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Abstract: The mainstream basin of the Tarim River serves as a vital ecological security barrier that
prevents the merging and expansion of deserts and an important strategic corridor directly linking
Qinghai and Xinjiang. With society’s development and climate change, ecological issues such as river
interruption, vegetation degradation, and land desertification in the basin have notably intensified,
and the ecological security is facing a critical test. Exploring the characteristics of landscape changes
and their driving factors within the basin is crucial in improving the ecological environment system’s
management. Based on land use data from 1980 to 2020, this study analyzed the characteristics of
the spatiotemporal changes and pattern evolution of the landscape through a landscape transfer
matrix and landscape pattern indices. It further revealed the impact factors of the landscape pattern
through canonical correspondence analysis. The results showed that (1) in 1980-2020, the areas of
desert, forest, farmland, and settlement landscapes increased, while the area of grassland landscape
decreased, and the water landscape showed an “increasing—decreasing-recovery” pattern. The
landscape transition types mainly included the transition from grassland to desert; mutual transitions
among farmland, grassland, and forests; mutual transitions between water and grassland; and the
transition from farmland to settlements. (2) The overall landscape pattern demonstrated increased
fragmentation, shape complexity, and evenness with decreased aggregation. Furthermore, different
landscapes exhibited distinct characteristics of landscape pattern changes; for instance, grassland
landscape showed severe fragmentation, while desert landscape displayed the strongest dominance.
(3) The landscape pattern was a result of the combined impact of natural and human factors, with
the soil thickness (SOT), road density (ROD), annual actual evapotranspiration (AAE), population
density (POD), and mean annual temperature (MAT) exhibiting significant influences. Specifically, the
settlement and farmland landscapes were mainly influenced by the mean annual relative humidity
(MAH), POD, GDP density (GDP), and distance to artificial water (DAW); the forest, grassland, and
water landscapes were mainly influenced by the SOT, soil organic matter content (SOM), AAE, ROD,
elevation (ELE), MAT, slope (SLP), and distance to natural water (DNW); and the desert landscape
was mainly influenced by the DAW, DNW, SLP, AAE, SOT, SOM, and ROD. These findings can
provide a scientific reference for landscape management and restoration, as well as sustainable social
and economic development, in the mainstream basin of the Tarim River.

Keywords: mainstream basin of the Tarim River; landscape pattern; spatiotemporal changes;
impact factors

1. Introduction

The landscape, as an important component of the natural environment, plays a crucial
role in maintaining an ecological balance and providing ecosystem services [1-3]. How-
ever, with the development of society and climate change, the balance of the landscape
ecosystem is being disrupted. Environmental issues such as atmospheric changes [4-6], soil
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erosion [7,8], vegetation degradation [9,10], and biodiversity loss [11,12] are increasingly
worsening, posing serious threats to regional ecological security, especially in ecologically
fragile inland arid areas [13]. To address these challenges, the Land Use/Land Cover
Change Scientific Research Program (LULC) was proposed in 1995, making LULC a ma-
jor focus of global change research [14-16]. China also proposed strategic goals such as
building a “beautiful China” and “upholding the integrated conservation and systematic
governance of mountains, rivers, forests, farmlands, lakes, grasslands, and deserts”, aiming
to promote the construction of an ecological civilization and strengthen environmental
protection [17].

The landscape pattern is the result of spatial arrangements, combinations, and in-
teractions among patches varying in size and shape [18]. Its changes significantly affect
the material cycle and energy flow of the ecosystem of a region, potentially leading to
adverse effects such as diminished habitat quality [19,20], heightened ecological vulnerabil-
ity [21,22], and a decline in ecosystem service value [23,24]. Therefore, understanding the
evolutionary characteristics of landscape patterns is crucial for the healthy development
of the region [25]. Currently, the methods for the analysis of landscape patterns primarily
include landscape pattern indices [26-28], landscape dynamic models [29-31], and spatial
statistical analysis [32,33]. Among these, landscape pattern indices can efficiently condense
landscape pattern information and reflect the spatial configuration and structural composi-
tion of the landscape, serving as a critical foundation for landscape research [18,34,35]. For
example, Yang [18] utilized landscape pattern indices and found that the connectivity of
the landscape in the Yangtze River Basin decreased, while the fragmentation and richness
increased. Li [36] constructed a landscape ecological risk assessment model for the Selinga
River Basin based on landscape pattern indices and explored the pattern characteristics of
ecological risks.

The landscape pattern is influenced by various factors operating at different spatial
and temporal scales. A comprehensive understanding of the impact factors of landscape
patterns is of great significance in scientifically formulating ecological governance policies
and implementing targeted ecological restoration measures. Current research on the causes
of landscape patterns mostly centers on human factors such as the population and econ-
omy [37], as well as natural factors such as the climate and hydrology [38]. Quantitative
analysis is conducted through methods like principal component analysis [39,40], multiple
linear regression analysis [41,42], geographically weighted regression analysis [43—45],
grey relation analysis [46,47], geographical detectors [21,32,48], and canonical correspon-
dence analysis [49,50]. Among these methods, canonical correspondence analysis (CCA)
is particularly effective in unraveling the complex relationships between multiple study
objects and impact factors and has been widely used to examine the driving factors behind
landscape patterns. Peng [51] explored the relationship between the landscape pattern and
ecological factors within an agro-pastoral ecotone in Inner Mongolia based on canonical
correspondence analysis and found that natural ecological factors, especially the temper-
ature, precipitation, and altitude, had the greatest impact. Similarly, Zhao [52] studied
the relationship between the landscape gradient pattern and environmental factors in the
Haihe River Basin and found that the elevation, precipitation, and temperature played a
decisive role in the landscape pattern at the basin scale, while the population and GDP had
a significant influence in specific regions.

As a crucial region within the Tarim Basin, the mainstream basin of the Tarim River
(abbreviated as “MBTR”) serves as a vital ecological security barrier that prevents the
merging and expansion of deserts and an important strategic corridor directly linking
Qinghai and Xinjiang. Furthermore, the MBTR is the core area for the construction of the
“Silk Road Economic Belt” [53]. In recent years, with society’s development and popu-
lation growth, ecological issues such as river interruption, vegetation degradation, and
land desertification have notably intensified [54]. Consequently, the ecological security
of the basin is facing a critical test, making it crucial to enhance the understanding of its
landscape pattern. As a result, numerous scholars have extensively conducted research
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on ecosystem services [55,56], climate change [57,58], water resource management [59,60],
and other aspects. However, limited attention has been given to the landscape pattern’s
evolution and its driving factors over a long time series within the basin. Existing studies
mostly focus on a simplex landscape, lacking a comprehensive understanding of the entire
landscape. For example, Sun [61] established a farmland expansion model to quantify the
spatiotemporal pattern of farmland landscape evolution in Yuli County, Xinjiang. Zhao [62]
systematically analyzed the changes in the spatial pattern of the wetland landscape in the
middle and lower reaches of the Tarim River from 1980 to 2000. Therefore, the objectives
of this study are to explore the spatiotemporal evolution, internal transfer, and pattern
changes of the landscape in the MBTR using a landscape transfer matrix and landscape
pattern indices based on land use data from 1980 to 2020. Additionally, we aim to reveal
the driving factors behind the landscape pattern in the MBTR through canonical correspon-
dence analysis. The results provide valuable insights to promote landscape optimization,
ecological improvement, and sustainable development in the MBTR.

2. Materials and Methods
2.1. Study Area

The MBTR lies on the northern edge of the Tarim Basin, located between the 39°34’ to
41°50 N latitudes and 80°74’ to 88°55" E longitudes, with a total area of 3.16 x 10* km?.
The MBTR experiences a typical temperate arid continental climate, characterized by high
temperatures, aridity, substantial evaporation, and limited water resources [63]. The region
exhibits a mean annual temperature of 10-11 °C, an accumulated temperature at 10 °C of
4000-4350 °C, mean annual precipitation below 50 mm, mean annual evaporation between
2300 and 3000 mm, annual sunshine hours of 2800-3100 h, and a frost-free period lasting
185-210 days [64]. The soil in the MBTR encompasses various types, including wind-sandy
soil, meadow soil, tidal soil, and more. The vegetation comprises species like Populus
euphratica, Tamarix chinensis, Lycium ruthenicum, Vachellia erioloba, and more [65].
Furthermore, the MBTR spans across counties and cities such as Alar, Shaya, Kuqga, Luntai,
Korla, Yuli, and Ruogiang. In 2020, there were approximately 0.52 million people in the
basin, with a regional GDP of approximately RMB 37.1 billion. The geographical extent of
the MBTR was determined based on the National 1:250,000 Three-Level River Basin dataset,
provided by the National Cryosphere Desert Data Center (NCDC, http:/ /www.ncdc.ac.cn,
accessed on 6 June 2023).

The mainstream of the Tarim River (abbreviated as “MTR”) spans a total length of
1321 km, divided into three sections: the upstream section spans 495 km from Xiaojiake
to Yingbazha; the midstream section spans 398 km from Yingbazha to Qiala; and the
downstream section spans 428 km from Qiala to Taitema Lake (Figure 1) [66]. The MTR
does not produce any flow and experiences a reduction in runoff volume along its course,
rendering it a purely dissipative inland river in the arid zone.

2.2. Landscape Classification

Based on land use data and considering the landscape characteristics of the MBTR, this
study categorized the landscape into seven types: desert landscape, grassland landscape,
forest landscape, farmland landscape, water landscape, settlement landscape, and other
landscape. Detailed classification information can be found in Table 1. It should be noted
that the “other landscape” category primarily consists of bare land with a relatively simple
landscape structure and lower landscape value, making it difficult to observe significant
landscape changes. Therefore, the “other landscape” category was not considered in the
specific analysis.
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Figure 1. Study area. (a) map of the Tarim Basin within China; (b) map of the study area within the
Tarim Basin; (c) map of the mainstream basin of the Tarim River.
Table 1. Landscape classification.
Type Concept
Desert Landscape Refers to land with less than 5% vegetation cover, including sandy land, gobi, saline land, and bare
(DTL) rocky substrates.
Grassland Landscape Refers to land covered by herbaceous plants, including high-cover grassland, medium-cover
(GDL) grassland, and low-cover grassland.
Forest Landscape Refers to land on which trees, shrubs, and bamboos grow, including forest land, open forests,
(FTL) shrubland, and other forest land.
Farmlarzlczlélzj)n dscape Refers to land used for the cultivation of crops, including dryland and paddy land.
Water Landscape Refers to all types of natural or artificial water bodies, including reservoirs and ponds, rivers and
(WRL) canals, lakes, marshes, and beach land.
Settlement Landscape Refers to land covered by structures or buildings, including urban land, rural settlements, and other
(STL) construction land.
Other Landscape
(ORL) Refers to bare land.
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2.3. Data Source

The land use data, with a spatial resolution of 30 m, are obtained from the Resource
and Environment Science and Data Center of the Chinese Academy of Science (REDCP, http:
//www.resdc.cn, accessed on 8 June 2023). The data include six first-level types (including
cropland, forests, grassland, water bodies, built-up land, and unused land) and 25 second-
level types, with the combined accuracy for the first-level and second-level types exceeding
90% [67]. In the analysis of the driving factors of the landscape pattern, data on the mean
annual temperature, mean annual precipitation, mean annual relative humidity, elevation,
population density, and GDP density, with a spatial resolution of 1 km, are provided by
REDCP. Additionally, the soil organic matter content data come from the National Tibetan
Plateau Data Center (TPDC, https://data.tpdc.ac.cn/, accessed on 15 June 2023). The
soil thickness data come from the National Earth System Science Data Center (NESSDC,
http:/ /www.geodata.cn, accessed on 18 June 2023). The annual actual evapotranspiration
data come from the Harvard Dataverse (https://dataverse.harvard.edu/, accessed on
18 June 2023). Finally, the natural water, artificial water, and road data are provided by
the National Cryosphere Desert Data Center (NCDC, http:/ /www.ncdc.ac.cn, accessed on
20 June 2023). The data sources are shown in Table 2.

Table 2. Data sources.

Data Spatla-l Temporal Resolution Data Source
Resolution
Land Use 30m Yearly, 1980-2020 RESDC
Mean Annual Temperature 1km Yearly, 1980-2020 RESDC
Mean Annual Precipitation 1km Yearly, 19802020 RESDC
Mean Annual Relative Humidity 1km Yearly, 1980-2020 RESDC
Elevation 1 km Yearly, 2020 RESDC
Soil Organic Matter Content Yearly, 2010 TPDC
Soil Thickness 1km Yearly, 2010 NESSDC
Annual Actual Evapotranspiration 1km Monthly, 1980-2020 Harvard Dataverse
Natural Water - Yearly, 2002 NCDC
Artificial Water - Yearly, 2002 NCDC
Population Density 1km Yearly, 1980-2020 RESDC
GDP Density 1km Yearly, 19802020 RESDC
Road - Yearly, 2010 NCDC
2.4. Research Methodology
2.4.1. Landscape Pattern Indices
The landscape pattern indices generally include three levels: the patch level, class
level, and landscape level [18]. According to the characteristics of the study area and
research requirements, this study mainly analyzed the landscape pattern at the class and
landscape levels. Considering the ecological significance of each index, eleven indices were
selected, which mainly corresponded to the fragmentation, dominance, shape complexity,
aggregation, and diversity of the landscape (Table 3). The detailed definitions and formulas
of these landscape pattern indices can be found in Yang [18], Yu [34], and Zhang [68].
Table 3. Landscape pattern indices used in the study.
Index Level Dimension
Patch density (PD) class/landscape fragmentation
Mean patch size (MPS) class/landscape fragmentation
Percentage of landscape (PLAND) class dominance
Largest patch index (LPI) class dominance
Landscape shape index (LSI) class/landscape shape complexity
Perimeter-area fractal dimension (PAFRAC) class/landscape shape complexity
Aggregation index (Al) class/landscape aggregation
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Table 3. Cont.

Index

Level Dimension

Interspersion juxtaposition index (IJI) class/landscape aggregation
Contagion (CONTAG) landscape aggregation
Shannon’s diversity index (SHDI) landscape diversity
Shannon’s evenness index (SHEI) landscape diversity

2.4.2. Canonical Correspondence Analysis

Canonical correspondence analysis (CCA) is a nonlinear multivariate direct gradient
analysis method that combines correspondence analysis with multiple regression analysis.
In CCA, the grid square is used as the analysis unit. According to the principles of landscape
ecology, the scale of division of the grid units is usually determined as two to five times the
average area of the patches in the study area [69]. Based on the actual size of the landscape
patches in the MBTR and the spatial resolution of the land use data and impact factors,
the grid square size was set to 6 km, generating 707 grid squares. Furthermore, two data
matrices were required: the impact factor matrix and the landscape pattern matrix. The
impact factors were considered from two aspects, natural factors and human factors, as
shown in Table 4. Impact factors within the grid squares were assigned according to the
average value. As for the landscape pattern values, this study took the landscape area
shares of six landscape types within the grid squares as the quantitative indicators.

The ordination diagram generated by CCA can be used to visualize the main distribu-
tion features of the landscape pattern along the impact factors, as well as the importance
of these factors. The CCA ordination diagram is constructed and interpreted as follows:
arrows represent the impact factors, and triangles represent the landscape area shares;
the length of the arrows represents the degree of influence of the impact factors on the
landscape pattern, with a longer length indicating a greater influence; the direction of the
arrows represents the maximum change in the impact factors; the distances of the triangles
represent similarities in the distributions of landscape types. In addition, the order of the
triangles projected onto a specific arrow reveals the optimal ranking of the landscapes
regarding the impact factor [70].

Table 4. Impact factors of landscape pattern.

Type

Factor Description Landscape Significance

Natural
Factors

Climate

The temperature affects the suitability of the
ecological environment, thereby influencing
the spatial distribution and evolution of
the landscape.

The precipitation can reflect the humidity
level of a region, which may affect the
vegetation coverage and the distribution of
water bodies.

The relative humidity can reflect the humidity

MAH Mean Annual Relative Humidity =~ level of the climate, which may affect plant
growth, water evaporation, and soil moisture.

MAT Mean Annual Temperature

MAP Mean Annual Precipitation

Terrain

The elevation influences the oxygen content
and temperature of the atmosphere, which
can reflect the suitability of the landscape
distribution in the vertical direction.
The slope can indicate the undulating
SLP Slope morphology of the terrain, and gentle slopes

typically have richer vegetation coverage.

ELE Elevation
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Table 4. Cont.

Type Factor Description Landscape Significance
The soil organic matter can reflect the soil
SOM Soil Organic Matter Content fertility, and higher organic content often can
support more diverse landscape distributions.
Soil The soil thickness can directly affect the

growth and nutrient uptake of plant roots.
Different soil thicknesses have varying
potential for land use.

SOT Soil Thickness

Regions with higher actual
Natural AAE Annual Actual evapotranspiration tend to have relatively
Factors Evapotranspiration abundant water resources and better
ecological environments.
The distance to natural water reveals the
proximity to water sources. Areas closer to
natural water tend to have more
vegetation coverage.
The distance to artificial water reveals the
proximity to water sources. Areas closer to
artificial water typically have a higher
distribution of water-demanding landscapes.

Hydrology DNW Distance to Natural Water

DAW Distance to Artificial Water

The population distribution and human
Population POD Population Density activities can affect the types of landscape
formation and the rate of landscape evolution.

The GDP density can reflect the intensity and
types of economic activities in a region, which

Human Factors GbP GDP Density may promote or restrict the development of
Economy specific landscape types.
Roads can disrupt the landscape connectivity
ROD Road Density and enhance fragmentation, but can also

serve as ecological corridors, exerting
multiple influences on the landscape pattern.

2.4.3. Bivariate Local Spatial Autocorrelation

Bivariate local spatial autocorrelation (also known as bivariate LISA) was used to
explore the spatial agglomeration effect of farmland expansion and socioeconomic develop-
ment (population and GDP growth) at the grid scale (consistent with the grid in CCA). A
bivariate LISA map provides four types of agglomeration: high-high, low-low, low-high,
and high—-low [71]. The bivariate LISA statistics can be calculated based on the following
equation [71-73]:

N
li=Zq ), WiZy,
J=Li#
where ; is the local Moran’s I (LISA); x and y are two variables of interest (here, they refer
to farmland expansion and population or GDP growth) for grid i and neighborhood j,
respectively. Zy and Z, are the standardized z-scores for variables x and y, respectively. W;;
is the weight matrix that defines the structure of the neighborhood. We use a first-order
queen contiguity matrix, where w;; = 1 if the adjacent grid j shares a common border with
the i-th grid, and w;; = 0 otherwise.

3. Results and Analysis
3.1. Landscape Evolution Analysis
3.1.1. Characteristics of Landscape’s Spatiotemporal Evolution

The landscapes of the MBTR changed significantly from 1980 to 2020 (Figure 2,
Tables 5 and 6). The desert landscape initially expanded, with its area share increasing
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from 31.43% of the total area of the MBTR in 1980 to 37.00% in 2010, before slightly decreas-
ing to 36.49% by 2020. The desert increased by 1597 km? overall, primarily attributed to
desertification in the middle and lower reaches of the basin. The most significant changes
occurred in 1990-2000 and 2000-2010, with the change rates of 6.15% and 10.77%, respec-
tively. The grassland landscape continuously decreased from 46.91% in 1980 to 32.61% in
2020, shrinking by 4518 km?. The decline mainly occurred on the sides of the upper and
middle reaches of the MBTR and in the east of the downstream region. The degradation
was particularly serious in 1990-2000 and 2000-2010, with the change rates of —10.20%
and —19.78%, respectively. The forest landscape displayed an overall increasing trend,
expanding by 523 km?, notably outward from the river channel, particularly in the upper
reaches. The increase rates in 1990-2000 and 2000-2010 were 6.95% and 7.10%, respectively.
The farmland landscape continued to expand by 2581 km?, with its area share increasing
from 4.27% to 12.44%. The expansion area was mainly concentrated in Alaer, the northern
area of Shaya, the southern area of Kuqa, and the sides of the middle reaches of the MBTR.
Notably, the change rate soared to 90.22% in 2000-2010. The water landscape showed
fluctuating changes, with an overall decrease of 182 km?. This fluctuation involved an
increase in 1990-2000 due to expansion in the lakes, wetlands, and reservoirs downstream,
and a shrinkage in 2000-2010 in the middle and lower reaches of the river. The settlement
landscape grew from 56 km? in 1980 to 92 km? in 2020, mainly due to the expansion
of Alaer.

(a) 1980 (b) 1990

(¢) 2000

:‘?_ ¥ 0 100 km g,f;

(e) 2020 Landscape Types

[ | Desert Landscape
I Grassland Landscape
I Forest Landscape

[ | Farmland Landscape
Il Water Landscape

& I Scttlement Landscape
= [ Other Landscape

Figure 2. Spatial distribution of landscapes in the mainstream basin of the Tarim River (MBTR) from
1980 to 2020. (a) 1980; (b) 1990; (c) 2000; (d) 2010; (e) 2020.
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Table 5. Landscape structure in MBTR from 1980 to 2020.

1980 1990 2000 2010 2020

Type Area  Proportion  Area  Proportion  Area  Proportion  Area  Proportion  Area  Proportion

/km? 1% /km? 1% /km? 1% /km? 1% /km? 1%
DTL 9935 31.43 9947 31.47 10,559 33.41 11,696 37.00 11,532 36.49
GDL 14,827 46.91 14,876 47.06 13,359 42.26 10,716 33.90 10,309 32.61
FTL 4203 13.30 4190 13.26 4482 14.18 4799 15.18 4726 14.95
FDL 1349 427 1349 4.27 1768 5.60 3365 10.65 3930 12.44
WRL 1164 3.68 1118 3.53 1340 4.24 944 2.99 980 3.10
STL 56 0.18 56 0.18 53 0.17 74 0.23 92 0.29
ORL 73 0.23 73 0.23 46 0.15 12 0.04 36 0.11

Notes: DTL refers to desert landscape, GDL refers to grassland landscape, FTL refers to forest landscape, FDL
refers to farmland landscape, WRT refers to water landscape, STL refers to settlement landscape, and ORL refers
to other landscape.

Table 6. Landscape area change rate in MBTR from 1980 to 2020.

Type 1980-1990 1990-2000 2000-2010 2010-2020
DTL 0.12 6.15 10.77 -1.39
GDL 0.33 —10.20 —-19.78 —3.81
FTL —0.33 6.95 7.10 —1.54
FDL 0.00 31.13 90.22 16.82
WRL -3.96 19.96 —29.55 3.81
STL 0.00 —5.36 39.62 25.68
ORL 0.00 —35.62 —72.34 176.92

3.1.2. Characteristics of Landscape Transfer

Over time, the various landscapes in the MBTR have experienced significant tran-
sitions. This study employed a landscape transfer matrix to describe the quantity and
direction of the transformations among the different landscapes. These changes were
further visualized using a Sankey diagram, as seen in Figure 3. The increased area of the
desert landscape mainly came from the grassland. It was most obvious in 1990-2000 and
2000-2010, with 1267 km? and 3055 km? of grassland transferred to the desert, accounting
for 94.84% and 90.01% of the total transition to desert, respectively. The grassland landscape
decreased significantly, mainly transferred to the desert, farmland, and forest landscapes. In
1990-2000, 2218 km? of grassland was converted, primarily to desert, accounting for 57.12%,
followed by farmland, water, and forests, accounting for 42.47% in total. In 20002010, the
grassland degradation intensified, with the transfer out of 6396 km?, notably 47.76% to
desert, 33.58% to forests, and 15.63% to farmland. In 2010-2020, the grassland degradation
showed an improvement, with 687 km? converted, primarily to farmland, with 63.75%.
The slight increase in the forest landscape was primarily due to the transition of grassland.
In 1990-2000, the forest area increased slightly, mostly being converted from grassland
and desert. In 2000-2010, a drastic transition occurred between forests and grassland, with
1561 km? of forests transforming into grassland and 2148 km? of grassland transforming
into forests. Regarding farmland expansion, it was mainly due to the transition from
grassland and forests. In 1990-2000, 528 km? of land was transferred to farmland, with
72.92% from grassland. In 20002010, 1875 km? of land was transferred to farmland, with
53.33% and 30.29% from grassland and forests, respectively. Meanwhile, in 2010-2020,
686 km? of land was transferred to farmland, with 63.85% and 22.01% from grassland
and forests, respectively. The water landscape mainly underwent mutual transitions with
the grassland landscape, showing an overall reduction in area. Grassland converted to
water amounted to 284 km? in 1990-2000, while water converted to grassland and forests
amounted to 527 km? and 207 km?, respectively, in 2000-2010. The settlement landscape
increased slightly, mainly due to the transition from farmland.
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Figure 3. Sankey diagram of landscape transition in MBTR from 1980 to 2020 (km?).

3.2. Landscape Pattern Analysis
3.2.1. Landscape Pattern Analysis at Class Level

The changes in the landscape pattern indices at the class level in the MBTR from 1980
to 2020 are shown in Figure 4. In terms of fragmentation characteristics, the patch density
(PD) increased and the mean patch size (MPS) decreased in both the desert and farmland
landscapes, with a more pronounced change observed in farmland. In the grassland and
water landscapes, the PD decreased and then increased, and the MPS increased and then
decreased. The PD of the forest landscape decreased slightly and the MPS increased slightly.
The PD and MPS of the settlement landscape showed little variation. It can be seen that all
landscapes, except for forests and settlements, tended towards fragmentation after 2000,
with the most significant changes occurring between 2000 and 2010.

Regarding the dominance characteristics, grassland and desert exhibited the highest
percentage of landscape (PLAND) and the largest patch index (LPI), signifying strong
landscape dominance. However, the PLAND and LPI of grassland decreased, while those
of desert increased. By 2020, desert surpassed grassland to become the dominant landscape.
The PLAND and LPI of the farmland, settlement, and forest landscapes increased, indicat-
ing an enhancement in landscape dominance, while those of water fluctuated, showing a
slight overall decrease.

The shape complexity, as measured by the landscape shape index (LSI) and perimeter-
area fractal dimension (PAFRAC), showed an increasing trend in all landscapes from 1980
to 2020, with the most significant change occurring in 1990-2010. This trend indicated that
all landscape patches tended to become more complex and irregular. Notably, the PAFRAC
of farmland and settlements marginally decreased in 2010-2020, indicating that the patch
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shapes became simpler due to activities such as rural construction management and farmland
management, after experiencing a rapid development period of shape complexity.
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Figure 4. Landscape pattern indices at class level in MBTR from 1980 to 2020. Notes: PD refers to
patch density, MPS refers to mean patch size, PLAND refers to percentage of landscape, LPI refers
to largest patch index, LSI refers to landscape shape index, PAFRAC refers to perimeter-area fractal
dimension, Al refers to aggregation index, IJI refers to interspersion juxtaposition index.

In terms of the aggregation characteristics, from 1980 to 2020, the aggregation index
(AI) of the desert, forest, water, and grassland landscapes exhibited a consistent decline,
while the interspersion juxtaposition index (IJI) showed an overall increase, most notably
in 1990-2010. This trend stemmed from the significant transitions among desert, forests,
water, and grassland, leading to an enhanced landscape mosaic and patch fragmentation.
The Al of farmland decreased, and the IJI increased followed by a decline. Initially, the
expansion of farmland was arbitrary, leading to reduced aggregation and increased adja-
cency with other landscapes. However, with the implementation of intensive agricultural
management practices, the aggregation of farmland began to recuperate. Meanwhile, the
Al of settlements increased continuously, with the IJI initially decreasing and then rising.
This shift occurred because the settlement landscape initially became denser by filling in
existing gaps and later expanded outward, establishing closer connections with adjacent
landscapes. Overall, the aggregation of all landscapes, with the exception of the settlement
landscape, has decreased.

3.2.2. Landscape Pattern Analysis at Landscape Level

The changes in the landscape pattern indices at the landscape level in the MBTR
from 1980 to 2020 are shown in Figure 5. From 1980 to 2020, the PD initially decreased
and then increased, while the MPS initially increased and then decreased, both changing
around 2000, with the most significant changes occurring in 2000-2010. This indicated a
relatively stable ecological environment before 2000, contrasted by intensified landscape
fragmentation after 2000. The LSI and PAFRAC displayed consistent growth, especially
evident in 1990-2010, indicating heightened complexity in the patch shapes. Concurrently,
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the Al and contagion (CONTAG) decreased, whereas the I]I increased, indicating that the
aggregation and connectivity of the overall landscape decreased and the probability of
adjacency between various landscapes increased. These changes primarily emerged due
to substantial transitions among landscapes, resulting in their increased interpenetration
and fragmentation. Moreover, the increasing trends of Shannon’s diversity index (SHDI)
and Shannon’s evenness index (SHEI) suggested increased landscape diversification and
evenness. These changes can be explained by the decreased proportion of grassland,
coupled with the increased proportions of forests, farmland, and settlements, contributing
to more balanced development among the diverse landscapes.
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Figure 5. Landscape pattern indices at landscape level in MBTR from 1980 to 2020. Notes: CON-
TAG refers to contagion, SHEI refers to Shannon’s evenness index, SHDI refers to Shannon’s

diversity index.

3.3. Analysis of Factors Influencing Landscape Pattern

From the previous analysis, it can be seen that the landscape changes in 1980-1990
and 2010-2020 were relatively minor, while significant landscape changes occurred around
the year 2000. Therefore, to avoid redundant analyses, this study selected the years 1980,
2000, and 2020 to analyze the impact factors of the landscape pattern.

3.3.1. Feasibility Analysis of CCA

In this study, a detrended correspondence analysis (DCA) was initially conducted on
the landscape area shares. According to the ordination results, if the length of the ordination
axis with the longest gradient is less than 3, a linear model is optimal; if it exceeds 4, a
single-peak model is optimal; and if it equals 3 to 4, both linear and single-peak models
are suitable [50]. The lengths of the first ordination axis for the landscape area shares in
1980, 2000, and 2020 were 3.20, 3.02, and 3.07, respectively, indicating suitability for the
CCA method.

Furthermore, the statistical data for each ordination axis in CCA are shown in Table 7.
In 1980, 2000, and 2020, the first two ordination axes collectively accounted for 88.76%,
88.83%, and 82.30% of the relationship between the landscape area shares and impact
factors, indicating that the majority of information concerning their relationship can be ob-
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tained from these two axes. Meanwhile, the correlation coefficients between the landscape
area shares and impact factors on the first ordination axis were 0.81, 0.86, and 0.95, respec-
tively, while they were 0.67, 0.69, and 0.71 on the second ordination axis, demonstrating a
strong correlation. In addition, Monte Carlo permutation tests were conducted on the first
ordination axes and all ordination axes, and the p-values were all 0.001 (Table 8), reaching a
highly significant level. All of the above results indicate that CCA can effectively explain
the relationship between the landscape pattern characteristics and impact factors over the
three years.

Table 7. Eigenvalues and cumulative contribution rates of the ordination axes in 1980, 2000, and 2020.

1980 2000 2020
Axis 1 Axis 2 Axis 1 Axis 2 Axis 1 Axis 2
Eigenvalue 0.38 0.21 0.42 0.23 0.51 0.19
COrreiﬁg‘;ﬁ;’fjﬁfﬁﬁ?ﬁ‘}chf;‘si“ape 0.81 0.67 0.86 0.69 0.95 0.71
Amount of landscape area shares explained 56.82 88.76 5736 88.83 60.06 8230

by impact factors

Table 8. Results of Monte Carlo permutation test (999 permutations under reduced model).

1980 2000 2020
Axis1 All Axes Axis 1 All Axes Axis 1 All Axes
F-value 287.25 38.44 323.85 4294 540.16 68.40
p-value 0.001 0.001 0.001 0.001 0.001 0.001

Notes: F-value represents the F-statistics for the test of axis 1 and all axes; p-value represents the corresponding
probability value obtained by the Monte Carlo permutation test for axis 1 and all axes.

3.3.2. CCA of the Landscape Area Shares and Impact Factors

Figure 6 displays the correlations between 13 impact factors and the landscape area
shares of six landscape types in 1980, 2000, and 2020. The settlement and farmland land-
scapes were mainly positively correlated with the mean annual relative humidity (MAH),
population density (POD), and GDP density (GDP), but negatively correlated with the dis-
tance to artificial water (DAW). Farmland, as an artificial landscape, heavily relies on water
and is often concentrated in densely populated areas with accessible irrigation. The forest,
grassland, and water landscapes displayed positive correlations with the soil thickness
(SOT), soil organic matter content (SOM), annual actual evapotranspiration (AAE), road
density (ROD), elevation (ELE), and mean annual temperature (MAT), while they were
negatively correlated with the slope (SLP) and distance to natural water (DNW). Regions
with higher soil organic matter content, abundant water resources, moderate temperatures,
and gentle terrain favor the growth of forests and grasslands [10]. The desert landscape
exhibited a clear positive correlation with the DAW, DNW, and SLP, while showing a
negative correlation with the AAE, SOT, SOM, and ROD.

Furthermore, the proximity between the farmland and settlement landscapes indicated
their spatial closeness, making them convenient for cultivation and the provision of food
supplies for residents. Similarly, the proximity among the grassland, forest, and water
landscapes was primarily due to grassland and forests’ reliance on water sources, fostering
their coexistence.

The relationships between the landscape types and various impact factors varied over
time (Table 9). In 1980, 2000, and 2020, the SOT emerged as the most influential factor for
the landscape pattern, exhibiting correlation coefficients of 0.87, 0.85, and 0.92 with the
first axis, followed by the ROD (0.68, 0.63, 0.65), AAE (0.59, 0.61, 0.86), and POD (0.55, 0.65,
0.69). Moreover, the MAT displayed the strongest correlation with the second axis, with
correlation coefficients of —0.61, —0.56, and —0.35, respectively. Over time, the correlations



Hydrology 2024, 11, 93

14 of 22

of the SOT, AAE, and POD have strengthened, while that of the MAT has weakened, with
the correlation of the ROD remaining stable.
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Figure 6. Canonical correspondence analysis ordination diagram of landscape area shares and impact

factors in 1980, 2000, and 2020. (a) 1980; (b) 2000; (c) 2020.

Table 9. Correlation coefficients between impact factors and ordination axes in 1980, 2000, and 2020.

1980 2000 2020
Axis1 Axis 2 Axis 1 Axis 2 Axis 1 Axis 2
MAT 0.13 —0.61 —0.13 —0.56 0.25 —0.35
MAP 0.13 —0.09 —0.06 0.01 —0.11 —0.28
MAH 0.28 0.52 0.40 0.46 0.54 —0.22
ELE 0.51 0.04 0.53 —0.06 0.61 —0.08
SLP —0.53 0.30 —0.42 0.41 —0.41 0.40
SOM 0.56 —0.32 0.45 —0.45 0.42 —0.38
SOT 0.87 —0.00 0.85 —0.21 0.92 —-0.19
AAE 0.59 —0.10 0.61 —0.16 0.86 0.17
DNW —0.57 0.35 —0.43 0.47 —0.38 0.50
DAW —0.41 —-0.16 —0.44 0.02 —0.48 0.08
POD 0.55 0.46 0.65 0.35 0.69 0.26
GDP 0.42 0.30 0.32 0.04 0.53 0.18
ROD 0.68 0.04 0.63 —0.11 0.65 —-0.19

Notes: MAT refers to the mean annual temperature, MAP refers to the mean annual precipitation, MAH refers
to the mean annual relative humidity, ELE refers to the elevation, SLP refers to the slope, SOM refers to the soil
organic matter content, SOT refers to the soil thickness, AAE refers to the annual actual evapotranspiration, DNW
refers to the distance to natural water, DAW refers to the distance to artificial water, POD refers to the population
density, GDP refers to the GDP density, ROD refers to the road density.

4. Discussion
4.1. Driving Factors of Landscape Pattern

The landscape pattern is jointly influenced by multiple factors, such as the population,
economy, soil, and hydrology, with different landscapes being affected by distinct factors. In
this study, we identified a strong positive correlation between the distribution of the farm-
land and settlement landscapes and the POD and GDP. The growth in the population and
economy has promoted the expansion of the farmland and settlement landscapes, which is
consistent with previous research [74-76]. Our statistics indicated that, from 1980 to 2020,
the farmland and settlement landscapes in the MBTR showed an increasing trend, particu-
larly with a significant increase in farmland of 2582 km?. Additionally, the population in
the MBTR increased by 0.23 million people, and the GDP increased by RMB 1.53 million.
The results of the bivariate local spatial autocorrelation analysis further indicated that
(Figure 7), over the past two decades, the MBTR's farmland expansion exhibited obvious
spatial aggregation effects with population growth and economic development, with I-
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values of 0.431 and 0.373, respectively. Specifically, areas with high-high agglomeration of
farmland expansion and population growth were mainly distributed in the upstream areas
of Alar and Kuqa. Conversely, areas with the relatively slow expansion of farmland and
population growth were mainly distributed in the middle and lower reaches, and areas
with the relatively slow expansion of farmland and economic development were primarily
distributed in the central part of the basin.

Clusters of local Moran's 1
I [Tigh-High

B Low-Low

[ Low-High

[ JHigh-Low

[ Not Significant

Bivariate spatial autocorrelation between Bivariate spatial autocorrelation between
farmland expansion and population growth A farmland expansion and GDP growth

0 100 km
L

>z

Clusters of local Moran's I
Il High-High
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[ Low-High

| Not Significant 0 100 km

Figure 7. Bivariate spatial autocorrelation between farmland expansion and socioeconomic development.

In addition, the distribution of the forest, grassland, and water landscapes was primar-
ily influenced by the soil and hydrological conditions. This study delved into the differences
in the landscape distribution under various soil and hydrological conditions. The impact
factors were classified into five levels by natural breaks: low (1), relatively low (II), medium
(IIT), relatively high (IV), and high (V). Furthermore, an overlay analysis was conducted
on the spatial distribution of the landscapes and impact factors to reflect the distribution
differences of the landscapes under different gradings of the impact factors. The results
indicated that the distribution proportion of the forest landscape was the highest with the
SOT, SOM, and AAE under levels III and IV (Figure 8), and the distribution proportion of
the grassland landscape was the highest with the SOT under level III, SOM under level V,
and AAE under level II (Figure 9). It can be observed that regions with a high soil thickness,
high soil organic matter content, and abundant water resources are more conducive to the
growth of forest and grassland landscapes. Peng [10] suggested that areas with higher
groundwater levels, a closer proximity to rivers, and moderate soil conditions are more
suitable for the distribution of forest landscape. Moreover, the optimal values of the SOT,
SOM, and AAE decreased sequentially for water, forest, and grassland landscapes, which
suggests that the formation and maintenance of water landscape often requires a better
soil structure and favorable water supply conditions, while the forest landscape has higher
requirements for its growth environment compared to the grassland landscape.

The desert landscape was mostly distributed on the edges of the upper and middle
reaches of the MBTR, as well as in the lower reaches. These areas were far from water
sources, with poor soil conditions and minimal human interference, making them more
prone to land desertification. Particularly in 1990-2010, the expansion of the desert land-
scape was significant, mainly due to the rapid cultivation in the upper and middle reaches
and the increase in agricultural water usage, which directly led to a decrease in the ground-
water level downstream, exacerbating grassland degradation and land desertification. This
finding is consistent with the research results of Wang [77].

Studies have identified a warming trend in the MBTR since 1980, noting a rise in the
average spring temperature of 0.52 °C per decade and a rise in dryness during spring
and winter of 22.14 and 14.01 per decade, respectively [78]. An optimal temperature is
conducive to the growth of forest and grassland landscapes. As the temperatures rose, the
influence of the temperature on the landscapes gradually weakened, while the demand for
water resources by the landscapes intensified. Meanwhile, human activities can affect the
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shaping types and evolution rates of the landscape. With the acceleration of urbanization
and the intensification of human activities, the impact of the population density on the
landscapes gradually strengthened.
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Figure 8. The distribution proportion of forest landscape under different levels of SOT, SOM, and
AAE. Notes: I-V represent the grading levels of different factors. For SOT (unit: cm), Iis 3-32; Il is
32-69; Il is 69-97; IV is 97-122; V is 122-157. For SOM (unit: g/100 g), I is 0.30-0.77; Il is 0.77-1.60; 11
is 1.60-2.52; IV is 2.52-4.06; V is 4.06-7.35. For AAE (unit: mm), [ is 0-119; Il is 119-349; III is 349-581;
IV is 581-816; V is 816-1566.
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Figure 9. The distribution proportion of grassland landscape under different levels of SOT, SOM, and
AAE. Notes: I-V represent the grading levels of different factors. For SOT (unit: cm), Iis 3-32; Il is
32-69; Il is 69-97; 1V is 97-122; V is 122-157. For SOM (unit: g/100 g), I is 0.30-0.77; 11 is 0.77-1.60; III
is 1.60-2.52; IV is 2.52-4.06; V is 4.06-7.35. For AAE (unit: mm), I is 0-119; Il is 119-349; III is 349-581;
IV is 581-816; V is 816-1566.

4.2. Impact of Policies on Landscape Pattern

The evolution of the landscape pattern is influenced by numerous factors. In addition
to the selected natural and human factors, policy formulation, technological development,
and enhanced landscape conservation awareness will all have direct or indirect impacts on
the landscape evolution of the MBTR. Among them, the influence of policies is particularly
significant, but it is difficult to quantify. Therefore, this paper discusses the impact of
policy factors.

With the commencement of the reform and opening up of China, the financial support
for agriculture in Xinjiang has continuously increased, and human activities have gradually
intensified. The small-scale land reclamation movement began in 1988 [79]. In 1995, Xin-
jlang proposed the “One Black and One White” development strategy. (“One Black” refers
to petroleum and “one white” refers to cotton. Xinjiang has favorable natural conditions
for cotton cultivation. After receiving support from national policies and funds, the area
of cotton cultivation has rapidly expanded.) It encouraged individuals and collectives to
cultivate land [80]. This initiative triggered extensive land reclamation efforts, resulting
in the clearance of vast areas of windbreak grassland, shrubs, and forests, causing a sharp
reduction in grassland and the exacerbation of land desertification. Concurrently, the
government strongly promoted the development of forestry and fruit industries, leading to
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expanded artificial forest land. Additionally, the implementation of the “Western Develop-
ment Strategy” in 2000 led to a rapid increase in population and land demands, accelerating
the expansion of the settlement and farmland landscapes. However, the expanded farm-
land and increased agricultural activities led to the excessive exploitation and irrational
distribution of the water resources, reducing the ecological water usage and exacerbating
the ecological environment’s degradation in the MBTR [77,81]. Under such circumstances,
the Tarim River Basin Comprehensive Management Project began in 2001. Through the Eco-
logical Water Conveyance Project [82], multiple ecological water conveyances were carried
out in the middle and lower reaches, aiming to promote the recovery of the groundwater
and counteract the lake’s desiccation and vegetation degradation. Despite these efforts,
the long-term ecological deterioration persisted due to societal, economic, and natural
constraints, and phenomena like grassland degradation and lake desiccation remained,
aligning with the research results of Sun [83]. Furthermore, the construction of water
conservancy facilities such as river embankments reduced some natural flood spillways
like distributaries and bay flows, resulting in reduced water areas. In 2010-2020, the imple-
mentation of ecological water conveyance and water-saving irrigation projects began to
show positive impacts, such as increasing water areas, restraining grassland degradation,
and reducing desert areas. Simultaneously, the development of oasis agriculture further
enhanced the cultivation of arable land. These findings are consistent with the conclusions
drawn by Wang [84], Sun [85], and Hou [86].

4.3. Suggestions to Improve Ecological Conditions of MBTR

Over the past 40 years, with the development of society and the economy, artificial
landscapes have rapidly developed and gradually stabilized. However, natural landscapes,
especially grassland landscape, have been severely damaged. Based on the research in
this study, some suggestions for landscape management and protection in the MBTR
are proposed.

(1) It is necessary to maintain the sustainable development of forests and pay attention
to the protection of grassland. Forests and grassland are the most important factors
in maintaining ecological stability [36]. Implementing planned irrigation regularly and
selecting suitable species can strengthen vegetation restoration and protection.

(2) It is necessary to control the scale of farmland and promote water-saving irrigation
measures. Water resources are a fundamental condition for the achievement of sustainable
development in the MBTR. The expansion of farmland in the source stream area and the
increase in agricultural water use have led to a decrease in water transport in the MBTR,
resulting in vegetation death and land desertification. Therefore, to ensure the healthy
development of the ecological environment in the basin, it is necessary to reasonably control
the development area of farmland, promote agricultural water-saving irrigation technology,
and improve the agricultural water use efficiency.

(3) It is necessary to strengthen ecological restoration projects. Since 2000, the Ecologi-
cal Water Conveyance Project has been implemented [66]. After 2010, the positive effect of
this project began to emerge, with vegetation degradation and land desertification slowing
down and water areas increasing. Additionally, there are other ecological projects, such as
the Desertification Control Project, the Grain for Green Project [71], and the Natural Forest
Protection Project, which have made positive contributions to the ecological restoration of
the MBTR.

4.4. Limitations and Prospects
4.4.1. Determination of Optimal Landscape Scale

Changes in spatial scale can significantly influence the outcomes of landscape pattern
research. When dividing the study area for landscape pattern analysis, using a large
division scale may result in the loss of the finer details of the landscape pattern. Conversely,
adopting a small division scale can lead to the obscuration or neglect of crucial information
due to the overwhelming amount of data within each grid [87,88]. Knowing this, we set
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the grid size to 6 km based on the principle of 2-5 times the average area of landscape
patches and the spatial resolutions of different data. However, this was not sufficient. To
mitigate the impact of the spatial scale on the results, additional research is needed to
understand how the landscape scale affects the relationship between the landscape pattern
and influencing factors, as well as to determine the optimal landscape scale for landscape
pattern analysis within the range of 2-5 times the average area of patches in the MBTR.

4.4.2. Selection and Expansion of Impact Factors

This study selected representative influencing factors based on natural and human
factors to analyze the driving forces of the landscape pattern in the MBTR. Natural factors
generally play a decisive role in the formation and distribution of landscape types over a
large range and long period of time, while human factors usually have a direct impact on
the evolution and development of the landscape pattern within a small area and in a short
period of time. However, the relationship between the landscape pattern and influencing
factors has not been fully revealed due to the limited selection of factors and their complex
interactions. Therefore, additional factors, such as policy factors, cultural factors, and bio-
logical factors, and diverse analysis methods are required to comprehensively consider the
relationship between the landscape pattern and the influencing factors in further studies.

5. Conclusions

This study examined the spatiotemporal changes and pattern characteristics of the
landscape in the MBTR from 1980 to 2020 and revealed the impact of natural and hu-
man factors on the landscape pattern. Our results showed that (1) from 1980 to 2020, the
areas of the desert, forest, farmland, and settlement landscapes in the MBTR increased,
with the farmland showing the greatest increase of 2582 km?, while the area of the grass-
land landscape continuously decreased by 4519 km? and the water landscape showed
an “increasing-decreasing-recovery” pattern, peaking at 1340 km? in 2000. The main
types of landscape transitions in the MBTR included the transition from grassland to
desert; mutual transitions among farmland, grassland, and forests; mutual transitions
between water and grassland; and the transition from farmland to settlements. (2) From
1980 to 2020, the overall landscape pattern exhibited an increase in patch fragmentation,
shape complexity, and evenness, alongside a decrease in aggregation. Specifically, the
fragmentation, dominance, and shape complexity of the desert and farmland landscapes
increased, while their aggregation decreased. The grassland landscape showed increased
fragmentation and shape complexity, but decreased dominance and aggregation. The forest
landscape experienced decreased fragmentation and aggregation, along with increased
dominance and shape complexity. The fragmentation of the water landscape showed a
trend of initially decreasing before increasing, with the dominance showing the opposite
trend. It also experienced increased shape complexity and decreased aggregation. The
settlement landscape exhibited decreased fragmentation and increased shape complexity,
dominance, and aggregation. (3) The landscape pattern in the MBTR was influenced by a
combination of natural and human factors, primarily the SOT, ROD, AAE, POD, and MAT.
Specifically, the settlement and farmland landscapes were mainly influenced by the MAH,
POD, GDP, and DAW; the forest, grassland, and water landscapes were mainly influenced
by the SOT, SOM, AAE, ROD, ELE, MAT, SLP, and DNW; and the desert landscape was
mainly influenced by the DAW, DNW, SLP, AAE, SOT, SOM, and ROD.

The landscape in the MBTR is vulnerable and highly sensitive to human interference
and environmental changes. This study explored the impact of the natural environment
and human activities on the landscape pattern and offers specific recommendations for
landscape optimization and ecological improvement. In the future, we will focus on the
changes and development of the landscape pattern at different spatial scales, as well as the
relationship between the landscape pattern and more comprehensive influencing factors.
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