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Abstract: Vegetation degeneration has become a serious ecological problem for karst regions in
the Anthropocene. According to the deficiency of long serial and high-resolution analysis of karst
vegetation, this paper reconstructed the variation of vegetation landscape changes from 1987 to
2020 in a typical karst region of China. Using Landsat time series data, the dynamic changes and
driving factors of natural karst vegetation were identified at the landscape scale. On the premise
of considering the time-lag effect, the main climatic factors that influence vegetation growth were
presented at the interannual timescale. Then, the approach of residual analysis was adopted to
distinguish the dominant factors affecting vegetation growth. Results of trend analysis revealed that
21.5% of the forestland showed an overall significant decline in vegetation growth, while only 1.5%
showed an increase in vegetation growth during the study period. Precipitation and radiation were
the dominant meteorological factors influencing vegetation at the interannual timescale, as opposed
to temperature. More than 70% of the natural vegetation growth was dominated by climatic factors.
The area percentage of negative human impact has increased gradually since 2009 and reached 18.5%
in 2020, indicating the currently serious situation of vegetation protection; fortunately, in recent
years, human disturbances on vegetation have been mitigated in karst areas with the promotion of
ecological conservation and restoration projects.

Keywords: vegetation landscape; karst; climate change; human activities; Anthropocene

1. Introduction

The Agenda for Sustainable Development 2030 of United Nations is made up of the
17 Sustainable Development Goals (SDGs) that humanity will have to meet by 2030 [1]. In
particular, for forest ecosystems, SDG15 calls for the conservation, restoration and sustain-
able use of terrestrial and inland freshwater ecosystems and their services [2]. As a pivotal
part of terrestrial ecosystems, vegetation is one of the main resources involved in ecosystem
functioning and providing ecosystem services [3]. Vegetation dynamic is an essential indi-
cator of ecological environment change, reflecting both regional climate change and human
activities [4–8]. With the intensification of human activities, global habitat conditions have
changed dramatically in the Anthropocene, and vegetation is becoming more sensitive to
changes in the environment, especially in karst regions [9–11]. Karst vegetation landscapes
are often of high conservation value and vulnerable to external disturbances, which play
crucial roles in the sustainment of ecological functions and prevention of rocky desertifi-
cation [12–14]. To address the challenges caused by climate change and human activities,
research on vegetation landscape changes in the Anthropocene has recently become a
popular topic of research.

Nowadays, remote sensing has emerged as an effective way to retrieve vegetation
characteristics and monitor the changes of vegetation landscape in long time series [15–17].
Numerous studies have shown that the temporal and spatial variations in vegetation are
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closely associated with climatic factors [17–19]. The annual fluctuation in precipitation
has been proven to play a crucial role in vegetation change [10,20,21]. Because the phe-
nology of vegetation is influenced by the pressures of global warming, the relationship
between vegetation and temperature cannot be neglected, especially in regions where
water is not a limiting factor [22–24]. Moreover, surface net radiation, the energy source
of plant photosynthesis, is another climatic factor that influences vegetation changes [25].
Furthermore, to discuss the response of vegetation to climatic factors in a long time se-
ries, the time-lag effects should be taken into consideration because the current status of
vegetation greatly depends on the accumulated climate conditions for a past period of
time [13,26,27]. Recently, more studies have acknowledged time-lag effects when matching
climatic factors and vegetation, which may lead to misjudgements of the climatic effect
on vegetation [28–30].

As a typical karst region, the Lijiang River Basin has a critical need for vegetation
protection to defend against rocky desertification [31]. Having obvious characteristics
of fragile and vulnerable environments, the Lijiang River Basin has suffered a string of
ecological problems, and the health status of forest ecosystems has received increasing
attention in recent decades [32,33]. Research results have indicated that the Anthropocene
challenges ecological security and causes irreversible effects on ecosystems [34,35]. In
1999, the government initiated the Returning Farmland to Forest Program (RFFP) with
the specific goals of increasing forest cover and controlling the expansion of areas of cul-
tivated land, which focused on increasing forest cover through reforestation of hillsides,
cultivated land conversion, and afforestation (Liu G et al., 2017). In 2018, the Lijiang River
Basin was approved to build an innovation demonstration zone for a national sustainable
development agenda with the theme of sustainable use of landscape resources, provid-
ing a substantial opportunity to explore new modes of sustainable development when
confronting the stresses from both climate conditions and anthropogenic activities. To
reverse ecological degradation on a large scale, with the implementation of ecological
restoration projects in the Lijiang River Basin, local vegetation has been restored, and the
overall ecological quality has improved [12,36,37]. However, the individual and interacting
contributions of climate conditions and human activities to vegetation trends need to be
quantified in a statistical way [38], and the vegetation dynamics under human interference
in karst regions need to be evaluated continually and precisely.

In this study, the impact of climatic factors and human factors on vegetation land-
scape changes were taken into consideration. The driving meteorological factors affecting
vegetation growth were recognized by partial correlation analysis in consideration of
time-lag effect. Then, the residuals analysis method was employed to explain the spatial
and temporal changes in vegetation in the Lijiang River Basin from 1987 to 2020, and the
relative contributions of climate change and human activities to vegetation dynamics were
investigated. Based on these findings, this study was expected to provide support for the
management of the ecological environment and optimize the sustainable development plan
in karst regions within the context of the Anthropocene.

2. Materials and Methods
2.1. Study Area

The Lijiang River Basin is a typical karst region located in Guilin city in Southwest
China (Figure 1), with a subtropical monsoon climate and a mean annual precipitation
of 1900 mm [39]. Due to the uneven distribution of annual rainfall, floods and draught
occur frequently in this region. The average annual temperature is 19.1◦, with a minimum
average temperature of 9◦ in the winter and a maximum average temperature of 28◦ in the
summer. The Lijiang River Basin covers an area of 12,908 km2, and the length of the Lijiang
River is 164 km [40]. The topography of the study area has a declining slope from north to
south, with altitudes ranging from 60 to 2127 m.
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Figure 1. Location of the Lijiang River Basin. (a) Map of Chinese provincial districts. (b) Map of
Guangxi Zhuang Autonomous Region. (c) Land use map of Lijiang River Basin.

The Lijiang River Basin is famous for its widely distributed typical karst form land-
scapes, and approximately 32% of the forestland comprises karst areas, which are the main
drivers of local tourism. Limited by the geographic conditions and resource endowment,
there are a certain number of poverty-stricken people in the region, and the local economy
depends heavily on tourism and agriculture [31].

2.2. Data

The datasets used in this study comprise NDVI data, gridded meteorological data and
land use data (Table 1). The NDVI, calculated using the near-infrared and red bands of
remote sensing data, has been widely used for monitoring vegetation changes. Given the
striping noise of Landsat-7, NDVI time series from 1987 to 2020 were generated from images
acquired by the Thematic Mapper (TM) and Operational Landsat Imager (OLI) sensors
embedded in the Landsat-5 and Landsat-8 satellites, which had a temporal resolution
of 16 days and a spatial resolution of 30 meters. All Landsat images were processed in
Google Earth Engine (GEE), including atmospheric corrections, geometric corrections, and
cross-calibrations among different Landsat sensors [41–44]. The quality assessment (QA)
band was used to remove bad-quality pixels (clouds or cloud shadows), and the annual
maximum NDVI values were calculated to represent the peak growth state of vegetation in
a given year. The monthly gridded reanalysis dataset for temperature, precipitation and
surface net radiation from 1987 to 2020 was obtained from ERA5 hourly data released on the
Climate Data Store (CDS) in January 2019 [45]. The land use maps based on GlobeLand30
(http://www.globallandcover.com (accessed on 1 June 2022)) are presented for background
information in Figure 1c, and the elevation map in Figure 1b was produced using the ALOS
Landform dataset (https://www.eorc.jaxa.jp/ALOS/en/aw3d30/index.htm (accessed on
1 June 2022)). It should be noted that three land use maps of 2000, 2010 and 2020 were used
to extract forestland, the pixels signed as forests were intersected to obtain the forest mask
file for the Mann–Kendall trend test, time-lag effect analysis and correlation analysis, and
the union of three forest maps was used for residual analysis.

http://www.globallandcover.com
https://www.eorc.jaxa.jp/ALOS/en/aw3d30/index.htm
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Table 1. Datasets used in this study.

Data Source Time Range Resolution

NDVI
Landsat-5/TM 1987 to 2011 30 m, 16 days

Landsat-8/OLI 2013 to 2020 30 m, 16 days

Precipitation/2 m
Temperature/Surface

net radiation
ERA5-Land 1987 to 2020 0.1◦ × 0.1◦, monthly

Land use data GlobeLand30 2000, 2010 and 2020 30 m

2.3. Method

The framework of the research is shown in Figure 2. Firstly, the Mann–Kendall
test method was adopted to detect the trends of vegetation landscape from 1987 to 2000.
Secondly, the time-lag effect was evaluated by taking into account three key meteorological
factors. Finally, at the interannual timescale, residual analysis method was used to explore
the main driving factor of spatial-temporal changes of karst vegetation landscapes.
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2.3.1. Trend Analysis by the Mann–Kendall Test

The Mann–Kendall test is a rank nonparametric test developed by Mann and Kendall [46,47].
In this study, the Mann–Kendall trend test was used to statistically assess the decreasing or
increasing trend of the vegetation in the Lijiang River Basin according to the pixel-based
annual NDVI value over a 34-year period (from 1987 to 2020). To express the vegetation
growth status in one year, the 95th-percentile position of the valid year-round values was
calculated as the annual NDVI value. Marginal and significant vegetation trends were
detected at the 10% and 5% significance levels, respectively. Based on the Z statistic of
the Mann–Kendall test, the results were categorized as significant changes (Z ≥ 1.96 or
Z ≤ −1.96), marginal changes (1.64 ≤ Z ≤ 1.96 or −1.96 ≤ Z ≤ −1.64) or insignificant
changes (−1.64 ≤ Z ≤ 1.96) [48,49].

2.3.2. Time-Lag Effect
The vegetation growth status is dictated by meteorological conditions [50,51], while

the time-lag effect generally exists between the accumulation of meteorological factors
(MFs) and the identification of their consequences in a certain period. Thus, affected by the
underlying geographic patterns, vegetation types and local climate conditions, the time-lag
effect shows notable regional differences [52]. In this study, to quantify this time-lag effect
in the Lijiang River Basin, we took three main MFs into consideration. For the MFs in
a given year, the monthly meteorological factors (MMFs) of the last few months were



Remote Sens. 2022, 14, 5391 5 of 15

replaced by those of the same months in the previous year to represent the time-lag effect,
and then the MMFs were accumulated to obtain the annual value, which was in agreement
with the time scale of the NDVI. The time-lag meteorological factor (MF_lag) of the nth year
was calculated as follows:

MF_lag(n, m) =
MMF(n − 1, 13 − m) + · · ·+ MMF(n − 1, 12) + MMF(n, 1) + · · ·+ MMF(n, 12 − m)

12
(1)

where m is the number of time-lag months and MMF(n,i) refers to the monthly averaged
value of a certain meteorological factor for the ith month in the nth year.

2.3.3. Partial Correlation and Correlation Analysis

Based on the correlation analysis method, the temporal and spatial fluctuations in the
annual precipitation, temperature, surface net radiation and annual NDVI were analysed.
Partial correlation was employed to measure the degree of association between each
annual climatic factor and annual NDVI, with the effect of other climatic factors removed.
Moreover, the human disturbance effect needed to be excluded to the greatest extent when
assessing vegetation changes caused by climatic factors; here, only those pixels classified
as forestland throughout the study period were selected for correlation analysis. The
second-order partial correlation coefficient of the NDVI and any MF (taking MF1 as an
example) after removing the effect of MF2 and MF3 is expressed as [53,54]:

PrNDVI·MF1−MF2MF3 =
PrNDVI·MF1−MF2 − (PrNDVI·MF2−MF3)(PrMF1·MF2−MF3)√(

1 − Pr2
NDVI·MF2−MF3

)(
1 − Pr2

MF1·MF2−MF3
) (2)

where PrNDVI·MF1−MF2 is the first-order partial correlation coefficient of NDVI and MF1,
with the effect of MF2 removed:

PrNDVI·MF1−MF2 =
rNDVI·MF1 − (rNDVI·MF2)(rMF1·MF2)√(

1 − r2
NDVI·MF2

)(
1 − r2

MF1·MF2
) (3)

where rNDVI·MF1 refers to the Pearson correlation coefficient. The significance of the
correlation coefficients was assessed at the 95% level.

2.3.4. Residuals Analysis

According to the results of partial correlation analysis, the dominant climatic factors
of vegetation growth in the Lijiang River Basin were screened. Without regard to human
disturbance, the relationship between the annual NDVI and dominant climatic factors can
be expressed using multiple linear regression:

NDVI(i, j) =
n

∑
k=1

αik·MFk(i, j) + βi (4)

where i represents the ith grid, j represents the jth year, n is the number of dominant climatic
factors, and MFk refers to the kth time-lagged climatic factor. Multiple linear regression
coefficients α and β were required by inputting the annual NDVI and MF; thus, the climate
affected NDVI could be simulated. Human-induced vegetation change was identified by
the residual analysis method shown in Equation (5):

NDVIresidual = NDVIsimulate − NDVIobserved (5)

The NDVI residuals refer to the difference between the simulated and observed NDVI
results, including the effect of human activities and the model error. In theory, the residuals
should obey a normal distribution; therefore, the change trend of NDVI residuals could
reflect human disturbance. When the residuals remained within the normal distribution
range, the NDVI changes were mostly explained by climatic factors. In contrast, when the
residuals deviated from the normal distribution range, positive or negative human effects
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were regarded as the key driving force for vegetation changes. In this study, according to
the NDVI profiles shown in Figure 3, we assumed that vegetation growth depended largely
on climate conditions in the rising NDVI stage, and one standard deviation (σ) above and
below the average (µ) of NDVI residuals from 1987 to 2000 was used as the threshold for
residual analysis (Peng, 2020), and the human effects were judged every two years. When
the NDVI residuals of two adjacent years were both greater than µ + σ, the vegetation was
mainly dominated by negative human effects; in contrast, when the NDVI residuals of two
adjacent years were both less than µ − σ, the vegetation was mainly dominated by negative
human effects; otherwise, the vegetation was defined to be dominated by climatic factors.
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3. Results
3.1. Temporal Variation in Vegetation Trends

As shown in Figure 3, the annual mean NDVI value of forestland over the study
period was calculated. As forestland accounts for 68% of the basin area, the NDVI profiles
of forestland and the whole basin showed similar variation trends. Overall, the annual
NDVI showed an increasing trend from 1987 to 2000 and a slow decline after reaching the
peak in 2001.

To reveal the temporal trends of NDVI over different periods in the Lijiang River
Basin, the Mann–Kendall test was performed in the forest area. As Table 2 and Figure 4
showed, changing vegetation trends in most of the forestland (83.7%) were not observed
from 1987 to 2000, which demonstrated that the vegetation exhibited a steady growing
state at the annual scale in this period. In the period from 2001 to 2020, more than half of
the forest grids showed decreasing trends, of which 49.2% showed a significant decreasing
trend and 12.4% showed a marginally significant decreasing trend, mainly concentrated
at high altitudes upstream of the basin and in the vicinity of Guilin city. Throughout the
whole study from 1987 to 2020, a significant decreasing trend of NDVI accounted for 21.5%
of the forestland, located primarily in the northern area with high vegetation coverage;
nevertheless, only 1.5% showed a significant increasing trend.
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Table 2. Area percentage of different vegetation change trends (%).

Period Decreased
Significantly

Decreased
Marginally

Increased
Significantly

Increased
Marginally Unchanged

1987–2000 0.8 1.0 7.5 6.9 83.7

2001–2020 49.2 12.4 0.4 0.8 37.2

1987–2020 21.5 7.7 1.5 5.1 64.3

Remote Sens. 2022, 14, 5391 7 of 16 
 

Period Decreased 
Significantly 

Decreased 
Marginally 

Increased 
Significantly 

Increased 
Marginally 

Unchanged 

1987–2000 0.8 1.0 7.5 6.9 83.7 
2001–2020 49.2 12.4 0.4 0.8 37.2 
1987–2020 21.5 7.7 1.5 5.1 64.3 

 

   

   

Figure 4. Spatial distribution of NDVI in forest areas in (a) 1987; (b) 2001; (c) 2020 and the change 
trend of annual NDVI covering (d) 1987−2000; (e) 2001−2020; (f) 1987−2020. 

3.2. Impact of Climatic Factors on Vegetation Trends 
According to the results of the partial correlation analyses shown in Table 3, 

precipitation and net radiation were positively correlated with NDVI, while the 
temperature showed a weak relationship with NDVI at the annual scale, which was 
inconsistent with recent studies [52,55]. Consequently, precipitation and net radiation 
could be recognized as the dominant MFs of vegetation in the Lijiang River Basin. Without 
regard to temperature, the partial correlation analyses between the annual climatic factor 
and NDVI in various time-lagged situations revealed that the correlation coefficient 
reached a maximum with a one-month time lag and then dropped, both for precipitation 
and net radiation. To account for this, one-month time-lagged precipitation and net 
radiation were adopted for further residual analyses. 

Table 3. Changes in the partial correlation coefficient of NDVI and precipitation/air 
temperature/surface net radiation (represented by Pr_P, Pr_NR and Pr_T, respectively) under 
different time-lag conditions. 

Figure 4. Spatial distribution of NDVI in forest areas in (a) 1987; (b) 2001; (c) 2020 and the change
trend of annual NDVI covering (d) 1987−2000; (e) 2001−2020; (f) 1987−2020.

3.2. Impact of Climatic Factors on Vegetation Trends

According to the results of the partial correlation analyses shown in Table 3, precip-
itation and net radiation were positively correlated with NDVI, while the temperature
showed a weak relationship with NDVI at the annual scale, which was inconsistent with
recent studies [52,55]. Consequently, precipitation and net radiation could be recognized as
the dominant MFs of vegetation in the Lijiang River Basin. Without regard to temperature,
the partial correlation analyses between the annual climatic factor and NDVI in various
time-lagged situations revealed that the correlation coefficient reached a maximum with a
one-month time lag and then dropped, both for precipitation and net radiation. To account
for this, one-month time-lagged precipitation and net radiation were adopted for further
residual analyses.
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Table 3. Changes in the partial correlation coefficient of NDVI and precipitation/air tempera-
ture/surface net radiation (represented by Pr_P, Pr_NR and Pr_T, respectively) under different
time-lag conditions.

Time-Lag 0 Month 1 Month 2 Month 3 Month 4 Month 5 Month 6 Month

Pr_P 0.355 0.407 0.368 0.361 0.342 0.288 0.25
Pr_NR 0.37 0.439 0.383 0.345 0.321 0.269 0.215
Pr_T −0.05 −0.07 −0.08 −0.07 −0.05 −0.06 −0.07

The spatial patterns of the partial correlation coefficient between NDVI and dominant
MFs also exhibited spatial heterogeneity (Figure 5a,b). The results of multiple linear
regression fit with annual NDVI and one-month time-lagged dominant MFs are shown in
Figure 5c. The averaged multiple linear correlation coefficient was 0.627, and more than
90% of the forest grids had a coefficient value larger than 0.4. Using the F test to examine
the significance level of the regression (Figure 5d), 82.5% of the forest pixels passed the
significance test at the 0.05 level, which confirmed a satisfactory linear fit between the
NDVI and dominant MFs at the annual scale.
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3.3. Relative Roles of Climate Change and Human Activities in Vegetation Change

According to the classified results of residual analyses, the effects of climate change and
human activities on the vegetation growth dynamics from 2001 to 2020 were distinguished
for each grid (Figure 6). Overall, the change in vegetation was dominated by climate
change in most areas (more than 70% of the forestland) in the Lijiang River Basin, and
the human activities changed dramatically over both time and space. From 2001 to 2006,
the proportion of area under a positive human effect was approximately 20% (Table 4),
while the area of negative human effect accounted for only a very small fraction and was
scattered in the basin. Since 2007, the area of negative human impact has shown an obvious
regional aggregative distribution and continued to gradually increase from 2009 to 2020
until reaching a maximum percentage of 18.5% in the period of 2019–2020. Conversely, the
area of positive human impact had a general decreasing trend since 2009, falling to just
5.4% in the period of 2019−2020.

Spatially, the distribution of human effects on vegetation exhibited obvious spatial
clustering characteristics, with most grids identified as exhibiting positive human effects
located in core protected areas near the Lijiang River or karst regions, indicating that local
ecological protection and restoration projects played certain roles in natural vegetation
conservation. The vegetation with negative human effects was mostly distributed along
the basin margins, especially in the upper reaches of the Lijiang River at high altitudes,
reflecting that the forest and natural vegetation in the areas with low levels of protection
were under the constant pressure of human activities over the last decade. Although a series
of ecological projects with afforestation and reforestation have been or will be implemented,
the restoration of damaged vegetation may take a long time, and the effects should be
further monitored.
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Table 4. Area percentage of different dominant factors on vegetation change (%).

Dominant
Factor 2001–2002 2003–2004 2005–2006 2007–2008 2009–2010 2011–2012 2013–2014 2015–2016 2017–2018 2019–2020

PH 15.8 27.8 18.5 18.6 16.4 13.0 7.8 8.0 8.8 5.4

NH 0.7 2.2 2.9 14.3 5.0 9.3 10.9 12.7 16.0 18.5

C 83.6 70.0 78.6 67.1 78.6 77.7 81.3 79.3 75.2 76.2

Note: PH means positive human impact, NH means negative human impact, and C means climate change.

3.4. Human Activities in Karst Areas and Non-Karst Areas

In the Lijiang River Basin, there were significant differences in the vegetation growth
environment between karst areas and non-karst areas. Due to the steep terrain and poor
soil conditions, the formation of the forest ecosystem took a long time in karst areas, and
most destruction would be extremely difficult to recover. To assess changes in the human
activities in karst areas, the area percentages of different dominant factors in karst areas
and non-karst areas were calculated. As Figure 7 shows, the vegetation in most areas was
dominated by climatic factors. The area percentages of positive human impacts in karst
areas were all greater than those in non-karst areas during various periods. Compared with
the average percentage of negative human impacts of 11% in non-karst areas, the value in
karst areas was only 4.5%. Although negative human impacts continued to expand since
2009 in the whole basin, the proportion of negative human impact in karst areas increased
much more slowly and even started to decline in the period of 2019–2020. In addition, the
proportion of positive human impacts in karst areas maintained a steady increase from 2013
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to 2020, which reflected the effect of various policy measures on protecting and restoring
karst landscapes in recent years.
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Figure 7. Area percentage of different dominant factors in (a) karst areas and (b) non-karst areas.

Based on the dominant factor analysis, the downside of human activities still out-
weighed the positive influence on natural vegetation. High-intensity human activities,
mainly the unrestrained utilization of land resources, have increased the pressure on vulner-
able karst landscapes in the whole basin. Figure 8 shows four cases in karst area, reflecting
the damage to natural vegetation caused by diversified human production activities. As
illustrated in case(A) and case(B) of Figure 8, the destruction of forests and fragmentation
of landscapes were direct consequences of quarry operations, and the NDVI curve man-
ifestations of mining activities sharply decreased; moreover, these mining activities also
had negative impacts on regional ecology, such as degradation of ecosystems, deterioration
of water quality and biodiversity loss [56–58]. Case(C) shows a large area of artificially
grown Eucalyptus. This kind of fast-growing tree has been widely planted in basins with
short rotation lengths and strong adaptability, posing a threat to autochthonous species.
Additionally, the plantations of Eucalyptus depleted the poor soil in karst regions and
hastened regional rocky desertification after logging. As Case(D) indicates, the orchards
were reclaimed from native trees on the hillsides. No grass or other plants grew among the
parallel rows of fruit trees. Undoubtedly, the cultivation of fruit trees has caused severe
ecological and environmental consequences. The utilization of pesticides in fertilizers
contaminated the surface soil, and pollutants more easily migrated and diffused on slopes
via surface runoff. Furthermore, soil erosion was aggravated, and vegetation coverage
sharply decreased with the extensive expansion of orange trees, resulting in the continuous
destruction of vegetation landscapes.
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Figure 8. Cases of negative human activities. (A) Abandoned quarry. (B) Active quarry. (C) 
Eucalyptus. (D) Fruit trees plantations. The locations of the cases are shown in Figure 1c. The first 
column shows the photos taken by unmanned aerial vehicles in 2020, the 2nd and 3rd columns show 
the true colour Landsat-5 image of 2000 and the true colour Landsat-8 image of 2020, respectively, 
and the last column shows the NDVI time-series profile of each human disturbed zone.  

4. Discussion 
4.1. Vegetation Changes under Different Coverage Levels 
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Figure 8. Cases of negative human activities. (A) Abandoned quarry. (B) Active quarry. (C) Eucalyp-
tus. (D) Fruit trees plantations. The locations of the cases are shown in Figure 1c. The first column
shows the photos taken by unmanned aerial vehicles in 2020, the 2nd and 3rd columns show the true
colour Landsat-5 image of 2000 and the true colour Landsat-8 image of 2020, respectively, and the
last column shows the NDVI time-series profile of each human disturbed zone.

4. Discussion
4.1. Vegetation Changes under Different Coverage Levels

As the dominant bedrock form, highly soluble carbonate rocks in the Lijiang River
Basin have the potential to evolve into rocky desertification affected by extreme rainfall
and more frequent floods [59]. To express the degrees of rock desertification quantitatively,
based on the annual NDVI, the pixel-based vegetation coverage ratio (VCR, calculated
with (NDVI − NDVImin)/(NDVImax − NDVImin)) in forestland from 2000 to 2020 was
calculated and divided into 5 types [60,61]. The area ratios of different vegetation coverage
types are presented in Figure 9. In the last two decades, the VCR has shown an overall
downward trend. The percentage of high vegetation coverage (VCR ≥ 0.8) decreased
greatly to approximately 40% in 2020, down from approximately 70% in 2000, most of this
coverage shifted to moderate vegetation coverage (0.4 ≤ VCR < 0.8). Moreover, these forest
areas with a steady decrease in VCR were potentially at risk of rock desertification; this risk
was especially strong for the local vulnerable karst landform. Therefore, rock desertification
in the Lijiang River Basin still faces a serious situation.

According to the results of the correlation analysis, the combined climatic factors had
a general positive correlation with vegetation growth, and the difference in vegetation cov-
erage conditions might result in the spatial heterogeneity of the multiple linear correlation
coefficients. The averaged multiple linear correlation coefficients between NDVI and cli-
matic factors under 5 different VCR types were calculated (Table 5), and regular differences
were apparent in different VCR types. The correlation coefficients showed a trend of rising
with the decrease in VCR, indicating that the effects of climatic factors on vegetation were
more significant in sparsely vegetated regions. Therefore, it could be assumed that the
growth of sparse vegetation is more sensitive to extreme climatic conditions.

Table 5. Multiple linear correlation coefficient results of annual NDVI with precipitation and net
radiation under different vegetation coverage rates.

VCR ≥ 0.8 0.6 ≤ VCR < 0.8 0.4 ≤ VCR < 0.6 0.2 ≤ VCR < 0.4 VCR < 0.2

Mr 0.608 0.620 0.650 0.684 0.703
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4.2. Comparison with Similar Studies

In recent years, many studies have focused on vegetation dynamics and changes and
their driving forces. It is possible that due to the difference in study scale, some differences
exist between this study and previous studies:

(1) The dominant climatic factors affecting vegetation growth were temperature and
precipitation in Southwest China, as studied by Peng et al. [62]. Compared with our study
at the interannual timescale, the fitting of the vegetation index with temperature and
precipitation at the monthly timescale was better due to the highly correlated seasonal
variations between monthly climatic factors and vegetation growth within a year. The
results of the correlation analysis of two variables with the same change cycles might be
distorted over a decade time scale. Therefore, the time attributes of climatic factors are
important when analysing vegetation dynamics under climate change.

(2) Several studies have concluded that the vegetation growth in the research area
increased after the implementation of conservation projects after 2000 [38,63]; however,
based on our research, the situation of vegetation restoration is not optimistic. The decrease
of overall vegetation coverage has been accompanied by increasing human impacts since
2000 (Figure 2 and Table 4). In other words, the negative impacts of human activities on
vegetation changes have gradually increased since 2000. From the spot investigation of the
Lijiang River Basin in 2020, human disturbances to natural vegetation were still widely
distributed, including quarrying activities, Eucalyptus planting, and orchard expansion.
The difference in the spatial scales was most likely the main reason for the different
conclusions. However, there was no conclusive evidence of whether the different temporal
scales or spatial scales led to the different research results. At least, the regional vegetation
dynamics were sensitive to the choice of scales, and the scale effect may represent an
important direction for future research.

5. Conclusions

This study analysed dynamic changes in vegetation landscapes and their driving forces
in a typical karst region in southern China. The innovations and characteristics of this paper
were that it analysed the impacts of climate change and human activities on vegetation
change at a much higher spatial resolution of 30 m, and more parcel-based vegetation
changes caused by human disturbance could be detected at this scale. The results showed
that vegetation changed from enhanced to suppressed from 1987 to 2020, and the peak stage
occurred in approximately 2001. Precipitation and net radiation were the most important
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climatic factors affecting vegetation growth. Using the residual analysis method, this study
separated the impact of climate change and human activities on vegetation. Climatic factors
were regarded as the dominant factors in most of the forest area. The dominant areas of
negative human impact have continuously expanded within the last ten years, in contrast
to the trend of areas dominated by positive human impacts. Compared with those in non-
karst areas, more positive human impacts and less negative human impacts were detected
in karst areas, indicating that ecological protection and restoration measures played certain
roles in natural vegetation conservation. However, the key protected areas strengthened by
the ecological protection policies were limited, and the status of the vegetation landscape
was not viewed optimistically from an overall basin perspective. The protection effect of
vegetation needs to be tracked continuously.
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