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Abstract: Exploring the evolution of vegetation cover and its drivers in the Ferghana Basin helps to
understand the current ecological status of the Ferghana Basin and to analyze the vegetation changes
and drivers, with a view to providing a scientific basis for regional ecological and environmental
management and planning. Based on GIMMS NDVI3g and meteorological data, the spatial and
temporal evolution characteristics of NDVI were analyzed from multiple perspectives with the help
of linear trend and Mann–Kendall (MK) test methods using arcgis and the R language spatial analysis
module, combined with partial correlation coefficients and residual analysis methods to analyze the
impacts of climate change and human activities on the regional vegetation cover of the Ferghana
Basin from 1982 to 2015. NDVI driving forces. The results showed the following: (1) The growing
season of vegetation NDVI in the Ferghana Basin showed an increasing trend in the 34-year period,
with an increase rate of 0.0044/10a, and the spatial distribution was significantly different, which
was high in the central part of the country and low in the northern and southern parts of the country.
(2) Temperature and precipitation simultaneously co-influenced the vegetation NDVI growth season,
with most of the temperature and precipitation contributing in the spring, most of the temperature
in the summer being negatively phased and the precipitation positively correlated, and most of the
temperature and precipitation in the fall inhibiting vegetation NDVI growth. (3) The combined effect
of climate change and human activities was the main reason for the overall rapid increase and great
spatial variations in vegetation NDVI in China, and the spatial distribution of drivers, namely human
activities and climate change, contributed 44.6% to vegetation NDVI in the growing season. The
contribution of climate change and human activities to vegetation NDVI in the Ferghana Basin was
62.32% and 93.29%, respectively. The study suggests that more attention should be paid to the role of
human activities and climate change in vegetation restoration to inform ecosystem management and
green development.

Keywords: Ferghana Basin; climate change; human activities; contribution; vegetation NDVI

1. Introduction

As one of the most pressing global threats facing humanity, climate variation has
already greatly influenced the earth’s natural environment and human community. Climate
change is causing glacier melting and extreme weather events alongside harming food
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security, human health, ecosystem services, and socio-economic development, and we
need to recognize the urgency and severity of climate change and take effective measures
to mitigate and adapt to them [1–3]. Vegetative cover, one of the most significant parts
of the terrestrial ecosystem on the earth, exerts an effect on associating ecological factors
including the atmosphere, soil, and hydrology, and is also the most active factor in terrestrial
ecosystems [4–6].

Vegetation development can be quantitatively characterized with the global normal
diversity vegetation indicator, which can intuitively show vegetation development and
continuously monitor the dynamic changes in vegetation cover largely and over a long
period of time [7–9]. Vegetation variation characteristics can be obtained with remote
sensing monitoring at different spatial and temporal scales [10,11]. NDVI data have the
advantages of easy acquisition, high resolution, and a long time span. In-depth analysis of
vegetation characteristics and climatic elements reveals the intrinsic association between
vegetation and climate [12,13], which will assist in understanding the climate drivers of
variation in terrestrial ecosystems. In previous studies, large-scale vegetation change data
were often analyzed with the help of vegetation index data on the basis of remote sensing,
and the NDVI was the most extensively adopted [14,15]. There is a linear or near-linear
association between NDVI and vegetation productivity, photosynthetically active radiation,
green leaf density, and accumulative biomass, which is identified as a useful index of
big surface vegetation cover and development [16–18]. SPOT-VGT NDVI [19], AVHRR
NDVI [20], and MODIS NDVI [21] are included in the most frequently adopted NDVI
data. There are several diversities between the three NDVI results with regard to the
sensor, spectral reaction function, modification and data processing approaches, synthesis
duration, and spatiotemporal resolution [22–25]. Among them, the AVHRR NDVI results
have been updated sometimes with a long time series; the SPOT-VGT and MODIS NDVI
results have a shorter time series and higher spatial resolution. Although the application
of various NDVI results may bring some diversities in the research outcomes, it still has
prominent merits in large-scale vegetation cover change and its cause analysis, land cover
identification, and vegetation productivity calculation.

Plant development and growth are influenced by temperature and rainfall, which
are core climatic elements [26]. According to the past research, increased temperatures,
rainfall, and drought situations in the spring affect vegetation positively, while persistent
summer temperatures lead to suppressed vegetation growth [27]. In addition, the role
of human activities in vegetative cover variation is also two-sided [28]. For instance,
urbanization development has caused the encroachment of a lot of farmland and forest
land by construction land, leading to a great decline in vegetation coverage [29]. Central
Asia and Mongolia are restoring dryland forests under changing climatic conditions [30].
Hence, vegetation variation can be affected by human activities and climate variation,
which may result in great diversities in vegetative cover variation in various places of the
world [31].

Climate change in Central Asia shows great spatial heterogeneity, with significant
changes in temperature and precipitation. Because of varied hydrothermal conditions and
vegetation kinds in various places, great spatial diversities in vegetation variation and its
reaction to climate variation can be found [32]. In addition, in recent decades, a number
of vegetation construction and ecological protection projects have been formulated and
made in the Ferghana Basin, which has greatly promoted vegetation restoration. Most of
the research on vegetation variation pays attention to the reaction to climate variation and
human events in the whole area of Central Asia, and these studies are of great value for
understanding the features and driving elements of vegetation variation in various regions
of the Ferghana Basin. However, in previous studies, association discussion and other
approaches were often adopted for qualitatively exploring the drivers of vegetative cover
variation [33], and the influence of different driving elements was rarely distinguished
and quantified. To solve this problem, Piao et al. [34] and Deng Chenhui et al. [35] used
prediction models to quantitatively simulate vegetation changes under different driving
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conditions. At present, there are still a few long-term vegetation variations and their attri-
bution analyses in the Ferghana Basin, and the influences of human events on vegetation
variations and regional differences in the Ferghana Basin are not fully understood. There-
fore, it is necessary to carry out attribution studies of vegetation change and quantification
of the corresponding contribution within the Ferghana Basin.

The Ferghana Basin, known as the “Pearl of Central Asia” and as a special geographical
location, is an essential part of the “Belt and Road” route. Based on the high-resolution
lattice data of the Climate Research Center of the University of East Anglia, the temperature
and precipitation data and the GIMMS NDVI3g data with a long series of time series in the
Ferghana Basin were discussed, and the basic features of the vegetative cover NDVI shift in
the Ferghana Basin from 1982 to 2015 and their influence on climate variation and human
events were evaluated, and the relative efforts of the two driving elements were assessed.

2. Materials and Methods
2.1. Study Regions

The Ferghana Basin is a closed intermountain basin in Central Asia and covers parts of
the three countries of Uzbekistan, Kyrgyzstan, and Tajikistan. Located on the western side
of the Pamir Plateau, the Ferghana Basin is surrounded by the Tien Shan and the Gissar-Alai
mountain ranges, with river valleys and mountain passes leading out of the basin. The
basin is 300 km long from east to west and 170 km wide from north to south, with an
altitude of 330 to 1000 m above sea level. The climatic characteristics of the Ferghana Basin
are mainly continental and arid, and generally show the characteristics of hot and dry.
Since the region is located inland in Central Asia, far from the ocean, there is relatively
little precipitation and it is characterized by dryness overall. The seasonal climate shows
cold and dry winters and hot and arid summers. Because of the geographical location, the
temperature diversity between day and night in the Ferghana Basin is large, with hot days
and sudden drops at night, which influences the development of vegetation to a certain
extent. Figure 1 overviews the research region. The Ferghana Basin, one of the most densely
populated areas in Central Asia, is known as the “Fruit and Vegetable Basin of Central Asia”,
where irrigated agriculture and animal husbandry have been developed since ancient times,
and the main crops include cotton, wheat, grapes, alfalfa, and vegetables, etc. Dozens of
rivers, such as the Syrdarya, Karadarya, Sokh, and Isfara, have formed the most complex
water network in Central Asia in the Ferghana Basin. Figure 2 illustrates the variety of
land cover types in the Ferghana Basin, including grasslands, meadows, deserts, deserts,
agricultural lands, lakes, rivers, mountains, and forests, etc., which are interspersed with
each other and together form the rich and diverse natural landscape of the basin.
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Figure 2. Thirty-meter land cover types in the Ferghana Basin, 2010, 10—Rainfed cropland,
11—Herbaceous cover, 20—Irrigated cropland, 61—Open deciduous broadleaved forest, 62—Closed
deciduous broadleaved forest, 71—Open evergreen needle-leaved forest, 72—Closed evergreen needle-
leaved forest, 81—Open deciduous needle-leaved forest, 82—Closed deciduous needle-leaved forest,
120—Shrubland, 122—Deciduous shrubland, 130—Grassland, 140—Lichens and mosses, 150—Sparse
vegetation, 180—Wetlands, 190—Impervious surfaces, 200—Bare areas, 201—Consolidated bare areas,
202—Unconsolidated bare areas, 210—Water body, 220—Permanent ice and snow.

2.2. Data

Climatic Research Unit Timeseries (CRU TS) Version 4.07, one of the most extensively
adopted climate datasets, is manufactured by the UK’s National Centre for Atmospheric
Science. The CRU TS v4.07 dataset offers monthly information including the land surface
from 1901 to 2022 to 0.5◦ × 0.5◦ resolution worldwide. The impact of urbanization on
the data itself is not fully considered, which brings some uncertainty to the results and
conclusions of this study. However, the CRU data have been validated by numerous
studies [36,37].

The NDVI dataset is the latest release of the long sequence (1981–2015) normalized dif-
ference vegetation index product of the NOAA Global Inventory Monitoring and Modeling
System (GIMMS), version number 3g.v1, and the dataset is a long time series of NDVI data
acquired by NOAA’s Advanced Very High Resolution Radiometer (AVHRR) sensor. The
temporal resolution of the product is twice a month, while the spatial resolution is 1/12
of a degree. The temporal coverage is from July 1981 to December 2015. This dataset was
inverted from NOAA AVHRR satellite data, atmospherically corrected and geometrically
corrected, and eliminated other non-vegetation-related effects [38,39]. It has been widely
used in studies such as monitoring vegetation dynamics on a global or regional scale,
vegetation responses to climate change, and has achieved good results [40–42]. Therefore,
this study analyzes the land surface air temperature and precipitation in the Ferghana
Basin from 1982 to 2015. The partial correlation method was used to analyze the changes
in temperature and precipitation in the growing season in the Ferghana Basin, and the
kriging interpolation method of R language was used to interpolate the temperature and
precipitation data of the growing season in China, and the temperature and precipitation
data of the growing season in China were resampled to a resolution of 8 km. Format
change, coordinate change, data pruning, monthly maximum extraction, and NDVI truth
calculation are included in the preprocessing of NDVI data. Among them, the monthly
maximum data of NDVI were obtained by processing 15d data by the maximum synthe-
sis method [43]. Surface cover data for 2010 from the Earth’s Big Data Science Project
data-sharing service system [44].
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2.3. Statistical Analyses
2.3.1. Trend Analysis

The calculation of the interannual tendency of NDVI in the developing season was
made with univariate linear regression, and the definition of the linear regression equation
slope as the interannual tendency rate of NDVI was made. The slope gradient is calculated
with reference to Wang et al. [45]. slope < 0 and slope > 0 suggest growing and declining
NDVI sequences over time. In case of a bigger absolute value of slope, the variation in
NDVI will be faster during the developing season.

The Mann–Kendall (MK) test represents that it is not necessary to make prior concep-
tions about the statistical allocation of the data. The tendency and importance of the time
series are tested with the normalized statistic Z [46]. The importance of the tendency of
change is determined with the Mann–Kendall test. Based on the tendency of vegetative
cover variation characterized by the slope value, integrated with the outcomes of the test of
significance of the tendency of vegetation change, we took the statistic at the significance
of |Z| = 0.05 and |Z| = 0.01 as the critical value and categorized the trend of NDVI
change into six classes: highly great decline (slope < 0, |Z| > 2.58), great decline (slope < 0,
1.96 < |Z| ≤ 2.58), non-great decline (slope < 0, |Z| ≤ 1.96), non-great growth (slope > 0,
|Z| ≤ 1.96), great growth (slope > 0, 1.96 < |Z| ≤ 2.58), and highly great growth (slope > 0,
|Z| > 2.58).

2.3.2. Partial Correlation Analysis

Since both temperature and precipitation affect NDVI, the partial association discus-
sion removes the effect of the third variable and analyzes the association between the first
two variables only [47]. The formula is shown below:

rNDVIT·P =
rNDVIT − rNDVIPrTP√
1 − r2

NDVIP

√
1 − r2

TP

(1)

rNDVIP·T =
rNDVIP − rNDVITrTP√
1 − r2

NDVIT

√
1 − r2

TP

(2)

which denotes the partial association parameter between NDVI and T after excluding the
effect of P, denotes the partial association parameter between NDVI and P after ruling
out the effect of T, when T means air temperature and P is precipitation. On the basis of
the calculated partial association parameters, the significance was tested with the t-test,
and the degree of association between vegetation NDVI and climate factors was classified
as follows: r > 0, highly great positive association (P < 0.01), great positive association
(0.01 ≤ P < 0.05), and not great positive association (P ≥ 0.05); r < 0, highly great negative
association (P < 0.01), great negative association (0.01 ≤ P < 0.05), and not great positive
association (P ≥ 0.05); r < 0, highly great negative association (P < 0.01), great negative
association (0.01 ≤ P < 0.05), and non-great negative association (P ≥ 0.05).

2.3.3. Multiple Regression Residual Analysis

The roles and related effect of human events and climate variation on a vegetative
cover NDVI shift were researched with multiple regression residual analysis [48,49]. The
approach mostly consists of the three procedures: (1) On the basis of the NDVI of the
developing season and the interpolated time series information of temperature and rainfall,
the calculation of the coefficients in the model is made by setting up a binary linear
regression model. (2) On the basis of the temperature and rainfall information and the
coefficients of the regression model, the calculation of the forecast value of NDVI (NDVICC)
was made, which was adopted to stand for the role of climate elements in vegetative cover
NDVI. (3) The role of human activities in vegetative cover NDVI was represented by the
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calculation of the diversity between the NDVI observations and the NDVICC, i.e., the NDVI
residuals (NDVIHA). The given calculation formula is shown below:

NDVICC = a × T + b × P + c (3)

NDVIHA = NDVIobs − NDVICC (4)

where NDVICC and NDVIobs mean the NDVI prediction value on the basis of the regression
model and the NDVI observation value on the basis of remote sensing figures (dimen-
sionless). a, b, and c mean model coefficients; T and P mean the mean temperature and
cumulative rainfall during the developing season, and the units are mm and mm, respec-
tively. NDVIHA means the residual.

2.3.4. Determination and Impact of the Driving Elements of Vegetation NDVI Variation

The linear tendency rates of NDVICC and NDVIHA represent the tendency of NDVI in
the developing season, influenced by climate variation and human events. The positive
tendency rate indicates that climate variation or human events can drive the growth of
vegetation NDVI, which plays a driving role in vegetation restoration. On the contrary, it
will result in the decline in vegetation NDVI and inhibit vegetation restoration. For better
evaluating the role of climate variation and human events in vegetative cover development,
the effects of NDVICC and NDVIHA were fallen into great control, moderate control, slight
control, almost no influence, slight control, moderate control, and great advancement
(Table 1). In addition, Table 2 identified the major driving agents of NDVI variation in the
developing season in the Ferghana Basin, and the calculation of the related effort rate of
climate variation and human events to the NDVI variation in the developing season was
made [50,51].

Table 1. Categorization of the influences of climatic variation and human events on vegetative cover
recovery (10−3·a−1).

Slope
(NDVI) 1 <−2.0 −1–0.8 −0.8–0.4 −0.4–0.2 0.2–1.0 1.0–2.0 ≥2.0

Level of
impact Great control Moderate

control Slight control Basically no
influence Slight driven Moderately

driven
Greatly
driven

Note: 1 Growing season NDVI change under the influence of climate change or human activities trends, i.e.,
slopes (NDVICC) or slopes (NDVIHA).

Table 2. Recognition standard and effort calculation of the driving agents of NDVI variation.

Slope (NDVIobs) a Drivers
Criteria for Dividing the Drivers Contribution of Drivers (%)

Slope (NDVICC) b Slope (NDVIHA) c Climatic Change Human Activities

>0

CC and HA >0 >0 slope (NDVICC)
slope (NDVIobs)

slope (NDVIHA)
slope (NDVIobs)

CC >0 <0 100 0

HA <0 >0 0 100

<0

CC and HA <0 <0 slope (NDVICC)
slope (NDVIobs)

slope (NDVIHA)
slope (NDVIobs)

CC <0 >0 100 0

HA >0 <0 0 100

Note: a–c mean the tendency rate of developing season NDVI discoveries on basis of remote sensing data, the
tendency rate of developing season NDVI predictions on basis of binary regression analysis, and the tendency
rate of growing season NDVI residuals. Among them, b and c mean the tendency of NDVI in the developing
season, influenced by climate variation and human events.
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2.3.5. Criteria for Deciding the Driving Elements of Vegetation NDVI Variation and
Calculation Approach for Contribution Rate

Here, we provide the criteria for determining the driving factors of vegetation NDVI
variation and the method for calculating contribution rates (Table 2).

2.3.6. Coefficient of Variation (CV) Stability Analysis

In this paper, the coefficient of the variation of vegetation NDVI was calculated based
on the pixel scale, which was used to evaluate the stability of the vegetation on time
series [43]. The formula is as follows:

CV =
σ

µ
(5)

where σ—NDVI standard deviation and µ—NDVI average.
When the CV value is larger, it means that the data are more volatile and the interannual

variation of vegetation NDVI is greater. On the contrary, the data volatility was small,
and the interannual variation of vegetation NDVI was relatively stable. The stability
of vegetation NDVI was divided into five categories: low fluctuation (CV < 0.05), low
fluctuation (0.05 ≤ CV < 0.1), moderate fluctuation (0.10 ≤ CV < 0.15), high fluctuation
(0.15 ≤ CV ≤ 0.20), and high fluctuation (CV > 0.20).

3. Results
3.1. Temporal Variation Characteristics of NDVI during the Growing Season

Average developing season NDVI values in the Ferghana Basin displayed a fluctuating
increasing tendency from 1982 to 2015, with an increasing trend in 1982–1999 (with a growth
rate of up to 0.027/10a) and a decreasing trend from 2000 onwards (Figure 3). During the
research period, the mean developing season NDVI in the research area varied in the range
of 0.174–0.303, with an inflection point in the year 2000 and a decreasing trend thereafter.
Overall, the average growing season NDVI trend rate in the Ferghana Basin from 1982 to
2015 was 0.004/10a.
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Figure 3. Interannual change of NDVI during developing season in the Ferghana Basin from 1982
to 2015.

3.2. Characteristics of Spatial Variation of Vegetation NDVI in the Growing Season
3.2.1. Characteristics of Spatial Distribution of Vegetation NDVI in the Growing Season

The variation range of NDVI in the Ferghana Basin varied from −0.0423 to 0.5328, and
on the basis of the spatial allocation of NDVI (Figure 4), there was high vegetation cover in
the Ferghana Basin in the medium and low in the north and south. The NDVI was classified
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according to low (NDVI < 0.1), medium (0.1 ≤ NDVI < 0.3), and high (NDVI ≥ 0.3), and
the number of pixels with various densities of vegetative cover was counted, and their
percentages were calculated. The proportion of vegetative cover in the Ferghana Basin
from low to high was 3.95% for low density, 66.23% for medium density, and 29.82% for
high density.
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Figure 4. Spatial distribution of multi-year mean NDVI in vegetation growing season from 1982
to 2015.

3.2.2. Analysis of the Trend of NDVI in the Growing Season

As shown in Figure 5, the NDVI trend of vegetation in the Ferghana Basin from
1982 to 2015 ranged from −7.0 × 10−3/a1 to 9.0 × 10−3/a1, with the upward trend being
larger than the downward trend, accounting for 56.56%. Among them, 15.74% were highly
significant increases and 8.70% were significant increases; 43.44% were decreasing trends,
5.84% were significant decreases, and 0.06% were highly significant decreases.
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Figure 5. Significant distribution of NDVI changes in vegetation growing season from 1982 to 2015.
(A): NDVI trend, (B): NDVI Trend Significance.

3.2.3. Stability Characteristics of NDVI in Growing Season

According to Equation (5), the coefficient of variation CV of NDVI was calculated
image-by-image for the period of 1982–2015 and categorized into five classes according
to the magnitude of CV: low fluctuating variation, relatively low fluctuating variation,
medium fluctuating variation, relatively high fluctuating variation, and high fluctuating
variation (Table 2). As can be seen in Figure 6 and Table 3, the pattern of NDVI fluctuations
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is reflected by the coefficient of variation: the high fluctuation region is 35.66%, which is
mainly distributed in the north of Jalalabad, the south of Leninabad, and the southeast
of Osh; the relatively high fluctuation region is 16.66%, which is distributed in all the
study areas; the relatively low fluctuation region is 21.18%, which is mainly distributed
in Andijan, Ferghana, and Namangan; the medium fluctuation region is 25.07%, mainly
distributed in south Jalalabad, northwestern Osh, and northwestern Batken; and the low
volatility is less distributed with a percentage of 1.43% of the region.
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Table 3. Coefficients of variation of NDVI for 34a years in the study area.

Degree of Variation Range of Variation of Cv Pixel Percentage (%)

Low volatility variations CV < 0.05 1.43

Relatively low volatility of
variations 0.05 ≤ CV ≤ 0.10 21.18

Moderately volatile variations 0.10 ≤ CV < 0.15 25.07

Relatively high volatility of
variations 0.15 ≤ CV ≤ 0.20 16.66

High volatility variations CV > 0.20 35.66

3.3. Climate Response of NDVI during the Growing Season
Correlation between NDVI and Climatic Factors during Growing Season

With global warming, the warming tendency in the research region from 1982 to 2015
was significant (Figure 7A), and in the meantime, the rainfall in the research region also
showed a declining tendency, with an April–October average temperature growing rate of
0.0712 ◦C·a−1 and an April–October rainfall decreasing rate of −0.1938 mm·a−1. Figure 7B
illustrates the upward trend in both the annual precipitation and average annual temper-
ature. Using the partial association analysis approach, the calculation of the significance
areas of the partial association between the developing season NDVI and the developing
season temperature and rainfall was made on the basis of image elements from 1982 to
2015, as shown in Figure 8. The areas of positive association between the average increasing
season NDVI and the average increasing temperature and precipitation accounted for
65.26% and 17.00% of the research area, and the areas associated with precipitation are
smaller than temperatures.



Remote Sens. 2024, 16, 1296 10 of 19Remote Sens. 2024, 16, 1296  10  of  19 
 

 

 

Figure 7. Interannual and growing season variations in climate factors in the study area, 1982−2015. 

(A): April−October factors; (B): Annual factors. 

 

Figure 8. Spatial distribution of biased correlations between NDVI and climate factors for growing 

season vegetation  from 1982−2015.  (A): Growing  season NDVI  is biased with precipitation;  (B): 

Growing season NDVI is biased with temperature. 

As shown in Figure 9A–F and Table 4, in spring, a positive association between veg-

etation NDVI and temperature and rainfall in 77.90% and 51.73% of the research area was 

found; there was a positive relationship between temperature and rainfall in 38.21% and 

61.85% in summer; and there was a positive relationship between temperature and rainfall 

in 27.28% and 5.83% in autumn, indicating that most of the areas of temperature and rain-

fall in spring and summer jointly affected vegetation NDVI, and a small part of the areas 

of temperature and precipitation in autumn affected vegetation NDVI. 

Figure 7. Interannual and growing season variations in climate factors in the study area, 1982−2015.
(A): April−October factors; (B): Annual factors.

Remote Sens. 2024, 16, 1296  10  of  19 
 

 

 

Figure 7. Interannual and growing season variations in climate factors in the study area, 1982−2015. 

(A): April−October factors; (B): Annual factors. 

 

Figure 8. Spatial distribution of biased correlations between NDVI and climate factors for growing 

season vegetation  from 1982−2015.  (A): Growing  season NDVI  is biased with precipitation;  (B): 

Growing season NDVI is biased with temperature. 

As shown in Figure 9A–F and Table 4, in spring, a positive association between veg-

etation NDVI and temperature and rainfall in 77.90% and 51.73% of the research area was 

found; there was a positive relationship between temperature and rainfall in 38.21% and 

61.85% in summer; and there was a positive relationship between temperature and rainfall 

in 27.28% and 5.83% in autumn, indicating that most of the areas of temperature and rain-

fall in spring and summer jointly affected vegetation NDVI, and a small part of the areas 

of temperature and precipitation in autumn affected vegetation NDVI. 

Figure 8. Spatial distribution of biased correlations between NDVI and climate factors for grow-
ing season vegetation from 1982−2015. (A): Growing season NDVI is biased with precipitation;
(B): Growing season NDVI is biased with temperature.

As shown in Figure 9A–F and Table 4, in spring, a positive association between
vegetation NDVI and temperature and rainfall in 77.90% and 51.73% of the research area
was found; there was a positive relationship between temperature and rainfall in 38.21%
and 61.85% in summer; and there was a positive relationship between temperature and
rainfall in 27.28% and 5.83% in autumn, indicating that most of the areas of temperature
and rainfall in spring and summer jointly affected vegetation NDVI, and a small part of the
areas of temperature and precipitation in autumn affected vegetation NDVI.
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Table 4. Percentage of image elements correlating vegetation NDVI deviation with precipitation and
temperature in spring, summer, and autumn.

Significant Correlation

Pixel Percentage (%)

Spring
Temperature-

NDVI

Spring
Precipitation-

NDVI

Summer
Temperature-

NDVI

Summer
Precipitation-

NDVI

Autumn
Temperature-

NDVI

Autumn
Precipitation-

NDVI

No significant negative
correlation 20.78 43.57 53.61 36.97 70.02 56.84

Significant negative
correlation 0.88 3.39 5.75 0.83 2.62 17.06

Extremely significant
negative correlation 0.44 1.32 2.43 0.36 0.08 20.27

Extremely significant
positive correlation 9.29 2.70 1.18 0.71 0.00 5.83

Significant positive
correlation 14.19 5.46 2.55 3.26 0.08 0.00

No significant positive
correlation 54.43 43.57 34.48 57.88 27.20 0.00

3.4. Vegetation Driving Force Analysis
3.4.1. Spatial Distribution of Vegetation Driving Forces

According to Figure 10, big spatial heterogeneity in the roles of climate shift and
human events in NDVI variations in the Ferghana Basin is observed. The role of both
factors in changes in NDVI also varies widely for the same region. Overall, about 35.83% of
the area in the Ferghana Basin showed that climate variation did not significantly influence
the variation of NDVI during the developing season. About 46.94% of the field included
where climate variation made contributions to the growth of NDVI in the developing
season, and about 11.22% of the area played a moderate and obvious role in promoting the
growth season. In about 17.23% of the areas, climate change inhibited the development
of NDVI in the developing season, and 16.83% of the areas had moderate and obvious
inhibitory effects (Figure 10 and Table 5). In about 42.01% of the field, human activities were
in favor of the growth of NDVI during the developing season (Figure 10B and Table 5). In
comparison with the role of climate variation, the region where human events were in favor
of the development of NDVI in the developing season occupied a smaller ratio. According
to further calculations, climate variation and human events influence the variation of
NDVI in the average developing season in the Ferghana Basin—0.25 × 10−3·a−1 and
3.47 × 10−3·a−1, respectively. On the basis of the above results, climate variation and
human events in the research area have the largest area promoting NDVI during the
developing season.
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Figure 10. Spatial distribution of the impacts of climatic change and human activities on vegetation
restoration in Ferghana Basin during 1982–2015. (A): Climate change; (B): Human activities.

Table 5. Spatial image metric share of the impact of climate change and human activities on vegetation
restoration in the Ferghana Basin, 1982–2015.

Impact on
Vegetation
Restoration

Pixel Percentage (%)

Significant
Inhibition

Moderate
Inhibition

Slight
Inhibition

Basically No
Impact

Slight
Promoted

Moderately
Promoted

Significantly
Promoted

Climatic change 41.84 16.94 21.92 3.43 2.92 4.12 8.82
Human activities 6.12 6.47 12.82 8.13 12.42 12.65 41.39

Figure 11 and Table 6 show that about 44.08% of the area in the Ferghana Basin displays
that the integrated role of climate variation and human events is the driving element for
the development of NDVI in the developing season. The field of the developing season
NDVI increase brought by climate change alone occupied about 8.7%, and the area of the
developing season NDVI increase brought by human activities alone occupied about 5.27%.
In addition, about 27.65% of the area of the Ferghana Basin shows that the integrated roles
of climate variation and human events are the driving elements for reducing NDVI in the
developing season. The area of the developing season NDVI decline brought by climate
variation alone and human activities alone occupied about 1.09% and 12.36%, and there was
a relatively scattered distribution. Generally, the integrated effects of human events and
climate variation in the Ferghana Basin area mainly explain the development of vegetative
cover NDVI in the Ferghana Basin in the previous 34 years.

Table 6. Spatial distribution of drivers of vegetation cover changes in the Ferghana Basin, 1982–2015,
as a percentage of statistical metrics.

NDVI Trend Driving Force Pixel Percentage (%)

>0
CC and HA 44.08

CC 8.70
HA 6.13

<0
CC and HA 27.65

CC 1.09
HA 12.36
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Figure 11. Spatial distribution of driving factors of vegetation cover change in the Ferghana Basin
from 1982 to 2015 (CC and HA refer to climate change and human activities, respectively), ↑ represents
an increase, ↓ represents a decrease.

3.4.2. Relative Contributions of Different Drivers to Vegetation NDVI Change

Figure 12 and Table 7 show that 62.32% of the field showing a positive effort rate of
climate variation to vegetative cover NDVI variation in the Ferghana Basin is positive.
Among them, the area in the range of 20–40% of the effort rate of climate variation is
larger, accounting for about 34.34% of the overall region. The region with an effort rate of
above 80% accounts for appropriately 3.87%. The effort rate of human events to the NDVI
variation of vegetative cover in the Ferghana Basin is positive, occupying appropriately
93.29% of the region (Figure 12). Among them, the field with a positive effort rate of human
events was the largest in the scope of 60–80%, accounting for 31.78%. The negative effort of
human events to the NDVI variation of vegetative cover in the Ferghana Basin accounts for
about 6.71%. In most regions, vegetative cover NDVI showed the greater effort of human
events to the growth than climate variation. According to the average tendency of NDVI in
the actual developing season and the mean tendency of NDVI in the developing season
affected by climate variation and human events, the effort of climate variation and human
events to the mean NDVI variation in the developing season in the Ferghana Basin is about
6.72% and 93.28%, respectively.

Table 7. Spatial distribution of the contribution of climate change and human activities to changes in
vegetation cover in the Ferghana Basin, 1982–2015, like meta-percentages.

Contribution Rate
(%)

Pixel Percentage (%)

≤−20 −20−0 0−20 20−40 40−60 60−80 80−100

Climate change 24.43 4.52 5.88 13.57 16.97 16.29 18.33
Human activities 26.36 12.21 12.21 12.21 16.28 11.43 9.30
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Figure 12. Spatial distribution of the contribution rate of climate change and human activities to
vegetation cover change in the Ferghana Basin from 1982 to 2015. (A): Climate change; (B): Human
activities.

4. Discussion
4.1. Image Element-Based, Temporal, and Spatial Change in Vegetation NDVI

This research observed that the overall weak fluctuating upward tendency of NDVI in
the developing season of vegetation in the Ferghana Basin over the last 34 years conforms
to the outcomes of the NDVI growth tendency of vegetation in Central Asia, but in this
paper, we found that there was an inflection point in 1999, and then a decreasing trend
afterward [52]; In their 1982–2002 study, Suo Yuxia et al., (2009) observed that 39.97% of
the vegetation (GIMMS-NDVI) in Central Asia displayed a growing tendency and 6.47%
displayed a declining tendency [53]. In the present study, it was found that 24.44% of
the vegetation NDVI in the Ferghana Basin significantly increased and 5.9% significantly
decreased, while the areas of high fluctuation contain areas of significantly increased
vegetation NDVI, which is inconsistent with the outcomes of research on NDVI changes in
Central Asia. The above differences may be associated with the extent of the research area
and time period.

4.2. Vegetation NDVI Response to Climate Variation

In the current research, the growing trend in annual rainfall and the mean annual air
temperature in the Ferghana Basin from 1982 to 2015 with a warm and humid trend were an-
alyzed, which conforms to the general trend of warming and humidification in Central Asia.
This research analyzed the association between the vegetative cover NDVI (April–October)
reaction to meteorological factors (temperature and precipitation) in 1982–2015 with partial
correlation. The outcomes of the analysis displayed that 15.97% of the vegetation NDVI
was greatly precorrelated with air temperature and 19.52% was greatly related to rainfall,
which may be associated with the differential climate variation related to the research
area [54]. The response of meteorological factors to vegetation NDVI in spring, summer,
and winter was further analyzed using partial correlation. In spring, the temperature and
precipitation together promoted vegetation NDVI, in which 77.90% of vegetation NDVI
was positively related to temperature, and 51.73 was positively related to precipitation. In
summer, due to the continental arid climate of the study area, 61.79% of vegetation NDVI
was negatively related to temperature, and 61.85% was positively related to precipitation,
during which evapotranspiration increased and vegetation water demand was high. In
autumn, air temperature and rainfall were mainly negatively related to vegetation NDVI,
which inhibited the growth of vegetation NDVI. Precipitation and temperature are the
main drivers of vegetation dynamics. In the arid and semi-arid regions of Central Asia,
precipitation has a greater impact on vegetation than temperature [55]. Figures 9 and 10
illustrate the positive correlation between both temperature and precipitation on vegetation
NDVI in some regions. This indicates that both warmer temperatures and increased precip-
itation favor improved vegetation, but that temperature has a greater effect on vegetation
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than precipitation. This is due to the fact that precipitation is scarce in the study area and
the vegetation is mostly crops, woodlands, etc. Therefore, changes in precipitation have
less impact on the vegetation.

The above outcomes conform to the physiological mechanisms of vegetative cover
NDVI fertility. In the Ferghana Basin in the last 34 years, the effects of earthquakes, floods,
and droughts have disrupted the normal increase in vegetation, leading to a decline in
vegetative cover NDVI [56]. The reaction of vegetative cover NDVI to climatic elements
in various geographical areas is more complex, and temperature and rainfall, which exert
the greatest impact on vegetation development, were selected for analysis, but humidity
and sunshine also affect the changes in vegetation NDVI [57], which will be considered in
the future.

4.3. Drivers of Vegetation NDVI from Human Events and Climate Variation

This paper displays that the integrated role of climate variation and human events
is responsible for the recovery of vegetative cover in most parts of the Ferghana Basin.
In addition, climate warming lengthens the vegetative cover development cycle while
driving the breakdown of soil organic matters and the discharge of nutrients, favouring
accelerated vegetative cover increase [58]. In addition, human activities including enhanc-
ing agricultural administration (e.g., fertilizer and irrigation) and carrying out vegetative
cover building projects can usefully grow vegetative cover locally or even regionally [59].
While inhibiting the growth of vegetative cover, climate variation and human activities
can even result in a more pronounced degradation of vegetative cover in several areas of
the Ferghana Basin (Figure 8). It is noteworthy that climate variation negatively affects
vegetation changes in several areas (Figure 8 climate change). In addition, there are more
obvious negative influences of human events on vegetative cover variations in big urban
agglomerations (Figure 8 human activities), which is often due to the encroachment of
urbanization growth on agricultural land, forest land, etc. [29]. A large number of studies
have shown that climate change and human activities are the main drivers of NDVI changes
in vegetation in Central Asia, and the results of this study are consistent with previous
studies. Thus, the complex influences of climate variation and human events are crucial for
the spatial allocation of NDVI variations in the vegetation of the Ferghana Basin.

However, the current large-scale studies based on spatial data including remote
sensing images are still restricted by the data’s low spatial and temporal resolution and
the small number of meteorological stations [60]. Moreover, although the research on
separating the roles of human activities in vegetative cover NDVI variation had extensively
adopted the multiple regression residual analysis approach, it still has several demerits in
itself. For instance, while setting up various regression equations between climate elements
and NDVI, how to choose climate factors properly is still inconclusive [61]. Additionally,
when mentioning human activities, the given parts of human activities have not been
considered [62]. Because of the differences in the reaction of vegetation development to
different affecting elements in various regions, the above issues and defects can be hardly
solved in large-scale studies, which creates some uncertainty in the results. Refining the
drivers of vegetation variation, identifying the association between every element and
vegetation variation, and assessing the precision of the outcomes through field surveys will
assist in reducing the above uncertainties. Overall, the influences of anthropogenic and
climate variation on vegetative cover changes and their driving systems at the Ferghana
Basin scale still need to be further investigated.

5. Conclusions

Based on temperature, precipitation, and NDVI data, using partial correlation, trend
analysis of change, and multiple regression residual analysis, this paper presents a multi-
scale discussion on the reaction and drivers of vegetation NDVI variation to meteorological
elements and the corresponding contributions in the Ferghana Basin from 1982 to 2015.
The major conclusions are presented below:
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(1) The total fluctuating tendency of vegetation NDVI in the developing season in
the Ferghana Basin from 1982 to 2015 is increasing, with a growing trend in vegetation
NDVI from 1982 to 1999 and a declining trend from 2000 onwards. The average trend rate
was 0.4 × 10−3 a−1, but there was a large spatial variation. Divided according to different
densities of vegetation, medium densities dominated the research area, and the tendency
of vegetative cover NDVI in the developing season was dominated by a growing trend.
(2) The roles of climate variation and human events in the NDVI variation of vegetative
cover in the Ferghana Basin are highly spatially varied, but both are dominated by positive
influences. The positive influences of human events on vegetative cover NDVI variation
are greater than those of climate variation. Overall, the influences of climate variation
and human events on the average growing season NDVI variation in the Ferghana Basin
from 1982 to 2015 were 0.25 × 10−3 a−1 and 3.47 × 10−3 a−1. The integrated roles of
climate variation and human events are the major driving agents of NDVI variations in
vegetative cover in the Ferghana Basin over the last 34 years. (3) Big spatial heterogeneity
in the corresponding efforts of climate variation and human events to the vegetative cover
NDVI shift in the Ferghana Basin is observed, and the related efforts of climate variation
and human events to the vegetative cover NDVI variation in the Ferghana Basin during
the developing season over the last 34 years are 6.72% and 93.28%. (4) The percentage
of area with moderately volatile variations, a relatively high volatility of variations, and
a high volatility of variations in NDVI of vegetation in the Ferghana Basin during the
growing season is 77.39%, and the percentage of area with a low volatility of variations and
a relatively low volatility of variations is 22.61%.
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