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Abstract: The Tarim River (TR), the longest inland river at an arid area in China, plays a critical
role in the sustainable development of the regional ecological environment. This study presents the
spatial-temporal variations in the vegetation coverage at regional and pixel scales and its driving
factors on the TR mainstream. The latest dataset of normalized difference vegetation index (NDVI) and
a vegetation coverage index (fc) over the period from 2000–2015 were analyzed with the unary linear
regression and the partial correlation. On the basis of land use data, we further built the landscape
ecological risk index and assessed the ecological risk level of the mainstream. Our results suggest that
the vegetation coverage index demonstrated fluctuations but denoted a generally upward trend in
the TR mainstream, the vegetation improvement areas are far greater than the degraded areas during
the study period. Apparently, the overflow days in the TR mainstream and the cumulative amount of
water transport are the two main factors that dominate the vegetation coverage. The ecological risk
level varies throughout the TR with a high-to-low spatial distribution from upstream to downstream,
and the overall landscape ecological risk of the whole basin exhibits an upward tendency. Above all,
our study provides a framework with the remote sensing data to assess vegetation coverage and
landscape ecological risk which can help design and implement reliable strategies for the ecological
management and vegetation restoration in the Tarim River Basin.

Keywords: vegetation coverage; driving factor; overflow days; eco-water transport; landscape
ecological risk; Tarim River

1. Introduction

Recent years have witnessed increasing concern for vegetation dynamics and landscape ecological
risk on the environment and society [1–3]. The increasing population pressure and intense human
activities have changed the water circulation process in many basins, resulting in various ecological
problems, thus the fragile environment is facing unprecedented challenges [4]. Vegetation ecosystems
in arid areas typically lack biodiversity and stability and have been susceptible to climatic variability
and anthropogenic activities [5,6]. In particular, due to poor natural condition, the degree of water
resources utilization basically determines the habitat and oasis area on both sides of the river.
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Based on eco-sustainable principles, it is vital to carry out dynamic monitoring and assessment
of landscape pattern and ecological environment changes in arid and semi-arid areas. A more
profound understanding of vegetation dynamics and landscape ecological risk are therefore of essential
importance for planning strategies to adapt to concurrent ecological environment [7].

Vegetation is one of the critical elements within a terrestrial ecosystem [8], as well as providing
ecosystem services for humans. With economic development, population growth, and shifts in
land use, irreversibly degraded states of ecosystems may occur when the vegetation variations cross
a certain ecological threshold [9]. Concerns over the potential impacts of those anthropogenic activities
on vegetation dynamics (vegetation distributions and its compositions) have increased in recent
decades. Thus, assessment of vegetation dynamics in arid areas are emerging as a research focus
worldwide [10–12]. Cao et al. reported that responses of the 10-day normalized difference vegetation
index (NDVI) to temperature were more significant than that to precipitation in Xinjiang, while the
decrease in the annual precipitation was the main factor that led to the fluctuations of the vegetation
coverage [13]. Dai et al. examined the spatiotemporal variations in the NDVI in northwestern China
over the period from 1982 to 2006 and concluded that the increase in NDVI was due largely to the
large-scale ecological construction projects [14]. During the past decades, for the mainstream of
TR, water shortage has dramatically triggered a series of ecological environment problems in the
oasis, including land desertification, vegetation degradation, oasis shrinkage, and underlying surface
changes. Hence, accurately characterizing the spatiotemporal variability in vegetation and identifying
the factors that dominate vegetation degradation (or restoration) of Tarim River Basin are the key
problems that need to be solved in order to assess regional ecological balance and formulate suitable
restoration policies.

Ecological risk refers to the damage or risk that ecosystems and their different internal components
may suffer within a certain region [15]. In the 1980s, ecological risk assessment came into being.
With the promulgation of “Guidelines for Ecological Risk Assessment” by EPA in 1998 [16], the study
of ecological risk of the environmental system has entered a mature stage. Land use/cover change
(LUCC) is one of the feasible ways to carry out ecological environment impact assessment and a new
breakthrough point in watershed scientific research. Meanwhile, the ecological risk assessment of
land use based on watershed landscape pattern is helpful to better understand the status of regional
risks, and it is an effective method for integrated ecological risk management in view of landscape
patterns and ecological processes. Landscape ecological risk is the adverse consequence of the
interaction between landscape patterns and ecological processes under the influence of natural or
human factors [17], which has been widely recognized by scholars. Peng et al. explored landscape
ecological risk assessment associated with mining cities, and found the result that landscape ecological
risk is lower in highly urbanized areas than those rural areas [7]. Li et al. constructed landscape
ecological risk pattern evolution models and analyzed the spatiotemporal evolutions of ecological
risk patterns of coastal zones in Zhejiang Province, China [18]. A scientific ecological risk assessment
and risk pattern evolution analysis may provide an important reference for establishing an ecological
risk early warning mechanism and promoting landscape pattern optimization, particularly for those
regions with a harsh environment.

The Tarim River Basin, a region of pivotal importance to the water security of northwestern China,
has experienced dramatic ecological deterioration, which has aroused widely public concern [6,19].
Nowadays, much attention has been paid to the relationship between vegetation patterns and
meteorological factors [20,21]. However, the response mechanism of vegetation growth in TR is more
complex than that in other systems due to water scarcity, then additional impact factors besides
meteorological need further exploration [22]. Furthermore, this region has experienced rapid land
use change in the past few years and is under the influence of alternative government policies for
hydraulic project construction, farmland protection [23], urban planning, ecological conservation,
and ecological water transport. Landscape pattern conflicts thus often exist when taking into account
these policies serving for different purposes. Few studies focused on the landscape pattern change in
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the mainstream of the TR, in particular, evaluation of landscape ecological risk has not been explored
in depth. The study of landscape ecological risk will provide substantial support for the resolution of
land use conflicts and contribute to the future landscape management of the TR ecosystem. Therefore,
in this study, the vegetation dynamics and landscape ecological risk in the whole mainstream of TR are
analyzed in view of the whole basin sustainability. Specifically, objectives of the study are three-fold
including the following: (1) Calculate the spatial-temporal variations in the vegetation coverage during
the growing season; (2) discuss driving factors of eco-flow regime and eco-transport that possibly
dominate the vegetation changes in TR; (3) construct landscape ecological risk indices and analyze
spatio-temporal variation of the landscape ecological risk patterns during the period from 2000–2015
in the study area. Mitigating threats caused by potential vegetation degradation in the TR requires
better knowledge to identify the driving mechanisms for taking most efficient and sustainable actions.
The results obtained in this study will be helpful to explore the reasons for regional vegetation coverage
changes and shed a light for restoring effectively the ecological system in the Tarim River.

2. Materials and Methods

2.1. Study Area

Located in the southern Xinjiang, China, the TR is the largest inland river basin with a typical
continental arid climate (Figure 1). The mainstream of TR begins at the junction of Akesu River,
Yarkant River, and Hotan River, the upstream segment with a length of 495 km from Xiaojiake to
Yingbazha, the middle segment from Yingbazha to Qiala (398 km), and the lower reaches from Qiala to
Taitema Lake (428 km). The vulnerability of the TR is embodied in the poor annual precipitation less
than 70 mm, and annual evaporation greater than 1000 mm. Due to the overdraft of water resources,
the streamflow at the TR downstream has decreased considerably. Consequently, several channel
sections dried up especially in the reaches below the Daxihaizi Reservoir, resulting in desertification,
rapidly shrunk oases, and degraded ecosystems [24]. To alleviate the deterioration of ecological
environment, a string of ecosystem rehabilitation programs have been implemented by the local
government, among which the water diversion project for recovery of the TR and the Taitema Lake
since 2000 is the most well-known [25].
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Figure 1. Map of the mainstream of Tarim river (TR), China. Note: The map was generated with data
available from the Chinese Geospatial Data Cloud [26] using ESRI’s ArcGIS 10.2. The green triangles
represent meteorological stations, 1 stands for Alar station, 2 for Kuche station, 3 for Luntai station,
4 for Korla station, 5 for Tikanlik station, and 6 for Ruoqiang station.
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2.2. Data

Data used in this study are as follows: (1) The NDVI from the MODIS/Terra Vegetation Indices
1-Month China 500 m Grid (MODND1M) product was adopted as basic data on the website of the
Chinese Geospatial Data Cloud [26]. The MODND1M product are processed by the MOD09GA daily
product through splicing, cutting, projection, unit conversion and calculation, and the calculation
method is to take the maximum value in the month. The data was collected from 2000 through 2015
during the growing season from April to October; (2) monthly precipitation and temperature from the
six meteorological stations (Alar, Kuche, Luntai, Korla, Tikanlik, and Ruoqiang) on the TR over a period
from 2000–2015 were downloaded from the Chinese Meteorological Data Sharing Service System [27];
(3) daily streamflow data of Alar and Xinquman hydrological stations on the TR from January 2000 to
December 2015, were provided by the Xinjiang Tarim River Basin Management Bureau. Locations of
the hydrological stations are shown in Figure 1; (4) no. 1–16 of the ecological water delivery date in
the down reaches of the TR were obtained from the Xinjiang Tarim River Basin Management Bureau;
and (5) the raster data of land use in 2000, 2005, 2010, and 2015 at a 1 km spatial resolution were
produced and provided by the Resources and Environment Science Data Center, Chinese Academy of
Sciences [28].

2.3. Methods

We present a framework that integrates a set of indices and model to enable the evaluation
of vegetation dynamics and landscape ecological risks (Figure 2). Specifically, this framework
consists of five key components: Temporal and spatial variation analysis of vegetation coverage,
driving factors of vegetation coverage change, ecological risk assessment model built using multiple
indices, landscape pattern analysis using landscape metrics, and the relationship between vegetation
coverage index and ecological risk index.
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2.3.1. Calculation and Classification of Vegetation Coverage

The MODIS NDVI, an indicator of photosynthetically active vegetation, is one of the excellent
data sources which can be used to analyze vegetation coverage [29]. According to the Dimidiate
Pixel Model [30], the NDVI value is composed of the green vegetation information and the bare soil
information on a per-pixel basis. Vegetation coverage, as an important indicator of plant, is particularly
vital in monitoring changes in plant diversity. Assuming a linear correlation between NDVI and
vegetation coverage, the vegetation coverage index (fc) is given by [14]:

fc =
NDVI−NDVIsoil

NDVIveg −NDVIsoil
(1)

where NDVI is the value at each pixel, NDVIsoil is the value at the bare soil area, NDVIveg is the value
at the vegetation area. Combined with the actual vegetation coverage in the TR, NDVI value in which
the cumulative frequency is 0.5% in the pixels was chosen to be the NDVIsoil, while the cumulative
frequency of NDVI above 99.5% was chosen to be NDVIveg.

2.3.2. Regression Analysis

(1) Linear regression analysis
Linear regression can quantitatively assess the overall trend in change of vegetation coverage at

each grid cell, and the change rate of vegetation coverage over time. In this study, the spatio-temporal
variations in the vegetation coverage were analyzed based on the monthly NDVI data at 500 × 500 m
resolution using the linear regression method as follows [4]:

θs =
n
∑n

i=1 i ∗ fic −
∑n

i=1 i
∑n

i=1 fic

n
∑n

i=1 i2 −
(∑n

i=1 i
)2 (2)

where θs represents the trend, n refers to the total years, and fic is the vegetation cover index for the
ith year. If θs is greater than 0, the vegetation coverage shows an increasing trend. Otherwise the
vegetation coverage exhibits a decreasing trend.
(2) Hierarchical regression approach

Hierarchical regression is a way to show if variables of your interest explain a statistically
significant amount of variance in your Dependent Variable after accounting for all other variables.
This is a framework for model comparison rather than a statistical method. In this framework, you build
several regression models by adding variables to a previous model at each step; later models always
include smaller models in previous steps. In many cases [31,32], our interest is to determine whether
newly added variables show a significant improvement in R2.

2.3.3. Correlation Analysis

Correlation analysis is commonly used to analyze the relationship between inter-annual vegetation
changes and its driving factors [14]. The partial correlation coefficient (PCC) and the lag partial
correlation coefficient (LPCC) for the vegetation coverage during the growing season and the climatic
variables (precipitation and temperature) were calculated at each of the three segments of the TR.
LPCC is the lag partial correlation coefficient between the vegetation coverage index of the current
month and the climatic variables (precipitation and temperature) of the previous month [33]. In order
to test the significance of the linear correlation between the vegetation coverage and yearly overflow
days and the cumulative eco-water transport, Pearson’s correlation coefficient was computed for the
two variables. According to the conditions of TR, the streamflow of Alar station is divided into three
grades with Q < 50 m3/s, 50–500 m3/s, and >500 m3/s, and the streamflow of Xinquman station is
divided into three grades with Q < 40 m3/s, 40–400 m3/s, and >400 m3/s, respectively representing the
low flow process, medium flow process, and large flow process by Yu et al. [34]. Considering there is
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no clear river boundary in the mainstream of TR, the annual occurrence days of the large flow process
in Alar (Q > 500 m3/s) and Xinquman station (Q > 400 m3/s) are defined as the yearly overflow days in
this paper. Since 2000, an ecological water transport project was launched by the local government,
the cumulative eco-water transport value is the sum of the total eco-water transport amount up to
a certain year. Various time lags were considered in analyzing the correlation between the time series
of vegetation coverage and its driving factors [35].

2.3.4. Ecological Risk Structure

(1) Landscape disturbance index (Ei)
Landscape disturbance index (Ei) can indicate the degree of disturbance in different landscape

ecosystems caused by hazards or land use activities. Obviously, the greater the disturbance of the
external state to the basin, the greater the ecological risk the basin faces [7]. The study chooses
landscape fragmentation index (Ci), landscape isolation index (Ni), and landscape dominance index
(Di) to build the landscape disturbance index, and the expression of these indices are as follows:

Ei = aCi + bNi + cDi (3)

Ci =
ni

Ai
(4)

Ni =
A

2Ai

√
ni

A
(5)

Di =
ni

n
(6)

where ni is the patch number of landscape i (the landscape types in this paper included such nine
categories as bare land, low-covered grassland, high-covered grassland, farmland, sparse forest, forest,
river, water body, and urban); Ai is the area of landscape i; A is the total area; a, b, and c represent
the weight of the landscape metrics and a + b + c = 1. According to experience [15], a = 0.5, b = 0.3,
and c = 0.2 in this paper.
(2) Landscape fragility index (Fi)

The ability of different landscape types to resist external disturbance can be expressed by an index,
that is, landscape fragility index (Fi). Lower resistance ability means higher fragility index and greater
ecological risk [15]. The vulnerability of landscape types was determined based on the actual situation of
the TR, and the order from high vulnerability to low was bare land, low-covered grassland, high-covered
grassland, farmland, sparse forest, forest, river, water body, and urban. The weights are assigned from
9 to 1, and the vulnerability index for a specific landscape type is obtained after normalization.
(3) Landscape loss degree (Ri)

Landscape loss degree reflects the degree of loss of different landscape types in the watershed
ecosystem under artificial-natural interaction [15]. The Equation for Ri is as follows:

Ri = Ei × Fi (7)

where Ri is the landscape loss degree, Ei is the landscape disturbance index, Fi is the landscape
fragility index.
(4) Landscape ecological risk index (ERI)

Landscape ecological risk index based on landscape pattern is a basic assessment method,
which reveals the relationship between landscape structure and landscape ecological risk system by
calculating the areal proportion of landscape components [17]. The Equation for ERI is as follows [16]:

ERIi =
N∑

i=1

Aki

Ak
Ri (8)
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where Aki is the area for landscape i in the k sample area; Ak is the total area in the k sample; and n is
the number of landscape types.

With consideration of the watershed scale factor, the study area was divided into 1592 grids on
5 × 5 km by the equidistance sampling function, and each grid is an ecological risk zone. The ERI
of all landscape types from 2000 to 2015 were calculated based on the above the Equation (8).
Then, the comprehensive risk indices of each landscape type in each grid were calculated, which were
set as the ecological risk level of the risk zones center.

3. Results

3.1. Vegetation Condition and Change

3.1.1. Temporal Variation of Vegetation Coverage

The average vegetation coverage in the growing season (from April to October) presents temporal
variations from 2000 to 2015 in the mainstream of the TR (Figure 3). The bare land areas (with fc < 0.1)
on both sides of the TR were gradually decreased after the implementation of the ecological water
diversion project in 2000. At the early stage of water transportation (2000–2002), the bare land area
showed some minor variations. After 2003, the bare land area declined rapidly, which was obviously
less than the area during the period from 2000–2002. The low vegetation coverage (0.1 ≤ fc < 0.25)
exhibited minor variations with an average 23.08% of the total area in the TR from 2000 through 2009.
The percentage of the low vegetation coverage reached up to a highest value of 27.35% in 2010 and
kept almost stable over the period of 2011 to 2015. The high vegetation coverage (0.25 ≤ fc < 0.35)
experienced a minor variation, 8.65% to 10.34%. The oasis agricultural area (fc ≥ 0.35) showed
a remarkable upward trend, which is consistent with the study by Du et al. (2015) [36]. It is very
interesting that bare land possessed two low points in 2003 and 2013, in contrast, the oasis agricultural
area was at its peak in these two years. In general, the almost opposite trends may reflect the mutual
transformation relationship between the bare area and the oasis agricultural area in the TR.
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Figure 3. Percentage of the vegetation coverage types over the time period from 2000 to 2015 in
the mainstream of the TR. Note that vegetation coverage was classified into four ranks based on
the vegetation coverage index [37]: fc < 0.1 for bare land, 0.1 ≤ fc < 0.25 for low coverage area,
0.25 ≤ fc < 0.35 for high coverage area, and fc ≥ 0.35 for oasis agricultural area.
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The vegetation coverage index was observed in an extremely significantly increasing trend in each
of the three segments of the TR, suggesting that the environmental condition for the vegetation coverage
has improved (Figure 4). The vegetation coverage index in the upstream has a greater slope than those
in the midstream and downstream, confirming the results of Guan et al. (2018) [19]. The vegetation
coverage index and the percentage of oasis agricultural area in the upstream and midstream of TR
have a similar trend over time, while the vegetation coverage index in the lower reaches was more
consistent with the percentage of low coverage area. Furthermore, the upstream was the densely
inhabited and the oasis agricultural region with a large-scale reclamation of the cultivated land. The TR
downstream has been gradually dried up since the 1970s, consequently, the downstream underwent
a long process of ecological degradation. Although the gradual process of vegetation restoration in TR
takes time, the slow restoration process also provides many long-term ecosystem services. Generally,
the vegetation coverage in the mainstream has a positive slope, presenting remarkable improvement
in recent years, our results are highly correlated with the studies by Guo et al. (2017) and Yan et al.
(2018) [38,39].
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Figure 4. Vegetation coverage index and plots of the percentage of vegetation coverage types from 2000
to 2015 at the upstream, midstream, and downstream of the TR. Note that the blank dash dot represents
the average vegetation coverage index, the red line is the linear fitting for vegetation coverage over the
upstream, midstream, and downstream of the TR.

3.1.2. Spatial Patterns of Vegetation Coverage

Figure 5 displays spatial distributions of the slopes, calculated with Equation (2) at each pixel,
for three different phases: 2000–2005, 2006–2010, and 2011–2015. The change degree of vegetation
coverage was classified into six ranks based on Natural Breaks with the ArcGIS software. During 2000 to
2005, the lands with slight and severe degradation accounted for 7.3% of the total area and were mainly
distributed in the upstream and the midstream, vegetation coverage accounted for 30%, 13%, and 3.8%
of the total area in the TR with slight, obvious, and significant improvement, respectively. The vegetation
improvement region was seen in the upstream and midstream from 2006 to 2010, while the region with
vegetation degradation was distributed sporadically on the right bank of the downstream. In 2011–2015,
the vegetation improvement region accounted for 15% of the total area whereas the severe and slight
degradation were 16% and 36%, respectively. Obviously, the vegetation coverage was shown as stable
in most of the area of the TR mainstream. The improvements in the vegetation coverage were primarily
concentrated in the upstream, whereas the vegetation degradation areas were mainly distributed in the
left bank of the midstream and the downstream. Table 1 summarized the change in vegetation coverage
in the TR over the period from 2000–2015. Generally, the vegetation improvement area is greater than
the vegetation degradation area in the TR mainstream from 2000 to 2015, and the vegetation restoration
was shown on both banks of the river, largely related to the change in runoff. Specifically, more than
80% of the vegetation in the upstream and downstream were mostly scattered between the distance of
13 to 14 km to the river channel. The distributive range of vegetation was the largest in the middle
reaches with more than 80% of the vegetation distributed in 17–20 km (Figure S1).
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Figure 5. Spatial distribution of the slope calculated with Equation (2) in the mainstream of TR:
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Table 1. Classification of change in vegetation coverage in the TR over the period from 2000–2015.

Classification.
2000–2005 2006–2010 2011–2015 2000–2015

Area/km2 % Area/km2 % Area/km2 % Area/km2 %

θs ≤ −0.02 Severe degradation 545 1.6 1675 4.8 5706 16.4 167 0.5
−0.02 < θs < −0.005 Slight degradation 2005 5.8 2534 7.3 12,395 35.7 2095 6.0
0.005 ≤ θs ≤ 0.005 Stability 16,064 46.2 8751 25.2 11,580 33.3 23,219 66.8
0.005 < θs ≤ 0.02 Slight improvement 10,383 29.9 16,359 47.1 2917 8.4 7073 20.4
0.02 < θs ≤ 0.05 Obvious improvement 4421 12.7 4445 12.8 1654 4.8 1930 5.6

θs > 0.05 Significant improvement 1323 3.8 977 2.8 487 1.4 255 0.7

3.2. Driving Factors of Vegetation Coverage Change

3.2.1. Relationship between Vegetation Coverage Changes and Climatic Variables

Generally, large-scale climatic impacts on vegetation can be quantitatively assessed with statistical
analyses of satellite-derived vegetation coverage index and climatic variables. Correlations between
the vegetable coverage index and the primary climatic variables (precipitation and temperature) were
analyzed in terms of the partial correlation coefficient and lag partial correlation coefficient over the
period from 2000 to 2015 for the three segments of the TR (Table 2). The PCC between precipitation
and vegetation coverage index (fc) in the upstream was about 0.1, suggesting that precipitation has
little effect on the vegetation coverage. The PCC and the LPCC for temperature and fc were negative
because the higher temperature in an arid region, the smaller the vegetation coverage index. In the
TR downstream, fc was positively correlated with the two meteorological factors, but neither of them
showed a statistical significance.

Table 2. Correlation coefficients between vegetable coverage index and climatic factors in the TR.

Region
Precipitation Temperature

PCC LPCC PCC LPCC

Upstream 0.098 −0.127 −0.172 −0.265
Midstream −0.382 −0.136 −0.174 0.057
Downstream 0.331 0.224 0.133 0.053
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3.2.2. Response of Vegetation Coverage to the Overflow Days in the Upstream and Midstream

Figure 6 illustrates vegetable coverage index in the upstream and the midstream and the days
of overflow at the Alar and Xinquman stations over the time period from 2000 to 2015. The days of
yearly overflow increased during 2000–2003 at the Alar station and the vegetation coverage index in
the upstream also illustrated an increasing trend (Figure 6a). An increase in the vegetation coverage
index lagged behind the changes in the overflow days about 1–2 years over 2000–2010. After 2010,
the vegetation coverage index was basically stable at a higher value of about 0.34. The number of
the overflow days at the Alar Station increased significantly in 2000–2002, 2004–2006, and 2009–2010.
Accordingly, the vegetation coverage in the upper reaches jumped in the three stages of 2001–2003,
2006–2008, and 2009–2011. The fluctuation of the vegetation coverage index in the midstream lagged
behind the changes of the overflow days about two years at the Xinquman station (Figure 6b).
The overflow days presented a gradually declining trend after 2010, apparently, the vegetation coverage
index in the midstream decreased accordingly, indicating that the vegetable coverage depends on
the overflow days. The vegetation coverage in the upper reaches will increase dramatically when
the annual overflow days at the Alar Station exceed 40, and the annual overflow days are about
30 days, which can maintain the stable fluctuation of vegetation coverage. The thresholds of vegetation
coverage increase significantly and maintain stability at the Xinquman station were 45 and 35 overflow
days per year, respectively.
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The correlation coefficients between the vegetable coverage index and the annual overflow days
(or cumulative overflow days) were listed in Table 3. Firstly, the vegetable coverage index and the
annual overflow days showed positive correlations in the upstream and the midstream of the TR.
It seems that the correlation coefficients between the vegetable coverage index and the annual overflow
days in the previous two years were higher in the midstream (p < 0.01), according to the Pearson
methods (Table 3). Both in the TR upstream and midstream, the vegetation coverage index presented
a notable positive correlation (p < 0.01) with the cumulative overflow days. It is apparent that the
vegetation coverage index has the highest correlation coefficients with the cumulative overflow days at
the present years. The equation (y = 0.0002x + 0.256) that provided the best fit is conducted between
the vegetation coverage index and the cumulative overflow days at the same year in the upstream.
While in the TR midstream, the equation (y = 0.0001x + 0.125) explains the relationship between the
vegetation coverage index and the cumulative overflow days.
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Table 3. Correlation coefficients between the vegetable coverage index and the overflow days in the
upstream and midstream of the TR.

Related Item
Annual Overflow Days Cumulative Overflow Days

Pearson p-Value Equation Pearson p-Value Equation

Upstream 0 0.101 0.710 - 0.89 ** 0.000 y = 0.0002x + 0.256
R2 = 0.792

Vegetation 1 0.262 0.346 - 0.885 ** 0.000 y = 0.0002x + 0.258
R2 = 0.783

Cover 2 0.3 0.297 - 0.829 ** 0.000 y = 0.0002x + 0.271
R2 = 0.687

3 0.235 0.439 - 0.781 ** 0.002 y = 0.0002x + 0.276
R2 = 0.609

Midstream 0 0.212 0.431 - 0.797 ** 0.000 y = 0.0001x + 0.125
R2 = 0.634

Vegetation 1 0.37 0.175 - 0.772 ** 0.001 y = 0.0001x + 0.128
R2 = 0.596

Cover 2 0.767 ** 0.001 y = 0.0008x + 0.1266
R2 = 0.588 0.707 ** 0.005 y = 0.00009x + 0.134

R2 = 0.499

3 0.285 0.346 - 0.591 * 0.034 y = 0.00008x + 0.140
R2 = 0.349

Note: Time lag is for the overflow days (0 for the present year, 1 for the previous year, 2 for the previous two
years, 3 for the previous three years, compared to the vegetation coverage index.). * Correlation is significant at the
0.05 level, ** Correlation is significant at the 0.01 level (two-tailed).

3.2.3. Response of Vegetation Coverage to the Eco-Water Transport in the Downstream

Since 2000, an ecological water transport project with sixteen phases was launched by the local
government, and the detail of water divisions was presented in Table 4. With the implementation of the
ecological water transport project, a certain amount of water was transported into the TR downstream
every year to mitigate the severe situation of the ecological degradation [40].

Table 4. Eco-water transport to the lower reaches of TR from 2000 to 2015.

Diversion Starting Time
(dd/mm/yy)

Ending Time
(dd/mm/yy)

Duration
(day)

Quantity
(108 m3)

Distance
(km)

1st 14/05/2000 13/07/2000 61 0.99 110
2nd 03/11/2000 14/02/2001 104 2.27 218
3rd (1st period) 01/04/2001 06/07/2001 97 1.84 310
3rd (2st period) 12/09/2001 17/11/2001 67 1.98 363
4th 20/07/2002 10/11/2002 114 3.31 363
5th (1st period) 03/03/2003 11/07/2003 131 3.40 363
5th (2st period) 12/09/2003 07/11/2003 56 2.85 363
6th (1st period) 22/04/2004 25/06/2004 64 1.02 363
6th (2st period) 01/08/2004 15/09/2004 46 2.30 238
7th (1st period) 18/04/2005 07/06/2005 32 0.52 363
7th (2st period) 30/08/2005 02/11/2005 65 2.30 340
8th 25/09/2006 30/11/2006 66 1.96 110
9th 15/10/2007 21/11/2007 38 0.14 110
10th 12/05/2009 20/06/2009 39 0.11 363
11th 25/06/2010 11/11/2010 139 3.64 363
12th (1st period) 07/01/2011 25/01/2011 19 0.37 363
12th (2st period) 25/06/2011 23/11/2011 151 8.15 363
13th 27/04/2012 28/11/2012 216 6.67 265
14th (1st period) 25/04/2013 29/05/2013 35 0.14 363
14th (2st period) 06/08/2013 05/11/2013 92 4.74 363
15th 17/06/2014 26/06/2014 10 0.07 172
16th 18/08/2015 05/11/2015 80 4.61 363
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Figure 7 illustrates the cumulative ecological water transported and the vegetation coverage
index in the TR downstream. The downstream vegetation coverage showed a trend of
increasing-decreasing-increasing-decreasing. Comparing the vegetation coverage with the ecological
water transport, it was found that the ecological water transport decreased significantly from 6.25
to 1.02 million m3 in 2003–2004, which corresponds to a turning point of vegetation coverage from
increasing to decreasing. From 2009 to 2010, the amount of ecological water transport increased
significantly from 0.11 to 3.64 million m3, corresponding to a turning point of vegetation coverage
decreasing to increasing. Note that the vegetation coverage index declined during 2003–2009, this is
likely caused by a sharp deduction in the water transport during 2003–2009. After 2009, the water
transport to the downstream was reinitialized, the vegetation coverage index increased, and thus the
ecological system was getting improved.
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downstream over the period from 2000 to 2015.

Correlation coefficients between the vegetation coverage index and the amount of water transport
in each year ranged from −0.287 and 0.641 (Table 5), indicating that the vegetation coverage has
a significant correlation with the amount of water transport in the same year (p < 0.01). the vegetable
coverage and the cumulative amount of water transport were highly correlated in the TR downstream,
with slightly higher correlation coefficients, displaying 0.649 at the present year. It is interesting to note
that the vegetation coverage index has a higher correlation coefficient with the cumulative amount of
water transport up to the present year than up to the previous years, suggesting that the cumulative
water transport up to the present year is the dominant factor (p < 0.01) affecting the vegetation coverage
in the TR downstream.
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Table 5. Correlation coefficients between vegetable coverage index and the ecological water transported
in the TR downstream.

Related Item
Eco-Water Transport Cumulative Eco-Water Transport

Pearson p-Value Formula Pearson p-Value Formula

Downstream 0 0.641 ** 0.007 y = 0.0038x + 0.0763
R2 = 0.411 0.649 ** 0.006 y = 0.0007x + 0.0706

R2 = 0.422

Vegetation 1 0.570 * 0.026 y = 0.0032 x + 0.0799
R2 = 0.325 0.469 0.078 -

Cover 2 0.365 0.199 - 0.207 0.477 -
3 −0.287 0.342 - −0.012 0.969 -

Note that the time lag (years): 0 for the present year, 1 for the previous year, 2 for the previous two years, 3 for
the previous three years. * Correlation is significant at the 0.05 level, ** Correlation is significant at the 0.01 level
(two-tailed).

3.3. Landscape Pattern Condition and Change

3.3.1. Landscape Type Change

The land use data was used to report the landscape type changes in the mainstream of TR in the
four periods from 2000–2015 (Figure 8). In order to evaluate the dynamics of landscape type changes
in the study area, we chose the dynamic degree index [41] to reflect the magnitude of landscape type
changes and potential hotspots. It was found that grassland, bare land, and forest were the three main
landscape types in the TR mainstream. In recent years, the proportion of farmland in the total area has
increased rapidly from 5.3% in 2000 to 9.4% in 2015, with a growth rate of 76.74%. The area of forest
and grassland has decreased by 12.06% and 3.46%, respectively. The whole basin was in an unbalanced
state with the increase of urban and farmland and a decrease of forest and grassland, confirming the
results of Zumrat et al. (2011) [42]. It is noteworthy that the land use types changed dramatically
during 2000–2005, and the six land use types have the greatest changes in that five years.
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Figure 8c is the distribution map of land use in the mainstream of the TR from 2000 to 2015.
Combined with the trend map of vegetation coverage (Figure 5), the area where vegetation coverage
in the upstream has significantly improved is due to the conversion of forest and grassland into
the farmland according to the previous research (Zhang et al., 2019 and Sun et al., 2020) [43,44].
The area with an obvious improvement was more consistent with the bending direction of the river,
which showed that the hydraulic gradient was larger in a certain range from the river, the groundwater
level flows from high to low, and the rising of the groundwater level near the buffer zone was beneficial
to the growth of riparian vegetation. As shown in Figure 8c, scattered forest land appears in the lower
reaches of the TR in 2015, the conversion of other land use types to forest has made the vegetation
coverage of the downstream grow slightly, and the increase of forest land area will bring good news
for the restoration of the ecological environment.

3.3.2. Landscape Ecological Risk

Hierarchical regression models were used to test the associations of landscape fragmentation index
(Ci), landscape isolation index (Ni), landscape dominance index (Di), landscape fragility index (Fi)
with landscape loss degree (Ri), results from hierarchical regression models are summarized in Table 6.
The final model including all four variables explained 96.6% of the variance in the landscape loss
degree. We demonstrated that Ci and Fi showed positive correlations with Ri in the TR, and Ci is the
most important influencing factor of Ri. The landscape pattern index of each landscape type in different
periods of TR is given in Table S2. The Ri values of farmland, forest, sparse forest, and high-covered
grassland increased continuously, consistent with the change trend of Ci.

Table 6. Hierarchical regression analysis of the landscape loss degree.

Variables

Landscape Loss Degree (Ri)

Model 1 Model 2 Model 3 Model 4

B Std E B Std E B Std E B Std E

Constant (a) 0.018 0.002 0.011 0.002 −0.026 0.006 −0.021 0.006
Ci 0.096 0.008 0.209 0.023 0.323 0.023 0.324 0.021
Ni −0.008 0.002 −0.013 0.001 −0.013 0.001
Di −0.063 0.024
Fi 0.207 0.033 0.236 0.032
R2 0.826 0.904 0.958 0.966

Note that B represents unstandardized coefficient, Std E represents standard error, Ci represents the landscape
fragmentation index, Ni represents the landscape isolation index, Di represents the landscape dominance index,
and Fi represents the landscape fragility index.

Considering the thresholds of ERI values of ecological risk zones in the mainstream of TR,
the degree of ecological risk was classified into very low, low, medium, high, and very high ecological
risk by the Natural Breaks [45] (Figure 9). From the result, we could find that the proportions of
high and very high ecological risk both increased with time, with a growth rate of 5.65% and 70.69%,
respectively. The ecological risk level varied throughout the TR with a high-to-low spatial distribution
from upstream to downstream. Bare land and grassland in the study area were widely distributed
with a low ecological risk, which results from the fact that the bare land in the downstream was not
easy to reclaim and convert. It is worth noting that since 2000, due to the farmland expansion in the
upstream and midstream, the proportion of high ecological risk was gradually increased. On the one
hand, after 2000, the dense population and frequent economic activities in residential areas have made
the conversion rate of landscape types more complicated, especially in upper reaches; on the other
hand, the landscape ecological risk index values of many risk zones are located at the critical value of
grading, so they are relatively easy to be converted.
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3.3.3. Relationship between Vegetation Coverage and ERI

By comparing and analyzing the relationship between vegetation coverage index (fc) and ERI
(Figure 10), the fc value was resampled on a 15 × 15 km grid to establish the relationship between fc
and ERI at the pixel scale. It could be found that there was little correlation between fc and ERI, and the
scatter points representing ERI in Figure 10 correspond to different fc values. In the bare land areas
with fc < 0.1, the results showed that ERI has a wide distribution range from 0 to 0.6, which was closely
related to the characteristics of bare land. The landscape vulnerability of bare land was relatively high,
if it converts to other land use types frequently, the ERI value will be high; if the bare land does not
transform in a long period of time, corresponding to the desert area in the downstream of the TR,
the ERI value remains low. In both the high vegetation coverage areas and the oasis agricultural areas
with fc ≥ 0.25, the ERI values were mostly maintained at a high level corresponding to the high-cover
grassland, forest, and farmland, which was related to the increase of farmland areas in recent years,
meanwhile, the distribution of farmland, grassland, and forest presents a trend of decentralization
under the influence of human activities.
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4. Discussion

4.1. Vegetation Dynamics and Its Response to the Hydrological Situation

The spatial-temporal heterogeneity of the vegetation coverage index is large, the vegetation
coverage index in the upstream has a greater slope than those in the midstream and downstream,
these results confirm previous findings by Guan et al. (2018) [19]. The vegetation restoration in the
upstream of the TR is the best, because the streamflow of headstreams in the upstream has experienced
rapid increase over the years [46], and the vegetation in the upstream has been restored, our studies
are highly correlated with the results by Xu et al. (2019) [47]. Furthermore, the upstream was the
densely inhabited and the oasis agricultural region, the change of vegetation coverage there is closely
related to the large-scale reclamation of the farmland. The rapid development of upstream agriculture
inevitably brings a large amount of water consumption, which makes the available water in the middle
and lower reaches sharply reduced, a lower availability of water resources forces farmers to relocate
their activities to the upstream to obtain sufficient water for agricultural activities [48], thus forming
a vicious cycle. The vegetation restoration in the downstream is the weakest, the TR downstream has
been gradually dried up since the 1970s [49], consequently, the downstream underwent a long process
of ecological degradation, including groundwater decline, death of natural vegetation, salinization,
and desertification [50]. The implementation of ecological water conveyance project along the lower
reaches of the TR has led to a slow recovery of the vegetation coverage [51–53], although the gradual
process of vegetation restoration in TR still takes time. It proved that the water transports are the
realistic index for identifying change in vegetation growth in the TR downstream [48,50,54]. Generally,
the vegetation coverage in the mainstream has a positive slope, presenting a remarkable improvement
in recent years, which is consistent with the research conclusion that the vegetation activity is increasing
in northwest China since 2000 by Dai et al. (2011) [14].

Although previous studies suggested that the vegetation coverage in the arid and semi-arid regions
was probably affected by precipitation and temperature [36,55,56], our study showed that the correlation
between the vegetation coverage and the climatic factors was relatively weak in the mainstream of
TR. The Tarim River Basin is an extremely arid desert climate area, the effect of precipitation on
vegetation growth can be ignored according to the previous research (Wang et al., 2011) [57], and the
distribution of natural vegetation in the mainstream is mainly affected by surface streamflow. In the
upstream and midstream, the vegetation coverage index was tightly bound to the overflow days,
especially the cumulative overflow days at the same year. The improvement of vegetation growth
requires that the number of large floods reach a certain cumulative value, the upstream can be properly
built with gates to retain part of the water volume and ensure a certain number of overflow days
every year. Ecological water conveyance is an important factor to promote the growth of downstream
vegetation [40]. In the northwest arid region of China, vegetation growth relies on the river water
and groundwater [40,57–59], in order to restore the riparian vegetation degradation in these regions,
surface water has been transported from upper-middle to lower basins in the last years [60], and impacts
of environmental flow controls project implementation in groundwater levels on vegetation along
the Heihe River and Shiyang River in western China have been reported in previous studies [57,59].
Implying that local governments should continue to implement policies that favor the projects of
ecological water transport to further improve the fragile eco-environment in the TR.

4.2. Implications of Evolution Results of Landscape Ecological Risk

The ecological risk at landscape is closely related to the changes of land use [61]. Significant changes
in land use occurs in the TR since 2000, which is consistent with the study by Song et al. (2016) [51].
Many studies have carried out the ecological risk assessment of China [7,16], and the research regions
involved Heihe River, Shiyang River, Manas River in arid area, Taihu Lake, and Poyang Lake in humid
area [16,18,62–65]. Muyibul et al. examined the spatiotemporal changes of land use from 1995 to 2015
in an oasis in the middle reaches of the Keriya River, southern Tarim Basin [66], on the base of previous
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studies, we researched the landscape ecological risk of the mainstream of the TR. Although with the
growth of population in the Alar Reclamation Area, the forest land in the upstream of the TR has been
converted into farmland, which has increased vegetation coverage, and high ecological risk areas have
increased significantly at the same time. This study concluded that the policy of agricultural land
exploitation makes a landscape fragment and increases the ecological risk of land use, which has been
suggested in the study by Xie et al. (2013) [16]. Under the limitation of available soil and water resources
in the TR, the development of farmland in the later period should be restricted as much as possible.
The landscape fragmentation index values of urban land decreased continuously, which indicates that
the distribution of this landscape type tends to centralization, and this change was related to the fact
that urban land was greatly affected by human activities. The landscape fragmentation index values of
farmland, forest, and grassland were gradually increasing, it means that the distribution of these three
landscape types presents a trend of decentralization and the future ecological risk of which increase
greatly. Land use change can affect ecological security and the method of ecological risk assessment of
land use in this study is feasible, which also can be seen by other findings [67,68]. Landscape ecological
risk grades increased because of a lack of suitable overall development planning and coordinated
arrangements [18], and TR is no exception, we can find that the overall ecological risk will increase
in TR, partly due to the cumulative effects of human activities in these areas. The ecological risk
assessment in Manas River (the TR is located in the same province) based on the landscape index had
similar results as this research [15], the high ecological risks largely caused by urbanization occurred in
the central plain, which coincides with the results in this paper that the ecological risk is higher in the
upstream than in the downstream. These consistencies indicate that this research corresponds to the
actual landscape ecology in the mainstream of the TR and land use processes can reflect the influence
of human activities on landscape ecology.

4.3. Limitations and Future Research Directions

In semi-arid and arid environments, floodplain riparian ecosystems are often the dominant
landscapes [69], they are also the sources of water supplies for desert cities. Common impacts to
riparian vegetation often include flow alteration from water withdrawal, diversion or impoundment
and intensive agriculture [70]. However, because of poor management and protection, the overall
ecological risks have increased in TR, referring to the management experience of other riparian
ecosystems, a few future research directions still need to be discussed: (1) How to improve floodplain
flows. Improving or reconnecting floodplain flows on regulated rivers is a primary target of river
restoration [71]. Riparian vegetation change was predominantly caused by human land-use impacts or
vegetation change that likely resulted from streamflow and disturbance regime alteration. In the absence
of periodic flood overflows, restoration of many physical and biological functions is not possible [72].
Moreover, because of the importance of flooding overflow for the dynamics of riparian vegetation,
its absence prevents riparian landscapes from being restored to a self-sustaining condition [73].
The current work only proves that the number of overflow days is of great significance for landscape
restoration. However, how to regulate and control water resources through the timing, frequency,
magnitude, and duration of ecologically-important high and low flows at the basin-wide scale remains
to be further studied. (2) How to reduce the landscape fragmentation index. To achieve a successful
long-term landscape ecological restoration, expanding and connecting some of these patches may be
necessary [72]. The landscape fragmentation index values of sparse forest, high-covered grassland,
and low-covered grassland were gradually increasing in the mainstream of TR, it is therefore vital
to connect the patches of these land use types. All of the problems listed above remain to be
further discussed.

5. Conclusions

Knowledge of vegetation dynamics in relation to water resources conditions and the current status
of landscape ecological risk is vital for developing adaptation strategies to address the challenges
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posed by the eco-water transfer project and human activities. NDVI is an excellent indicator for
investigating the dynamic variations of natural vegetation, and LUCC can reflect ecological risk well at
regional scales. This study used the latest MODND1M dataset, land use data, meteorological data,
and hydrological data to assess the vegetation coverage changes and landscape ecological risk over the
period from 2000–2015 in the TR mainstream, China. We found that:

The vegetation coverage index was fluctuant but showed a generally increasing trend in each of
the three segments of the TR during 2000–2015. The areas with significant vegetation improvement
were mainly distributed along the rivers, which suggested that ecological protection and restoration
should be focused on the riparian zone (~20 km away from the river) as more than 80% of the
vegetation was distributed in this region. In the upstream and midstream, the vegetation coverage
index was tightly bound to the overflow days, especially the cumulative overflow days at the same
year. While in the downstream, it is thought that the ecological water transport was implicated in
the recovery of vegetation coverage to some extent. To sum up, the overflow days and the impact
of cumulative ecological water delivery had surpassed natural factors, becoming the main driving
factors of vegetation coverage changes in TR, and maintaining the continuity of the ecological water
diversion project is crucial to ecosystem restoration. In the arid area, the spatiotemporal dynamics of
vegetation are largely determined by water availability, the segmented driving factors analysis provide
a new idea for better study of the vegetation coverage change, particularly in the large watershed with
complex conditions.

Grassland, bare land, and forest are the three main landscape types in the mainstream of TR.
The land use types changed dramatically and the whole basin was in an unbalanced state with
increasing of urban and farmland and decreasing of forest and grassland. In general, due to the
increase of the area in proportion with high and very high ecological risks, the overall ecological risk of
the whole basin exhibited an upward tendency. Based on the land use data and landscape ecological
risk index, the ecological risk assessment can be available in the region where the extent is broad and
the public and government supervision is limited. It can provide a useful and efficient way to diagnose
the areas with high ecological risks which may cause adverse effects to adjacent areas. Meanwhile,
the development of remote sensing technologies may have great potential to support ecological risk
assessment with the proposed method.

Supplementary Materials: The following are available online at http://www.mdpi.com/2073-4441/12/8/2156/s1,
Figure S1: Cumulative distribution frequency of vegetation from 2000 to 2015 at the upstream, midstream and
downstream of the TR. Note that blank blocks represent the cumulative distribution frequency of vegetation in
buffer zones of every 1 km, red curve is the cubic polynomial fitting for the cumulative distribution frequency of
vegetation over the upstream, midstream, downstream of the TR, Table S1: Variations of the number of vegetation
pixels in different buffer zones in the TR over the period of 2000–2015.
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