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Abstract: The Yarkand River Basin, an ecologically fragile zone in arid northwest China, is critical for regional 
ecological management due to its sensitivity to environmental changes. This study examines the spatiotemporal 
dynamics of fractional vegetation cover (FVC) from 2000 to 2023 and its correlation with climatic factors, 
using the moderate resolution imaging spectroradiometer (MODIS) normalized difference vegetation index 
data and climate observations (temperature and precipitation). FVC was estimated using the pixel dichotomy 
method, with Sen+Mann–Kendall trend analyses, and Pearson correlation was applied to assess temporal 
trends and climate-vegetation relationships. MODIS land use data were reclassified to evaluate FVC variations 
across forestland, grassland, farmland, bare land, and other ecological types. Results revealed significant 
spatiotemporal heterogeneity in FVC. Spatially, Yecheng County exhibited higher FVC than Bachu County, 
driven by favorable topography. Temporally, FVC showed a significant upward trend post-2000, particularly in 
grasslands and croplands, stabilizing between 2010 and 2023. Climate analysis indicated divergent responses: 
farmland and forest FVC were negatively correlated with temperature (ranging from 8°C to over 9°C). In 
contrast, grassland and forest FVC were positively associated with precipitation (increasing by ~14  mm). 
A 1–2-month lag effect was observed in precipitation’s impact on FVC. The Hurst index suggested a sustained 
FVC growth in most regions. These findings highlight the role of climate change in driving FVC dynamics, 
providing a scientific basis for ecological conservation and sustainable water resource management in arid 
regions.
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1. Introduction

Fractional vegetation cover (FVC), a standardized 
ecological indicator, serves as a critical measure for 
quantifying the extent of surface vegetation, playing an 
indispensable role in ecosystem material cycles, energy 
balance, and regional climate regulation.1 As a key 
parameter reflecting vegetation growth status, FVC not 
only visually delineates spatial distribution patterns of 
vegetation but also provides essential data for assessing 
ecosystem service functions, such as carbon sequestration 
and soil conservation. Against the backdrop of global 
climate change, climatic factors, such as temperature 
and precipitation, exert a significant influence on FVC, 
with arid and semi-arid regions displaying heightened 
sensitivity to these variations.2,3 The fragile ecosystems 
in these areas amplify the ecological consequences, 
where even subtle FVC fluctuations can trigger 
cascading effects on processes, such as carbon cycling 
and surface albedo, ultimately influencing regional and 
global climate systems. This underscores the urgency 
of monitoring and understanding FVC dynamics to 
support sustainable environmental management.

Remote sensing technology has emerged as a 
cornerstone for studying FVC, leveraging its high 
spatiotemporal resolution and extensive coverage 
to monitor vegetation dynamics effectively.4 Core 
indicators, such as the normalized difference vegetation 
index (NDVI) and its derivative, FVC, derived from 
datasets including the moderate resolution imaging 
spectroradiometer (MODIS) and Landsat, have yielded 
significant insights across various river basins.5 
Common methodologies include the coefficient of 
variation (CV) to assess temporal stability, Sen+Mann–
Kendall trend analysis for detecting long-term trends, 
and Pearson correlation analysis to explore climatic 
relationships. These approaches, widely validated in 
arid region studies, provide a robust framework for 
analyzing FVC spatiotemporal patterns. Building on this 
foundation, this study employs CV, Sen+Mann–Kendall 
trend analysis, and Pearson correlation to investigate 
FVC dynamics in the Yarkand River Basin, thereby 
enhancing the precision and scope of FVC research.

The Yarkand River Basin, located in the northern 
Tarim Basin of Xinjiang, China, is a core arid region 
characterized by a fragile ecological environment. 
Changes in its FVC significantly impact regional 
balance in ecology and are intricately linked to several 
key factors, such as water resources. The water resources 
not only supply the necessary moisture for vegetation 
growth but also influence the soil environment that 

sustains such growth, indirectly affecting vegetation.6 
Other key factors include land use and human 
activities.7 As an integral part of the Tarim River 
Basin, the vegetation dynamics of the Yarkand River 
Basin are shaped by complex terrain—encompassing 
alpine glaciers, oasis agricultural zones, and desert 
ecosystems—and diverse vegetation types, including 
grasslands, shrubs, croplands, and sparse vegetation.8 
Since 2000, global warming has driven temperature 
increases and altered precipitation patterns, profoundly 
affecting vegetation growth and distribution.9 Previous 
studies have highlighted that FVC in arid areas typically 
correlates positively with precipitation, while rising 
temperatures may inhibit growth through enhanced 
evapotranspiration.10,11 Human interventions, such as 
agricultural irrigation, urbanization, and ecological 
restoration projects, further influence these dynamics.12,13 
However, existing research, often limited to shorter time 
scales or single vegetation types, lacks a comprehensive 
analysis of long-term FVC spatiotemporal variations, 
county-level differences, and the response mechanisms 
of diverse vegetation types from 2000 to 2023.14,15 This 
gap highlights the need for an in-depth investigation 
into these aspects.

This study, based on remote sensing data from 
2000 to 2023, employs CV, Sen+Mann–Kendall trend 
analysis, and Pearson correlation to systematically 
explore the spatiotemporal variation characteristics of 
FVC in the Yarkand River Basin and its relationship 
with temperature and precipitation. This study utilizes 
the latest MODIS NDVI data (MOD13Q1 V6) spanning 
the extended period from 2000 to 2023 to capture 
long-term FVC trends and analyzes FVC spatial 
heterogeneity at the county and land use type scales. 
The significance of this work lies in: (i) enhancing 
the understanding of vegetation dynamics and climate 
response mechanisms in the Yarkand River Basin, 
offering a reference for regional ecosystem research; 
(ii) providing a scientific foundation for ecological 
protection and climate adaptation management in arid 
regions; and (iii) supporting data-driven water resource 
management and sustainable development initiatives.

2. Materials and methods

2.1. Overview of the study area
The Yarkand River Basin (36°02’–41°22’ north, 
75°14’–81°47’ east), as shown in Figure 1, is located 
in the northern part of the Tarim Basin in Xinjiang, 
China, with a total area of approximately 110,000 km2, 
accounting for about 10.7% of the area of the Tarim 
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Basin.16 The terrain of this basin is complex, extending 
from northwest to southeast, covering the alpine glaciers 
of the Pamir Plateau, the oasis agricultural areas, and the 
desert area on the edge of the Taklimakan Desert. More 
than 60% of the area is mountainous and plateau, with an 
altitude generally above 1,500 m, and the highest peak 
reaching above 7,000  m.17 The Yarkand River Basin 
has a typical continental arid climate. Winters are cold 
and dry, and summers are short and hot. The average 
annual temperature ranges from 5 to 12°C. The annual 
precipitation varies from 300  mm in high mountain 
areas to <50 mm in lowland oases, showing significant 
spatial heterogeneity.18 This climatic condition supports 
diverse land use types, including bare land, grassland, 
shrub, farmland, and sparse vegetation. Bare land and 
sparse vegetation are mainly distributed in arid desert 
areas, grasslands and shrubs are concentrated in high 
mountains and the edges of oases, and farmlands are 
primarily distributed in the irrigated oasis areas along 
the Yarkand River.19 These geomorphic and climatic 
characteristics make the Yarkand River Basin a vital 
area for studying the relationship between FVC and 
climate change.20

2.2. Remote sensing data sources and processing
2.2.1. Land use type data
In this study, MODIS MCD12Q1 products (2000–2023) 
were adopted, and land use types in the Yarkand River 
Basin were extracted and reclassified using the Google 
Earth Engine (GEE) platform. Based on the 17-category 
classification system of the International Geosphere-
Biosphere Project, the original data were integrated 
into five categories: forest land, grassland, bare land, 
farmland, and others, to reflect the ecological functions 

of the various vegetation types.21 By leveraging the 
computing power of the GEE platform, annual land use 
data from 2000 to 2023 were generated, and GeoTIFF 
format images were exported using the mode synthesis 
method, providing high-resolution data support for 
analyzing the relationship between FVC and climate.22 
This classification and synthesis method provided a 
reliable data basis for investigating the correlation 
between vegetation dynamics and climatic factors in the 
Yarkand River Basin.

2.2.2. NDVI data
This study utilized the MODIS (MOD13Q1) NDVI 
dataset from the National Aeronautics and Space 
Administration Earth Observing System/MODIS, 
with a spatial resolution of 250 m and a time range of 
2000–2023. To ensure data accuracy, the image was first 
processed by cloud, shadow, and water mask processing, 
and only the NDVI band was retained. Subsequently, 
the maximum value synthesis method was employed 
to generate the annual maximum NDVI image, which 
reflects the optimal state of vegetation growth in the 
Yarkand River Basin. Through a 5% and 95% quantile 
analysis, the high and low value ranges of regional 
NDVI were extracted to characterize the spatiotemporal 
dynamics of FVC. Similar to the study conducted by 
Kaur et al.,23 we utilized NDVI thresholding to classify 
vegetation into several categories, such as sparse, 
moderate, and dense, adjusting thresholds based on 
regional vegetation health. The processed NDVI 
data provide high-resolution support for analyzing 
the relationship between FVC and temperature and 
precipitation. In response to concerns about potential 
errors from relying solely on remote sensing data without 

Figure  1. Schematic representation of the Yarkand River Basin. (A) Elevation. (B) Land use types. 
(C) Administrative division.
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ground validation, we conducted field measurements 
at selected sites (e.g., Yecheng, Shache, and Zepu 
counties) using a handheld NDVI device (GreenSeeker 
RT200, Trimble Inc., United States of America), which 
showed good agreement between remote sensing data 
and ground-measured NDVI values, with a correlation 
coefficient (R2) exceeding 0.85. This validation 
enhances the reliability of the MODIS NDVI dataset for 
ecological analysis in the study area.

2.2.3. Meteorological data
In this study, the China Meteorological Administration 
(CMA) daily dataset was utilized to obtain temperature 
and precipitation data for the Yarkand River Basin from 
2000 to 2023. Data were collected from approximately 
2,400 meteorological stations across China using the 
Vaisala HMP155A (Vaisala Oyj, Finland) temperature 
and humidity sensor for temperature measurements, and 
the Tipping Bucket Rain Gauge RG13-H (Vaisala Oyj, 
Finland) for precipitation measurements, with a spatial 
resolution of 1 km. To align with the 250 m resolution of 
the MODIS NDVI data used for FVC analysis, the CMA 
data were resampled using ArcGIS software (ArcGIS 
10.8, ESRI, United States of America). By overlaying 
land use type maps (forest land, grassland, bare land, 
farmland, and others), we generated annual average 
temperatures and total precipitation for each land type. 
In addition, by integrating the administrative boundaries 
of counties and cities, we extracted annual average 
temperatures and precipitation for each administrative 
unit to assess the spatial heterogeneity of the regional 
climate. The annual temperature and precipitation data 
for the entire region were calculated as average values 
to reveal the overall trend of climate change. A public 
access link for the CMA dataset is available at http://
data.cma.cn.

2.3. Research methodology
2.3.1. Pixel dichotomy
In this study, the FVC of the Yarkand River Basin for 
2000–2023 was estimated using the pixel dichotomy 
method, which decomposes the image spectra into 
vegetative and non-vegetative components to calculate 
the FVC (Equation I).

FVC NDVI NDVI
NDVI NDVI

min

max min
�

�
�

��
��

� (I)

Where NDVI is the image element NDVI value, 
NDVImax and NDVImin are the 95% and 5% confidence 
values of the regional NDVI gray scale distribution, 
reflecting pure vegetation and bare soil characteristics, 

respectively.24 Combined with the dynamic adjustment 
thresholds for land use types (woodland, grassland, 
bare land, farmland, etc.), the FVC was categorized 
into five levels: low coverage (0 ≤ FVC < 0.2), 
medium-low coverage (0.2 ≤ FVC < 0.4), medium 
coverage (0.4  ≤  FVC < 0.6), medium-high coverage 
(0.6 ≤ FVC < 0.8), and high coverage (0.8 ≤ FVC ≤ 1).25

2.3.2. CV
In this study, the CV was used to quantify the 
interannual fluctuations of FVC in the Yarkand River 
Basin from 2000 to 2023, assessing vegetation stability 
(Equation II).

CV
FVCFVC
FVC�

� � (II)

Where σFVC is the standard deviation, and FVC  is 
the mean FVC over the 24  years. A  smaller CVFVC 
indicates lower fluctuation. Combining land use types 
(forest land, grassland, bare land, farmland, etc.) and 
county/city classifications, spatial differences in FVC 
fluctuation were analyzed. FVC fluctuation was 
categorized into five levels: low fluctuation change 
(CVFVC ≤ 0.1), lower fluctuation change (0.1 < CVFVC ≤ 0.15), 
medium fluctuation change (0.15 < CVFVC ≤ 0.2), higher 
fluctuation change (0.2 < CVFVC ≤ 0.3), and high 
fluctuation change (CVFVC > 0.3).26,27

2.3.3. Sen+Mann–Kendall trend analysis
This study employed the Sen+Mann–Kendall trend 
analysis to assess the spatiotemporal trends in FVC in 
the Yarkand River Basin from 2000 to 2023. The Mann-
Kendall test determined the presence of a significant 
trend by comparing the order relationships between data 
points, without relying on the specific distribution of the 
data, making it suitable for vegetation studies in arid 
regions. The Theil-Sen slope quantified the magnitude 
of change, and spatial heterogeneity was analyzed by 
combining land use types (forest land, grassland, bare 
land, farmland, etc.) and county/city classifications. 
The Mann-Kendall test was used to assess significance. 
Trends were categorized into five levels: highly 
significant increase (S > 0, p<0.01), significant increase 
(S > 0, 0.01 ≤ p<0.05), no significant change (p≥0.05), 
significant decrease (S < 0, 0.01 ≤ p<0.05), and highly 
significant decrease (S < 0, p<0.01).28,29

2.3.4. Pearson correlation analysis
This study employed Pearson correlation coefficient 
analysis using the Matrix Laboratory (MATLAB, 
MathWorks, Inc., United States of America) platform to 
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investigate the pixel-by-pixel correlation between FVC 
and climatic factors (temperature and precipitation) 
in the Yarkand River Basin from 2000 to 2023. The 
formula of the correlation coefficient was shown in 
Equation III.

r
x x y y

x x y y
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i i

i
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i i

n
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where r is the correlation coefficient of x (FVC) and 
y (temperature or precipitation), and x  and y  are the 
mean values of variables x and y. Based on the calculated 
results combined with the significant p-value, the 
correlation was categorized into five classes: highly 
significant positive correlation (r ≥  0.5, p<0.01), 
significant positive correlation (0.25 ≤ r < 0.5, p<0.05), 
non-significant correlation (|𝑟|  <  0.25, p≥0.05), and 
significant negative correlation (−0.5 < r ≤ −0.25, 
p<0.05), and highly significant negative correlation 
(r ≤ −0.5, p<0.01).30,31

2.3.5. Persistence analysis
The Hurst exponent, which can be used to predict 
future trends based on vegetation health index (VHI) 
time series, is typically calculated using the rescaled 
range (R/S) analysis method. It characterizes the long-
term memory of the VHI time series, ranging from 0 
to 1. The Hurst exponent is estimated through several 
computational relationships (Equations IV to VIII).
R
S
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where H represents the Hurst exponent, t is the time 
variable, τ is the time lag, and c is a constant. Values of H 
within the ranges of 0 < H < 0.5, H = 0.5, and 0.5 < H < 1 
indicate that the VHI time series exhibits anti-persistence 
(i.e., future trends are opposite to past behavior), random 
walk behavior (i.e., future changes are uncorrelated with 
the past), and persistence (i.e., future trends align with 

past behavior), respectively. Furthermore, as the value 
of H approaches 1, the persistence strength of the VHI 
series increases; conversely, as it approaches 0, the anti-
persistence intensity strengthens.

3. Results

3.1. Characteristics of the spatial distribution of FVC
The Yarkand River Basin flows from north to south and 
passes through six counties and cities: Bachu County, 
Tumushuke City, Makit County, Shache County, Zepu 
County, and Yecheng County. The FVC in the basin 
shows noticeable spatial differences, as shown in Figure 
2. Overall, it presents a long and narrow vegetation 
belt running from northeast to southwest, as well as a 
vegetation belt spanning from northwest to southeast, 
respectively. The high and medium-high FVC is mainly 
distributed in the central part of Bachu County, the 
middle area between the north and south of Tumushuke 
City, the long and narrow western area of Makit County, 
the eastern part of Shache County, the vast northern and 
central regions of Zepu County, the northwestern area 
connecting Yecheng County and Zepu County, and the 
mountainous region in the central part.

FVC and its interannual fluctuation were analyzed 
across county-level administrative units of the Yarkand 
River Basin (Tables 1 and 2). The results show that the 
proportion of low coverage in Bachu and Makit is the 
highest (close to 80%), and the high fluctuation changes 
are significant (55.9% in Bachu and 72.63% in Makit), 
indicating that the FVCs in these two counties are poor 
and have low stability. The proportions of medium-
high and high coverage in Zepu and Tumushuke were 
the highest (61.01% in total for Zepu and 40.51% in 
total for Tumushuke), among which the high fluctuation 
change in Zepu was the lowest (25.41%), indicating 
that its FVC was good and relatively stable. Within 
the entire area, the proportion of low coverage reached 
65.75%, and the proportion of high fluctuation variation 
was 55.95%, indicating that the overall FVC level in the 
study area was relatively low and exhibited significant 
interannual variation.

From 2000 to 2023, the FVC coverage and volatility 
in the Yarkand River Basin varied significantly among 
different land use types (Tables  3 and 4). The high 
coverage of agricultural land accounted for 51.75%, 
and the medium-high coverage of forest amounted to 
60.81%, indicating that irrigation and natural conditions 
promote the growth of vegetation. Low coverage in 
bare land accounted for 95.58% and high fluctuation 
accounted for 74.51%, indicating high environmental 
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Table 1. Multi‑year average fractional vegetation cover share percentage and acreage in different counties 
and cities
Degree of 
coverage

Administrative units in the Yarkand River Basin (%; km2)
Bachu 
County

Makit 
County

Shache 
County

Tumushuke 
City

Yecheng 
County

Zepu 
County

Entire 
 area

Low coverage 79.80; 
14,683.20

79.95; 
8,714.55

54.82; 
4,910.23

20.04; 
386.17

59.34; 
16,971.24

20.25; 
200.07

65.75; 
45,875.09

Low to medium 
coverage

8.83; 
1,624.72

5.43; 
591.87

14.91; 
1,335.49

25.61; 
493.50

26.43; 
7,558.98

10.51; 
103.84

16.78; 
11,707.74

Medium 
coverage

3.20; 
588.80

2.93; 
319.37

7.17; 
642.22

13.85; 
266.89

7.09; 
2,027.74

8.24; 
81.41

5.62; 
3,921.19

Medium to high 
coverage

3.33; 
612.72

4.86; 
529.74

10.91; 
977.21

20.02; 
385.79

4.24; 
1,212.64

27.21; 
268.83

5.71; 
3,983.98

High coverage 4.83; 
888.72

6.83; 
744.47

12.19; 
1,091.86

20.49; 
394.84

2.89; 
826.54

33.80; 
333.94

6.14; 
4,284.00

Table 2. Share percentage and acreage of fractional vegetation cover coefficient of fluctuation in different 
counties and cities
Degree of fluctuation Administrative units in the Yarkand River Basin (%; km2)

Bachu 
County

Makit 
County

Shache 
County

Tumushuke 
City

Yecheng 
County

Zepu 
County

Entire 
area

Low fluctuation 
change

3.38; 
621.92

3.49; 
380.41

5.39; 
482.78

6.50;  
125.26

3.33; 
952.38

15.66; 
154.72

3.90; 
2,721.11

Lower fluctuation 
change

9.16; 
1,685.44

5.95; 
648.55

14.85; 
1,330.12

17.98; 
346.47

12.64; 
3,615.04

37.09; 
366.45

11.46; 
7,995.87

Medium fluctuation 
change

12.32; 
2,266.88

5.91; 
644.19

13.53; 
1,211.88

20.64; 
397.73

13.86; 
3,963.96

14.57; 
143.95

12.36; 
8,623.82

Higher fluctuation 
change

19.23; 
3,538.32

12.02; 
1,310.18

19.36; 
1,734.08

23.11; 
445.33

15.03; 
4,298.58

7.27; 
71.83

16.33; 
11,393.77

High fluctuation 
change

55.90; 
10,285.60

72.63; 
7,916.67

46.88; 
4,199.04

31.76; 
612.02

55.12; 
15,764.32

25.41; 
251.05

55.95; 
39,037.43

Table 3. Multi‑year average fractional vegetation cover share percentage and acreage in different land use types
Degree of 
coverage

Administrative units in the Yarkand River Basin (%; km2)
Farmland Forests Grassland Bare land Others Entire area

Low 
coverage

0.85; 
 64.07

2.06; 
0.83

26.56; 
4,146.97

95.58; 
40,918.22

14.35; 
469.02

65.75; 
45,874.50

Low to medium 
coverage

5.32; 
403.03

6.48; 
2.62

42.50; 
6,635.99

4.12; 
1,764.40

85.13; 
2,781.72

16.78; 
11,706.89

Medium 
coverage

9.72; 
736.80

23.45; 
9.49

19.37; 
3,024.00

0.23; 
96.46

0.31; 
10.03

5.62; 
3,923.86

Medium to high 
coverage

32.37; 
2,454.50

60.81; 
24.60

9.22; 
1,439.56

0.06; 
26.01

0.13; 
4.20

5.71; 
3,984.98

High 
coverage

51.75; 
3,923.54

7.19; 
2.91

2.36; 
 367.74

0.01; 
 4.15

0.08; 
2.63

6.14; 
4,281.77

sensitivity. Grassland has 42.50% of low cover and 
34.90% of high fluctuation, which may be affected by 

precipitation changes. The proportion of low coverage 
in the whole area is 65.75%, and the proportion of high 
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fluctuation is 55.95%, reflecting the vulnerability of 
vegetation in arid regions. The lower fluctuation of the 
forest accounted for 46.16%, with the best stability, which 
may be related to the adaptation of forest trees. Bare land 
cover was low and fluctuating, with high difficulty in 
ecological restoration. The study reveals the role of land 
use types in regulating the distribution and stability of 
FVC, providing a basis for environmental management. 
In the future, it will be necessary to optimize the bare 
land restoration strategy in combination with land use 
dynamics to enhance the regional ecological stability.

3.2. Interannual trends of FVC
Between 2000 and 2023, FVC in the Yarkand River 
Basin exhibited significant spatial and temporal changes 
(Figure 3). The FVC of the whole area increased from 
0.16 to 0.22 and stabilized at 0.21–0.23 after 2010, 
indicating an overall improvement of FVC. Based on 
the results of linear regression analysis, the spatial and 
temporal evolution of FVC in the study area showed 
significant regional differentiation. Tumushuke showed 
the strongest growth trend (slope = 0.009, R2 = 0.819), 
with its FVC increasing continuously from 0.39 in 2000 

Table 4. Share percentage and acreage of fractional vegetation cover coefficient of fluctuation in different 
land use types
Degree of fluctuation Administrative units in the Yarkand River Basin (%; km2)

Farmland Forests Grassland Bare land Others Entire area
Low fluctuation 
change

23.02; 
1,741.53

22.18; 
11.82

2.71; 
423.27

0.73; 
312.08

7.49; 
243.17

3.90; 
2,719.20

Lower fluctuation 
change

33.55; 
2,538.08

46.16; 
24.60

13.70; 
2,138.89

4.50; 
1,919.62

39.25; 
1,274.88

11.46; 
7,994.74

Medium fluctuation 
change

16.81; 
1,271.58

21.24; 
11.32

19.57; 
3,055.42

6.90; 
2,945.40

39.03; 
1,267.78

12.36; 
8,624.87

Higher fluctuation 
change

13.10; 
991.01

7.98; 
4.25

29.12; 
4,547.28

13.36; 
5,704.27

0.63; 
20.63

16.33; 
11,394.23

High fluctuation 
change

13.52; 
1,022.82

2.44; 
1.30

34.90; 
5,449.99

74.51; 
31,799.37

13.60; 
441.65

55.95; 
39,038.96

Figure 2. Multi-year data of fractional vegetation cover in the Yarkand River Basin from 2000 to 2023. (A) 
Mean. (B) Fluctuation.
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to 0.56 in 2023. Bachu (slope = 0.0026, R2 = 0.835) and 
Makit (slope = 0.0023, R2 = 0.766) exhibited relatively 
slow growth but a high goodness-of-fit to the model. It 
is noteworthy that the Zepu region (R2 = 0.008) lacks 
statistical significance in its trend due to the high FVC 
levels (0.56–0.64) over a long period.

On the whole-area scale, FVC showed a stable upward 
trend (slope = 0.0028, R2 = 0.706), which was consistent 
with the pattern of change in most counties and cities. 
However, the model fits of Shache (R2 =  0.399) and 
Yecheng (R2 = 0.563) were relatively low, suggesting 
that several factors, such as agricultural expansion or 
occasional natural disasters, may have interfered with 
the long-term change pattern of FVC in these regions.

Under different land use type classifications, 
farmland FVC increased from 0.67 to 0.77, peaking 
at 0.83 in 2010, reflecting the irrigation management 
effect; forest FVC increased steadily from 0.55 to 0.70, 
showing natural adaptation; grassland FVC increased 
from 0.26 to 0.40, stabilizing after 2017, benefiting from 
improved water resources; and bare land FVC increased 
from 0.03 to 0.06, with slow growth and limited 
ecological restoration; other types FVC increased 
from 0.05 to 0.10, with a rapid increase after 2020, 
probably related to land use adjustment. The period 
from 2000 to 2010 was one of rapid growth, and from 
2010 to 2023, the growth leveled off, suggesting that 
management measures were effective in the early years. 
The differences in land use types reflect the combined 
drive of artificial interventions and natural conditions, 
and the slow growth of bare land requires attention to 
ecological vulnerability.

From 2000 to 2023, the FVC trend (Sen+Mann–Kendall 
analysis) in the Yarkand River Basin showed significant 
regional differentiation (Figure 4). The degree of FVC 

change in the counties and cities of the Yarkand River 
Basin is shown in Table  5, with a highly significant 
increase (p<0.01) accounting for 72.55% of the total 
area, a significant increase of 15.94%, and a decrease of 
only 8.32%, indicating an overall improvement in FVC. 
Makit County had the highest percentage of highly 
significant increase (77.93%) and decrease of only 
5.67%, indicating the most significant improvement 
in FVC. Yecheng County had a highly significant 
increase of 73.83% and a decrease of 4.67%, indicating 
significant vegetation recovery. Tumushuke City and 
Bachu County had an increase of 82.13% and 89.86%, 
respectively (decrease of 9.60% and 8.24%), with 
improvement dominating. Shache County experienced 
a highly significant increase of 71.51% but a decrease 
of 19.41%, reflecting the coexistence of degradation 
and improvement, which may be influenced by human 
interference. Zephyr County experienced a highly 
significant increase of 47.35% and a highly significant 
decrease of 40.94%, indicating a balanced trend with 
both positive and negative outcomes.

The trend of FVC change in the Yarkand River 
Basin showed significant differences among different 
land use types, as shown in Table  6. Grassland and 
bare land accounted for 80.22% and 78.40% of the 
highly significant increase, indicating that the natural 
vegetation recovery was evident. Forest accounted 
for 58.80% of the highly significant increase, and the 
increase was superior, which may be due to the benefit 
of ecological protection. Farmland accounted for 
51.86% of the highly significant increase; however, 
the highly significant decrease of 34.28% indicated 
that management effectiveness and degradation 
coexist. Other types of significant increase accounted 
for 85.93%, the decrease v was extremely low, and 

Figure 3. Evolution of FVC in different categories of the Yarkand River Basin. (A) Evolution of FVC in other 
administrative regions. (B) Evolution of FVC in various land use types.
Abbreviation: FVC: Fractional vegetation cover.
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the growth was stable. The growth trend of the entire 
area was consistent with the development of the oasis 

and water resource management initiatives after 2000. 
However, the high proportion of decline of farmland 

Figure 4. Spatial distribution of annual trends of fractional vegetation cover in the Yarkand River Basin from 
2000 to 2023. (A) Slope of change. (B) p-value. (C) Zone of significant change.
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Table 5. The extent of change in share percentage and acreage of fractional vegetation cover in different 
counties and cities
Degree of coverage Administrative units in the Yarkand River Basin (%; km2)

Bachu 
County

Makit 
County

Shache 
County

Tumushuke 
City

Yecheng 
County

Zepu 
County

Entire 
area

Highly significant 
increase

69.44; 
12,763.69

77.93; 
8,507.49

71.51; 
6,374.62

70.79; 
1,353.02

73.83; 
21,114.62

47.35; 
476.47

72.55; 
50,620.16

Significant increase 20.42; 
3,753.18

14.57; 
1,590.98

4.70; 
418.89

11.34; 
216.70 

17.77; 
5,081.43

5.11; 
51.40

15.94; 
11,120.30

No significant change 1.91; 
351.46

1.82; 
199.14

4.38; 
390.67

8.28; 158.24 3.73; 
1,066.94

6.17; 
62.06

3.20; 
2,229.99

Significant decrease 
negative increase

0.07; 12.73 0.09; 
10.31

0.20; 
17.55

0.49; 9.38 0.07; 20.09 0.44; 
4.39

0.11; 74.47 

Highly significant 
decrease

8.17; 
1,501.06 

5.58; 
609.59 

19.21; 
1,712.87

9.11; 174.07 4.60; 
1,314.15

40.94; 
411.94

8.21; 
5,727.08

Table 6. The extent of change in share percentage and acreage of fractional vegetation cover in different 
land use types
Degree of coverage Administrative units in the Yarkand River Basin (%; km2)

Farmland Forests Grassland Bare land Others Entire area
Highly significant 
increase

51.86; 
3,968.19

58.80; 
31.34

80.22; 
12,321.99

78.40; 
33,508.53

7.23; 
236.95

72.55; 
50,620.16

Significant  
increase

9.67;  
739.63

8.89;  
4.74

5.94; 
912.07

15.40; 
6,582.78

85.93; 
2,816.53 

15.94; 
11,120.30

No significant 
change

3.78;  
289.19

11.20;  
5.97

7.63; 
1,172.34

1.35; 
577.66

5.89; 
192.96

3.20; 
2,229.99

Significant decrease 0.42; 31.86 0.69; 0.37 0.24; 36.57 0.02; 7.09 0.01; 0.35 0.11; 74.47
Highly significant 
decrease

34.28; 
2,623.45

20.42; 
10.88

5.97; 
917.11

4.83; 
2,065.22

0.95;  
31.04

8.21; 
5,727.08
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suggested the risk of localized degradation. Differences 
in land use types reflected the combined drive of 
artificial intervention and natural conditions, with bare 
land and grassland showing significant growth, and 
farmland requiring optimized management.

3.3. Sustainability analysis of FVC
The Hurst index was employed to analyze the long-term 
memory and persistence of the FVC time series, with 
results shown in Figure  5. At the regional scale, the 
annual mean FVC exhibited strong positive persistence, 
with a Hurst coefficient of 0.81. To validate this finding, 
the climacogram method was additionally applied, 
yielding a similar value of 0.896. The close agreement 
between the R/S and climacogram methods confirmed 
the robustness of the persistence detected at the regional 
level. In contrast, the mean Hurst coefficient across the 
entire raster grid was 0.44, indicating anti-persistence at 
the local scale, where FVC changes were more likely to 
reverse existing trends. This spatial divergence reflects 
the region’s complex heterogeneity: oases, supported 
by irrigated agriculture, typically show higher FVC 
and local persistence (H > 0.5); deserts, constrained 
by scarce precipitation and significant interannual 
variability, exhibit very low FVC and anti-persistence 
(H < 0.5); and mountainous areas, shaped by complex 
topography and limited water availability, display 
unstable FVC dynamics with generally lower Hurst 

values. Areas with persistently low FVC or data gaps 
may further reduce the mean coefficient, contributing to 
the overall anti-persistent trend at the local scale.

In contrast, the Hurst coefficient of 0.81 (>0.5) 
for the annual mean FVC indicated strong positive 
persistence, with FVC changes tending to maintain 
existing trends (e.g., continuous increase). By spatially 
averaging FVC across the study area, the differences 
among oases, deserts, and mountains were smoothed 
out, highlighting the overall regional trend. In recent 
years, the Yarkand River Basin has benefited from the 
expansion of oasis agriculture, afforestation policies, 
and ecological restoration measures (e.g., windbreak 
and sand-fixation forest construction), leading to a likely 
sustained increase in regional mean FVC, particularly 
in oasis areas supported by irrigation, which enhances 
FVC stability. The influence of deserts and mountains 
was diminished after spatial averaging, resulting in a 
smoother time series for the annual mean FVC, reflecting 
long-term ecological stability at the regional scale.

From a spatial distribution perspective, the FVC in 
the plain areas of the Yarkand River Basin generally 
exhibited positive and strong positive persistence. In 
contrast, in mountainous regions, it predominantly 
showed anti-persistence and strong anti-persistence. 
This is primarily because plain areas, as key regions 
for irrigated agriculture, benefit from effective water 
resource management and optimized irrigation 

Figure 5. Annual fractional vegetation cover change trends in the Yarkand River Basin from 2000 to 2023. 
(A) Distribution. (B) Characteristics of sustainability. (C) Climacogram.

B

C

A

https://dx.doi.org/10.36922/AJWEP025350269


FVC and climate in Yarkand Basin

Volume 22 Issue 6 (2025)	 231� doi: 10.36922/AJWEP025350269 

techniques, providing favorable conditions for 
vegetation growth. In addition, farmland protection 
policies and land reclamation measures create a 
conducive environment for the development of 
vegetation. However, in mountainous areas, complex 
terrain combined with harsh climatic conditions and 
surface exposure due to snowmelt restricts vegetation 
growth potential.

The Hurst coefficients in the Yarkand River Basin 
reflect the impact of spatial heterogeneity on vegetation 
dynamics. The positive persistence in oasis areas was 
offset by the anti-persistence in desert and mountainous 
areas, resulting in a lower mean Hurst coefficient 
across the entire grid. Desert areas, affected by extreme 
aridity and wind erosion, experienced significant 
fluctuations in FVC with easily reversible trends, while 
mountainous areas, constrained by terrain and climate, 
exhibited unstable changes in FVC. These local-scale 
anti-persistent trends, combined with the positive 
persistence in oasis areas, shaped the spatial distribution 
of the Hurst coefficient across the region. The regional-
scale positive persistence (H = 0.81) highlighted 
the stabilizing contribution of oasis agriculture and 
ecological protection measures to overall FVC.

The mean Hurst coefficient for the entire grid 
(H = 0.44) underscored the spatial heterogeneity and 

ecological vulnerability of FVC at the local scale in the 
Yarkand River Basin. The positive persistence in oasis 
areas indicated that irrigated agriculture and ecological 
restoration measures (e.g., afforestation) support 
long-term FVC stability, while the anti-persistence in 
desert areas reflected constraints from aridity and wind 
erosion, and mountainous areas were limited by terrain 
and precipitation, making FVC susceptible to short-term 
disturbances (e.g., drought, floods). The Hurst coefficient 
of 0.81 for the annual mean FVC suggested long-term 
stability of FVC at the regional scale, likely driven by 
the dominant role of oasis areas and regional ecological 
policies, such as afforestation, oasis expansion, and 
optimized water resource management. Climatic 
factors (e.g., precipitation fluctuation, temperature rise) 
and human activities (e.g., agricultural reclamation, 
overgrazing) further exacerbate spatial heterogeneity, 
shaping the distinct FVC dynamics across different 
geomorphic units.

3.4. Analysis of drivers of FVC
3.4.1. Spatial distribution and interannual fluctuation 
of climate factors
The multi-year average temperature data in counties 
and cities in the Yarkand River Basin showed obvious 
spatial differentiation patterns (Figure  6). The spatial 

Figure  6. Spatial distribution of the average status of climate factors in the Yarkand River Basin from 
2000 to 2023. (A) Spatial distribution of multi-annual mean temperature. (B) Spatial distribution of multi-
year precipitation.
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interannual variations of climate factors in counties and 
cities are shown in Figure 7, with higher and least varied 
temperatures in Bachu County (7.4–14°C), Tumushuke 
City (11.6–13.3°C), Makit County (13–14.2°C), and 
Zepu County (13.3–14.4°C). The regional differences 
in the multi-year mean temperatures in Shache County 
(−4.8–14.9°C) and Yecheng County (−25.7–14.5°C) 
were evident, which may be related to the fact that some 
regions of higher terrain in the northern part of the county 
were prone to accumulating cold air during winter.32 
Overall, the temperature distribution in the region 
showed three characteristics: first, the temperature in the 
plain oasis area generally maintained between 11 and 
14°C; second, the temperature fluctuated greatly in the 
northern region close to the Tianshan Mountains; and 
third, the temperature varied exceptionally with altitude 
in the southern Kunlun Mountains. This distribution 
pattern reflected both the general geographic context 
and the profound influence of local topography on 
temperature.33 Follow-up studies can be conducted to 
further clarify the specific role of topographic factors 
in temperature distribution by combining the elevation 
locations of specific weather stations.

The multi-year average precipitation of the 
counties and cities in the Yarkand River Basin showed 
noticeable spatial differences and local peculiarities. 
Overall, the region was extremely arid, with annual 
precipitation generally lower than 90  mm, below 
the national average, except for high values in 
Yecheng County. In terms of distribution trends, 
Bachu County and Tumushuke City in the north 
(34.1–85.3  mm and 40.4–65.7  mm) were slightly 
higher than Makit County in the south (31.8–61 mm), 
but Yecheng County (24.5–273.5  mm), due to the 

proximity of the Kunlun Mountains terrain uplift 
effect, showed a high value of precipitation rarely 
seen in the southern Xinjiang, which was probably 
affected by strong convection in the mountainous 
areas or the residual water vapor of the Indian Ocean 
monsoon.34 The significant difference in precipitation 
between Shache County (33.9–89.7  mm) and the 
neighboring Zephyr County (35.9–47.9  mm) may 
be related to microtopography and oasis effects.35 
Overall, precipitation in the region mainly relied on 
weak water vapor from the westerly wind belt, while 
basin topography exacerbated drought. Notably, 
only Yecheng County formed a unique precipitation 
pattern due to changes in the elevation gradient.

The trend of temperature and precipitation changes 
under different land use types in the Yarkand River Basin 
is shown in Figure 8. Farmland and bare land exhibited 
the largest increase (1.07°C and 1.03°C, respectively), 
while other types had the smallest decrease (0.74°C), 
reflecting regional temperature rise differences. 
Precipitation increased from 35.01  mm to 49.03  mm, 
with peaks of 68.52 mm and 80.00 mm in 2003 and 2005, 
and a significant increase in other types (19.03  mm), 
indicating improved water resources.36 Farmland 
and forest temperature increases were correlated 
with steady FVC increases. Similarly, an increase in 
grassland precipitation was consistent with the rise in 
FVC, while the increase in bare land temperature may 
suppress FVC. High precipitation but fluctuating FVC 
in other land types suggested low utilization efficiency 
(Figures 3, 7, and 8). The trends indicated that warming 
temperatures and increased precipitation together 
drove improvements in vegetation, with land use types 
modulating the intensity of the response.

Figure  7. Interannual variation of climatic factors in counties and cities of the Yarkand River Basin. 
(A) Interannual variation in temperature factors by county and city. (B) Interannual variation in precipitation 
factors by county and city area.
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3.4.2. Correlation analysis between FVC and climate 
factors
Based on p-value significance tests, the correlation 
between FVC and climate factors in the Yarkand 
River Basin from 2000 to 2023 is shown in 
Figures  9 and 10. The correlations for each county 
are shown in Tables 7 and 8. The positive correlation 
(extremely significant and significant) between FVC 
and temperature was the highest in Yecheng County 
(27.89%), possibly due to the extended vegetation 
growth cycle caused by rising temperatures, especially 
in spring, which improves coverage.37 Zepu County had 
a negative correlation of 39.44%, while Shache County 
correlated of 30.30%. High temperatures can exacerbate 
water evaporation and hinder vegetation growth, 
particularly during drought years.38 The proportion of 
non-significant correlations in Tumushuke City was 
50.24%, while Bachu County and Makit County showed 

balanced positive and negative correlations (27.71% vs. 
25.84% and 25.20% vs. 23.79%, respectively), indicating 
that the impact of temperature on FVC varies by location.39 
Across the entire region, 26.64% showed a positive 
correlation and 24.52% showed a negative correlation, 
reflecting the complex effects of temperature.40

FVC showed a significant positive correlation 
with precipitation in Shache County and Yecheng 
County (62.12% and 60.33%, respectively), with a 
regional average of 51.77%, indicating that increased 
precipitation significantly promotes FVC, particularly 
in water-sensitive areas, possibly due to precipitation 
that optimized soil moisture.37 In Tumushuke City, 
the proportion of negative correlations was 19.52%, 
and the proportion of non-significant correlations was 
64.75%, possibly due to excessive precipitation causing 
soil erosion or vegetation adapting to drought, with 
precipitation changes disrupting ecological balance. 

Figure 8. Interannual variation of climatic factors by land use types in the Yarkand River Basin. (A) Interannual 
fluctuation of temperature factors under different land use types. (B) Interannual fluctuation in precipitation 
factors for different land use types.
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Figure 9. Correlation analysis between fractional vegetation cover changes and annual average temperature 
in the Yarkand River Basin from 2000 to 2023. (A) Correlation between fractional vegetation cover and 
annual average temperature. (B) p-value. (C) Significant change area.
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Figure  10. Correlation analysis between fractional vegetation cover changes and annual precipitation 
averages in the Yarkand River Basin from 2000 to 2023. (A) Correlation between fractional vegetation cover 
and annual precipitation. (B) p-value. (C) Significant change area.
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Table 7. Acreage and share percentage of various correlations between fractional vegetation cover and 
temperature in different counties and cities
Relevance Administrative units in the Yarkand River Basin (%; km2)

Bachu
County

Makit
County

Shache
County

Tumushuke
City

Yecheng
County

Zepu
County

Entire
area

Extremely significant 
positive correlation

15.32; 
2,815.38

13.21; 
1,442.12

12.50; 
1,114.18

16.52; 
315.71

8.93; 
2,553.06

15.84; 
159.50

12.05; 
8,405.63

Significant positive 
correlation

12.39; 
2,277.55

11.99; 
1,308.92

9.52; 
848.50

11.98; 
228.86

18.96; 
5,422.75

9.00; 
90.63

14.59; 
10,177.10

Non‑significant 
correlation

45.85; 
8,427.78

51.02; 
5,570.20

47.69; 
4,250.97

50.24; 
960.09

50.65; 
14,483.76

35.72; 
359.59

48.85; 
34,080.60

Significant negative 
correlation

17.52; 
3,220.52

14.33; 
1,565.03

18.56; 
1,654.38

11.49; 
219.61

15.23; 
4,354.06

23.16; 
233.11

16.13; 
11,253.34

Extremely significant 
negative correlation

8.92; 
1,638.96

9.46; 
1,032.40

11.74; 
1,046.56

9.77; 186.70 6.24; 
1,783.43

16.28; 
163.91

8.39; 
5,855.34

Table 8. Acreage and share percentage of various correlations between fractional vegetation cover and 
precipitation in different counties and cities
Relevance Administrative units in the Yarkand River Basin (%; km2)

Bachu 
County

Makit 
County

Shache 
County

Tumushuke 
City

Yecheng 
County

Zepu 
County

Entire 
area

Extremely significant 
positive correlation

26.91; 
4,948.81

24.38; 
2,661.64

49.69; 
4,429.74

7.90; 
150.99

41.01; 
11,728.25

23.27; 
234.23

34.77; 
24,261.34

Significant positive 
correlation

17.57; 
3,230.48

17.11; 
1,867.84

12.43; 
1,108.05

7.84;  
149.81

19.32; 
5,523.78

18.11; 
182.32

17.00; 
11,861.97

Non‑significant 
correlation

42.98; 
7,902.44

51.66; 
5,640.25

30.26; 
2,698.09

64.75; 
1,237.78

28.69; 
8,205.97

52.65; 
530.04

37.91; 
26,449.53

Significant negative 
correlation

10.12; 
1,861.33

5.54; 
605.15

6.37; 
567.68

15.77; 
301.39

8.07; 
2,307.02

4.93; 
49.60

8.02; 
5,598.30

Extremely significant 
negative correlation

2.41; 
443.88

1.32; 
144.10

1.25; 
111.50

3.75; 
 71.68

2.91; 
832.34

1.04; 
10.49

2.29; 
1,600.86
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Zepu County had a non-significant correlation of 
52.65%, with weak precipitation effects, possibly due to 
vegetation already adapting to the current precipitation 
pattern.39 In Bachu County and Makit County, the 
proportion of positive correlations was 44.48% and 
41.49%, respectively, while the proportion of negative 
correlations was low (12.53% and 6.86%, respectively), 
indicating that precipitation moderately promotes 
vegetation.37

Correlation analysis between FVC and climate 
factors in the Yarkand River Basin from 2000 to 2023 
showed high proportions of positive correlations 
between FVC and precipitation in Shache County and 
Yecheng County (62.12% and 60.33%, respectively), 
with Yecheng County exhibiting the strongest positive 
correlation with temperature (27.89%). In Zepu 
County and Tumushuke City, negative correlations and 
insignificant correlations dominated, reflecting regional 

differentiation. From 2000 to 2023, the correlations 
between FVC and temperature and precipitation under 
different land-use types in the Yarkand River Basin are 
presented in Tables 9 and 10. The correlation between 
FVC and temperature shows that farmland and forest 
have a high proportion of extremely significant negative 
correlations (21.97% and 20.45%, respectively), 
possibly due to high temperatures inhibiting vegetation 
growth.39 Grasslands and bare land showed non-
significant correlations exceeding 50% (50.91% and 
49.58%, respectively), indicating a strong level of 
adaptability. Other land use types exhibited significant 
positive correlations at 71.26%, reflecting the warming-
enhancing effect. Across the entire study area, there 
was a highly significant negative correlation of 8.39% 
and a significant positive correlation of 14.59%. In the 
correlation between FVC and precipitation, grasslands 
and forests showed a high proportion of highly 

Table 9. Acreage and share percentage of various correlations between fractional vegetation cover and 
temperature in different land use types
Relevance Administrative units in the Yarkand River Basin (%; km2)

Farmland Forests Grassland Bare land Others Entire area
Extremely significant positive 
correlation

5.99; 
458.36

3.84;  
1.58

11.94; 
1,864.92

13.61; 
5,828.13

7.33; 
244.19

12.05; 
8,405.63

Significant positive correlation 9.03; 
691.32

7.01; 
 2.89

11.23; 
1,753.75

13.48; 
5,771.08

71.26; 
2,374.42

14.59; 
10,177.10

Non‑significant correlation 41.61; 
3,184.27

40.89; 
16.84

50.91; 
7,950.35

49.58; 
21,228.53

14.24; 
474.57

48.85; 
34,080.60

Significant negative 
correlation

21.40; 
1,637.63

27.81; 
11.45

18.22; 
2,844.68

16.58; 
7,096.71

3.69; 
123.07

16.13; 
11,253.34

Extremely significant negative 
correlation

21.97; 
1,681.33

20.45; 
8.42

7.70; 
1,202.06

6.75; 
2,888.92

3.48; 
115.96

8.39; 
5,855.34

Table 10. Acreage and share percentage of various correlations between fractional vegetation cover and 
precipitation in different land use types
Relevance Administrative units in the Yarkand River Basin (%; km2)

Farmland Forests Grassland Bare land Others Entire area
Extremely significant 
positive correlation

23.54; 
1,783.11

46.75; 
19.07

47.91; 
7,328.56

34.73; 
14,808.27

5.19; 
169.69

34.77; 
24,261.34

Significant positive 
correlation

18.87; 
1,429.16

21.29; 
8.68

9.66; 
1,477.72

15.24; 
6,498.38

71.78; 
2,346.08

17.00; 
11,861.97

Non‑significant 
correlation

51.19; 
3,876.49

30.29; 
12.35

30.75; 
4,704.05

39.41; 
16,805.70

12.59; 
411.48

37.91; 
26,449.53

Significant negative 
correlation

5.61;  
424.73

1.57;  
0.64

9.08; 
1,389.17

8.29; 
3,534.86

6.39; 
209.00

8.02; 
5,598.30

Extremely significant 
negative correlation

0.79;  
59.72

0.10; 
 0.04

2.59; 
396.77

2.33;  
991.66

4.05; 
132.37

2.29; 
1,600.86
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significant positive correlations (47.91% and 46.75%), 
indicating that precipitation drives vegetation recovery. 
For farmland, there was a highly significant positive 
correlation of 23.54% and a significant negative 
correlation of 5.61%, reflecting a complex response. 
In terms of bare land, there was a positive correlation 
of 34.73% and a negative correlation of 10.62%, 
indicating significant fluctuations. Other land types 
showed a significant positive correlation of 71.78%, 
suggesting significant gains. The overall region showed 
a highly significant positive correlation of 12.05% and 
a negative correlation of 2.89%. The study reveals the 
differential effects of climate factors on FVC, with 
grasslands and forests benefiting from precipitation, 
farmland requiring optimized management, and bare 
land exhibiting low stability.

3.5. Short-term regression-based forecast of FVC 
dynamics
Based on the annual FVC series from 2000 to 2023, both 
linear and quadratic regression models were applied to 
forecast the short-term dynamics of FVC for 2024–2028, 
as shown in Figure 11. The linear regression model 
indicated a gradual increase in FVC from approximately 
0.232 in 2024 to 0.243 in 2028. The quadratic model 
produced slightly lower estimates, from about 0.227 in 
2024 to 0.234 in 2028, suggesting a modest deceleration 
in the rate of increase. In both cases, the 95% confidence 
intervals remained narrow, indicating relatively robust 
short-term forecasts. Overall, the results suggest that 
FVC in the study area will remain relatively stable with 
a slight upward trend over the next 5 years.

In particular, the forecasts for the first 2  years 
highlight the stability of the short-term dynamics. In 

2024, the linear regression model predicts an FVC of 
approximately 0.232  (95% confidence interval [CI]: 
0.221–0.243), while the quadratic model yielded a 
similar value of 0.227 (95% CI: 0.210–0.245). In 2025, 
both models projected a slight increase, with values 
of 0.235 (linear) and 0.229 (quadratic), again within 
narrow confidence intervals. These results suggest that 
the study area will experience only modest changes in 
vegetation cover at the beginning of the forecast period, 
reinforcing the conclusion of overall stability and a 
gradual upward trend.

4. Discussion

This study analyzed changes in FVC in the Yarkand 
River Basin based on the MODIS NDVI data from 
2000 to 2023, revealing significant spatiotemporal 
heterogeneity. Before 2000, the average FVC value was 
0.16–0.17, with significant fluctuations, reflecting the 
impacts of arid climate and early human activities. After 
2000, due to oasis development and water resource 
management, FVC increased significantly, stabilizing at 
0.21–0.23 after 2010, with approximately 70% of the 
area showing significant growth (p < 0.05, Sen+Mann–
Kendall test). The FVC in Tumushuke City increased 
from 0.39 to 0.58, and the proportion of growth in Makit 
County reached 75%, indicating significant ecological 
restoration achievements. However, a local decline of 
approximately 8% occurred in 2022–2023, potentially 
related to the abnormal high temperature of 14.01°C, 
highlighting the regional vulnerability. The Hurst index 
analysis of the study area’s time series reveals its long-
term memory and trend persistence. This additional 
analysis using the climacogram method41 addressed 

Figure 11. Annual FVC (2000–2023) and 5-year forecasts (2024–2028)
Abbreviations: CI: Confidence interval; FVC: Fractional vegetation cover.
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the methodological concerns, confirming that the 
persistence estimated by the R/S approach is reliable and 
that both methods provide consistent evidence of strong 
long-term memory in regional FVC dynamics. Results 
show that the Hurst coefficient for the annual mean FVC 
is 0.81 (>0.5), indicating strong positive persistence 
at the regional scale, where FVC changes tend to 
maintain existing trends (e.g., continuous increase). In 
contrast, the mean Hurst coefficient for the entire raster 
grid is 0.44 (<0.5), suggesting anti-persistence at the 
local scale. This discrepancy arises from the spatial 
heterogeneity among oases, deserts, and mountainous 
areas within the region. Despite the overall positive 
persistence trend, local-scale complexities reduce the 
mean Hurst coefficient across the entire grid.

The similarity between the Hurst parameters of FVC 
(0.81–0.90) and those reported for climatic processes, 
such as temperature and precipitation (e.g., Dimitriadis 
et al.,42 H ≈ 0.83), suggests a potential linkage between 
vegetation dynamics and the long-term memory of 
climate drivers. This resemblance suggests that vegetation 
cover does not evolve in isolation but may exhibit 
similar persistence properties to climatic variability at 
the macroscale. Such findings highlight the coupled and 
enduring interactions between vegetation and climate 
in arid ecosystems. Future research could therefore 
extend Hurst analysis to temperature and precipitation 
processes in the Yarkand River Basin, providing a more 
comprehensive understanding of the co-evolution and 
feedback mechanisms between climate and vegetation.

In terms of climate drivers, the temperature increased 
from 8.4°C to 9.4°C (an increase of approximately 
1°C), promoting an increase in farmland FVC from 
0.67 to 0.77 (high coverage of roughly 50%), possibly 
due to the extended growing season caused by the 
temperature increase. The FVC of bare land increased 
from 0.03 to 0.06, indicating a slight upward trend, 
particularly in Zepu and Bachu counties (low coverage 
of approximately 80% and high volatility of about 70%), 
possibly due to accelerated soil moisture evaporation 
caused by rising temperatures. Precipitation increased 
from 35 mm to 49 mm, with a peak of approximately 
80  mm in 2005, significantly driving grassland FVC 
from 0.26 to 0.40 (increase of roughly 80%), particularly 
in Bachu and Tumushuke counties, consistent with 
improved soil moisture due to increased precipitation. 
The decrease of approximately 30% in farmland may 
be related to salinization caused by over-irrigation, 
contrasting with the increase of approximately 45% in 
grasslands, reflecting the differing responses of different 
land-use types.

County-level heterogeneity further supports these 
trends. FVC in Yecheng County was positively 
correlated with temperature by approximately 25%, 
while in Shache County, it was positively correlated 
with precipitation by approximately 60%, indicating 
that southern counties and cities benefit from improved 
water and heat conditions. In Zepu County, FVC was 
negatively correlated with temperature by approximately 
40%, possibly due to high temperatures exacerbating 
drought stress. The differing responses of forested areas 
(with medium to high coverage of roughly 60% and 
fluctuation of approximately 2%) and bare land validate 
this mechanism.

The results of this study are highly consistent with 
recent research by Piao et al.,3 which reported that 
climate change and human activities drive global 
vegetation greening. This is consistent with the growth 
trend of FVC in this study, emphasizing the roles 
of precipitation and oasis management. Wei et al.43 
analyzed the impact of climate fluctuation on vegetation 
growth, consistent with the increase in FVC in farmland. 
Cao et al.44 found that drought exacerbates agricultural 
stress, aligning with the decline trend in farmland. 
Wang et al.45 used MODIS data to analyze land surface 
temperature and vegetation dynamics, supporting the 
high-temperature stress mechanism in Zepu County. Qi 
et al.46 investigated precipitation patterns and vegetation 
recovery, supporting the mechanism of FVC increase 
in grasslands. Urban et al.47 explored the interactive 
effects of climate and land use, supporting the overall 
driving mechanism. Gao et al.48 emphasize the short-
term response of arid zone vegetation to climate 
fluctuation, consistent with the local decline observed 
in 2022–2023.

The findings of this study on FVC dynamics in 
the Yarkand River Basin have been corroborated by 
related research conducted in other arid and semi-
arid regions, thereby reinforcing the robustness and 
applicability of our conclusions. For example, in the 
Taihangshan–Yanshan region, Yan et al.49 documented 
a gradual upward trend in FVC (0.02/10  years) from 
2000 to 2021, characterized by spatial heterogeneity 
primarily influenced by evapotranspiration and 
surface temperature. This aligns with our findings 
of significant positive correlations with precipitation 
(r  >  0.6) and negative correlations with temperature 
(r < −0.5) in grasslands and farmlands, underscoring the 
pronounced climatic influence on vegetation dynamics. 
Similarly, Qiao et al.50 identified a fluctuating upward 
FVC trend (0.26%/year) from 2000 to 2023 in the 
Qilian Mountains, exhibiting nonlinear responses to 
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temperature (a  biphasic hump-shaped pattern with 
a threshold at 0°C) and precipitation (diminishing 
marginal effects with thresholds at 300 mm and 450 mm). 
These patterns align with our observed 1–2-month 
precipitation lag and topographic constraints, resulting 
in local anti-persistence (Hurst index of 0.44) in desert 
and mountainous areas. In the Yellow River Basin of 
Henan Province, Shi et al.51 reported a substantial 
FVC enhancement (67.7%) from 1990 to 2020, with 
elevation as the dominant driver (q = 0.3) and strong 
coupling with precipitation, consistent with our results 
on elevation-induced spatial heterogeneity and climate-
topography interactions. Liu et al.52 observed FVC 
increases across 90.64% of the Jinghe River Basin 
area from 1998 to 2019, with significant correlations 
to the precipitation concentration index (18.47%), 
supporting our identification of precipitation’s notable 
role in vegetation recovery. Furthermore, Tian et al.53 
in the Yangtze River Delta described post-2016 FVC 
fluctuations (initial decline followed by growth), 
predominantly driven by climate variables with spatial 
modulation by elevation and slope, which validates 
our post-2000 increase, post-2010 stabilization, and 
regional persistence based on the Hurst index (0.81). 
These congruences affirm that in arid regions, FVC 
improvements are primarily climate-mediated, with 
topographic factors exacerbating spatial variations and 
thresholds governing nonlinear responses.

The short-term forecasting results based on 
regression models indicate that FVC in the study area 
will remain relatively stable, with a slight upward trend, 
during 2024–2028, resulting in an overall increase of 
approximately 0.01 over the next 5 years. A closer look 
at the beginning of the forecast period reveals that in 
2024, the linear and quadratic models predict FVC 
values of 0.232 and 0.227, respectively, which increase 
slightly in 2025 to 0.235 and 0.229, respectively. These 
narrow and consistent confidence intervals highlight 
the robustness of the forecasts, suggesting that no 
abrupt changes in vegetation are expected in the near 
term. Such stability aligns with the relatively steady 
patterns observed over the past two decades. It should 
be emphasized that these forecasts are derived from a 
univariate annual time series model and thus primarily 
represent an extrapolation of historical trends rather 
than a mechanistic explanation of vegetation dynamics. 
Consequently, the results are best interpreted as short-
term, forward-looking references. Future studies 
could expand on this work by incorporating additional 
environmental or ecological drivers, such as climate 
variability or land-use changes, or by adopting more 

spatially explicit modeling approaches, to capture 
potential heterogeneity and provide more targeted 
insights for ecological management and policy-making.

This study relies on MODIS NDVI (250 m resolution) 
and 1 km climate data, which may overlook micro-scale 
fluctuations. Future research should integrate Landsat 
imagery and field measurements to better assess the 
impacts of high-temperature anomalies and combine 
socioeconomic data to explore policy implications. 
Moreover, clustering approaches based on vegetation 
types or climatic zones could be applied to identify 
regions with similar FVC dynamics,54,55 estimate the 
relative contributions of climatic and anthropogenic 
drivers, and improve forecasting accuracy through 
regression or hybrid models. Such methods have 
been successfully applied in other scientific domains, 
demonstrating their potential to deepen the analysis of 
influencing factors in ecological studies.

Shache and Bachu counties need to protect their water 
resources to sustain grassland recovery, while Zepu and 
Tumushuke counties should promote the cultivation of 
drought-tolerant species. Yecheng and Shache counties 
should optimize irrigation management, and Zepu and 
Bachu counties should implement afforestation on 
bare land. Climate adaptation strategies, such as oasis 
expansion, are critical, and future monitoring should focus 
on temperature thresholds and precipitation fluctuation.

In view of the potential uncertainties associated 
with the application of large-scale remote sensing 
data, future research will strengthen the deployment 
of ground-based sampling sites and integrate them 
with multidimensional remote sensing information to 
establish a more refined data calibration framework. 
Moreover, the potential errors of the methods used in 
this study should be acknowledged. For example, the 
accuracy of the pixel dichotomy approach depends 
on the selection of NDVI thresholds, which may 
lead to underestimation or overestimation of FVC in 
heterogeneous landscapes. In contrast, Hurst analysis 
assumes time-series stationarity and may be sensitive 
to noise and short-term fluctuations, potentially biasing 
persistence estimates. Similarly, the Sen+Mann–
Kendall tests, though widely applied, have been 
critically assessed by Serinaldi et al.,56 who highlighted 
their mathematical inconsistencies and limitations 
under certain conditions, such as sample size and serial 
correlation. Future research may consider improved 
procedures, such as the Hamed57 correction, to better 
account for long-term persistence. These limitations 
should be taken into account when interpreting the 
results. Simultaneously, machine learning methods can 
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be employed to optimize feature extraction and model 
fitting of remote sensing data, thereby enabling it to 
more closely approximate ground-based observations 
across spatial and temporal scales.

This study primarily examined the spatiotemporal 
variation characteristics of FVC and its correlation 
with climatic factors in the Yarkand River Basin from 
2000 to 2023. Future research should further integrate 
anthropogenic indicators, such as population density, 
industrial development, and socioeconomic activities, to 
better capture the human footprint on FVC. In addition, 
time series decomposition methods could be applied to 
separate seasonal components from long-term trends, 
which would help reveal intra-annual fluctuations 
in vegetation dynamics and provide a more refined 
understanding of temporal variation patterns.

5. Conclusion

In summary, this study integrated MODIS NDVI data 
and climate observations from 2000 to 2023, utilizing 
pixel dichotomy modeling, Sen+Mann–Kendall trend 
analysis, and Pearson correlation to examine the 
spatiotemporal dynamics and climatic drivers of FVC 
in the Yarkand River Basin. The key findings are as 
follows:
(i) Significant spatial heterogeneity: FVC exhibited 

pronounced spatial variability across the Yarkand 
River Basin, with agricultural land and forests 
showing high coverage (51.75% and 60.81% 
medium-high to high coverage, respectively) 
compared to bare land’s low coverage (95.58%). 
Yecheng County exhibited higher FVC (33.80% 
high coverage) compared to Bachu County (79.80% 
low coverage), primarily due to its favorable 
topography and irrigation practices. These county-
level and land-use-specific patterns provided 
critical insights into spatially targeted ecological 
restoration in arid environments.

(ii) Temporal trends and stabilization: FVC increased 
significantly from 0.16 to 0.22 since 2000, 
stabilizing at 0.21–0.23 post-2010, with grasslands 
and croplands showing substantial growth 
(grassland FVC: 0.26 to 0.40; farmland FVC: 0.67 
to 0.77). Bare land FVC remained low (0.03 to 
0.06), indicating limited ecological recovery. This 
trend, supported by oasis expansion and water 
management, highlighted the efficacy of human 
interventions in enhancing FVC.

(iii) Persistence dynamics: The Hurst index analysis of 
the long-term time series revealed strong positive 

persistence (Hurst coefficient = 0.81), driven 
by oasis agriculture and ecological restoration, 
ensuring sustained FVC stability across the region. 
This positive persistence underscored the long-term 
effectiveness of environmental management in 
maintaining FVC, particularly in oasis areas, while 
highlighting the need for continued conservation 
efforts to address vulnerabilities in desert and 
mountainous zones.

(iv)	Climatic influences: Temperature negatively 
impacted crop land and forest FVC (highly significant 
negative correlation: 21.97% for farmland, 
20.45% for forests), especially in Zepu County 
(39.44% negative correlation), due to enhanced 
evapotranspiration. Precipitation positively drove 
grassland and forest FVC (highly significant 
positive correlation: 47.91% for grasslands, 46.75% 
for forests), with a 1–2-month lag effect notably in 
Shache and Yecheng Counties (positive correlation: 
~60%). The regional temperature rise (from 8.4°C 
to 9.4°C) and precipitation increase (from 35 mm 
to 49  mm) aligned with FVC improvements, 
emphasizing the climate’s critical role.

(v) Practical implications and scientific contributions: 
These findings provided actionable insights for 
ecological conservation and sustainable water 
resource management in arid regions. The high 
FVC stability in oasis areas (e.g., Tumushuke 
City, slope = 0.009, R2 = 0.819) supported scaling 
irrigation and afforestation policies, while bare 
land’s high volatility (74.51%) called for drought-
tolerant species and windbreak plantations.

For climate adaptation, Shache and Yecheng 
Counties should optimize water allocation, while Bachu 
and Makit Counties require enhanced afforestation. The 
study’s long-term (2000–2023) multi-scale analysis and 
novel findings, such as the precipitation lag effect and 
strong regional persistence, advanced the understanding 
of vegetation-climate interactions, offering a replicable 
framework for arid ecosystem research globally (e.g., 
supporting Sustainable Development Goal 13: Climate 
Action).
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