
Lot AUy, 1 100% (8)

Le=13 ) LU, < T

where LU, and LU}, are the areas of the land use type in the beginning year (2) and end
year (b) of the study period, respectively, LU; is the area of type I, ALU;_; is the area of
type I transformed into another type, n is the number of types and T is the time interval of
10 years.

2.2.6. Spatial Correlation Analysis

In this study, the global Moran’s I was calculated to describe the spatial correlation
characteristics of the landscape ecological risk space and to judge whether there is aggrega-
tion or anomaly in the space [35]. The formula used is as follows:

Yl Yy Wij(xi — %) (x; — X)

I =
s2 Z?:l Z?:l Wij

)

where x; and x; are LER of reference cell i and adjacent cell j, respectively. 7 is the total
number of grids.; (x; — X) is the deviation between the measured value and the average
value on the ith grid cell Wj; is a standardized spatial weight matrix; S? is the mean
square error.

To judge the specific location where aggregation occurs, the local Moran’s I index and
LISA cluster map were used to visualize the differences between adjacent regions [36]. The
formula used is as follows:

n
=Y (x-x) (10)
i3
= 5N 11
= 525 Y (- x) an
i=1

where j and i are grids j and i, w;; is the element value of the spatial weight matrix and x;
and x; are the eigenvalues of grids i and j, respectively. x is the mean of the eigenvalues of
all geographic units and 7 is the total number of grids. I > 0 means that the LER is clustered.
I < 0 means that the LER is discrete; that is, high and low values are clustered together.
I = 0 means that the spatial distribution of the ecological risk values is random. The
local autocorrelation index, I, is divided into four categories: low—-low aggregation(L-L),
low-high aggregation(L-H), high-high aggregation(H-H) and high-low aggregation(H-L).

2.2.7. Partial Correlation Analysis

Partial correlation analysis is the process of controlling other influencing factors and
analyzing only the correlation between two variables [37]. Therefore, in order to better
explore the relationship between climate and LER values, the partial correlation between
LER values and climate factors at the pixel scale was calculated in this study. The formula

is as follows:
Txy = Txz X Tyz

T . =
A \/1—7’2 ><\/1—r2
xy yZ

where 7y, is the partial correlation coefficient between variables x and y when z is used
as the control factor, Txy, Txz and ryz are the correlation coefficients between x and z, x and y,
and y and z, respectively.

(12)
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3. Results
3.1. Analysis of Land Use Change in the Selenga River Basin
3.1.1. Spatial Change of Land Use

To test the reliability of the PLUS model, the land use data for 2010 were used to
simulate the land use data for 2020, which were compared to the actual land use data for
2020 to verify the accuracy of the simulation results. Among them, the kappa was 0.84
and the overall accuracy was 0.81. According to the accuracy verification of the kappa
index and the overall accuracy of the simulation results, it can be seen that the PLUS model
can simulate the LULC in the Selenga River Basin well. The overall spatial accuracy is
low due to the high degree of fragmentation of built-up areas and cropland. However,
due to its small overall area, it will only slightly change the construction of the landscape
ecological risk model. In addition, we also calculated the FOM coefficient to further verify
the simulation results. The FOM index result was 0.186, which further proved the rationality
of the PLUS model for LULC simulation in the Selenga River Basin.

Figure 3 and Table 2 show the spatial pattern characteristics and areas of land use types
in different periods, respectively. Overall, the range of change in the built area is the highest,
and the transfer between grassland and barren land is the most distinct. Specifically, the
grassland is the most widely distributed in the Selenga River Basin, and the proportion has
always remained above 60%. However, compared with 1990, the grassland area is expected
to decrease by approximately 9% by 2040, and grassland degradation mainly occurs in
the southwest of the Selenga River Basin. Forest land, as a crucial land use type in the
Selenga River Basin, has continuously been a priority for protection, but in 2000, the area
decreased. Overall, however, there is an increasing trend in forest area in the northern part
of the basin. From 1990 to 2040, with the acceleration of the urbanization process, the built
area is increasing steadily, from 212 km? to 1396 km?2. After 2010, the cropland area began
to increase steadily. The overall trend of the water area was characterized by a decrease
first. The barren land remained above 4000 km?2, and the overall area tended to increase,
and was concentrated in the southeastern and southwestern margins.

Value

=3[ 1226 J4—3 _J6—1 [ |Cropland [N Water
[ 1—4[3-1 J4»s Elo—2 I rorest I iarren
A ey % }:g % 2:2 % 2’:? = g:i - Built area |:| Grassland
€ 2135 [ 5—2 Ile—s

SR g 023 360053 Inochange 0 250 500
I e I 2—4 D 41 |:| 54 kM

Figure 3. Land cover map of the Selenga River Basin from 1990 to 2040. (Note: 1 is cropland, 2 is
forest, 3 is built area, 4 is water, 5 is barren, 6 is grassland, is direction of land type conversion).
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Table 2. Area of land use types of the Selenga River Basin from 1990 to 2040.

Area/km?
Land Use Type

1990 2000 2010 2020 2030 2040

Cropland 7710 8005 7758 8729 9400 10065
Forest 77,357 72,882 79,202 86,096 86,320 86,546

Built area 212 245 402 724 1079 1396

Water 4649 4687 3957 4478 4880 5562

Barren 4472 4435 6707 7419 7395 7373
Grassland 220,601 224,770 214,670 204,538 202,498 200,530

3.1.2. Temporal Change Characteristics of Land Use

In this study, the comprehensive and single-land-use dynamics degree were calculated
at taxonomic scales to explain the degree of land use change (Figure 4). Overall, the
comprehensive land use dynamics degree showed a downward trend. Between 1990 and
2010, a slight upward trend was noted (from 0.13% to 0.29%), which then began to decline
in 2010 and will drop to 0.06% by 2040.

I T I I
8% 3
0 4 1.0% %
5 =
= 4
20 6% f ‘é
o
. 105% S
Q =4
£ wnf j.1 .y -
= '__"" ~eo ()
s C B R g
B ° C Joo% o
o 2%k S
w
= s
o | )
5 0% — I — — =
= I - - H1-05% &
2 o
) =
e
H1-1.0% &
_49% L &)

1990-2000 2000-2010 2010-2020 2020-2030  2030-2040
~ Cropland B Forest Built area
I Water . Barren " Grassland

--0--Comprehensive land use dynamic degree
Figure 4. Land use dynamic degrees of the Selenga River Basin from 1990 to 2040.

From the perspective of the single-land-use dynamic degree, grassland primarily
showed negative growth, which was the largest during the period 2000-2010. From 1990
to 2000, the negative growth of the forest area changed most, with a dynamic degree of
-0.53%, and it began to recover after 2010. The change trend of cropland area showed a
decrease first and then an increase, with the largest increase of 1.14% in 2010. The water area
changed the most between 2000 and 2010, showing a downward trend, and began showing
positive growth after 2020. The change trend of the barren area first increased and then
decreased, and the maximum rate of increase reached 4.66% during the period 2000-2010.
Overall, the LC in Mongolia showed an upward trend from 1990 to 2000, was maintained
at approximately 0.29% from 2000 to 2020, and has since remained at a low level.
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3.2. Landscape Ecological Risk Assessment
3.2.1. Characteristics of Temporal Evolution of Landscape Ecological Risk

In this study, the G5+ 9.0 tool was used to fit the LER. In model selection, we fully
accounted for model selection by calculating higher R2 and lower residual SS in the results.
Ultimately, an exponential model was used for fitting in 2020 and 2040, and a Gaussian
model was ideal for other years (Figure 5). The block base ratio indicates the degree of
spatial variability; a high ratio indicates that the degree of spatial variability is caused more
by random factors. The results (Table 3) show a moderate spatial correlation between 2000
and 2010, whereas the other years have a weak spatial correlation. The sill value continued
to increase from 2010 to 2040, indicating an increase in the spatial distribution difference
of the LER. The range reflects the change in the primary variation process of the LER; the
higher the value, the stronger the uniformity of the LER in this period. The smaller the
LER range, the weaker the uniformity of the LER in this period, and the more complex the
overall distribution.

1990 2000 2010
0.0129 o Mg O 0.0152 =548 0 0.0133 o O000n
g = 4 g i
£ 0.0007 § 00114 £ 00100
2 0006 & 0.0076 E 0.006
T j Eies
E“ 0.0032 % 0.0038 ‘%D_DDJJ
0.0000 + 1 0.0000 0.0000
0 175,000 350,000 525,000 700,000 0 175,000 350,000 525,000 700,000 ] 173,000 330,000 523,000 700,000
step length (m) step length (m) step length (m)
2020 2030 2040
0.0151 0.0167 i 0.0168
g 00113 £ 00125 8 0.0127
& & .
= 0.0075 = 0.0083 3 0.0085
3 B T 0.0042
5 0.0038 § 0.0042 § 0.0042
e [=al :EI,"
“ 0.0000 ! % 0.0000 * 0.0000 + G o R
0 175,000 350,000 525,000 700,000 175,000 350,000 525,000 700,000 0 175,000 350,000 325.000 700,000
step length (m) step length (m) step length (m)
Figure 5. Variation function curve of landscape risk from 1990 to 2040.
Table 3. Semi-variance function fitting of the landscape risk index from 1990 to 2040.
Year Model Nugget Value Sill Values Block Base Ratio Range
1990 Gaussian Model 0.009460 0.012340 0.76661 168,932
2000 Gaussian Model 0.009394 0.014640 0.64167 220,984
2010 Gaussian Model 0.008884 0.012260 0.72463 166,216
2020 Exponential Model 0.012148 0.014340 0.84714 193,716
2030 Gaussian Model 0.013505 0.016000 0.84406 345,408
2040 Exponential Model 0.013807 0.016360 0.84395 215,776

3.2.2. Analysis of Landscape Ecological Risk Spatial Evolution Characteristics

The changes of ecological risk grades in the Selenga River Basin from 1990 to 2040
were calculated in this study (Table 4). The results showed that the Selenga River Basin
remains dominated by medium-risk areas and the relatively low-risk area is gradually
increasing. It is worth mentioning that the average value of ecological risk in the Selenga
River Basin showed a trend of rising first and then falling (from 8.05% to 7.90%). However,
the maximum value of LER showed an increasing trend, and increased by 0.9% between
1990 and 2040, indicating that the overall resistance of the study area to external factors
increased, but the local ecological risk also increased. The low-risk area is predicted to
increase 1.96-fold by 2040 compared to 1990. From the perspective of ecological risk spatial
pattern (Figure 6), the Selenga River Basin was generally in a medium ecological risk state
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in 1990, and the relatively low ecological risk area began to increase after 2020. Low and
medium ecological risk areas are primarily concentrated in areas dominated by forest,
which are less disturbed by human activities and have high resistance to risk; therefore, the
LER is relatively low. The landscape ecological risk in the Central and Orkhon provinces
improved, and the ecological risk in Khvvgul Province increased significantly.

Table 4. Area of ecological risk grades in the Selenga River Basin from 1990 to 2040.

Y Ecological Risk Area Percentage (%) LER Value
ear Low Risk Relatively Low Risk Medium Risk Relatively High Risk High Risk Max Mean Min

1990 2.31 19.32 41.24 28.42 8.71 0.153 0.081 0
2000 2.19 20.63 38.49 30.08 8.61 0.146 0.081 0
2010 2.18 18.53 40.13 26.94 12.22 0.147 0.085 0
2020 4.06 29.50 33.97 23.79 8.68 0.161 0.078 0
2030 4.45 27.92 32.64 23.84 11.16 0.163 0.079 0
2040 4.54 27.77 31.91 24.78 11.00 0.162 0.079 0

2010

W

I | ow risk I Medium risk B High risk
B Relatively low risk I Relatively high risk 00

Figure 6. Distribution map of ecological risk levels from 1990 to 2040.

3.3. Analysis of the Evolution Trend of Landscape Ecological Risk

The spatial autocorrelation of LER in the Selenga River Basin from 1990 to 2040 was
analyzed by using GeoDa. After 999 permutation tests (p = 0.001), the Moran’s I index
was calculated, and a LISA cluster map was drawn (Figures 7 and 8). The global Moran’s
I showed a trend of rising first and then falling. In 2010, Moran’s I reached a maximum
of 0.477, indicating that the degree of spatial aggregation was the highest. The landscape
ecological risk in the Selenga River Basin presents a spatial distribution pattern dominated
by “H-H” and “L-L”, with less distribution of “H-L” and “L-H”. From the perspective of a
time series, the spatial effect of the “cluster” aggregation of “L-L” and “H-H" is gradually
enhanced, and the trend of random distribution is weakened.

The results of the LISA cluster map showed that the spatial differences of ecological
risk were relatively large and the distribution law of “low at the edge and high in the
middle” was present at the basin scale. Except for no significant units, “hot spot” regions
(“H-H") accounted for more than 10% and “cold spot” regions (“L-L”) accounted for over
6%. Therefore, the basin in its entirety was dominated by “hot spot” regions. Among
them, the “cold spot” regions are mainly distributed around the basin, while the “hot spot”
regions are mainly distributed in areas with large human activities such as Selenga Province
and cropland, and the area of “hot spot” regions reached its largest (13.44%) in 2010. The
results of landscape ecological risk distribution and LISA cluster diagram show that the
high-risk and high-value aggregation areas have a high spatial consistency, which provides
mutual confirmation for the risk results of this study. These high-risk areas should be the
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focus of future land planning, and it is recommended that ecological risk management and
control be strengthened.
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Figure 7. Moran scatter diagram of landscape ecological risk from 1990 to 2040.
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Figure 8. Local autocorrelation LISA cluster map of landscape ecological risk.
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3.4. Analysis of Influencing Factors

The Selenga River Basin is sparsely populated, and its ecological environment is
primarily affected by the climate. The partial correlation between LER and climatic factors
was calculated considering the time-lagged effect of climate change on ecological risk.
The results showed that precipitation was negatively correlated with the degree of risk in
most regions, whereas temperature was primarily positively correlated (Figure 9), which
may be limited by drought. As shown in Figure 9a, most land types in ecological risk
areas that positively correlated with precipitation were areas where fragmented grasslands
accumulated, which is inconsistent with the situation in other areas. As shown in Figure 9b,
air temperature and LER negatively correlated in areas where forests and fragmented
grasslands accumulated.
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Figure 9. Partial correlation analysis between climate factors and landscape ecological risks. (a) Con-
trolling temperature and the correlation of LER with precipitation; (b) controlling precipitation and
the correlation of LER with temperature.

Under the condition of controlling the influence of temperature, the areas of negative
correlation between precipitation and ecological risk were mostly concentrated in the east-
ern and northern areas of the Selenga River Basin. In contrast, a slightly stronger positive
correlation was observed in the southwest region. Under the condition of controlling
the influence of precipitation, the areas with a negative correlation between the LER and
temperature were primarily distributed in the middle of the Selenga River Basin, and the
positive correlated areas were primarily distributed in the southern and northern of the
Selenga River Basin. While the landscape ecological risk status in the southwestern region
shows a relatively high positive correlation with both precipitation and temperature, which
is not only related to human activities but also to the most suitable range of temperature
and precipitation; however, this remains unclear.

4. Discussion
4.1. Spatio-Temporal Changes in Land Use

Since 1990, land use change in the Mongolian part of the Selenga River Basin has been
more dramatic than in the Russian part, and the frequent occurrence of desertification
has caused great damage to the ecological environment, which is primarily related to the
expansion of the mining industry, the development of agriculture and the drastic changes
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in the climate [38]. The barren land area is expected to gradually decrease in the future.
The reduction in precipitation has a restrictive effect on croplands, but in the view of the
emphasis placed by the local government on expanding cropland areas to increase food
production [21], under the comprehensive effect of various factors, such as the natural
environment and human activities, the area of cropland has expanded [39]. Since 2010,
cropland dynamics have shown positive growth; however, the conversion of forest and
natural grassland to pasture and cropland has negatively impacted hydrology and water
quality [24,40]. The areas without desertification are mainly concentrated in the upper
reaches of the Selenga River Basin, where the vegetation is dominated by forests. From 2015
to 2020, the ecological environment of the Selenga River Basin showed an improvement
trend, and its land use type was primarily grassland, but its ecosystem was relatively fragile
and extremely vulnerable to degradation due to climate and human activities [41]. The
species richness and biomass of plants along the floodplain in the Selenga River Basin also
have not fully recovered [42]. In general, the LULC of the Selenga River Basin changed
greatly in 2010, and tended to be stable after 2020. This was related to the continuous
increase in desertification caused by drought in Mongolia from 2005 to 2015, which led to
the further transformation of low and moderate desertification land into high and severe
desertification land [43].

The land use type in Selenga River Basin is primarily dominated by grasslands and
forests and is also the primary distribution area of croplands in Mongolia [44,45]. Of these,
grassland is the most widely distributed, forest is primarily distributed in the northern area
of the basin, and croplands are primarily distributed in the central area of the basin. Since
2000, because of the impact of desertification, frequent transformations between grassland
and bare land have occurred in the basin, and the original landscape pattern has changed
significantly [46]. From 2000 to 2010, Mongolia suffered severe drought, the temperature
increased significantly, and precipitation decreased significantly [43]. Dramatic changes in
the climate during this period intensified the magnitude of land use changes, with a marked
increase in the area of wasteland and the beginning of a decline in the area of grassland,
causing serious damage to the ecological environment. Influenced by the Mongolian
concept of “development first, governance later” and the four modernization policies, the
population density of Ulaanbaatar, the capital of Mongolia, has also begun to steadily
increase over the past 30 years [47]. Especially after 2010, urbanization began accelerating,
and land for construction increased significantly [48]. This phenomenon is closely related
to the establishment of a land privatization system certain anti-urbanization trends. [49].
From 2010 to 2020, climate change gradually slowed. Although the temperature remained
relatively high, precipitation increased.

4.2. Landscape Ecological Risk Simulation and Analysis of Influencing Factors
4.2.1. Spatio-Temporal Distribution Characteristics of Ecological Risk

As the direct expression of ecosystem, landscapes have a close relationship with
ecological risks [50]. From a spatial perspective, the distribution characteristics of the
landscape ecological risk in the Selenga River Basin were “low at the edge and high
in the middle”, primarily because the primary landscape types in the central part of
the basin were cropland and fragmented grassland [51]. This is not only related to the
difference in land use types, but also closely related to local policy management and
climate change. Some studies indicate that shows that the cultivated land in the Selenga
River Basin is the main agricultural area of Mongolia, which is mainly characterized by
the asynchronous development of natural agricultural operations and the retention of
traditional nomadic grazing techniques. In the development of the agricultural sector,
the main goal is to introduce new varieties that are high-yielding, drought-tolerant, and
early-maturing, and the focus of its development is still on animal husbandry, which is not
ecologically friendly [52].
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From an environmental perspective, both land types have a higher landscape vulner-
ability index, although the landscape disturbance index is lower, resulting in a relatively
higher degree of ecological loss and a higher landscape ecological risk value. The land
types in places with low ecological risk are mostly forest land, and low-value aggregation
only occurs in the northernmost area; however, the growth status and artificial protection
conditions are different in different periods, which also causes the low ecological risk area to
change accordingly [53,54]. This study also supports the findings that recent rapid changes
in land use on the Mongolian Plateau have led to ecological damage on the Mongolian
Plateau [55].In terms of land use types, ecological environments are relatively fragile in
areas with less vegetation and frequent desertification, and it is difficult to restore them
in a short time. From the time perspective, the degree of transfer between different risk
levels varies from year to year because the landscape ecological risk assessment model
is established using the landscape indices, which is determined by changes in landscape
types and their vulnerability combinations [56].

From 1990 to 2010, the LER in the Selenga River Basin increased steadily, and from 2010
to 2020, the overall situation improved, except for further aggravation in high-risk areas.
From 2020 to 2040, the overall ecological environment of the Selenga River Basin shows a
trend of improvement, but the governance of high-risk areas is still urgent. It is estimated
that the increase in low-risk areas in 2040 will be approximately 1.96-fold that in 1990. This
result focuses on the future trend of ecological risk levels in the Selenga River Basin and
provides a preliminary discussion on the governance of the ecological environment.

4.2.2. Evaluation and Driving Factors of Ecological Risk Regionalization

The risk concentration of the basin was primarily in the “hot spot” regions, accounting
for over 10%, among which the proportion reached its largest (13.44%) in 2010, which had
a crucial relationship with the large-scale drought on the Mongolian Plateau caused by
climate warming in 2010 [57]. The “cold spot” regions were primarily distributed in the
surrounding areas of the basin. Therefore, being attentive to grasslands with medium cov-
erage is necessary to avoid the fragmentation of grasslands and strengthen the protection
of forest land to avoid downward trends in low-ecological-risk areas [58].

From 1990 to 2040, the difference in the spatial distribution of LER increases, indicating
that the spatial difference between cold and hot spots in the Selenga River Basin will
further increase. This is closely related to the local climate change and desertification
phenomenon [59]. The land use type of the Selenga River Basin is dominated by prairie
and desert grasslands, which are weak in terms of resisting external risks and are easily
affected by the external environment, especially climate factors [21]. Therefore, changes in
temperature and precipitation are crucial factors affecting the ecological environment of the
Mongolian Plateau [60,61], and most studies have shown that climate instability change is
the main cause of ecological problems such as desertification on the Mongolian Plateau [62].
From a spatial point of view, the Selenga River Basin has high temperature in the east and
low temperature in the west, and high precipitation in the north and low precipitation
in the south [57]. According to the results of partial correlation, the ecological risks are
mostly at a low risk level in areas with high precipitation, while high temperature is likely
to lead to an increase in ecological risks. Ecological risk is minimized when precipitation
is high and temperature is low, and vice versa. Related research has shown that climate
change is closely related to land use change. Therefore, it can be seen that climate change
mainly affects the growth of vegetation, thereby further affecting the change of ecological
risk [63]. However, the threshold of climate impact on ecological risk and land use is
not clear yet. From a time perspective, relevant studies have shown that since 1940, the
average annual temperature in Mongolia has risen by 2.3 °C, increasing at approximately
0.15-0.22 °C per decade and exceeding the global increase of 0.98 °C, which causes severe
challenges for the ecological environment of the basin [23,64]. From 1990 to 2010, the
average annual precipitation in the Selenga River Basin continued to decline and remained
at a low level, negatively impacting the ecological environment. However, precipitation
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began to increase after 2010, which may be beneficial to vegetation growth and reduces the
degree of desertification. Desertification and the level of ecological risk began to decline [65].
Drastic changes in temperature lead to a decrease in vegetation productivity, whereas an
increase in precipitation is conducive to vegetation recovery and promotes the restoration
of biodiversity [39]. Therefore, when the temperature and precipitation were within a
particular range, the temperature and landscape ecological risk values were predominantly
positively correlated, whereas precipitation was predominantly negatively correlated. That
is, higher precipitation and lower temperatures result in lower ecological risks. However,
ecological risks will still be further aggravated when extreme climate conditions occur [57].
There was a positive correlation between the ecological risk in the southwest of this basin
and both temperature and precipitation, and the effects of factors other than human activity
are still unknown. Overall, Climate change in Mongolia in recent years is beneficial to
the reduction of landscape ecological risk [66]. In the context of the development of the
“one belt and one road”, the Selenga River Basin, as a key area of the China-Mongolia—
Russia Economic Corridor, may become the focus of future development [21]. The impact
threshold of future climate on land use and ecological risk changes in arid areas is still
unclear, which is also the focus of the next step of exploration.

4.3. Suggestions to Improve the Ecological Conditions of Selenga River Basin

With the development of animal husbandry and mineral resources in Mongolia, the
ecological risk level of land use in the Selenga River Basin continues to rise, and the hotspots
of LER are shifting to the western part of the river basin. Against the background that the
overall ecological risk of the Selenga watershed is on the rise, the artificial landscape has
gradually stabilized, but the ecological risk of the natural landscape has been increasing un-
der the influence of human activities. Based on the research in this paper, some suggestions
for the landscape ecological risk of the landscape in the Selenga River Basin were proposed.

(1) To maintain the sustainable development of forests and pay attention to the protec-
tion of grasslands with medium and high coverage. Forests and grasslands are the most
important factors to maintain the stability of the ecological environment.

(2) To strengthen ecological restoration projects. Since 2002, the Mongolian government
has cooperated with other countries and international organizations to implement a number
of projects such as improving grassland management and preventing desertification.

(3) To establish and improve a sound ecological compensation mechanism. The Selenga
River Basin is not only a key area for the development of agriculture and animal husbandry,
but also has rich and diverse natural resources. In the past, people exploited resources in
large quantities, seriously damaging the ecological environment, but prohibiting residents
from acquiring resources arbitrarily would limit local development. Therefore, in order
to meet the needs of long-term development, it is necessary to balance the relationship
between economic development and ecological environment management with reference
to the changing trend of landscape ecological risk. The experience of China’s Sehamba
from desert to forest has great value for Mongolia.

4.4. Limitations and Prospects

With the diversification of assessment methods and data, we need more diverse as-
sessment methods, and models are required to comprehensively consider the function
and structure of the ecological environment of a basin and the influence of the external
environment. This study was limited to relevant studies based on land use change and
did not consider other ecological processes. The range of climatic conditions in which
positive/negative correlations of the influencing factors appear has not been discussed.
Considering the basin as a unit to conduct multi-scale and multi-process ecological simula-
tions and exploring the threshold of influencing factors is the future direction of research
for this study.
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5. Conclusions

In this study, the PLUS model was used to simulate the spatial distribution of land
use in 2030 and 2040, construct a watershed landscape ecological risk assessment model,
and analyze the spatio-temporal patterns and influencing factors of ecological risk in the
Selenga River Basin from 1990 to 2040. The following conclusions were obtained:

From the perspective of LULC, it can be seen that the landscape types of the Selenga
River Basin are primarily forest and grassland. Among them, built area and forest land are
increasing, water and cropland began increasing after 2010, and grassland area fluctuated
and decreased. Among them, from 1990 to 2010, the comprehensive land use dynamic
degree increased from 0.13% to 0.29%. It began to decline after 2010 and is expected to
drop to 0.06% by 2040. Judging from the results of landscape ecological risk assessment,
the landscape ecological risk of the Selenga River Basin showed a distribution pattern of
“low at the edge and high in the middle”. From 2000 to 2040, the average LER showed a
trend of increasing first and then decreasing and peaked (0.085) in 2010. The maximum
value of the LER shows an increasing trend, with a total increase of 0.9% between 1990 and
2040. By calculating the spatial aggregation of LER, we found that the Selenga River Basin
is dominated by “hot spot” regions. The area peaked in 2010, accounting for 13.44% of
the total area. Subsequently, there was a trend of decreasing fluctuations, and the “cold
spot” regions were primarily distributed around the basin. The LER showed a positive
spatial correlation. In 2010, Moran’s I was 0.477, which was the highest degree of spatial
aggregation. After 2010, the aggregation of the ecological risks began weakening. The
results of the partial correlation analysis showed that under the condition of controlling
the influence of temperature, the precipitation and level of landscape ecological risk were
primarily negatively correlated and were primarily reflected in the eastern and northern
areas of the basin. When controlling the influence of precipitation, the temperature was
primarily positively correlated with the landscape ecological risk and was reflected in the
south and north of the Selenga River Basin. The climate change in Mongolia in recent years
is beneficial to the reduction of landscape ecological risk.

However, this study did not fully consider the function and structure of the ecological
environment of the watershed and the effects of the external environment. Exploring
thresholds for climate bars that affect the positive/negative correlations of factors is our
next step we need to address.
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