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Abstract: Since the implementation of China’s afforestation and conservation projects during recent
decades, an increasing number of studies have reported greening trends in the karst regions of
southwest China using coarse-resolution satellite imagery, but small-scale changes in the heterogenous
landscapes remain largely unknown. Focusing on two typical karst regions in the Nandong and
Xiaojiang watersheds in Yunnan province, we processed 2,497 Landsat scenes from 1988 to 2016 using
the Google Earth Engine cloud platform and analyzed vegetation trends and associated drivers. We
found that both watersheds experienced significant increasing trends in annual fractional vegetation
cover, at a rate of 0.0027 year−1 and 0.0020 year−1, respectively. Notably, the greening trends have been
intensifying during the conservation period (2001–2016) even under unfavorable climate conditions.
Human-induced ecological engineering was the primary factor for the increased greenness. Moreover,
vegetation change responded differently to variations in topographic gradients and lithological types.
Relatively more vegetation recovery was found in regions with moderate slopes and elevation, and
pure limestone, limestone and dolomite interbedded layer as well as impure carbonate rocks than
non-karst rocks. Partial correlation analysis of vegetation trends and temperature and precipitation
trends suggested that climate change played a minor role in vegetation recovery. Our findings
contribute to an improved understanding of the mechanisms behind vegetation changes in karst
areas and may provide scientific supports for local afforestation and conservation policies.

Keywords: vegetation change; Google Earth Engine; afforestation and conservation projects; climate
change; karst rocky desertification; southwest China
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1. Introduction

As a fundamental component of global terrestrial ecosystems, vegetation not only plays a
critical role in global material and energy cycles [1], but also has considerable impacts on regulating
global carbon balance, mitigating atmospheric CO2 concentration, and maintaining global climate
stability [2]. The response of vegetation to global change has attracted extensive attention in the science
community over the past decades [3]. For instance, Zhu et al. [4] revealed a greening trend in Earth’s
terrestrial vegetation using three long-term remotely sensed datasets coupled with ten ecosystem
models. Similarly, Chen et al. [5] highlighted the leaderships played by China and India in global
greening trends based on recent satellite data. Besides, Piao et al. [6] comprehensively detected and
attributed the vegetation greening trend in China during the past three decades based on three different
remotely sensed Leaf Area Index (LAI) data sets and five different process-based ecosystem models.
Since ecologically fragile regions are more sensitive to climate change, more research has been focused
on vegetation change in ecologically sensitive areas. For example, Stow et al. [7] studied the changes
of Arctic tundra lands using multi-temporal remote sensing techniques. Moreover, Fang et al. [8]
investigated the vegetation vulnerability to drought stress in arid and semi-arid ecosystems (the Loess
Plateau in China) using a bivariate probabilistic framework. Additionally, numerous studies have
addressed the vegetation change and associated influencing factors in the Qinghai-Tibetan Plateau,
known as the “Earth’s third pole” [9]. For example, Song et al. [10] analyzed the trends in vegetation
change and its relationships with climate change and human activities on the Qinghai-Tibet Plateau
from 2000 to 2016 using a growing season integrated enhanced vegetation index (GSIEVI).

The karst regions in southwest China are some of the largest exposed carbonate rock areas
globally, covering approximately 0.54 million km2 [11] and supporting over 0.22 billion people [12].
Characterized by a small carrying capacity and increasing human population, these fragile regions have
long been reported to suffer from serious soil erosion and vegetation degradation due to large numbers
of people living on limited land resources [13]. This leads to the emergence of karst rocky desertification
(KRD), in which karstified lands previously covered by vegetation and soil are transformed into a
bare rocky landscape [14]. Previous studies showed that over 80% of the KRD areas are located in
southwest China [11], leading to an increase in other environmental disasters (e.g., droughts, floods
and landslides) and poverty [15]. In order to reverse land degradation and improve local people’s
livelihood, the state and local governments have implemented several large-scale ecological restoration
projects (ERPs) over the past two decades, such as the Grain for Green Program, the Natural Forest
Conservation Program, and the Karst Rocky Desertification Restoration Project [16].

Numerous studies have revealed that large parts of karst ecosystems in southwest China have
undergone a significant increase in vegetation cover after nearly 20 years of ERPs implementation.
For example, Cai et al. [17] reported a significant vegetation greening trend in 41% of forests spanning
2000 to 2010 in the karst areas of Guizhou Province, southwest China using Moderate-Resolution
Imaging Spectroradiometer (MODIS) Normalized Difference Vegetation Index (NDVI) time series data
(1 km). Likewise, Wang et al. [18] concluded with improved vegetation cover in 58.7% of karst regions
in hilly southern China by adopting a time series of MODIS Terra NDVI data (250 m) over the same
period. In addition, Tong et al. [19] assessed vegetation trends in Guangxi and Guizhou Provinces
in southwest China using MODIS satellite time series (2001–2013) at a spatial resolution of 250 m,
and found that 67% of the study area presenting increasing trends in annual growing season NDVI.
However, the factors responsible for this change are still debated due to different data sets being used
as well as the complex landscape of southwest China karst. For example, Brandt et al. [13] found the
growing season vegetation cover in South China karst increased from 69% in 1999 to 81% in 2017 based
on GEOV2 FCover data set (1 km), and attributed the greening trend to a direct or indirect effect of
forestry and conservation projects starting from 2001. Nevertheless, Hou et al. [20] highlighted the
finding that temperature may be a controlling factor for the vegetation growth in the karst regions
of southwest China since about 70% of the area showed a positive relationship between GIMMS
growing-season NDVI and temperature. Furthermore, Wang et al. [18] attributed the greening trend in
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hilly southern China to the combined influence of human activities and climate change. Additionally,
many previous studies were based on a limited time span during the post-ERPs period, and therefore
were unable to quantify vegetation change during the pre-ERPs period and thus may fail to reveal the
actual drivers of change.

In recent years, scientists have been empowered to explore karst vegetation change over long time
periods at various spatial scales using freely available satellite imagery. For instance, Tong et al. [16]
used the GIMMS NDVI 3g data set with a spatial resolution of 8 km spanning from 1982 to 2011 to
quantitatively evaluated the effectiveness of ecological engineering in karst regions of southwest China
at the county level based on a newly proposed Project Effectiveness Index (PEI). Further, Tong et al. [21]
confirmed the dominant contribution of ecological engineering to increased vegetation growth over
the last three decades in southwest China using three independent Earth observation time series
(i.e., MODIS leaf area index (LAI), GIMMS 3g LAI and vegetation optical depth (VOD) data sets)
with relatively coarse-resolution imagery (over 5 km). In the meanwhile, Liu et al. [22] revealed
that climate change exhibited a strong and significant impact on vegetation dynamics in 54.1% of
southwest China during 1982–2015 based on AVHRR NDVI3g dataset (8 km), multivariate regression
analysis coupled with multiple time scale analysis. However, coarse-resolution data cannot identify
small-scale changes [16], especially when taking into account the high heterogeneity of vegetation
composition in karst areas [23]. Thus, the research results from previous studies need to be reaffirmed
with higher-resolution data.

In addition, according to mineralogical and geochemical studies, the soil layers in karst
environments originate principally from residues left behind after dissolution of the underlying
carbonate rocks, namely, limestone and dolomite [24,25]. Thus, the topsoil thickness is closely
associated with the silicate mineral content contained in the parent carbonate rocks [26]. Further,
dolomite and limestone have significant differences in karst morphology, rock fissure development,
soil thickness and water retention of weathering shell [26]. The response of vegetation growth and
distribution to this particular geological setting are not well elucidated despite the fact that lithology
acts as the key factor determining the spatial allocation of water and soil resources as well as the
geochemical cycles of nutrients. Research that ignores the influence of karst lithology on vegetation
restoration of degraded karst ecosystems will likely impact the ability to discern important driving
mechanisms of vegetation change in karst regions. In our study, we aimed to fill this knowledge gap.

The Landsat series of satellites provides the longest temporal record of Earth observations
spanning over last four decades since 1972 [27]. The Landsat imagery has become one of the most
effective remotely sensed data for earth system science research because of its capability of long-term
continuous observation, global coverage, as well as moderate temporal and spatial resolution and
scientific data archiving and distribution strategies, rendering it widely used in regional vegetation
dynamics monitoring [28]. For instance, Qi et al. [29] employed three Landsat TM images in 1990, 2004
and 2011 to examine the evolution patterns of vegetation communities in a karst area of southwest
China. Similarly, Wang et al. [30] also used three Landsat TM images in 1990, 2000 and 2010 to quantify
and differentiate the changes in fractional vegetation cover in karst and non-karst regions in Guangxi,
southwest China. In general, most of these studies adopted a single image in the start and end years
to directly depict the vegetation growth change over the whole study period, which neglected the
continuity of vegetation changes over time and were thus difficult to reflect the actual situation. Here
we utilized all available 30 m resolution Landsat images spanning 1988-2016 to construct a long time
series of dataset that we then used to quantify the spatiotemporal variations of vegetation cover and
associated drivers in karst ecosystems on a finer pixel scale.

Previously, limited by computational capacity, large-scale ecological remote sensing mapping and
analysis at higher temporal and spatial resolutions were often costly in terms of time and financial
resources. In recent years, Google Inc. has developed an advanced cloud-based computing platform,
the Google Earth Engine (GEE), which stores nearly 40 years of publicly available satellite imagery
(e.g., Landsat, MODIS and Sentinel) and specializes in geospatial data processing as well as visualization
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for up to planetary-scale research [31]. The GEE platform provides open-access to supercomputing
facilities and cloud computing and storage [32], thereby eliminating many of the computational
barriers related to Landsat data. The platform has been widely used in land mapping. For example,
Hansen et al. [33] mapped 30-meter-resolution global forest loss and gain from 2000 to 2012 based
on the Landsat imagery and GEE cloud platform. Meanwhile, Pekel et al. [34], used three million
Landsat images to quantify high-resolution changes in global surface water spanning the last 32 years
supported by the GEE platform.

The objective of this study is to quantify changes in fractional vegetation cover (FVC) in typical
karst watersheds and to understand the causal mechanisms behind vegetation trend in southwest
China. This is achieved by: (1) Producing a time series of Landsat NDVI composites from 1988 to 2016,
and (2) investigating the relationships between long-term FVC change and natural factors (i.e., climate
change, topography and lithology) as well as human-induced afforestation and conservation projects.
Results of this study may provide reference data and scientific guidance for ecological restoration in
rocky desertification regions of southwest China and elsewhere.

2. Materials and Methods

2.1. Study Area

We selected two ecologically fragile karst watersheds located in typical karst faulted basins in
southwest China as the study area: Nandong underground river watershed (hereafter termed Nandong
watershed) and Xiaojiang watershed (Figure 1). The Nandong watershed (1617.13 km2) is located in an
agricultural region on the Yun-Gui Plateau in Yunnan province (23◦10′–23◦43′ N, 103◦10′–103◦42′ E).
It is the largest and a typical underground river system developed in carbonate rocks with elevations
ranging from 1056 m to 2788 m. Carbonate rocks cover approximately 992.10 km2 or 61.35% of the total
area of the watershed. Pure limestone, limestone and dolomite interbedded layer and impure carbonate
rocks accounted for 81.15%, 6.09% and 12.77% of the carbonate rock area, respectively. The bedrock for
the rest of the watershed is composed of clastic rocks (non-karst region). The watershed is primarily
characterized by a subtropical monsoon climate, with a mean annual temperature of 19.8 ◦C and mean
annual precipitation of 830 mm.

Xiaojiang watershed, a first-level tributary of the Nanpan River, is located in eastern Yunnan
province (24◦10′–24◦45′ N, 103◦30′–104◦05′ E), with elevations ranging from 854 m to 2463 m. The land
area of the watershed attains 1008.39 km2, with 73.68% of the area covered by karst landscape.
Limestone and dolomite interbedded layer and impure carbonate rocks account for 93.30% and
6.70% of the carbonate rock area, respectively. Non-karst region occupies 26.32% of the watershed.
The climate condition in Xiaojiang is mainly subtropical plateau monsoon, featured by distinct dry and
rainy seasons. The mean annual temperature is 15.2 ◦C. The mean annual precipitation is 1000 mm,
with more than 80% of precipitation concentrated from June to October.

The primary vegetation types in these two karst watersheds are a patchwork of agricultural
vegetation, forest plantations, orchards and natural vegetation (i.e., forests, shrubs and grasslands).
Both watersheds have suffered from degradation from an increasing human population using scant
land resources over the past decades [12]. Figure 1a clearly illustrates the typical rocky desertification
landscape in southwest China. Starting in 2001, both watersheds were targets for a series of large-scale
afforestation and conservation efforts. Under these projects, local rural householders are provided
with free tree seedlings and economic subsidies as compensation for income loss when steep-sloped
farmlands are planted with trees instead of farm crops [35].
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Figure 1. Study area: (a) An example of karst rocky desertification on hillsides near Xibeile 
Township, Mengzi city, Yunnan province (photo taken during a field survey in 2018); (b) the location 
of Yunnan province and Kunming (the provincial capital city), as well as of Nandong and Xiaojiang 
watersheds; (c) land cover types of the Nandong watershed in 2015; and (d) land cover types of the 
Xiaojiang watershed in 2015; and (e) lithological types and township/city seats in Nandong 
watershed; and (f) lithological types and township/county seats in Xiaojiang watershed. Main 
lithological attributes include PL (pure limestone), LD (limestone and dolomite interbedded layer), 
IC (impure carbonate rocks), and NK (non-karst rocks). 

2.2. Data and Processing 

Figure 2 shows the research workflow for detecting and attributing karst vegetation greening 
trends over 1988–2016 using time-series Landsat images and other geospatial data sets. The GEE 
platform (https://earthengine.google.org/) allows users to easily develop customized algorithms to 
perform up to planetary-scale geospatial analysis through JavaScript and Python application 
programming interfaces (API), using Google's massive computational capabilities [31]. In this study, 
most of the procedures for image collection, processing and analysis were carried out via this 
platform. The entire archive of the Landsat 5 Thematic Mapper (TM), the Landsat 7 Enhanced 
Thematic Mapper Plus (ETM+) and the Landsat 8 Operational Land Imager (OLI) orthorectified 
Surface Reflectance (SR) products acquired from January 1, 1988 to December 31, 2016 was used to 
create annual NDVI composites at a 30 m spatial resolution for each given year. All required Landsat 

Figure 1. Study area: (a) An example of karst rocky desertification on hillsides near Xibeile Township,
Mengzi city, Yunnan province (photo taken during a field survey in 2018); (b) the location of Yunnan
province and Kunming (the provincial capital city), as well as of Nandong and Xiaojiang watersheds;
(c) land cover types of the Nandong watershed in 2015; and (d) land cover types of the Xiaojiang
watershed in 2015; and (e) lithological types and township/city seats in Nandong watershed; and
(f) lithological types and township/county seats in Xiaojiang watershed. Main lithological attributes
include PL (pure limestone), LD (limestone and dolomite interbedded layer), IC (impure carbonate
rocks), and NK (non-karst rocks).

2.2. Data and Processing

Figure 2 shows the research workflow for detecting and attributing karst vegetation greening trends
over 1988–2016 using time-series Landsat images and other geospatial data sets. The GEE platform
(https://earthengine.google.org/) allows users to easily develop customized algorithms to perform up to
planetary-scale geospatial analysis through JavaScript and Python application programming interfaces
(API), using Google's massive computational capabilities [31]. In this study, most of the procedures
for image collection, processing and analysis were carried out via this platform. The entire archive
of the Landsat 5 Thematic Mapper (TM), the Landsat 7 Enhanced Thematic Mapper Plus (ETM+)
and the Landsat 8 Operational Land Imager (OLI) orthorectified Surface Reflectance (SR) products
acquired from January 1, 1988 to December 31, 2016 was used to create annual NDVI composites at a

https://earthengine.google.org/
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30 m spatial resolution for each given year. All required Landsat SR images were separately retrieved
from the LANDSAT/LT05/C01/T1_SR, LANDSAT/LT07/C01/T1_SR and LANDSAT/LC08/C01/T1_SR
Image Collections stored in GEE. Both watersheds are frequently affected by the cloudy and rainy
weather coupled with rugged terrain conditions, leading to cloud and shadow contamination on
numerous satellite images [23]. Landsat SR products contain pixel quality flag information indicating
clear, cloud, shadow, water, snow/ice conditions, as derived from the CFMask algorithm [36], which
was used to mask bad-quality observations, including clouds, shadows, cirrus, snow/ice together with
scan-line corrector (SLC)-off gaps within each composite period. In total, there were 1,508 and 989
Landsat scenes collected and processed during 1988-2016 for Nandong and Xiaojiang watersheds,
respectively (Supplementary Materials, Figure S1). As well, Figure S2 shows the spatial distribution of
the good-quality Landsat observation numbers at the pixel scale from 1988 to 2016 in both watersheds.
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Figure 2. Workflow of detection and attribution of vegetation greening trends in two typical karst
watersheds of Nandong and Xiaojiang in southwest China from 1988 to 2016.

For each pixel and year, we calculated the 90th percentile in the NDVI time series using all
available Landsat SR images, representing the annual growing season conditions. As annual maximum
NDVI value can be susceptible to noise [13], it was not considered here. NDVI is the normalized ratio
of near-infrared and red visible reflectance [37], calculated as Equation (1):

NDVI =
ρNIR− ρRed
ρNIR + ρRed

(1)

where ρNIR represents surface reflectance of the near infrared band (band 4 for Landsat 5, 7; band
5 for Landsat 8) and ρRed is surface reflectance of the red band (band 3 for Landsat 5, 7; band 4 for
Landsat 8).

The Advanced Spaceborne Thermal Emission and Reflection Radiometer (ASTER) Global Digital
Elevation Model Version 2 (GDEM V2) with a spatial resolution of 1 arc-second (approximately 30 m),
downloaded from the Geospatial Data Cloud site, Computer Network Information Center, Chinese
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Academy of Sciences (http://www.gscloud.cn), was used to derive the elevation and slope for Nandong
and Xiaojiang watersheds. The DEM data was resampled to 30 m spatial resolution using a nearest
neighbor resampling algorithm to match the Landsat NDVI composite images.

We obtained climate data (monthly temperature and precipitation) for 29 meteorological ground
stations between January 1988 and December 2016 from the National Meteorological Information Center
(http://data.cma.cn/). The spatial distribution of meteorological stations has been shown in Figure S3.
The monthly temperature within a year was averaged to achieve the annual mean temperature (AMT)
whereas monthly precipitation was aggregated to attain annual total precipitation (ATP). Ordinary
Kriging (OK) approach was employed to generate spatially interpolated climate data with the same
spatial resolution and geographic coordinate system as those of the NDVI data. The OK interpolation
method takes into account the effects of topography on temperature and precipitation [38]. All gridded
images were then cropped to cover the study areas using the watershed boundary vector data.

Lithological data depicting spatial distribution of various types of carbonate rocks as well as
non-karst rocks were acquired from Karst Distribution Map of Southwest China (scale: 1:500,000,
vector format) provided by the Institute of Karst Geology, Chinese Academy of Geological Sciences.

Land cover data at 30 m spatial resolution in 2015 were provided by the Data Center for Resources
and Environmental Sciences, Chinese Academy of Sciences (http://www.resdc.cn), representing the
various categories of human-induced impacts on vegetation changes [39]. The primary land cover
types in both watersheds included cropland, woodland, grassland, water body and built-up land
(Figure 1c,d).

Human population and GDP data between 1996 and 2016 were collected from the Yunnan
Statistical Yearbook [40]. Moreover, tree plantation statistics from 2002 to 2016 were collected from
China Forestry Yearbook [41].

2.3. Analysis Methods

2.3.1. Fractional Vegetation Cover Calculation

Fractional vegetation cover (FVC) is defined as the percentage occupied by vegetation (including
leaves, stem and branches) in a vertical projection relative to the total statistical area [42]. In the present
study, the FVC was retrieved from a sub-pixel model, which assumes the remotely sensed response
in a mixed pixel is composed of a linearly weighted combination of vegetated and non-vegetated
components, with the most widely used remote sensing spectral response being NDVI [43], since
NDVI is the optimal indicator of vegetation growth and strongly correlated with vegetation cover [44].
The calculation formula of the sub-pixel model is calculated as [45]:

λ = f ∗NDVIveg + (1− f ) ∗NDVIsoil (2)

then,

f =
λ−NDVIsoil

NDVIveg −NDVIsoil
(3)

where f represents the proportion of vegetation area in the mixed pixels, λ is the NDVI value of the
mixed pixels, NDVIveg and NDVIsoil denote the NDVI values of fully vegetated pixels and pure bare
soil pixels, respectively. Annual growing season FVC (hereafter termed as annFVC) was selected to
reflect the highest level of vegetation cover within a specific year, using the yearly NDVI composites
described in Section 2.2. With reference to previous studies [45,46], NDVIsoil was assigned with the
5th percentile in the NDVI frequency cumulative table each year, and NDVIveg was taken as the 95th
percentile in the NDVI frequency cumulative table each year.

http://www.gscloud.cn
http://data.cma.cn/
http://www.resdc.cn
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2.3.2. Accuracy Assessment and Validation

The accuracy of the proposed sub-pixel model was assessed by comparing the estimated FVC
and measured FVC. In this study, we randomly selected 60 samples (30 for each watershed) from
the estimated FVC generated by the model, which were then converted into square cells in .shp
format using ArcGIS 9.3 software. Subsequently, these square cells were imported in Google Earth.
High spatial resolution Google Earth images were used to derive the measured FVC through visual
interpretation [47]. Finally, we used two indicators to validate the model accuracy, namely, the
coefficient of determination (R2) and root mean square error (RMSE). The corresponding formulas are
expressed as follow:

R2 =


n∑

i=1

(
ŷi − ŷ

)
× (yi − y)/


√√√ n∑

i=1

(
ŷi − ŷ

)2

×

n∑
i=1

(yi − y)2




2

(4)

δRMSE =

√√
1
n

n∑
i=1

(yi − ŷi)
2 (5)

where n represents the total number of samples; yi and ŷi denote the measured value and estimated
value, respectively; y and ŷ represent the average measured value and average estimated value,
respectively. The higher the R2 is, the lower the RMSE is, the higher accuracy the model produces [48].

2.3.3. Trend Analysis

In order to quantify the temporal trend of time-series annFVC at the pixel scale, we employed
the nonparametric Mann–Kendall test [49,50]. In contrast to the linear regression method, the
Mann–Kendall test does not require data conform to a normal distribution, and can effectively
reduce the impacts of outliers and data errors [51]. Moreover, the Mann–Kendall test can use spatial
autocorrelation principles to characterize geographic phenomena, and the results are more intuitive
from a geographic perspective and enhance the ability to monitor trends in relatively short time series.
For a given time series FVCt, the Mann–Kendall test statistic is given as follows:

Z =


S−1√
Var(S)

(S > 0)

0 (S = 0)
S+1√
Var(S)

(S < 0)

(6)

S =
n−1∑
i=1

n∑
j=i+1

sgn(FVC j − FVCi) (7)

Var(S) =
n(n− 1)(2n + 5)

18
(8)

sgn(FVC j − FVCi) =


1 (FVC j − FVCi >0)
0 (FVC j − FVCi = 0)
−1 (FVC j − FVCi <0)

(9)

where FVCi and FVCj represent the pixel’s annFVC values of years i and j (j > i), respectively, and n
is the length of time series (29 years in this study). The value of Z ranges from -∞ to +∞, with the
positive Z values indicating increasing trends while negative Z values denoting decreasing trends [52].
At a given significance level of α, if the condition of |Z| > u1-α/2 is met, a significant time series trend is
detected. u1-α/2 is obtained from the standard normal distribution table. In the present study, we used
the significance level α = 0.05, which corresponds to the u1-α/2 value of 1.96.
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Furthermore, we used the nonparametric Sen’s slope estimator to compute the slope of the trend if
a linear trend was presented using the Mann–Kendall method. The Sen’s slope estimator calculates the
median of slopes between N pairs of data [53], which is also reportedly to be insensitive to outliers [52].
The specific calculation formula is shown as follows:

TS = Median(
FVC j − FVCi

j− i
), 1988 ≤ i < j ≤ 2016 (10)

where N = n (n − 1)/2, n is the length of time series (29 years), and FVCi and FVCj represent the pixel’s
annFVC values of years i and j, respectively. If TS > 0, the annFVC shows an increasing trend. If TS <

0, the annFVC presents a decreasing trend.
In our study, we categorized the annFVC trends as three types: increasing (positive slope,

statistically significant), decreasing (negative slope, statistically significant), and stable (statistically
insignificant). Additionally, to show trends in annFVC at the watershed scale, we calculated the mean
of annFVC values of all the pixels within the specific watershed. We further integrated layers of
lithological data and average annual annFVC data together with annFVC trend maps using spatial
overlay analysis in ArcGIS (version 9.3) to reveal the responses of vegetation recovery to lithological
attributes in both watersheds.

2.3.4. Terrain Niche Index

To characterize the topographic variations in the complex landscape of southwest China karst, we
utilized the terrain niche index (TNI) [19], which combines both elevation and slope and could help
identify the spatial distribution characteristics of vegetation trends on the different terrain gradients.
The higher the elevation is, the larger the slope is, the greater the TNI will be, and vice versa. The specific
mathematical expression for TNI is calculated as follows:

TNI = lg
[( e

E
+ 1

)
∗

( s
S
+ 1

)]
(11)

where e represents the elevation of the pixel, E refers to the average elevation of the whole study area, s
is the slope angle of the pixel, and S denotes the average slope angle in the study area. In this work,
the TNI values were grouped into five classes with an interval of 0.2. All pixels in each TNI interval
were categorized based on the vegetation trends so as to explore the impacts of topographic variables
on the vegetation change trends.

2.3.5. Relationship Analysis among annFVC and Climatic Factors

We applied partial correlation analysis to evaluate the correlation between climatic factors
(temperature and precipitation) and annFVC data, which provides a measure of the degree of
association between two variables while excluding the impact of the third one [54], and thus proves to
be more accurate to identify the primary climatic driving factor in contrast to the simple correlation
analysis [55]. The partial correlation coefficients can be computed as follows:

rxy·z =
rxy − rxzryz√

(1− rxz2)(1− r2yz)
(12)

where rxy·z is the partial correlation coefficient between variables x and y given the controlling variable
z, and rxy, rxz and ryz denote the correlation coefficients between x and y, x and z, y and z, respectively.
The correlation coefficient formula can be expressed as follows:
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rxy =

N∑
i=1

(xi − x)(yi − y)√
N∑

i=1
(xi − x)

2
√

N∑
i=1

(yi − y)
2

(13)

where rxy is the correlation coefficient between variables x and y, i is the sequence number of time
series, N is the total number of time series, x and y represent the mean values of time series xi and
yi, respectively.

The partial correlation coefficient ranges from –1 to 1, with the value of –1 and 1 representing a
perfect negative and positive correlation controlling for some variables, respectively [56]. While the
coefficient value of 0 indicates no linear relationships between the variables. In this study, the statistical
analysis was performed pixel-by-pixel and tested at significance level of 95% based on Student’s t-test.

2.3.6. Residual Analysis

In order to separate the climate impacts on vegetation change trends from those induced by
human activities, we employed the widely used residual analysis method [16,18]. To be specific,
the observed annFVC was regressed against temperature and precipitation. The annFVC-climate
regression model was thus used to predict the annFVC values for each of the pixel in both watersheds.
Consequently, the resulting differences between the observed annFVC and predicted annFVC represent
the human-induced vegetation changes. The specific mathematical expressions were described
as follows:

fhuman = fobs − fpre (14)

fpre = a ∗ Temp + b ∗ Prec + c (15)

where fhuman represent the annFVC contributed by human activities, fobs represent the observed annFVC,
while fpre is the predicted annFVC using the regression model. Temp and Prec represent the annual
temperature and precipitation, respectively. a and b denote the regression coefficients while c is
a constant.

We also used the trend analysis to detect the change trends of residuals. An increasing trend
of residuals over time denotes positive impacts induced by human activities on vegetation growth.
In contrast, a decreasing trend indicates negative human-induced impacts on vegetation growth
(vegetation degradation). While no trends detected for residuals suggest insignificant human impacts
on vegetation changes.

3. Results

In this study, we found that both watersheds exhibited a significant increasing trend in annual
fractional vegetation cover during the period 1988–2016. In particular, more than 50% of all pixels in
both watersheds showed a higher increase rate since the start of the afforestation and conservation
efforts in 2001. Moreover, the change trends presented distinct spatial heterogeneity. Residual analysis
and partial correlation indicated that human-induced ecological engineering rather than climate change
was the primary driver of the vegetation variations.

3.1. Accuracy Validation of the Sub-Pixel Model

Figure 3 shows the validation result of the estimated annFVC derived from the sub-pixel model.
It is indicated that the model-derived annFVC had strong relationships with the measured annFVC
in both watersheds. Specifically, for Nandong watershed, R2 and RMSE were 0.8304 and 0.1152,
respectively. While for Xiaojiang watershed, R2 and RMSE were 0.8447 and 0.1098, respectively. These
results demonstrated the high effectiveness and reliability of the sub-pixel model in our study areas,
which is also in line with the results of Tong et al. [45] and Jiang et al. [44].
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Figure 3. Result of accuracy validation of the sub-pixel model in: (a) Nandong, and (b) Xiaojiang watershed.

3.2. Spatiotemporal Changes of Annual Growing Season Fractional Vegetation Cover from 1988 to 2016

The average annFVC was 0.5726 in Nandong and 0.5714 in Xiaojiang watershed during 1988-2016,
with a high spatial heterogeneity (Figure 4a,d). For both watersheds, the average annFVC during the
conservation period (2001–2016) was 0.5869 in Nandong and 0.5836 in Xiaojiang watershed, whereas
the average annFVC during the reference period (1988–2000) was 0.5546 in Nandong and 0.5570 in
Xiaojiang watershed (Figure 4b,c,e,f). In addition, the spatial pattern of annFVC presented close
association with that of land cover types within both watersheds. Specifically, large annFVC values
were primarily distributed throughout the mountainous areas dominated by woodland and grassland,
while areas with low annFVC values were mainly distributed in basin areas with low elevation whereby
built-up land as well as cropland were the dominant cover types.
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Figure 4. Spatial distribution of average annual fractional vegetation cover (annFVC) for different time
periods. Top row is the Nandong watershed: (a) Full time series (1988–2016); (b) reference period
(1988–2000); and (c) conservation period (2001–2016); and bottom row is Xiaojiang watershed; (d) full
time series (1988–2016); (e) reference period (1988–2000); and (f) conservation period (2001–2016).

At the watershed level, the annFVC increased significantly from 0.56 in 1988 to 0.65 in 2016, at a
rate of 0.0027 year−1 in Nandong watershed (p < 0.001); a relatively high correlation coefficient (r =
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0.60) was calculated during the period 1988-2016 (Figure 5a). The annFVC in Xiaojiang also showed a
significant increasing trend, rising from 0.52 to 0.64 over the last 29 years, despite a smaller increase rate
and correlation coefficient (slope = 0.0020 year−1, r = 0.50, p = 0.006) (Figure 5b). In Nandong we found
an overall insignificant (p = 0.31) increasing trend in annFVC for the reference period and a significant
increasing trend for the conservation period with an apparently higher change rate (0.0046 year−1). In
contrast, in Xiaojiang the annFVC showed generally insignificant increasing trend over both periods,
however, the increase rate (slope = 0.0020 year−1, p = 0.28) during the conservation period was smaller
than that of reference period (slope = 0.0034 year−1, p = 0.15). We also found apparent declines in
annFVC during some certain short periods despite a generally significant increasing trend over the
whole study period. For instance, there was a significant decrease in annFVC from 2010 to 2012 within
both watersheds, at the rate of –0.031 year−1 in Nandong and –0.029 year−1 in Xiaojiang watershed.
Similarly, sharp declining trends have also been observed during 1992–1993 and 2002–2003, which
coincided with the extreme drought weather striking southwest China over these periods [57].
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Specifically, for Nandong watershed, a significant increasing trend was found in 25% of the study 
area (p < 0.05). In contrast, a significant decreasing trend was detected in 8% of all pixels (p < 0.05). 
Consequently, there were 67% of pixels observed with an insignificant trend (i.e., stable). The 
contributions of different land types to each of the vegetation change trends in both watersheds are 
shown in Table 1. Moreover, in the conservation period, more pixels (22%) showed a significant 
increasing trend in annFVC in contrast to the reference period (9%) (Figure 6b,c). It is noted that 
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Figure 5. The temporal trends in annual fractional vegetation cover (annFVC) at the watershed level
from 1988 to 2016 (full time series) and during 1988–2000 (reference period), and 2001-2016 (conservation
period) in: (a) Nandong, and (b) Xiaojiang watershed. Slopes of the trends during these three periods
and their corresponding significance levels are shown. The black solid line represents the regression fit
to the annFVC data during 1988–2016, while the red and green lines denote the regression fit during
1988–2000 and 2001–2016, respectively.

At the pixel scale (30 m), the change trends in annFVC over the past 29 years demonstrated
substantial spatial heterogeneity throughout both watersheds as depicted in Figures 6a and 7a.
Specifically, for Nandong watershed, a significant increasing trend was found in 25% of the
study area (p < 0.05). In contrast, a significant decreasing trend was detected in 8% of all pixels
(p < 0.05). Consequently, there were 67% of pixels observed with an insignificant trend (i.e., stable).
The contributions of different land types to each of the vegetation change trends in both watersheds
are shown in Table 1. Moreover, in the conservation period, more pixels (22%) showed a significant
increasing trend in annFVC in contrast to the reference period (9%) (Figure 6b,c). It is noted that trend
slope differences between the two periods also presented distinct differences spatially (Figure 6d).
Regions characterized with a larger vegetation trend slope (a sign of vegetation growth acceleration)
during the conservation period than the reference period covered 58% of the study area. In particular,
pixels with the largest slope difference (greater than 0.030 year−1) were primarily located in forests,
accounting for 12% of all pixels in Nandong.
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Figure 6. The spatial distribution of vegetation trends for different periods in the Nandong watershed:
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and (d) vegetation trend slope difference between the conservation period (2001–2016) and reference
period (1988–2000).

In Xiaojiang, 25% of pixels showed a significant increasing trend in annFVC during 1988–2016.
Furthermore, a significant decreasing trend was detected in 11% of all pixels. As a consequence, 64%
of pixels showed no significant trend in vegetation cover. Likewise, the percentage of pixels with
significant increasing trends roughly doubled from 8% prior to 2001 to 17% during the conservation
period (Figure 7b,c). In addition, the slope differences between the two periods in Xiaojiang were
spatially heterogenous as well (Figure 7d). Regions with a larger vegetation trend slope during the
conservation period than the reference period covered 51% of the study area.
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Table 1. Percentages of different land types versus three vegetation change trends.

Nandong Watershed Xiaojiang Watershed

Land Use Types Significant
Increase

Significant
Decrease

Insignificant
Trends

Significant
Increase

Significant
Decrease

Insignificant
Trends

Grassland 46.54% 20.68% 35.56% 24.69% 13.10% 21.18%
Woodland 23.97% 24.70% 28.71% 35.26% 36.04% 38.51%
Cropland 26.34% 36.48% 28.33% 38.43% 42.03% 36.34%

Water body 0.82% 1.02% 3.39% 0.40% 0.32% 0.91%
Built-up land 2.33% 17.12% 4.01% 1.22% 8.51% 3.06%

Total 100.00% 100.00% 100.00% 100.00% 100.00% 100.00%
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3.3. Response of Vegetation Trends to Topographic Gradients

The terrain niche index (TNI) values within both watersheds showed spatial characteristics of
decrease from the mountainous regions to flat basins, which is generally consistent with the spatial
distribution of elevation and slope (Figure 8a,b). The TNI layers were overlaid with vegetation
trends during 1988–2016 in order to investigate the responses of vegetation change to different terrain
gradients, as depicted in Figure 8c,d. For both watersheds, the largest area ratio of vegetation decreasing
trends (13% and 17% in Nandong and Xiaojiang, respectively) were identified in regions characterized
with a small TNI interval (e.g., between 0 and 0.4), namely low elevation and slope, which were also
the areas dominated by anthropogenic influences (e.g., urban and rural residential areas). However,
the proportion of pixels that experienced decreasing vegetation cover declines as TNI increases,
which might be attributed to reduced human disturbances as the terrain becomes more complex and
inaccessible. Conversely, the proportion of pixels that experienced increasing vegetation cover presents
a pattern of initial rise followed by a subsequent reduction as TNI increases. The proportion of pixels
with stable vegetation cover generally increases as TNI increases, and occupies the dominant position
in all TNI intervals, especially in the fifth interval (i.e., TNI > 1).
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index (TNI) intervals in; (c) Nandong; and (d) Xiaojiang watersheds.

3.4. Impacts of Lithology on Vegetation Change

As demonstrated in Figure 9a, lithological types have a varying impact on vegetation growth and
long-term change. In Nandong, the largest average annFVC (0.67) was found on land with impure
carbonate rocks, followed by limestone and dolomite interbedded layer (0.62) and pure limestone (0.60)
whereas non-karst rocks had the smallest average annFVC (0.51). Consistent with Nandong, the largest
average annFVC (0.65) in Xiaojiang was also found on impure carbonate rocks, followed by non-karst
rocks (0.62) and limestone and dolomite interbedded layer (0.54). Additionally, Figure 9b,c showed
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the proportions of pixels that experienced increasing/decreasing/stable vegetation cover trends under
different lithological settings during 1988–2016. Specifically, limestone and dolomite interbedded layer
contributed the most to the observed greening trends in both watersheds (29% in Nandong and 28% in
Xiaojiang) while non-karst rocks had the largest share of decreasing trends (13% in Nandong and 17% in
Xiaojiang). Moreover, the largest share of pixels (68%) presenting stable vegetation trends in Nandong
was also found in areas underlain by non-karst rocks, suggesting small interannual fluctuations in
vegetation cover in non-karst regions. In contrast, impure carbonate rocks had the largest share (70%)
of stable trends in Xiaojiang watershed.
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Figure 9. (a) Comparison of average annFVC under different lithological settings in the karst watersheds
of Nandong and Xiaojiang during the study period of 1988–2016; and the pixel proportion of vegetation
trends under different lithological attributes in: (b) Nandong; and (c) Xiaojiang watersheds. Main
lithological attributes include PL (pure limestone), LD (limestone and dolomite interbedded layer), IC
(impure carbonate rocks), and NK (non-karst rocks).

4. Discussion

4.1. Spatiotemporal Variations in Vegetation Greenness

Increased vegetation cover has been confirmed in two of the rocky desertification-stricken karst
watersheds in southwest China using nearly three-decade of 30 m resolution satellite observations.
Although a growing body of research has previously reached similar conclusions in karst regions of
southwest China (Table 2) they were unable to yield a clearer picture of small-scale changes due to the
coarse resolution of satellite images being used.

Small-scale variability is important considering the intricately mosaicked landscape, huge relief in
topography and the resulting high spatial heterogeneity in karst areas [58], thereby leading to abundant
niches for vegetation growth because of the large variation in soil properties [23]. Tong et al. [16]
used the climate-NDVI regression model to quantify the human-induced vegetation restoration in
southwest China by applying 8-km resolution GIMMS 3g NDVI data set. However, they recognized
the coarse spatial resolution may conceal small scale degradation in spite of largely observed greening
trends. Despite the significant increase in annFVC, it also presented a decreasing trend in some parts of
the regions (Figures 6a and 7a), which is in line with the results of Sun et al. [59] and Zheng et al. [60].

Karst rocky desertification induced by excessive anthropogenic disturbances (i.e., deforestation,
unsustainable farming and overgrazing) may be one of the primary reasons responsible for the decline
in annFVC [12]. To be specific, in parallel with the recent economic boom and population growth
(Figure S4), there has been a steep rise in land requirements for human settlements and production
activities in both watersheds (e.g., agricultural farming and industrial production). In this case, a large
number of lands have been reclaimed unreasonably and unsustainably, for instance, cultivation on
steep slopes [35]. Human beings have long put excessive pressure on the already ecologically fragile
karst ecosystem, leading to large-scale land degradation and the appearance of rocky desertification
(Figure 1a). Consequently, the state-funded afforestation and conservation projects have been widely
carried out in both watersheds since 2001. In order to quantify the differences in vegetation trends before
and after implementation of afforestation and conservation efforts, we conducted the Mann–Kendall
trend analysis for the periods of 1988–2000 and 2001–2016. Our analysis revealed further intensified
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increasing trends in annFVC during the conservation period at the pixel level in both watersheds
(Figure 6b,c and Figure 7b,c). This is consistent with the study conducted by Liao et al. [61], in which
ecosystem health has been largely enhanced in 73% of a karst region in Guangxi province, southwest
China during the period of restoration projects. Furthermore, over 50% of pixels exhibited a larger
increase rate in the conservation period compared with the reference period (Figures 6d and 7d). Taken
together, more pixels presented a significant increasing trend coupled with an accelerating speed
when the ecological restoration projects have been fully implemented throughout both watersheds.
The similar phenomenon has also been reported by Sun et al. [59], in which a particularly higher
increase rate was found in the Loess Plateau after the implementation of the Grain for Green Project.

Table 2. The comparison of contributions between this study and other related studies.

References Study Area Study Period Satellite Data Resolution Greening Drivers

This study Watershed-scale 1988–2016 Landsat
TM/ETM+/OLI 30 m Human activities

Brandt et al. [13] Regional-scale 1999–2017
SMOS, SSM/I, WindSat,
AMSR-E, SPOT VGT,

PROBA-V
Over 1 km Human activities

Tong et al. [21] Regional-scale 1982–2015 MODIS, GIMMS-3g Over 0.05◦ Human activities

Wang et al. [18] Regional-scale 2000–2010 MODIS 250 m Climate change and
human activities

Hou et al. [20] Regional-scale 1982–2013 GIMMS 8 km Climate change

Cai et al. [17] Regional-scale 2000–2010 MODIS 1 km Human activities

4.2. Response of Vegetation Change to Topography

Although previous research has investigated the impacts of topography on the vegetation recovery
in karst terrain as reported by Helmer et al. [62], the response of vegetation change to topographic
gradients under the complex karst geological background has not been well studied in southwest
China. Here, we attempted to clarify the underlying mechanisms.

In the present study, we adopted a terrain niche index, or TNI, to quantify the variations in
both elevation and slope. Our results showed that regions with TNI value less than 0.4 are the most
easily exploited habitats for vegetation growth since these areas have the largest percentage of pixels
presenting significant decreasing trends (Figure 8c,d). This is largely because these areas are usually
topographically flat basins suitable for human residential use, industrial and transportation activities,
thereby resulting in remarkable vegetation degradation locally. Yet, this decreasing trend will be
weakened within higher TNI intervals (i.e., higher elevations and larger slopes) due to the increased
inaccessibility for human beings. Contrastingly, increasing vegetation trends were enhanced as the TNI
increased, with its area ratio peaking when TNI ranged from 0.6 to 0.8 in Nandong (28%) and 0.8 to 1 in
Xiaojiang (30%). However, this significant increasing trend was thereafter abated as the TNI increased.
This is due principally to the fact that when TNI began to increase, vegetation growth conditions
improved because there were less anthropogenic impacts in rough terrain. It is also worth noting
that soils are typically slow to form in karst regions under the combined influences of highly soluble
carbonate rock types, hydrological systems and climate [14,23]. Consequently, soil cover is generally
scarce and soil layers are thin especially in high slope areas [11]. In addition, natural elements essential
for plant growth such as N, P and other nutrients are also insufficient in karst environments [63]. Hence,
it is easily understood that with the further increase of TNI, the vegetation growth improvement is
impeded by limited supplies of soil nutrients under rough terrain conditions. Furthermore, the regions
with high elevation and large slope angles are also hotspots for inducing soil erosion under heavy
rainfall [64]. Moreover, because steep landscapes are not suitable for water conservation, vegetation in
these areas is more vulnerable to droughts [19].
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4.3. Response of Vegetation Change to Lithology

Our results showed that impure carbonate rocks had the highest annFVC in both watersheds
(Figure 9a), which is because impure rock areas have more silicate mineral content in the rocks in
contrast to pure limestone and dolomite, and topsoil layers are comparatively thick, thereby creating
better growth environment for improved vegetation cover [11]. Instead, rocky desertification is more
likely and frequently to arise in areas where pure limestone and dolomite dominate due to the low soil
formation rate especially for limestone [14]. Besides, our findings indicated that limestone and dolomite
interbedded layer, or LD, contributed the largest share of vegetation increasing trends coupled with
the least share of decreasing trends in both watersheds (Figure 9b,c), implying that the areas where LD
dominates are more likely to recover the vegetation community from degraded ecosystems. In contrast,
non-karst areas produced the largest share of decreasing trends in annFVC together with the least
share of increasing trends, which demonstrated that vegetations in non-karst areas are less resilient
relative to karst regions. This is because the non-karst regions are more suitable for the use of cropland
and human settlement, which restrains the vegetation from recovering. The similar phenomenon has
also been reported by Helmer et al. [62] and [65]. Therefore, special attention should be paid to these
regions to prevent further vegetation degradation. Overall, our study contributes to increasing the
ability to discern important driving mechanisms of vegetation change in karst regions by investigating
the influence of karst lithology on vegetation restoration of degraded karst ecosystems.

4.4. Effects of Ecological Restoration Activities on Vegetation Recovery

A comprehensive understanding of the mechanisms driving the vegetation change is a first, yet
critical, step towards a more accurate prediction of future vegetation change [4]. It is well recognized
that there are two primary drivers of vegetation changes [54], namely, climatic factors, which is
closely related to vegetation growth and distribution [66], and human-dominated land use change and
management [5]. Our results indicated that at the watershed level, there were no significant correlations
observed between vegetation change and climatic variables (i.e., temperature and precipitation) in
both watersheds (Figure S5). In the meanwhile, at the pixel level, the most parts of both watersheds
had no significant relationships between vegetation cover and climatic variables (i.e., temperature
and precipitation) as demonstrated by the partial correlation analysis (Figure S6). The result is in
accordance with Cai et al. [17], in which the annual average temperature and precipitation only
explained 0.9–37% of the annual changes in the NDVI in the southwest China karst area. In the
meanwhile, the relationship between precipitation and vegetation cover was even weaker than for
temperature in both watersheds, confirming the results of Tong et al. [19]. This is largely because the
climatic conditions in karst areas of southwest China are characterized by subtropical monsoon with
abundant precipitation together with moderate temperature [67]. Thus, unlike arid and semi-arid areas
where rainfall availability is a primary limiting factor that affects vegetation cover [68], vegetation
growth is not sensitive to slight changes in precipitation in karst areas. In addition, the karst regions
also have the above and below-ground hydrological systems, which causes the surface runoff to flow
into the underground water system through crevices, sinkholes and rivers, in spite of rich rainfall
during the growing season [23]. As a result, it is indicated that precipitation is unable to be fully used
for the purpose of vegetation growth, and it is likely to give rise to drought weather in this region [69].
To compare the responses of vegetation changes to climate variables between the reference period
and conservation period, we also conducted separate partial correlation analysis for both periods.
Yet, the results showed that statistically insignificant and weaker correlations have been found in
more pixels in both periods in relation to the whole period 1988–2016 (Figure S6). Additionally, the
relationships between vegetation cover and climatic factors varied spatially [55], which has also been
revealed by other studies. For instance, Sun et al. [59] found that temperature was positively correlated
to the vegetation cover in the central and southeastern parts of the Loess Plateau whereas a negative
relationship between the two variables was also found in the northwestern part of the plateau because
of the vegetation degradation caused by climate warming.
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Moreover, both watersheds generally presented warmer and drier climatic characteristics,
especially after 2001 (Figure S7), which is consistent with other related studies in the southwest
karst areas of China. For example, Liu et al. [70] found the annual average temperature has increased
in the majority meteorological ground stations in southwest China, at an average increase rate of
0.16 ◦C per decade. The increasingly warming and drying climate after 2001 is not conducive to
vegetation growth as reported by Li et al. [71]. However, vegetation cover exhibited a stronger
significant increasing trend during 2001–2016 in contrast to the years prior to 2001 (Figures 6 and 7),
suggesting that the improvement in vegetation cover could be largely attributed to other non-climate
factors. This is confirmed by the residual analysis in our study, which demonstrated that 70.37% of
all pixels in Nandong and 64.67% of pixels in Xiaojiang watershed showed an increasing trend in
residuals (Figure 10), indicating that both watersheds were dominated by human-induced vegetation
recovery through substantial investments in afforestation and conservation projects starting in 2001
despite unfavorable climate conditions [13]. To be specific, by the end of 2016, a total of 562.73 km2

and 410.78 km2 of afforested areas, primarily located in sloping hills, have been planted with trees
in Nandong and Xiaojiang watersheds, respectively (Figure 11). This is supported by the result of
Tong et al. [21], which concluded that regions of high conservation efforts correspond to positive
trends in vegetation growth in the karst regions of southwest China. Numerous studies have also
highlighted the positive impacts of conservation efforts on vegetation restoration in China in recent
years. For instance, Viña et al. [72] demonstrated that the Natural Forest Conservation Program (NFCP)
exhibited a significant positive relationship with forest recovery in China from 2000 to 2010. Similarly,
Wen et al. [73] found that ecological restoration projects exert positive impacts on vegetation greening
in the Three Gorges Reservoir Region, China.
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Although local farmers will receive economic compensation for planting trees designed for
ecosystem services gains [35], the income from grain production and subsidies is much higher than
the compensation standard for ecological engineering, leading to the recurrence of deforestation and
cultivation in steep slopes in some areas. This could partly explain the decreasing trends in vegetation
cover observed in both watersheds (Figures 6 and 7). The primary criterion for selecting tree species
is the growth rate of the trees, a limited number of fast-growing species are therefore preferred in
reality, leading to vastly increasing monocultural plantations [74]. The artificially planted forests may
be unable to provide sufficient biodiversity and ecosystem services in contrast to natural forests, and
the monoculture is also susceptible to the risks of pests or fires [75].

Meanwhile, given that the occurrence of extreme weather events tends to be more frequent
and intensified [57], extreme droughts are very likely to pose a significant threat hindering the
future development of planted trees [76], and may thus mask the effectiveness of the afforestation
and conservation projects. Hence, it is necessary to select more drought-resistant plant species
for future afforestation activities. Furthermore, in order to avoid threats and damage to the local
biodiversity, ecological risk assessment and scientific management are in urgent needs for restoration
practitioners [77]. At present, vegetation restoration is still in a primary stage, and is expected to be a
long-term process. There is great potential for vegetation restoration in these areas in the future [59].

4.5. Limitations and Future Research Directions

The availability of long time series of Earth Observation data allows for rapid monitoring and
mapping of vegetation change at varying temporal and spatial scales [78–80]. To our knowledge, the
present study is the first to quantitatively assess high-resolution vegetation change in karst regions
of southwest China using all available Landsat imagery over nearly three decades. Considering the
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massive data volume (2,497 Landsat scenes being used in this study), the state-of-art Google Earth
Engine platform has been the key to the success of implementation. The efficiency of data processing
was enhanced, backed by Google’s powerful cloud-based parallel computation [81]. However, there
still exist several limitations that should be addressed in the future study.

First, despite the abundant good-quality Landsat observations (with the clouds and shadows
being masked) in large parts of the two watersheds (Figure S2), it is unavoidable that some pixels
had relatively fewer good observations (to a minimum of 3–5 valid observations) in a single year,
which is due primarily to the cloudy and rainy weather especially over the growing season in the karst
regions of southwest China [23]. This however could lead to some uncertainties in vegetation cover
estimation. The similar phenomenon has also been reported by Wang et al. [36]. Second, our study
mainly quantified the correlations between the annFVC and the simultaneous climatic factors and did
not take into account the time-lag effects of climatic factors on vegetation growth [54]. Many recent
studies have reported that the impacts of climate change on vegetation can display a time lag [82,83].
Xu et al. [84] revealed the vegetation responses to temperature and precipitation lagged by over two
months in southwest China. Therefore, the minimal consideration of the time-lag effects may fail to
clarify the actual mechanism of climate-vegetation interactive effects [54], and potentially lead to an
increase in uncertainty of the results [85].

Third, it is noticeable that karst landforms are diverse, mainly including Karst Plateau, Peak
Cluster Depression, Karst Basin, Karst Trough Valley, Middle-high Hill, Karst Gorge and Peak Forest
Plain [16]. Yet, few studies have systematically reported the differences in vegetation restoration and
influencing mechanisms among different karst landforms.

Finally, our study employed the annual growing season FVC (annFVC) as a proxy for the indicator
quantifying the best vegetation growth status during a single year, whereas the spatial and temporal
dynamics of vegetation seasonal changes have not yet been considered.

5. Conclusions

We investigated the spatial and temporal patterns of vegetation change and associated drivers
in two typical karst watersheds of southwest China over the past 29 years (1988–2016). Our results
indicated that both Nandong and Xiaojiang watersheds exhibited significant increasing trends in
annual fractional vegetation cover (annFVC) during 1988-2016, at an increase rate of 0.0027 year−1 and
0.0020 year−1, respectively and the greening trends have been intensifying during the conservation
period (2001–2016). Vegetation change is actively sensitive to the variations of topographic gradients
and lithological types. The climate in both watersheds has become warmer and drier, especially in
recent decades. Yet, climate change has played a minor role in vegetation recovery in both watersheds.
Instead, human-induced ecological restoration projects are mainly responsible for the greening trends.
Our study provides an applicable framework for the rapid monitoring and mapping of vegetation
change in karst regions over a large area at a fine spatial scale.
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