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Abstract: Vegetation is known to be sensitive to both climate change and anthropogenic disturbance
in the karst region. However, the relationship between an abrupt change in vegetation and its driving
factors is unclear at multiple timescales. Based on the non-parametric Mann-Kendall test and the
ensemble empirical mode decomposition (EEMD) method, the abrupt changes in vegetation and
its possible relationships with the driving factors in the karst region of southwest China during
1982–2015 are revealed at multiple timescales. The results showed that: (1) the Normalized Difference
Vegetation Index (NDVI) showed an overall increasing trend and had an abrupt change in 2001.
After the abrupt change, the greening trend of the NDVI in the east and the browning trend in the
west, both changed from insignificant to significant. (2) After the abrupt change, at the 2.5-year
time scale, the correlation between the NDVI and temperature changed from insignificantly negative
to significantly negative in the west. Over the long-term trend, it changed from significantly
negative to significantly positive in the east, but changed from significantly positive to significantly
negative in the west. The abrupt change primarily occurred on the long-term trend. (3) After the
abrupt change, 1143.32 km2 farmland was converted to forests in the east, and the forest area had
significantly increased. (4) At the 2.5-year time scale, the abrupt change in the relationships between
the NDVI and climate factors was primarily driven by climate change in the west, especially rising
temperatures. Over the long-term trend, it was caused by ecological protection projects in the east,
but by rising temperatures in the west. The integration of the abrupt change analysis and multiple
timescale analysis help assess the relationship of vegetation changes with climate changes and human
activities accurately and comprehensively, and deepen our understanding of the driving mechanism
of vegetation changes, which will further provide scientific references for the protection of fragile
ecosystems in the karst region.

Keywords: EEMD; Mann-Kendall; ecological protection project; driving factors

1. Introduction

Vegetation is an important component of terrestrial ecosystems and a sensitive indicator of an
ecosystem’s status [1–3]. Knowledge of changes in vegetation can facilitate an understanding of
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land cover types to more thoroughly comprehend the Earth’s climate system and help develop more
sustainable strategies and policies for ecosystem management. Thus, it is essential and necessary
to monitor temporal and spatial variations in vegetation to reveal their contributions to global
climate cycles [4]. A large number of studies have focused on trends of vegetation changes [5,6].
However, vegetation changes are nonlinear and nonstationary, and the distribution pattern and
parameters (e.g., mean, variance) are dependent on time, and thus have the characteristics of abrupt
changes and quasi-periodic changes at different timescales [6–8]. Affected by extreme events, such as
extreme temperature and rainfall, drought, fire and insect infestation, gradual change in vegetation
may stall or reverse over time. In such cases, if the change is significant in slope, it is defined as an
abrupt change [9–11]. Moreover, China’s ecological projects (the Natural Forest Projection Project,
the Grain to Green Project, and the Karst Rocky Desertification Restoration Project) can also lead
to abrupt changes in vegetation dynamics in China. Abrupt changes, from greening to browning,
are prone to cause vegetation degradation. It is difficult to restore, particularly in fragile ecosystems,
and thus would bring catastrophic consequences to the ecosystem [12–14]. Although some studies have
shed light on abrupt changes in vegetation, they have not revealed the possible driving factors from the
perspective of various time scales [4,7]. Vegetation changes and their driving factors are characteristic
by multiple time scales, and their relationships are also scale-dependent [15]. Therefore, the study
of abrupt changes in vegetation and their possible relationship to climate changes. Using a multiple
timescales analysis will help determine the dominant time-scale and the primary driving factors of
such abrupt changes. Such an investigation will provide further constructive theoretical support for
vegetation ecological protection and prevention in ecologically vulnerable region.

Factors that affect the temporal and spatial change trends in vegetation are called driving
factors [16,17]. The temporal and spatial variability in vegetation can be attributed to the heterogeneity
of climate change or to human influence or both [18–20]. Climate change controls the long-term
dynamics and broad-scale distributions of vegetation. For example, changes in temperature and
precipitation may affect the evapotranspiration of vegetation, which is generally considered an
important biophysical factor that influences vegetation growth [5,21]. It is now widely recognized
that ecosystems are nonlinear and nonstationary, and vegetation responds to climate in a complex,
and nonlinear fashion [22]. A single time-scale analysis cannot comprehensively reveal vegetation
response to climate change without considering some important information on other time scales [23].
Recently, studies have focused on the relationship between vegetation and climate from the perspective
of different time-scales [6]. In fact, time series of vegetation and climate variables, whether monthly,
seasonally, or annually, are usually nonstationary and contain different frequency components, such as
short-term and long-term fluctuations [24,25]. It is necessary to choose a suitable method to divide
these nonstationary time series into multiple time scale changes. Additionally, human activities have
the potential to drive significant changes in vegetation at different time scales [26–28]. Thus, multiple
time-scale analysis is necessary to assess the relative importance of climate change and human activities.
In recent years, several studies have focused on the relationships between vegetation and climate
change at multiple time scales [15,23,29]. It is still not clear how the relationship between vegetation
and climate change before and after the abrupt changes point, and what are the driving forces of the
abrupt changes at different timescales.

There are several methods for studying abrupt change in vegetation, such as the moving T-test
(MTT), Crammer’s method, Yamamoto method, the breaks for additive season and trend (BFAST),
and the Mann-Kendall test [30–35]. The MTT method, Crammer’s method, and Yamamoto method
are famous for intuitionistic, simple, and convenient uses, but the results may be different because
of the artificial reasons [34]. Therefore, it should depend on the Mann-Kendall method to accurately
examine the occurrence of abrupt changes. The breaks for additive season and trend (BFAST) algorithm
has been developed to identify long term trends and abrupt changes (breakpoints) in time series,
while explicitly accounting for the seasonal component [30], which is more widely applied for the study
of the seasonal vegetation changes. The rank-based non-parametric Mann-Kendall (MK) statistical test,
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originally proposed by Mann and later reformulated by Kendall, has commonly been used to assess
the significance of trends [36,37]. It is not only used for detecting trends, but also for the detection
of abrupt changes [35]. In addition, it is now widely used in runoff, temperature, precipitation,
and vegetation abrupt change analysis [38–40], and it is more commonly applied for the study of
inter-annual vegetation abrupt changes [41]. The purpose of this paper is to study the abrupt change in
vegetation on the annual scale, the data used in this study were not seasonal, so the Mann-Kendall test
was used to explore abrupt changes in vegetation. EEMD is a suitable algorithm, which together with
the typical empirical mode decomposition (EMD), can be adopted to divide a non-stationary time series
into a finite set of components with decreasing frequency and a residual trend [42–44]. These combined
algorithms can reveal more underlying physical information in nonlinear and nonstationary vegetation
time series [22]. The effectiveness of EEMD in reveling the inter-annual dynamics and trends in
vegetation changes has been firmly demonstrated [3,22,45,46].

The southwest karst region of China is famous for having the largest continuous karst landform
in the world [47]. About 0.13 million km2 of karst area previously covered by vegetation and soil
was converted into a rocky landscape, which has seriously threatened the productivity of the area’s
agriculture and the sustainability of the local ecosystem [48]. It is one of the most fragile regions with a
low environmental capacity and poor self-recovery capability, and thus the vegetation in this region is
sensitive to the extreme events of climate change. Once mutated, the vegetation is difficult to recover,
especially when vegetation degradation occurs. At the same time, ecological projects, such as the
Grain to Green Project, and the Karst Rocky Desertification Restoration, were launched at the end of
the 1990s in the region, with an aim to increase forest and vegetation coverage. These projects may
also combat ecological degradation by reducing human activity pressures, and cause the vegetation
to change from degradation to recovery [49,50]. Therefore, studying abrupt changes in vegetation
and elucidating out the primary driving factors are beneficial to protecting fragile ecosystems and
assessing the effectiveness of ecological engineering in the region. Moreover, with multiple time- scale
analysis, it will help correctly assess the relationship between vegetation change and driving factors in
the karst region to reveal the dominant time scale of the abrupt change and its primary driving factors.
Our previous study analyzed the driving factors of vegetation change from multiple time scales [23],
but abrupt changes in vegetation and its correlation with climate change and ecological engineering
has not yet been considered.

In this study, in order to assess the abrupt change in vegetation and its relationship to climate
change and ecological engineering, and to ensure sustainable development in fragile environments, the
Mann-Kendall test was used to detect the abrupt changes, and the EEMD method and correlation analysis
were used to reveal the relationship of vegetation changes with climate changes and ecological engineering
before and after abrupt changes at different timescales. More specifically, the aims of this study are the
following: (1) to statistically detect abrupt changes in vegetation during the past three decades using the
Mann-Kendall test; (2) to explore the changes of the relationship between NDVI and climatic changes
before and after the abrupt changes pixel by pixel across the different timescales, to determine the role of
the climate changes and at which timescale the abrupt change occur; (3) by comparing land use changes
before and after abrupt change to determine the role of the ecological engineer in abrupt changes in
vegetation. To this end, Sections 2.1 and 2.2 describes the study area and data resource. We follow
Sections 2.3–2.5 with a brief introduction of the methods. In Section 3.1, the temporal and spatial changes
in vegetation and its abrupt change were analyzed. In Sections 3.2 and 3.3, we explore the changes of
the relationship between NDVI and climatic changes before and after the abrupt changes pixel by pixel
on the whole period and the different timescales. In Section 3.4, by comparing land use changes before
and after abrupt change to determine the role of the ecological engineer in abrupt changes in vegetation.
Finally, we draw a discussion and conclusions in Sections 4 and 5.
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2. Materials and Methods

2.1. Study Area

The southwestern karst region of China (97◦26′E–112◦03′E, 21◦9′N–34◦22′N) includes Guangxi
Province, Yunnan Province, Guizhou Province, Sichuan Province, and Chongqing municipality
(Figure 1), with an area of 470,000 km2. This region experiences a subtropical and tropical monsoon
climate and the areas border the Tropic of Cancer, with a mean annual temperature of 20 ◦C and
precipitation of 1450 mm [15]. The karst area in this region is approximately 63.5%, which is vulnerable
to soil erosion and threatened by rock desertification [48]. Vegetation in Karst area is easy to be destroy,
but hard to restore. The terrain of the study area is dominated by mountains, and the elevation
decreases from the southeast to the northwest, ranging in a large scope. Due to the widely distributed
mountains, there are differences in temperature, precipitation, vegetation types, and elevation in this
karst region. The current land use types of this region are croplands, and mixed forests that have
resulted from long-term anthropogenic activity and a highly dense population [51]. These natural and
social characteristics of this region are the possible provide a unique terrestrial ecosystem for studying
how vegetation dynamics respond to climate change and human activities.
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Figure 1. Location of the study area; and the spatial distribution of temperature, precipitation,
vegetation types, elevation, and meteorological stations in southwestern China.

2.2. Data Sources

The normalized difference vegetation index (NDVI) as an indicator of the vegetation greenness,
has proven to be particularly useful for monitoring and characterizing the response of vegetation across
a wide range of time periods, from abrupt natural events to seasonal variability of plant phenology
caused by changes in temperature and abundant rainfall [52]. In this study, AVHRR NDVI3g, from the
Global Inventory Modeling and Mapping Studies, was selected to monitor long-term trends in
vegetation activity. The NDVI3g time series is an improved 8-km normalized difference vegetation
index (NDVI) data set produced from the Advanced Very High Resolution Radiometer, which is
provided by the Ecological Forecasting Lab at NASA Ames Research Center [53]. The dataset is a global
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composite product that spans from July 1981 to December 2015 with a spatial resolution of 1/12◦ and a
bi-weekly interval [54]. It has been corrected for orbital drift, sensor calibration, viewing geometry,
volcanic aerosols, atmospheric water vapor and cloud cover, and other errors unrelated to vegetation
change [55]. NDVI has negative values in the place covered by cloud, water and snow, and thus
will be affected by the atmosphere (cloud, water-vapour, and aerosols). To minimize the influence
of the atmosphere and of the viewing and illumination conditions, the maximum value composite
(MVC) technique was developed by Holben (1986), which has been widely used in many previous
studies to deal with the NDVI3g data [56–59]. In this study, MVC was used to aggregate the original
biweekly NDVI series into monthly series. In MATLAB, the moving averaged filter analysis was used
to eliminate the abnormal values in time-series NDVI data [60,61]. To reflect the vegetation more
appropriately, the NDVI products were averaged over an entire growing season from April to October
to obtain the growing-season NDVI, which is usually used to represent the annual NDVI [62]. For each
pixel, a mean growing-season NDVI <0.1 for the entire study period indicated barren and/or sparsely
vegetated areas, which was excluded from the analysis to minimize soil background influences and
enhance green vegetation signals. Previous studies have demonstrated that there was an overall
acceptable agreement between GIMMS NDVI3g and multi-satellite NDVI products on regional to
global scales [63].

Monthly rainfall and temperature datasets for the study area were collected from the Chinese
meteorological data service from 1982–2015 [62]. There are 131 weather stations located in the study
area. Based on the covariates of latitude, longitude and elevation (DEM), these data were interpolated
to continuous surface data with an 8 km spatial resolution to match the NDVI dataset, using thin-plate
smoothing spline model in ANUSPLIN4.4 [64,65]. The accuracy of the site values and interpolations
were verified and finally passed the accuracy verification. Then, meteorological data were extracted
by using MATLAB R2016b. They were then used for further analysis in ArcGIS. The growing-season
(from April to October) summed precipitation and growing-season mean temperature were then
calculated as two primary influencing climatic factors.

Land use data were collected from the Institute of Geographic Sciences and Natural Resources
Research [10], which is based on US Landsat remote sensing image data, and obtained using through
manual visual interpretation. In ArcGIS10.2, the data of the study area in 1980, 2000, and 2015 were
obtained by pre-processing using commands such as clip, merge, intersect and reclassify. The forests
and farmland in the land use type were extracted separately. Using the transfer matrix, the land
use transfers from 1980 to 2015, before the abrupt change (1980–2000) and after the abrupt change
(2000–2015) were obtained.

2.3. Mann-Kendall Abrupt Change Test

In this study, the Mann-Kendall nonparametric test was used to study the abrupt change in the
growing season NDVI over the last 34 years in the karst region of southwest China.

For a time series, X(t) = xi, i = 1, 2, · · ·N, where xi is the independent and identically distributed
and N is the number of data point. The statistic Sk is defined as followed [66]:

Sk =
k∑

i=1

ri, (k = 2, 3, · · · , n) (1)

with

ri =

 1, x j − xi > 0
0, x j − xi ≤ 0

, ( j = 1, 2, · · · , i) (2)

In Equation (2) xi and x j are the ith data value in time series.
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The trends can be determined using the standard normal test statistic, UFk calculated from
Equation (3):

UFk =
[Sk − E(Sk)]

[Var(Sk)]
1/2

, (k = 2, 3, 4, · · · n) (3)

where UF1 = 0. E(Sk) and Var(Sk) are the mean and variance of Sk, which can be calculated as follows:

E(Sk) = n(n− 1)/4 (4)

Var(Sk) = n(n− 1)(2n + 5)/72 (5)

Positive (negative) values of UFk indicate increasing (decreasing) trends. A typical significance
level of α = 0.05 was used in the test with UF1−α/2 = 1.96. If |UFk| > 1.96, then, the null hypothesis of no
trend is rejected, implying that there is a significant trend. For abrupt change point detection, another
test statistic, UBk was introduced and calculated the same way as UFk by inverting the sequence of
the time series XN, XN−1, · · ·X1. When the intersection point of the curves of UBk and UFk fell into
the confidence interval, it indicated the time of an abrupt change. This method is not only simple to
calculate the abrupt change point, but can also find out when and where the abrupt change starts,
and it is widely used in vegetation, hydrology, and meteorology [67,68]. The Mann-Kendall abrupt
change test was done in MATLAB R2016b.

2.4. Linear Regression Analysis

A linear regression analysis was conducted to analyze the monotonic trend of the NDVI. The trend
slope in a multi-year regression equation represents inter-annual change, and can be solved using the
ordinary least squares method (OLS), as follows:

Slope =
n×

n∑
t=1

t×NDVIt −
n∑

t=1
t

n∑
t=1

NDVIt

n×
n∑

t=1
t2 −

(
n∑

t=1
t
)2 (6)

where slope refers to the inter-annual trend in the growing-season NDVI; n is the number of years
simulated; and the growing-season NDVIt is the value of this index in the tth year. A positive
slope indicates vegetation greening, while a negative one indicates vegetation browning [4].
The significance of variation was determined using F-tests to calculate confidence levels (p < 0.05).
Additionally, the change percentages of the NDVI in each case corresponded to the ratio between slope
and the averaged NDVI. The slope analysis was done in MATLAB R2016b.

2.5. Ensemble Empirical Mode Decomposition (EEMD)

NDVI change is often nonlinear and nonstationary. It is a composition of a limited number
of components with different frequencies due to noise, annual variations, inter-annual fluctuations,
long-term trends, or even abrupt changes caused by disturbance events [69]. The inter-annual variation
components of NDVI and climate changes are considered crucial for the understanding and prediction
of the effects of an increasingly unstable climate on an ecosystem [70].

The EEMD method is based on empirical mode decomposition (EMD), which is also a noise
assisted data analysis [44]. The EMD method can decompose time series data into a finite set of
functions called intrinsic mode functions (IMFs) and a residual according to the local temporal and
structural characteristics of the data. The decomposition process can be described as the following [71]:
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Step 1. All of the local extrema of the original time-series X(t) (t = 1, 2, · · · , N, N is time length)
need to be identified, and then all of the local maxima and minima need to be found using cubic
spline interpolation to create the upper and lower envelopes. The first component h1(t) is calculated as
the following:

h1(t) = X(t) − d1(t) (7)

where d1(t) is the mean of the upper and lower envelopes.
Step 2. Since h1(t) is still not a stationary oscillatory pattern, the above process is repeated as:

h11(t) = h1(t) − d11(t) (8)

where d11(t) is the mean of the envelopes of h1(t). The second subscript index indicates the additional
repetition number for the sifting process.

Step 3. When the following standard deviation (SD) is smaller than a pre-given value that is
suggested to be set between 0.2–0.3 and is fixed as 0.2 in this case, the repeating process will stop.

SD =
N∑

t=1


∣∣∣h1k(t) − h1(k−1)(t)

∣∣∣2
h2

1(k−1)(t)

 (9)

then
h1k(t) = h1(k−1)(t) − d1k(t) (10)

where k is the number of iterations.
Therefore, the data derived in the first IMF component is (c1 = h1k(t)), and then the rest of the data is:

r1 = X(t) − c1 (11)

Step 4. Since r1 still contains oscillations of longer period, the process is repeated for all the
subsequent ri described as:

ri = ri−1 − ci, i = 2, 3, · · · n (12)

X(t) =
n∑

i=1

ci + rn (13)

where n is the number of IMFs, ci is the ith IMF component, and rn is the residual. The sifting
process will stop when the residual rn becomes a monotonic function or contains at most one extreme.
Thus, a finite number of IMFs with decreasing frequency and a residual trend rn were extracted from
the original time series according to the intrinsic characteristic of the sequence itself.

However, for EMD, there is a problem caused by mode mixing, which can result in an
overestimation of the noise in the signal. Therefore, the ensemble EMD (EEMD) method was
advanced by adding white noise to the original series as follows:

Step 5. Add a number (l) of Gaussian white noise p j(t) to the original signal x(t) to obtain a
number of noisy pseudo signals X j(t).

X j(t) = x(t) + p j(t), j = 1, 2, · · · l (14)

l is adopted as 1000 in this paper.
Step 6. Apply EMD method to these noisy pseudo signals x j(t).
Step 7. The ith EEMD IMFs ci(t) and rn are obtained by averaging the corresponding EMD IMFs

and residual of these noisy pseudo signals as the following:

ci(t) =
1
l

l∑
j=1

ci j(t) and rn(t) =
1
l

l∑
j=1

rnj(t) (15)
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where ci j(t) and rnj denotes the ith IMF and rn from x j(t).
Thus, EEMD produces a finite number of IMFs and a residual rn. Each IMF component represents

the oscillation of the original time series at a one-time scale. The residual reflects the long-term trend
of the original sequence.

Step 8. Each of the resulting IMFs is considered a function having symmetric envelopes defined
by the local maxima and minima, and also having the same number of zero-crossings and extrema.
Based on this definition, we can determine the mean period of the function by counting the number
of zero crossing of the function [15]. Quasi-period = (the time between the start and end of the zero
crossing)/((number of zero crossings − 1)/2). Each IMF component is thought to be quasi-periodic
changes at a certain timescale, which is caused by different driving forces at different time scales.

Step 9. To evaluate the importance of different time scale fluctuations (IMF), the variance
contribution rate is estimated by the following:

Vci = Var(ci)/

 n∑
i=1

Var(ci) + Var(rn)

 (16)

and

Vrn = Var(rn)/

 n∑
i=1

Var(ci) + Var(rn)

 (17)

where Vci and Vrn are the variance contributions of the ith IMF components and the residual,
respectively; Var(ci) and Var(rn) are the variance of the ith IMF components and the residual (rn).

A MATLAB EMD/EEMD package with above stoppage criterion and end treatment is provided
by National Central University [72].

2.6. Correlation Analysis

On the 34-year time series, Pearson’s correlation was used to analyze the correlations between
NDVI and temperature/precipitation at different time scales for each pixel. Pearson’s correlation was
performed using the function of [r, p] = corr (X,Y) in MATLAB R2016b, where r and p represent the
correlation coefficient matrix and the significance test result matrix, respectively, and X and Y are
vegetation changes and climate change, respectively.

In this study, based on the Mann-Kendall test, the abrupt change of the growing-season NDVI
were calculated. The linear regression analysis was used to calculate the spatial distribution trend
of the growing season NDVI. Multiple time series of the growing season NDVI, temperature and
precipitation were performed based on EEMD, and the correlations between vegetation and climate
before and after abrupt changes at different time scales were calculated using Pearson’s correlation
(Figure 2).
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3. Results

3.1. Temporal and Spatial Changes in Vegetation and its Abrupt Change

Figure 3 shows the abrupt change of the area-averaged growing-season NDVI and its spatial
distribution in the karst region of southwest China for the period from 1982 to 2015. There was an
intersection in 2001 falling into the confidence interval (Figure 3a), and so it was thought to be an abrupt
change according to Mann-Kendall abrupt change test. Before the breakpoint (2001), the NDVI showed
an insignificant trend. After the breakpoint, the NDVI trend shifted from insignificantly to significantly
increasing. As shown from Figure 3b, the growing-season NDVI value in 1982–2015 ranged from 0.43 to
0.88, indicating a large spatial heterogeneity. The NDVI gradually decreased from east to west.

Figure 4a–f shows the spatial distribution of NDVI trends based on a linear regression analysis
(Slope) during the entire period, before and after the abrupt change. During the entire period, the trend
decreased from the southeast to the northwest. Approximately 83.21% of the study area exhibited
a greening trend (Slope >0); and approximately 24.59% was characterized by a greening trend over
a time span of 0.002 year−1. The significantly greening trends were primarily located in the eastern
part of the study area (Figure 4d), and the insignificantly browning trends were mostly located in the
western part. Before the abrupt change, NDVI showed an insignificant trend throughout most of the
study area and the area percentage of the significant trend only accounted for 19.69 % (Figure 4e).
Approximately 77.36% of the vegetated area displayed greening trends, of which only 1.86% exceeded
0.004 year−1. Approximately 22.64% of the vegetated area displayed browning trends (Slope <0),
of which only 2.5% was below −0.004 year−1. After the abrupt change, the vegetation trend changed
from insignificant to significant greening or browning (Figure 4f). Specifically, the greening of the
NDVI changed from insignificant to significant in the east, as did the browning in the west. The area
percentage of the significant trend in the NDVI increased from 19.69% to 49.37%, with most greening
located in the eastern part. More specifically, 18.65% of the vegetated area was characterized by a
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greening trend over 0.004 year−1, and approximately 30.75% of the vegetated area displayed browning
trends, of which 15.93% were below −0.004 year−1. Overall, the greening trend in the east and the
browning trend in the west changed from insignificant to significant after the abrupt change.Remote Sens. 2019, 11 FOR PEER REVIEW 10 
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Figure 4. The linear change rate and the significance level of the trend in the growing season NDVI.
(a–c) show the linear change rate of the NDVI trend in the entire period, before the breakpoint and
after the breakpoint. (d–f) show the significance level of the NDVI trend during the entire period,
before the breakpoint and after the breakpoint. The insets show the frequency distribution of the
corresponding values.
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3.2. Possible Relationships of the Abrupt Change in the NDVI with Climate Change During the Entire Time Period

The anomaly time series (the anomaly data = the raw data − the trend) of the NDVI, temperature
and precipitation were used to reveal the correlation between NDVI and climate change from the entire
time period. As shown in Figure 5, the correlation between the NDVI and temperature was positive in
the eastern part and negative in the western part of the study area from 1982 to 2015. The correlation
was significantly negative in the Yunnan Province. Before the abrupt change, the correlation between
the NDVI and temperature was similar to that of 1982–2015, but the area percentage with significantly
positive correlation increased to 12.42%, and area percentage with the significantly negative correlation
reduced to 2.51%. After the abrupt change, the correlation changed from significantly positive to
significantly negative in the east, and the area percentage with the significantly negative correlation
increased from 2.51% to 26.48%, while the area percentage with the significantly positive correlation
reduced from 12.42% to 2.57%. The correlation between the NDVI and precipitation was negative in the
northeast, and positive in the southwest. Before the abrupt change, the correlation between the NDVI
and precipitation was similar to that of 1982–2015, and the area percentage of the significant correlation
increased to 14.55%. After the abrupt change, the correlation between the NDVI and precipitation
changed from negative to positive in the east, and the percentage of the significantly positive and
significantly negative correlation increased to 8.46% and 13.05%, respectively.
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3.3. Possible Relationships of the Abrupt Change in the NDVI with Climate Changes Based on Multiple
Timescales Analysis

To reveal the relationship between abrupt changes in the NDVI and climate change, a multiple
time-scale analysis for the growing-season NDVI, temperature, and precipitation was performed
based on the EEMD method at the pixel scale. Figure 6 indicates the temporal changes in the average
growing-season NDVI, temperature, and precipitation at different time scales (IMF1–4) and residuals
by averaging the values of all pixels. Similarly, Table 1 indicates the quasi- periods and their variance
contributions of NDVI, temperature and precipitation at different time scales.
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Figure 6. EEMD decomposition for (a) Average temporal changes in the growing-season NDVI,
(b) temperature, and (c) precipitation during 1982–2015 in the karst region of Southwest China.
IMF1-IMF4 components and residual represent different time scales and long term trend, respectively.

Table 1. Average quasi-periods and their variance contributions to NDVI, temperature and precipitation
changes at different time scales (IMF1–IMF4) and residuals of all pixels in the karst region of
southwest China.

Variables Types IMF1 IMF2 IMF3 IMF4 Residual

NDVI
Quasi-periods 2.5 * 5.8 11.2 25

Variance contribution rate (%) 29.54 12.12 9.41 0.38 48.55

Temperature Quasi-periods 2.7 * 5.5 * 11.1 17.2
Variance contribution rate (%) 56.4 25.84 8.79 0.58 9.55

Precipitation Quasi-periods 2.73 * 6.50 15.67 * 37
Variance contribution rate (%) 52.21 14.23 28.87 1.42 3.9

* Passing the 95% significance test.

Figure 6a and Table 1 shows that the IMF1-IMF4 components at the 2.5, 5.8, 11.2 and 25-year time
scales and their variance contribution rate in the growing-season NDVI changes in southwest China.
Among them, the 2.5-year time scale had the greatest variance contribution, and only it passed the
significance test. Therefore, other time scales were not considered for the following study. The variance
contribution of the residual was 48.55%, which was greater than that of any IMF component. Moreover,
the residual showed an increasing trend as shown in Figure 5a. Therefore, the vegetation dynamics in
the karst region of southwest China was characterized by oscillations of 2.5-years and residual.

As shown from Figure 6b,c and Table 1, the growing-season temperature changes in southwest
China had four oscillations at the 2.7, 5.5, 11.1 and 17.2-year time scales, among which, the 2.5-and
5.5-year passed the significance test. In addition, over the long-term trend, the average temperature
showed a decreasing trend from 1982–1990, and a slowly increasing trend from 1990–2000, then it
increased rapidly after 2000. Growing-season precipitation changes in southwest China experienced
four oscillations of at the 2.73, 6.5, 15.67, and 37-year time scales, among which, 2.7– and 15.8 passed
the significance test. Precipitation showed an upward trend in 2000 and then a downward trend.

To reveal the spatial heterogeneity of the NDVI, the multiple time scale analysis was performed
at each pixel scale. As shown in Figure 7, for the 2.5-year time scale, the temperature had negative
relationships with the NDVI from 1982 to 2015, especially in the western parts of the study area,
and the area percentage of the significant correlation accounted for 22.65%. Prior to the abrupt change,
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the correlation between the NDVI and temperature was negative in the western parts and positive in
the eastern parts. After the abrupt change, it changed from insignificantly negative to significantly
negative in the west, and the area percentage of the significantly negative correlation increasing from
7.23 to 13.43%. In most parts of the study area, the precipitation had negative relationships with the
NDVI from 1982 to 2015, and the area percentage of the significantly negative correlation accounted for
11.51%, primarily located in the southwest and north. Prior to the abrupt change, the precipitation had
positive relationships with the NDVI in the middle of the study area, and the area percentage of the
significantly positive correlation was 4.1%. After the abrupt change, the correlation between the NDVI
and precipitation was similar to that of 1982–2015, and the area percentage of the negative correlation
increased from 4.96% to 13.49%, which became more concentrated in the west. Thus, the correlation
between the NDVI and precipitation changed from insignificantly to significantly positive in the west.
Meanwhile, the correlation changed from positive to negative in the northeast.
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Figure 7. Significant correlation between climate changes and the NDVI at the 2.5-year time scale in
the karst region of southwest China: (a) correlation between temperature and NDVI from 1982–2015,
(b) before the breakpoint; (c) after the breakpoint; (d) significant correlation between precipitation and
NDVI from 1982–2015, (e) before the breakpoint, (f) after the breakpoint; (r: correlation coefficient; p:
significance level). The insets show the frequency distribution of the corresponding values.

As shown in Figure 8, on the long-term trend, in most parts of the study area, the correlation
between the NDVI and temperature was significantly positive in 1982–2015, accounting for 56.66%
and primarily located in the southwest and the northeast of the study area. Prior to the abrupt
change, the correlation was significantly negative in the southeast of the study area, while significantly
positive in other places. After the abrupt change, the correlation changed from significantly negative to
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significantly positive in the east, while it changed from significantly positive to significantly negative
in the west. Moreover, the area percentage of the significantly positive correlation increased from
36.52% to 66.25%. Prior to the abrupt change, the correlation between the NDVI and precipitation was
similar to that of 1982–2015. Moreover, the changes in the correlation were very small before and after
abrupt change.
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Figure 8. Significant correlation between climate changes and the NDVI over the long-term trend in
the karst region of southwest China: (a) correlation between temperature and NDVI from 1982–2015,
(b) before the breakpoint, (c) after the breakpoint; (d) significant correlation between precipitation and
NDVI from 1982–2015, (e) before the breakpoint, (f) after the breakpoint; (r: correlation coefficient; p:
significance level). The insets show the frequency distribution of the corresponding values.

3.4. Possible Impacts of the Grain to Green Project (GGP) on the Abrupt Change in Vegetation

The ecological engineering Grain to Green Project (GGP) was launched in 1999 in Sichuan, 2000 in
Guizhou and Chongqing, and 2001 in Guangxi and Yunnan respectively. These time periods coincided
with an abrupt change in NDVI. Thus, the land use changes before and after the abrupt change were
compared to explore whether it was the GGP that caused the changes of the abrupt change in vegetation
and its relationships to climate change.

Since vegetation and the correlation between temperature and the NDVI showed large differences
in the eastern and western portions of the study area, the study area was divided into two parts,
the east (consisting of the eastern part of Yunnan and Sichuan, all of Guizhou, Chongqing and Guangxi)
and the west (in the western part of Yunnan and Sichuan). As shown in Table 2, in the overall area,
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after the abrupt change, the area of farmland converted to forest increased from 736.39 to 1287.15 km2,
and the forest converted to farmland decreased from 938.04 to 658.40 km2. In the west, after the abrupt
change, the farmland converted to forest reduced from 635.93 to 140.41 km2. It is because the project in
the west was the Natural Forest Protection Plan causing less land use changes. However, in the east,
after the abrupt change, the area of farmland converted to forest increased from 369 to 1143.32 km2,
and forest converted to farmland reduced from 591.11 to 490.02 km2. So, more farmland was converted
to forests in the east, which increased vegetation cover. Therefore, it is possible that the GGP lead
to an abrupt change in vegetation from insignificantly greening to significantly greening in the east,
while it is possible the rising temperature led to the abrupt change from insignificantly browning to
significantly browning in the west.

Table 2. Conversion of farmland and forest before and after the breakpoint in the entire area, the west
area, and the east area (km2).

Region Transfer Type 1982–2015 Before the
Breakpoint

After the
Breakpoint

Overall area
Farmland converted to forest 1952.66 736.39 1287.15
Forest converted to farmland 1531.78 938.04 658.40

West area
Farmland converted to forest 493.52 365.93 140.41
Forest converted to farmland 384.07 344.76 51.17

East area
Farmland converted to forest 1454.34 369 1143.32
Forest converted to farmland 1144.45 591.11 490.02

4. Discussion

In this study, the Mann-Kendall test was used to detect abrupt change in vegetation in the karst
region of southwest China over 34 years (1982 to 2015). It was found that the NDVI had an abrupt
change in 2001. Although the NDVI3g may be affected by orbital drift, cloud and some noise in 2001,
it could only produce some abnormal values without significantly affecting the overall trend [53,73].
However, in our study, after the abrupt change, the greening trend of the NDVI in the east and the
browning trend in the west both changed from insignificant to significant. Previous studies revealed
that vegetation had an overall significantly greening trend in the karst region of southwest China during
the entire time period, but they ignored the abrupt changes [74,75]. Our study found that, although
the area percentage of significance of vegetation changes did not change much by comparing the
entire period and the period after the abrupt change, in reality, the distribution of vegetation greening
and browning trend changed substantially before and after the abrupt change. Thus, the abrupt
change analysis helped to correctly reveal the actual trend in vegetation changes, moreover, the hidden
transformation in the trend, which will avoid the underestimation or overestimation of the potential
risk of vegetation browning.

Previous studies have analyzed that the relationship of vegetation change to climate change in
the karst region of southwest China from the entire period, but ignored the abrupt change [76,77].
In this study, the relationships of the abrupt change in the NDVI with climate change during the
entire time, before the abrupt change and after the abrupt change period were revealed. The result
show that, after the abrupt change, the correlation between the NDVI and temperature changed
from insignificantly negative to significantly negative in the west, but from significantly negative
to significantly positive in the east. The correlation between the NDVI and precipitation changed
from significantly negative to significantly positive in the southeast. Then, combined with multiple
time-scale analysis, abrupt change analysis, and correlation analysis, it is found that the relationship
between vegetation and climate changes before and after the abrupt change on different time scales
were different with the entire period.

At the 2.5-year time scale, after the abrupt change, the correlation between the NDVI and
temperature changed from insignificantly negative to significantly negative in the west, but it did not
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change significantly in the east. The negative correlation between precipitation and NDVI became more
significant. In the west, the vegetation types are dominated by the needle-leaf forests, which prefer a
lower temperature [74]. The temperature had an increasing trend. Moreover, after the abrupt change,
the temperature increased rapidly, and the short-term increase of temperature would lead to increased
evaporation, which was not suitable to vegetation growth [23]. Therefore, the relationship between
temperature and NDVI changed from insignificantly negative to significantly negative in the west.
After the abrupt change, the precipitation had a downward trend. The karst area is dominated by soluble
rocks and is easily eroded by groundwater and surface water, resulting in soil erosion. The reduction of
precipitation after the abrupt change was beneficial to soil and water conservation. Thus, the negative
correlation between precipitation and NDVI has become more significant. Therefore, at the short
time-scale, to improve the greening trend of vegetation, more attention should be paid to the sudden
rising temperature in the west.

In the long-term trend, after the abrupt change, the correlation between NDVI and temperature
changed from significantly negative to significantly positive in the east, while from significantly
positive to significantly negative in the west. However, there were few changes in the relationship
between NDVI and precipitation. In the west, the majority of the vegetation types is needle-leaf
forest. Before the abrupt change, an appropriate increase in temperature and abundant precipitation
could promote the growth of vegetation on the long-term scale. However, after the abrupt change,
the sudden increase in temperature exceeded the vegetation growth threshold and hindered the
vegetation growth [23]. So, the correlation between NDVI and temperature changed from significantly
positive to significantly negative in the west. At the same time, the project in the west was the Natural
Forest Protection Plan, the land use change had no effect in this area, and the abrupt change might be
caused by rising temperatures. In the east, the temperature was much higher than that in the west.
Before the abrupt change, the higher temperature led to enhanced evaporation, which restricted the
vegetation growth. So, the NDVI had a significantly negative relationship with temperature. After the
abrupt change, the temperature continued to increase, which should be more detrimental to the growth
of vegetation. However, the significant correlation between the NDVI and temperature changed from
significantly negative to significantly positive. Therefore, the increase in vegetation might be caused
by human activities instead of climate in the east. In the karst region of southwest China, the Grain to
Green Project (GGP) was launched in 2000/2001, which is very close to the breakpoint of the NDVI.
The GGP offers grain, cash and free seedlings as compensation for rural households to re-establish
forests, shrub and/or grassland, which lead to a significant increase in vegetation cover [78]. In this
study, it was found that GGP played an important role in the vegetation greening trend in the eastern
part of the study area, where about 1143.32 km2 in farmland was converted into forests, and the forest
area had significantly increased. Therefore, the abrupt change in the vegetation greening trend and
its correlation with temperature was caused by ecological protection projects in the eastern part of
the study area. However, at the same time, it was found that the relationship between the NDVI and
climate change on the long-term time scale was similar to that before the abrupt change, indicating that
NDVI changes are affected by climate on long-term time scales, but the abrupt change in vegetation are
affected by ecological engineering. To improve the greening trend of vegetation, ecological engineering
should continue to be implemented in the future in the east, and more attention should be paid to the
sudden rising temperature in the west.

Most studies have revealed that, in the karst regions of southwest China, the temperature variation
had more significant impacts on vegetation dynamics than the precipitation variations, and the
ecological engineering may increase the vegetation cover and reduce the ecosystem sensitivity to
climate perturbations [54,79,80]. However, these studies analyzed the relationship of vegetation change
to climate change and human activities using a single scale, ignoring the multiple time scale and
the abrupt change. Therefore, it is very necessary to study the abrupt change in vegetation and its
relationship to climate from multiple time scales. Our previous study concluded that climate played
a major role in vegetation changes over the long term trend, but did not explore the changes of the
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relationship between climate and vegetation before and after the abrupt changes, and thus cannot
explore the dominant timescale and the driving factors of the abrupt change [23]. However, for the
abrupt change in this study, it is climate change that played a major role in the west, but, in the east,
it is ecological engineering. The changes in the area percentage of significant correlation between
climate change and vegetation change before and after the abrupt change on the long-term trend were
more obvious than those changes at 2.5-year timescale, which indicated that the abrupt change of
vegetation happened by the long-term trend. Thus, by integrating the abrupt change analysis and
multiple timescale analysis, we can explore the role of climate changes and ecological engineering in
abrupt change of vegetation and determine the major timescale at which it occurred.

5. Conclusions

Based on the non-parametric Mann-Kendall test and the empirical mode decomposition (EEMD)
method, the spatial heterogeneity of the NDVI and the possible relationships between its abrupt
changes with climate change and human activities in the karst region of southwest China during
1982–2015 were revealed at multiple time scales. Overall, the NDVI showed an increasing trend,
but had an abrupt change in 2001. After the abrupt change, the greening trend in the east and the
browning trend in the west both changed from insignificant to significant. Based on the EEMD analysis,
at the 2.5-year time scale, after the abrupt change, the correlation between the NDVI and temperature
changed from insignificantly negative to significantly negative in the west, which was primarily caused
by climate change, especially rising temperatures. In the long-term trend, the correlation between the
NDVI and temperature changed from significantly negative to significantly positive in the east, which
was mainly caused by ecological protection projects. However, in the west, the causative factor for the
abrupt change of the significant browning trend in vegetation and its correlation with temperature was
primarily the rising temperatures. Meanwhile, the abrupt change primary occurred in the long-term
trend. Thus, the integration of the abrupt change analysis and the multiple timescale analysis can serve
to deepen our understanding of the driving mechanisms of abrupt changes in vegetation and enable
us to better manage karst ecosystems and maintain their sustainability under environmental changes.

The maximum value compositing (MVC) algorithm was used to suppress atmospheric effects,
but it may over-estimate NDVI value and cause high bias [58]. Averaging method may avoid
overestimation but cannot minimize the influence of the atmosphere (cloud, water-vapour, aerosols).
Therefore, further work is needed to combine those two methods to improve NDVI data.
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