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Abstract

Climate change significantly influences vegetation growth, necessitating an in-depth understanding of the climate-driven
dynamics of vegetation to formulate ecological and environmental policies. This study addresses the limitations of traditional
correlation analysis methods by utilizing a combined approach of Residual Trend Analysis (RESTREND) and Time Series
Segmentation Residual Trend Analysis (TSS-RESTREND), known as CTSS-RESTREND. By using this method, we
examined the influence of near-surface air temperature, precipitation, humidity, and wind speed on vegetation growth in
Guangdong Province from 2000 to 2020, using Normalized Difference Vegetation Index (NDVI) data and climatic variables.
Using MOD13Q1 NDVI data and ERAS downscaled climate reanalysis data, this research utilizes the CTSS-RESTREND
algorithm to quantify the climate effects on vegetation. The analysis reveals that precipitation and humidity are the primary
positive drivers of vegetation growth, temperature has a slightly higher positive than negative impact on vegetation, while
wind speed generally has a negative impact on vegetation, but its effect is relatively slight. During the growing season, the
growth of vegetation becomes more sensitive to the three climatic factors: temperature, precipitation, and humidity. This
study provides a more accurate and detailed understanding of the spatiotemporal changes and climate driving factors affecting
vegetation in Guangdong Province.
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Introduction

Vegetation, as a vital component of terrestrial ecosystems,
plays a pivotal role in the Earth's carbon cycle and signifi-
cantly influences ecosystem stability (Yang and Guan 2006;
Zhao et al. 2022; Chu et al. 2019). Monitoring and analyz-
ing vegetation changes is essential for assessing changes
in regional and global ecological environments (Ivits et al
2014; Liu et al. 2017; Martinez and Labib 2023). The Nor-
malized Difference Vegetation Index (NDVI) serves as an
indicator of vegetation productivity and is widely used to
monitor dynamic changes in vegetation growth (Londhe
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et al. 2024; Tang et al. 2015; Wen et al. 2017; Zhang Y
and Ye 2020). Analyzing spatiotemporal variations in NDVI
provides valuable insights into regional vegetation dynamics
(Sun et al. 2015). By combining this analysis with driving
factor analysis, we can effectively evaluate the impact of
climate change and human activities on vegetation dynamics
(Ma et al. 2017; Sun et al. 2023; Li et al. 2013). However,
due to regional disparities, diverse vegetation types, and var-
iations in climate conditions, multiple driving factors have
complex and variable impacts on vegetation (L F Zhang et al
2022a, b; Yan et al. 2023; Gong et al. 2022; Zhong et al.
2010). For instance, the influence of wind speed on vegeta-
tion growth varies significantly across regions and vegeta-
tion types (T. Zhang et al. 2022a, b). Therefore, conducting
quantitative research on the impact of various driving factors
on vegetation growth holds great significance.

Climate change have a significant impact on vegeta-
tion growth (Piao et al. 2020; Wang et al. 2015; Moham-
mat et al. 2013; De Jong et al. 2013). Changes in climate
conditions can affect the air and soil environments, con-
sequently altering the nutrient transport of vegetation and
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disrupting its original growth patterns (Tietjen et al. 2017;
Sun et al. 2022). As a result, the influence of climate change
on vegetation exhibits a time lag and is influenced by vari-
ous vegetation types and regional disparities (Kong et al.
2020). Moreover, the process of climate-induced vegetation
change is inherently complex. In addition to regional varia-
tions, the impact of a particular climate factor on vegetation
is influenced by natural factors such as slope direction and
elevation, leading to a complex driving mechanism (Zhang
et al. 2024; Boulion 2017). To investigate the relationships
between climate factors and vegetation change, Guo et al.
analyzed the global NDVI change trend from 1982 to 2014
and the driving effect of climate on NDVI. The results
showed that NDVI showed a significant upward trend from
1982 to 2014, and the increase in the Northern Hemisphere
was higher than that in the Southern Hemisphere (Guo et al.
2022). Among various climate factors, temperature and pre-
cipitation have a significant impact on NDVI (Chuai et al.
2013; Cao et al. 2011; Morovati and Karami 2024; Hilker
et al. 2014). It is worth mentioning that the effects of temper-
ature and precipitation on NDVI differ due to variations in
geographical and climatic conditions between the two hemi-
spheres. In the Northern Hemisphere, temperature plays a
predominant role as a climate driver for NDVI, while precip-
itation takes on this role in the Southern Hemisphere (Hou
etn al. 2013). In equatorial regions, temperature primarily
controls NDVI changes, particularly during the spring and
autumn seasons. Notably, the impact of climate on vegeta-
tion is more pronounced in arid areas (Ichii et al. 2002). Han
et al. demonstrated that climate change plays a pivotal role in
driving vegetation changes in arid regions (Han et al. 2021).
Due to the continuous enhancement of climate change, the
impact of climate on vegetation and ecological environment
has become increasingly evident. In order to analyze the
impact of climate change on vegetation, Abeli et al. analyzed
the impact of European summer heatwaves on wildlife. The
results demonstrated that wildlife is highly vulnerable to the
negative impacts of extreme weather events and their direct
and indirect consequences. European heatwaves can cause
a decrease in precipitation, which affects plant physiology
and metabolism, thereby affecting plant growth and repro-
duction. The main consequence is vegetation adaptation or
extinction (Abeli et al. 2014). Climate-driven vegetation
displays spatial heterogeneity, resulting in significant varia-
tions in the time lag of vegetation response (Wu et al. 2015;
Duan et al. 2021; Sedighifar et al. 2020). In order to study
the hysteresis of climate driven vegetation change, Wu et al.
used the GIMMS3g NDVI time series and CRU tempera-
ture, precipitation, and solar radiation datasets to quantita-
tively determine the time delay effects of global vegetation
response on different climate factors. The results indicate
that there are significant global differences in the time lag
effect of vegetation response and the main climate driving
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factors that significantly affect vegetation growth, which is
related to the diversity of vegetation and climate character-
istics (Wu et al. 2015). In order to study the driving effect of
more climate factors on vegetation change, Mao et al. stud-
ied the impact of climate factors such as temperature, pre-
cipitation, sunshine, potential evaporation, and water vapor
pressure on vegetation in northern Tibet, China. The results
show that the most important climate factor affecting NDVI
annual change is temperature (Mao et al. 2007).

At present, the research methods on vegetation change
driven by climate factors in China are mainly based on
correlation analysis, and the results are relatively rough
(Song and Ma, 2017; Guan et al. 2020; He et al. 2018;
Gao et al. 2021; Xu et al. 2019). To solve this problem,
this study selects Guangdong Province as the study area.
Guangdong Province is located in the southernmost part of
Chinese Mainland, adjacent to the South China Sea, and is
more vulnerable to extreme climate events such as typhoons.
Climate change has a greater impact on the ecological
environment, which is of high research significance.
The combined algorithm CTSS-RESTREND (Combine
RESTREND and TSS-RESTREND) (Ruan et al. 2020)
based on RESTREND (residual trend analysis) (Li et al.
2016; Chen et al. 2018) and TSS-RESTREND (Liu et al.
2019) (Time Series Segmentation Residual Trend Analysis)
is applied to analyze the vegetation response to climate
change in Guangdong Province from 2000 to 2020. The
results presented in the form of slope are more accurate than
the correlation analysis, and the combination can effectively
solve the problem of the defect as insufficient number of
significant pixels caused by multi-step tests of RESTREND
and TSS-RESTREND, and obtain fine results of climate-
driven vegetation effects.

Materials and methods
Study area

Guangdong Province is located in the south of the Nan-
ling Mountain, bordering Hong Kong, Macao, Guangxi,
Hunan, Jiangxi and Fujian, with Nanling Mountain in the
north, Mount Wuyi in the northeast, South China Sea in
the south and Taiwan across the strait in the east, with a
geographical coordinate of 109°39'-117°19’E and 20°13'-
25°31'N (Fig. 1). The land area of Guangdong Province
is 17.98 x 104km?2, with a coastline of 3368.1 km. As it is
close to the sea and has a long coastline, it is vulnerable
to typhoons from the Western Pacific and South China
Sea. Windstorms, heavy rains and flood disasters caused
by typhoons are quite serious (Li et al. 2021; Zhang et al.
2011). In consideration of the climatic characteristics of
Guangdong Province, four climatic factors: temperature,
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Fig. 1 Location of the Guangdong Province

precipitation, humidity, and wind speed were selected to
analyze the vegetation's responses to these factors.

Data collection

The NDVI data used in this paper is downloaded from
the MOD13Q1 product by Google Earth Engine, with a
time resolution of 16d, a spatial resolution of 250 m, and
a time range from 2000 to 2020. To ensure the accuracy
of pixel-level trend analysis, the Savitzky-Golay (S-G)
filter was employed to assign weight coefficients based on
quality assessment (QA) values from the MOD13Q1 NDVI
data. This approach effectively eliminates effects from
noises, such as those caused by clouds and rain, thereby
producing high-quality NDVI time series data for reliable
trend detection. (Huang et al. 2018; Meng et al. 2017). The
specific assignment values are as follows:

114°

115°~
116

117°+
118°—

The higher the QA value, the greater the noise in the
image, and a lower weight should be assigned; The lower
the QA value, the smaller the image noise, and a higher
weight should be assigned. Therefore, assigning a weight
of 1 to a low noise pixel with a QA value of 0; assign a
weight of 0.5 to pixels with a QA value of 1; High noise
pixels with QA values of 2-3 are assigned a weight of 0.2
and reconstructed using S-G filter. Synthesize the maximum
value of filtered MODIS NDVI data into monthly NDVI
data to further remove noise effects such as clouds and rain.
Utilizing the cropping tools and grid to projection tools in
ArcMap, the study area was cropped and transformed into
a high-quality monthly NDVI TIFF dataset for Guangdong
Province from 2000 to 2020.

Four climate factor data downloaded from ERAS
downscaling reanalysis climate data set of National Earth
System Science Data Center(http://www.geodata.cn),
mainly includes temperature (in this study, the temperature
data is near surface temperature data, and the temperatures

* @ Springer


http://www.geodata.cn

13930

International Journal of Environmental Science and Technology (2025) 22:13927-13946

mentioned later represent near surface temperature),
precipitation, humidity (relative humidity data), and wind
speed for reanalysis of four climate factor data. The time
resolution is one month, the spatial resolution is 1 km, and
the time range is from 2000 to 2020. Using Python to convert
it to points and using inverse distance weight interpolation
in ArcGIS, the climate factor data is interpolated to a spatial
resolution of 250 m, and then cropped and projected to
obtain climate factor data corresponding to NDVI data.

Methods

Using the processed NDVI data, the NDVI values at inter-
annual, growing season, and seasonal scales were calculated.
Break-point analysis was conducted to examine the variation
trends, abrupt changes, and distribution characteristics of
NDVI in Guangdong Province. Processed climate variable
data were also analyzed at inter-annual and seasonal scales
to detect the variation trends and spatial characteristics of
the four climate factors in Guangdong Province. Vegetation
response to climate factors exhibits a certain lag, generally
not exceeding one month (Kuzya-kov and Gavrichkova,
2010; Chapin and Starfield 1997; Davis 1989). Conse-
quently, the NDVI data were shifted by one month to cor-
respond with the four climate factor datasets. RESTREND
(residual trend) and TSS-RESTREND (time-series segmen-
tation and residual trend) analyses were employed to isolate
the combined effects of climate factors, with the results sub-
sequently merged to form CTSS-RESTREND (combining
time-series segmentation and residual trend with residual
trend). This methodology increases the number of valid pix-
els, enabling the analysis of vegetation responses to indi-
vidual climate factor in Guangdong Province (Fig. 2).

Fig.2 The flowchart of methods
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Univariate linear regression

In time series analysis, the univariate linear regression
method is commonly employed. This method is used
to calculate the temporal trends of climatic factors and
vegetation indices within the study area. By conducting a
pixel-by-pixel analysis of the slope of changes over the study
period, the spatial distribution of the overall trends for both
climatic factors and vegetation indices can be determined.
Here, x; represents the vegetation indices and climatic
factors, and t; represents time. A univariate linear regression
equation is constructed for x; and t;, as shown in Eq. (1).

x;=at;+b,(i=1,2,3..n) (1)

In the linear regression analysis of climate factors, a
represents the regression coefficient, and b denotes the
constant term. Due to the generally low overall trend
changes, which fail to adequately capture variation
differences, the slope of the climate factor regression is
expressed as ten times the regression coefficient to enhance
visibility of the changes (Hou et al. 2013).

Mann-Kendall mutation test

The Mann—Kendall mutation test, as a commonly used non-
parametric method, is widely applied in long-term time
series studies because its results are not influenced by indi-
vidual outliers. The test statistic, denoted as the Z value, is
typically represented by the following formula.

Temporal and
spatial

Spatiotemporal
variation of

vegetation characteristics

index of climate

NDVI monthly
value sequence

Monthly series of
climatic factors
Effects of climate
factors on

vegetation change
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In Egs. (3)-(5), n represents the total number of
observations, and x; and x; denote the time series data.
When the test statistic Z in Eq. (2) is greater than 1.96, the
trend changing results pass the significance test at a 95%
confidence level, indicating a significant change. Otherwise,
the change is not considered significant.

Coefficient of variation

The coefficient of variation can reflect the stability of spatial
variation in vegetation through the ratio of the standard
deviation to the mean. The specific calculation formula is
as follows:

cV = Sl\]/[)NDVI ©)
NDVI

In Eq. (6), SDy\py; represents the standard deviation
of the annual mean NDVI in Guangdong Province, while
Mypy; denotes the average NDVI value for each year in
Guangdong Province. Based on the calculated CV values,
the stability of vegetation in the study area is classified into
three levels: stable regions (CV < 15%), unstable regions
(15% < CV <£40%), and highly unstable regions (CV >40%).

BFAST

The BFAST (Breaks for Additive Seasonal and Trend)
algorithm is an iterative linear fitting season and trend model
proposed by Verbeselt et al. in 2010 (Verbesselt et al. 2010).
It divides the time series into seasonal components, trend
components, and residual components, and can detect time
series mutation points in trend components. The general
expression of the model is shown in Eq. (7):
Y,=T,+S,+e,(@=1,...,0)).

In the equation, Y, represents the observed values of the
time series, and in this study, it represents the NDVI value;
T, represents the trend component; S, represents the seasonal
component; e, represents the residual component; t repre-
sents time. When set as linear during fitting, with mutation
points of t},...,t* , it can be represented by Eq. (8):

T, = o+ fit, ®)

a; represents the intercept; f; represents the slope; j
represents the time between two mutation points. The
amplitude and direction of the mutation point are determined
by the sum on both sides of the break-points.

The seasonal components S, are fitted using a segmented
seasonal model, and the specific calculation formula is as

follows:

o (2
S, = Z a,-’ksm< 7;]“ + 5,»,k>, ®

k=1

irepresents the break-point position; k represents the number
of harmonic terms in the periodic model; 8, represents the
time item; f represents frequency. BFAST will input the
calculation results back into the iteration when calculating
the break-point, hence high calculation accuracy can be
obtained.

In the study of NDVI time series, the BFAST algorithm
can eliminate the NDVI changes caused by seasonal
vegetation growth, and detect the location of break-points
and sudden variables through linear fitting using the least
square method. Due to the removal of seasonal NDVI
changes before calculating the break-points, that detected in
the trend component, are mainly caused by extreme climate
change and human activities.

In this study, the BFAST algorithm was implemented
using the "bfast" toolkit in version 4.0.3 of the R language.

RESTREND

RESTREND is a commonly used method for detecting
vegetation changes (Ibrahim et al. 2015; Kundu et al.
2017). It separates the effects of various driving factors by
calculating residuals and performs linear regression, with
the formula as follows:

y=alx1 +azx2+a3x3+a4X4+bl, (10)

e=y -y (11

y represents the NDVI values affected by four climate
factors, X, X,, X3 and x, represent the four climate factors in
this study a,, a,, a; and a, represent regression coefficients;
b, represents intercept; y’' represents the NDVI value; €
represents residual.
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Perform stepwise residual calculation using the
RESTREND algorithm, the response results of vegetation to
individual climate factors can be separated (First, calculate
the NDVI values affected by four climate factors, and then
perform residuals. At this time, the residuals represent the
NDVI changes affected by other factors except for the four
climate factors. Then, calculate the NDVI values affected
by three of the climate factors. At this time, the residuals
represent the remaining NDVI changes affected by one
climate factor and other factors. By subtracting the residuals
from the two, the impact of a single climate factor on NDVI
can be disintegrated.) By performing a univariate linear
fitting of the residual amount to calculate its trend change,
the rate of vegetation change can be obtained, which is more
intuitive in the results.

In this study, the RESTREND algorithm was
implemented in version 4.0.3 of the R language.

TSS-RESTREND

TSS RESTREND is an extended algorithm in residual trend
analysis, which combines break-points with linear regression
to detect the driving effects of climate factors on vegetation
in segments (Burrell et al. 2017). The formula is as follows:

Yy = A1X) + arXy + A3Xy + agxy + as2+ X2+ A7X07 + AgXaZ + AgXyZ + by,

g, represents residual, and the results of the impact of
different types of climate factors on vegetation using
Eq. (12) are continuously calculated using Eq. (13) to
obtain the impact of a single climate factor on vegetation.
The results are fitted linearly to obtain the change rate of the
impact of a single climate factor on vegetation.

In this study, the TSS-RESTREND algorithm was
implemented in version 4.0.3 of the R language.

CTSS-RESTREND

Although the RESTREND and TSS-RESTREND algorithms
can strip out the influence of individual driving factors, the
two-step test (residual and linear fitting) greatly reduces
the number of significant pixels, which is not conducive to
analysis. In order to solve this problem, Ruan et al. proposed
the CTSS-RESTREND (Combine TSS-RESTREND with
RESTREND) algorithm in 2020 (Ruan et al. 2020). CTSS-
RESTREND can add up the number of significant pixels cal-
culated by RESTREND and TSS-RESTREND algorithms,
greatly increasing the number of significant pixels. Specifi-
cally, in the CTSS-RESTREND algorithm, the integration
of TSS-RESTREND and RESTREND is efficiently achieved
through the raster calculator in ArcGIS. This process utilizes

12

Formula (12) is a piecewise linear regression equation
used to fit the relationship between vegetation and climate
factors, where y, represents the NDVI value, x,x,,x;
and x, respectively represent four climate factors, a;~aq is
the regression coefficient, b, is the intercept, and z is the
dummy variable (0 or 1). In this study, the dummy variable
is represented by the break-point of BFAST. The value of
linear fitting before the break-point is 0, and the value after
the break-point is 1. Its significance is calculated by the
Chow test.

&=y, =V (13)

the mathematical logic function (IsNull) and the conditional
function (con) in the raster calculator. First, the IsNull func-
tion is used to identify pixels with insignificant changes in
the TSS-RESTREND analysis; then, the con function selects
pixels with significant changes in the RESTREND analysis.
The combined result can increase the number of significant
pixels, thereby enabling a more precise analysis of vegeta-
tion climate driving factors. The expression for this process
is given in Eq. (14), and the specific operation workflow is
shown in Fig. 3.
Result = con(IsNull(Rasterl), Raster,, Raster ), (14).

Fig.3 The implementation

of CTSS-RESSTREND in
ArcGIS (Ruan et al. 2020) (a)
pixels identified using TSS-
RESSTREND, (b) pixels identi-
fied using RESTREND, and (c)
the composite result derived
from CTSS-RESSTREND.
RESTREND's significant pixels
fill TSS-RESTREND gaps from

NSC (no significant change)
pixels
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Where Result represents the calculation results of
CTSS-RESTREND, Raster, represents the grid layer of
RESTREND calculation results, and Raster, represents the
grid layer of TSS-RESTREND calculation results.

Results and discussion

Spatiotemporal variations of NDVI and climate
factors

The 21-year average NDVI for Guangdong Province from
2000 to 2020 was calculated using Univariate Linear Regres-
sion, and the results are shown in Fig. 4a. The data indi-
cated that the 21-year average NDVI values across pixels in
Guangdong Province range from -0.01 to 0.90, with an over-
all regional average of 0.60, indicating a generally high veg-
etation coverage. However, some areas exhibit lower values.
Regions with lower vegetation coverage (NDVI < 0.40) were
mainly concentrated in the central Pearl River Delta, where
urbanization is high, accounting for approximately 14.32%
of the pixels. Another portion with slightly lower vegetation
coverage (0.40 < NDVI<0.60) was mainly distributed in the
southwestern cities of Zhanjiang and Maoming, representing
about 21.76% of the pixels. The remaining areas of the study
region generally had high vegetation coverage, with NDVI
values between 0.60 and 0.90 accounting for as much as
57.86% of the pixels. Overall, vegetation growth conditions
in Guangdong Province were favorable, with high vegetation
coverage. The trend of NDVI changes in the study region
from 2000 to 2020 is shown in Fig. 4b. Using univariate
linear regression, the data revealed that NDVI in the study
area has generally increased over the past 21 years. Since
the annual change rate of NDVI is relatively small, directly
using annual data is not intuitive. Therefore, we calculated
the change rate over a ten-year scale and obtained an overall
change rate of 0.039 (10a)~', indicating a positive trend in
vegetation growth.

The spatial change rate of NDVI in the study area
from 2000 to 2020 was calculated using univariate linear
regression, which determined the annual change rate for each
pixel. The results were then subjected to the Mann—Kendall
(MK) test to assess the statistical significance of these
trends, as illustrated in Fig. 4c. In the MK test, change rates
that pass the significance level of p=0.05 are considered
significant, while those that do not pass are considered
non-significant. In this study, since the number of non-
significant pixels was relatively small, they were classified
into the category of change rate equal to 0. As shown in
Fig. 4c, the change rate of NDVI in the study area from
2000 to 2020 mainly ranges between -0.36 and 0.35 (10a) .
The majority of pixels showed a significant upward trend,

NDVI (a)
mm 090
-0.01

-—— km
0 45 9% 180 270 360

0.66

0.64 4 AVG

0.62

=
[a)]
Z0.60
/
st & L7y Slope=0.0039
] ¢« / R*=0.81 p<0.01
0564 P
T T T T T
2000 2005 2010 2015 2020

(b)

NDVI (10a)
I -0.36 - -0.13 [ 0.02 - 0.04
I -0.13 - -0.06 [ 0.04 - 0.07
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[1-0.02-0.02 MEMO0.10-035

Fig.4 Average NDVI in Guangdong Province from 2000 to 2020(a).
Trend of annual NDVI in Guangdong Province from 2000 to 2020(b).
The spatial distribution of the NDVI change rate in Guangdong Prov-
ince from 2000 to 2020(c)
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accounting for 78.86% of the pixels. Among the pixels with
a significant upward trend, most had change rates between
0.02 and 0.07 (10a)~", indicating a slight upward trend and
accounting for 49.25% of the pixels. Pixels with a larger
upward trend were mainly distributed in the southern part
of the study area, with change rates between 0.07 and 0.35
(102)~", accounting for 18.74% of the pixels. Pixels showing
a significant downward trend were primarily located in the
central Pearl River Delta and the eastern part of the study
area, with NDVI change rates mainly ranging from -0.36 to
-0.06 (10a)_1, accounting for 16.13% of the pixels, with a
large proportion of pixels having change rates between -0.36
and -0.13 (10a)_', accounting for 9.86%. Overall, vegetation
growth in the study area remains stable, with regions
showing positive growth generally having lower vegetation
change rates. In contrast, regions with negative growth rates
tended to have higher rates of change, concentrated mainly
in economically developed areas such as the Pearl River
Delta and the Hanjiang-Rongjiang Delta.

The spatial distribution characteristics of climate ele-
ments in the study area from 2000 to 2020 are as follows:
The average temperature ranged from 5 to 30°C, predomi-
nantly between 20 and 30°C. The Pearl River Delta region
exhibited higher temperatures (25-30°C), while the northern
region had lower temperatures (5-15°C) (Fig. 5a). The annual
average precipitation ranged from 883.5 to 3169.7 mm, with
most areas receiving between 1700 and 3000 mm of rainfall.
Areas with lower precipitation (883.5—1500 mm) were con-
centrated in the Pearl River Delta and plain regions (Fig. 5b).
The average humidity ranged from 0.1 to 87.6%, with most
regions experiencing high humidity levels (60-87.6%),
while lower humidity areas (15-40%) were found in the cen-
tral and eastern parts of the study area (Fig. 5c). The average
wind speed ranged from 0.1 to 4.8 m/s, with the majority

Table 1 The standard of

A Pixel quality Weight
filtering weight coefficient Q q Y e

assignment coefficient
0 better 1
ordinary 0.5
2-3  bad 0.2

of areas experiencing moderate wind speeds (0.5—1.5 m/s).
Low wind speed regions (0.1-0.5 m/s) were located in the
north and east, and there were localized high wind speed
areas (4—4.8 m/s) (Fig. 5d). Overall, the climate in the study
area was characterized by high temperatures, ample precipi-
tation, high humidity, and moderate wind speeds, though
there were significant local variations.

From 2000 to 2020, the overall temperature change
in the study area was not significant, with an average of
approximately 22.1°C. However, there were fluctuations
in specific years, with the highest temperature recorded at
23°C in 2019 and the lowest at 21.35°C in 2011 (Fig. 5e).
Precipitation showed a significant linear change trend during
this period, with an average value of 1830 mm. The highest
precipitation was recorded in 2000 (3308.31 mm), and the
lowest in 2006 (1068.52 mm) (Fig. 5f). Humidity showed a
significant upward trend, with the annual average increasing
from 72.06% to 77.48% (Fig. 5g). The annual average wind
speed showed a significant downward trend, decreasing
from 1.30 m/s to 1.05 m/s, with overall minor fluctuations
(Fig. 5h). Overall, the changes in climate elements in
the study area over the 21-year period exhibited certain
regularities, but the trends and magnitudes of change varied
among the different elements (Table 1).

@ -y b)

T
i e Y
oA _—!‘.,,L,y/—"
a1

MAT () ‘ R MAP ()
oy 00 ~ o 31697

-, " s

MAH (%) MAW (m's)
76

L X o

TEM ' PRE

ULR ULR
.

Slope=6.3587
R=0.10 p>0.05

Slope=0.0097
R=0.17 p>0.05

2000 2005 2010 2015 2020 2000 2005 2010 2015 2020

Fig.5 Spatial distribution of average near surface temperature (a),
average precipitation (b), average humidity (c) and average wind
velocity (d) in Guangdong Province from 2000 to 2020. Trend of
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Break-points and variability of NDVI

Using the BFAST algorithm to analyze the NDVI change
trends in the study area, the break-points of NDVI over
the 21 years were calculated, and the results are shown
in Fig. 6a. As shown in the figure, the NDVI break-point
times in the study area between 2000 and 2020 mainly
occurred between 2003 and 2019, with 22.87% of pixels

having no break-points. Most of the break-points occurred in
2003, 2004, 2005, 2010, and 2019, accounting for 18.35%,
23.21%, 18.36%, 9.44%, and 8.57%, respectively, with the
proportion of break-points in 2003, 2004, and 2005 all above
15%. Break-point pixels were evenly distributed throughout
Guangdong Province, indicating that province-wide extreme

Fig.6 Spatial distribution of
NDVI break years in Guang-
dong Province from 2000 to
2020(a) Spatial distribution of
NDVI coefficient of variation in
Guangdong Province from 2000
to 2020(b)
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climate changes and concentrated human economic activi-
ties strongly explained the vegetation changes in the study
area.

The coefficient of variation of NDVI from 2000 to
2020 in the study area was calculated using the annual
NDVI standard deviation and mean values, and the
results are shown in Fig. 6b and Table 2. The coefficient
of variation in the study area ranges from 1 to 115%, with
the vast majority of pixel coefficients ranging from 1 to
15%, accounting for 78.39% of the pixels. This indicated
that most of the vegetation growth in the study area was
relatively stable, consistent with the conclusions of the
spatiotemporal variation characteristics of the study area.
Coefficient of variation between 15 and 40% indicated
areas of unstable vegetation growth, mainly concentrated
in the highly urbanized central Pearl River Delta region.
In the analysis of spatiotemporal variation characteristics,
the vegetation change rate in this region showed a declining
trend, indicating that human factors are the main cause of
unstable vegetation growth in the study area. Coefficient of
variation between 40 and 115% indicated highly unstable
vegetation growth areas, primarily located at the edges of
rivers, lakes, and reservoirs, accounting for a smaller portion
of pixels, at 7.55%.

Vegetation Changes in response to climatic factors
in Guangdong Province

Vegetation changes in response to temperature
in Guangdong Province

Using the RESTREND and TSS-RESTREND algorithms
to analyze the impact of four climate factors on vegetation
change in Guangdong Province, the effects of three climate
factors, excluding temperature, on vegetation growth were
stripped through residual analysis, and the obtained results
were fitted using a univariate linear regression method,
p=0.05 was subjected to a significance test and both are
added to obtain the response of interannual vegetation
growth to temperature in Guangdong Province analyzed
by CTSS-RESTREND. The results indicated that, on the
annual scale, 83.3% of the pixels in the study area exhib-
ited significant linear trends. Among these, 48.4% showed a

Table 2 Distribution range and pixel proportion of NDVI variability
coefficient in the study area from 2000 to 2020

NDVI variability Degree of stability Proportion
coefficient of Pixels
1-15% stable 78.39%
15-40% unstable 14.06%
40-115% highly unstable 7.55%
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significant upward trend, ranging from 0~0.1 (10a)~', with
the majority of pixels having NDVI change rates distrib-
uted between 0~0.06(10a)~"; the proportion of pixels with
a significant decrease in change rate is 34.9%, with a varia-
tion range of -0.08 ~0(10a)~!, mainly between -0.06 ~0.02
(102)~! (Fig. 7a). they were mainly distributed in the Pearl
River Delta region with high urbanization level in the cen-
tral region and the boundary areas of the research area. On
the growth seasonal scale, the proportion of significant pix-
els slightly increased during the growing season, reaching
84.2% The proportion of pixels with a significant increase
in NDVI change rate also slightly increased, reaching 50.7%
(Fig. 7b). The range of NDVI change rate for significantly
increased pixels was consistent with the inter-annual NDVI
change rate, and there was no significant difference in the
main change range. However, there was a significant increase
in the number of pixels within the range of 0.04 ~0.06
(102)~" and 0.08 ~0.1(102)~', and the proportion of pixels
in these two parts was 15.32% and 5.43% respectively. the
spatial distribution of pixels showing a significant downward
trend was also similar to vegetation changes driven by tem-
perature throughout the year, but pixels with NDVI change
rates between -0.06 ~-0.04 (10a)_] had a certain degree of
improvement, accounting for 21.37% of these pixels, as
shown in Table 3. During the growing season, vegetation
response was more sensitive to temperature. Compared to
year-round temperature driven vegetation changes, the posi-
tive and negative impacts on vegetation during the growing
season had been improved to a certain extent, and the range
of change rates increased was relatively high.

Vegetation changes in response to precipitation
in Guangdong Province

The vegetation change in response to precipitation in the
study area was analyzed using the CTSS-RESTREND
algorithm. The results reveal that, on the annual scale,
the vegetation growth changes in the vast majority of the
study area were affected by precipitation, with 84.6% of
pixels showing a significant linear change trend. Among
the pixels with a significant linear change trend, the pixels
with a significant upward trend in NDVI change account
for 63.9%, indicating that precipitation mainly had a
positive impact on vegetation change in the study area.
The NDVI change rate of these pixels was mainly in the
range between 0~ 0.09 (10a)_1, accounting for 53.01%; the
amount of vegetation pixels affected by precipitation and
showing a significant downward trend was relatively small.
The pixel proportion was 20.7%, the variation range was
-0.08~0 (10a)~!, mainly between -0.08 ~-0.04 (10a)~', and
the pixel proportion was 16.21%, mainly distributed in the
central and southern regions of the study area(Fig. 8a).
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Fig.7 The NDVI change rate
in response to temperature in
Guangdong Province from
2000 to 2020(a) Growth season
NDVI change rate in response
to temperature in Guangdong
Province from 2000 to 2020(b)
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The positive impact of precipitation on vegetation was
much greater than the negative impact, and the change
rate was relatively high, with some pixels having a change
rate of over 0.12 (10a)~", indicating that precipitation was
a major factor in promoting vegetation growth in the study
area. on the growth seasonal scale, there was a slight
increase in the proportion of significant pixels in vegeta-
tion changes during the growing season compared to the

(b)

whole year, with an increase of 85.1% and an increase of
0.5%. Among them, the proportion of pixels with positive
growth increased to 64.7%, while the proportion of pixels
with significant decrease decreased to 20.4% (Fig. 8b). As
shown in Table 4, among the pixels showing significant
positive growth, there was a significant increase in the
number of pixels distributed between 0.06—0.12 (102)™!
and>0.12 (10a)7", accounting for 37.33% of the total
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Table 3 Comparison of annual vegetation and growing season veg-
etation changes in response to temperature in Guangdong Province
from 2000 to 2020

NDVI rate(/10a) Annual vegetation Growth
change range season change
Pixel proportion range
Pixel
proportion
—0.08-0.06 2.38% 2.92%
—0.06-0.04 19.36% 21.37%
—0.04-0.02 9.08% 7.21%
-0.02-0 4.08% 2%
0-0.02 13.85% 10.36%
0.02-0.04 21.42% 12.33%
0.04-0.06 5.12% 15.32%
0.06-0.08 531% 7.26%
0.08-0.1 2.70% 5.43%
NSC 16.70% 15.80%

number of pixels; there was no significant difference in
the overall spatial distribution and NDVI change rate dis-
tribution range of significantly reduced pixels compared
to the annual vegetation change.

Vegetation changes in response to humidity in Guangdong
Province

The vegetation change in response to humidity in the
study area was analyzed using CTSS-RESTREND, and
the results are shown in Fig. 9. The proportion of pixels
with significant linear changes in vegetation affected by
humidity was 84.9%, while the proportion of pixels with
insignificant linear changes was 15.1%. Comparing Fig. 8a
and Fig. 9a, it can be seen that the proportion of posi-
tive impact of humidity on vegetation in the study area
was higher than that of precipitation, with a pixel propor-
tion of 71.3%. However, the range of NDVI change rate
affected by humidity was lower than that of precipitation,
indicating that compared to humidity, precipitation had a
greater impact on vegetation growth in the study area. In
the range of NDVI change rate of pixels that showed posi-
tive growth due to humidity, the vast majority of pixels
were mainly between 0~0.06 (10a)~', with a pixel pro-
portion of 68.51%; The proportion of pixels showing a
significant downward trend was 13.6%, and the range of
NDVI change rate was between -0.08 ~0 (10a)~!, mainly
between -0.08 ~-0.02 (10a)~'. On the growth seasonal
scale, the vegetation change in response to humidity dur-
ing the growing season was mainly positive, with a pixel
proportion of 71.8%, which was an increase of 0.5% com-
pared to the annual change (Fig. 9b). The spatial distribu-
tion of NDVI change rate is not significantly different from
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the annual vegetation change, and the distribution range
and number of pixels with a significant decrease are basi-
cally consistent with the interannual change rate. From
Table 5, it can be seen that there is a certain difference
in the change rate of significantly increased pixels com-
pared to the annual vegetation change, mainly reflected
in the increase in the number of pixels from 0.04 ~0.08
(10a)~!, with the proportion of pixels in this part increas-
ing to 29.35%. The driving force of humidity on vegetation
growth was weaker compared to precipitation and tem-
perature, and the distribution range of vegetation change
rate is also lower.

Vegetation changes in response to wind speed
in Guangdong Province

The inter-annual vegetation changes in response to
wind speed in the study area was analyzed using CTSS-
RESTREND. From the Fig. 10a, it can be seen that com-
pared to the other three types of climate factors, wind speed
mainly had a negative impact on the growth of vegetation in
the study area, and the proportion of pixels with insignifi-
cant linear change trend was relatively high, accounting for
23.6%. Among the pixels with a significant linear change
trend, the proportion of pixels with a significant increase
trend was 31.2%, and the range of NDVI change rate was
small, ranging between 0~0.02 (10a)”"; the proportion
of pixels showing a significant decreasing trend is 45.2%,
with a range of variation between -0.06~0 (10a)~!, mainly
between -0.02~0 (10a)~!, and the proportion of pixels is
35.48%. The impact of wind speed on vegetation was mainly
negative, and the resulting vegetation change rate was rela-
tively low, mostly between -0.02 ~0 (102)7", indicating
that wind speed was not the main factor causing vegetation
change in the study area. On the growth seasonal scale, the
number of pixels with significant linear changes in response
to wind speed during the growing season in the study area
had slightly increased, with the proportion of pixels increas-
ing from 76.4% to 76.6%, and the significant pixels slightly
increased by 0.2% (Fig. 10b). The distribution range of
NDVI change rate is consistent with the distribution range
of NDVI change rate throughout the year. From Table 6, it
can be seen that the proportion of pixels with a significant
decrease in vegetation change during the growing season had
slightly increased to 45.4% compared to the annual vegeta-
tion change, with a slight increase in the proportion of pixels
with a change rate range of -0.04~0 (10a)~'. The propor-
tion of pixel with change rate range 0.06 ~0.04 (10a)~! had
slightly decreased. The proportion of rising pixels remained
consistent with the annual vegetation change, both at 31.2%.
Due to the small impact of wind speed on vegetation in the
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Fig.8 The NDVI change rate
in response to precipitation

in Guangdong Province from
2000 to 2020(a) Growth season
NDVI change rate in response
to precipitation in Guangdong
Province from 2000 to 2020(b)
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study area, vegetation changes during the growing season Discussion

have not shown a more sensitive response to wind speed.

Annual vegetation change trends in response
to Climatic Factors

We found that temperature has both positive and nega-
tive effects on vegetation. The rate of change in vegetation
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Table4 Comparison of annual and growing season vegetation
changes in response to precipitation in Guangdong Province from
2000 to 2020

NDVI rate(/10a) Annual vegetation Growth season

change range change range

Pixel proportion Pixel

proportion

—0.08 ~—0.06 9.88% 8.29%
—0.06~-0.04 6.33% 7.03%
—0.04~-0.02 2.74% 3.11%
-0.02~0 1.75% 1.97%
0~0.03 27.39% 13.12%
0.03~0.06 16.34% 14.25%
0.06~0.09 9.28% 16.57%
0.09~0.12 6.36% 11.41%
>0.12 4.53% 9.35%
NSC 15.40% 14.90%

growth driven by temperature in Guangdong Province ranges
from -0.08 to 0.1 (10a)™", in which the proportion of pixels
with a significant linear increase is 48.4%; the proportion of
pixels with a significant decrease is 34.9%; and the propor-
tion of pixels with no significant linear change is 16.7%.
The proportion of pixels with a significant linear increase
is close to that of pixels with a significant decrease, but the
positive effect is slightly higher than the negative effect,
indicating that the vegetation in the study area is mainly
positively affected by temperature, with negative effects as
a supplementary factor. Pixels with a significant decrease
in the rate of change are mainly distributed in the highly
urbanized Pearl River Delta region in the central part and
the boundary areas of the study area. This may be due to
the urban heat island effect caused by rising temperatures
in urbanized areas (Gago et al. 2013). Extreme high tem-
peratures may cause water stress in plants, leading to leaf
dehydration and wilting, which in turn affects vegetation
growth (Wang et al. 2015); the positive impact of precipita-
tion on vegetation far outweighs the negative impact, with
63.9% of the pixels showing a significant increase; 20.7%
of the pixels showing a significant decrease; and 15.4% of
the pixels showing no significant change. Moreover, the rate
of change in pixels with a significant increase is relatively
high, with some pixels' change rates exceeding 0.12 (10a)_1,
indicating that precipitation is a major factor promoting veg-
etation growth in the study area. This is because adequate
precipitation can boost soil moisture levels, enhancing the
efficiency with which plants utilize water and fostering veg-
etation growth (Shi et al. 2024). Furthermore, precipitation
aids in the dissolution and transportation of soil nutrients,
thereby improving the nutrient absorption efficiency of
plants (Medina-Roldén et al. 2024); humidity primarily has
a positive impact on vegetation growth in the study area,
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with the proportion of significantly increasing pixels being
higher than that of precipitation, accounting for 71.3%.
However, the extent of vegetation change is noticeably
lower than that of precipitation. This is because the mecha-
nism by which humidity affects plant growth is relatively
slow and indirect, mainly through altering soil moisture and
plant transpiration. Precipitation, on the other hand, directly
increases soil moisture, quickly enhancing plant water use
efficiency and thus promoting vegetation growth (Nobel
1999). Additionally, the effect of increased humidity takes
a longer time to manifest, while the impact of precipitation
is more immediate and direct, resulting in a lower positive
effect of humidity (Hulme et al. 1998); the impact of wind
speed on vegetation growth in the study area is signifi-
cantly less than that of the other three climatic factors, with
23.6% of pixels showing non-significant change. Among
the pixels showing significant linear changes, the propor-
tion of pixels with negative changes is higher than those
with positive changes, accounting for 45.2%. Most of these
pixels fall within the range of -0.02~0 (10a)~!, account-
ing for 35.48%, indicating that wind speed mainly brings a
low degree of negative impact on vegetation growth in the
study area. The proportion of significantly increasing pixels
is 31.2%, with a smaller distribution range between 0 ~0.02
(10a)~";the main negative impacts of wind speed on veg-
etation growth include mechanical damage, leaf reduction,
and decreased photosynthesis efficiency. In coastal areas,
strong winds can also cause salt damage. Additionally, high
wind speeds can increase plant transpiration rates, leading
to water stress and soil erosion, affecting plant growth (Gar-
diner et al. 2016). Nevertheless, the adverse effects of wind
speed on vegetation growth are relatively minimal due to its
indirect and gradual mechanisms, with mechanical damage
and water loss requiring a longer period to become apparent.
Vegetation can adapt to wind speed impacts by increasing
leaf thickness and adjusting growth direction. In some areas,
these effects may be offset by the positive impacts of other
climatic factors (Vogel 2009).

Guangdong, located in southern China, belongs to the
humid subtropical climate zone. This study found that
in subtropical regions, precipitation and humidity play
a positive role in vegetation growth, which aligns with
the high dependency of vegetation on water conditions
in subtropical regions (Hilker et al. 2016). The impact
of temperature on vegetation varies by region, with its
negative effects mainly concentrated in areas with higher
levels of urbanization, likely due to the urban heat island
effect. Our research findings differ from those of Xu et al.
(2023), who investigated vegetation dynamics in Guizhou
Province, a subtropical region similar to Guangdong.
Through partial correlation analysis, they discovered that
temperature exerts a greater positive impact on vegetation
growth compared to precipitation, which showed limited
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Fig.9 The NDVI change rate

in response to humidity in
Guangdong Province from

2000 to 2020(a) Growth season
NDVI change rate in response
to humidity in Guangdong Prov-
ince from 2000 to 2020(b)
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or even negative effects. In contrast, our study employs
the CTSS-RESTREND method, which more precisely
isolates the independent influences of climate factors on
vegetation, thereby minimizing the variable confounding
that partial correlation analysis may neglect. The results
of this study indicate that, similar to arid and semi-arid
regions (Na et al. 2021), precipitation remains the pri-
mary driver of vegetation growth in subtropical regions.

(b)

Given that Guangdong Province, located on the southern
coastal region of China, frequently experiences typhoon
disturbances, this study also incorporated wind speed as
a climate factor. The results show that wind speed also
negatively impacts vegetation growth in coastal areas,
consistent with previous results (Zhang et al. 2022a, b).
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Table 5 Comparison of annual vegetation and growing season veg-
etation changes in response to humidity in Guangdong Province from
2000 to 2020

NDVI rate(/10a) Annual vegetation Growth season
change range change range
Pixel proportion Pixel
proportion
—0.08 ~—0.06 5.36% 5.21%
—0.06~-0.04 3.98% 3.87%
—0.04~-0.02 2.95% 3.08%
-0.02~0 1.31% 1.44%
0~0.02 26.38% 24.34%
0.02~0.04 26.57% 18.11%
0.04~0.06 15.56% 24.61%
0.06~0.08 2.79% 4.74%
NSC 15.10% 14.60%

Vegetation change trends in response to climatic
factors in growing season

The vegetation changes during the growing season in
response to the four climatic factors, compared to the annual
changes, is mainly reflected in a slight increase in the pro-
portion of significantly linear changing pixels and a minor
variation in the overall range and pixel proportion. Com-
pared to the impact of wind speed, the influence of tem-
perature, precipitation, and humidity on vegetation changes
during the growing season is more pronounced than that of
the annual changes. This is because the growing season is
a critical period for rapid plant growth and development,
and climatic factors such as temperature, precipitation, and
humidity have a more significant impact on vegetation dur-
ing this period. At this time, the physiological activities of
plants are the most active, and their response to external
environmental changes is the most sensitive. Therefore, the
impact of climatic changes on vegetation during the growing
season is more evident (Wang et al. 2015).

The pixel count of the vegetation change rate in response
to temperature ranging between 0.04~0.06 (10a)~! and
0.08~0.1 (10a)~" during the growing season has a noticeable
increase compared to the annual data, with these two parts
accounting for 7.26% and 5.43% respectively. During the
growing season, elevated temperatures can accelerate
photosynthesis and respiration, promoting rapid vegetation
growth. Higher temperatures can also extend the growing
season, giving plants more time to grow and develop.
Therefore, the promoting effect of temperature on vegetation
growth is more evident during the growing season, leading
to an increase in the number of pixels within these change
rate ranges compared to the annual data (Lambers. 2008);
the pixel count of the vegetation change rate in response to
precipitation ranging between 0.06~0.12 (10a)~' and > 0.12
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(10a)~" has a significant increase compared to the annual
data, with the proportion of pixels with increased change
rates being 37.33%. During the growing season, increased
precipitation can quickly replenish soil moisture, keeping the
soil moist and promoting root growth and water absorption,
especially during the periods when water demand is high.
Adequate soil moisture can significantly promote vegetation
growth (Shi et al. 2024). Additionally, in the growing season
with high temperatures and high evaporation rates, sufficient
precipitation can effectively alleviate plant water stress,
improve water use efficiency, and thus promote vegetation
growth (Lipiec et al. 2013); The pixel count of humidity-
driven vegetation change rates ranging between 0.04 ~0.08
(10a)~! has a noticeable increase, with the proportion of
pixels with increased change rates being 29.35%. The high
humidity environment during the growing season can reduce
plant transpiration, decrease water loss, and keep the leaves
in a good water state, which is conducive to maintaining
their normal physiological functions and rapid growth
(Wu et al. 2015). Increased humidity can also enhance the
opening of stomata on plant leaves, boosting photosynthesis
efficiency, allowing carbon dioxide to enter the leaves more
effectively for photosynthesis, thus promoting plant growth
and biomass accumulation (Flexas and Carriqui 2020). In
the hot and humid growing season, increased humidity can
effectively alleviate plant water stress, improve water use
efficiency, reduce water evaporation rates, and help plants
maintain water balance better, thereby promoting vegetation
growth (Nobel 1999).

Limitations and uncertainties

The CTSS-RESTREND algorithm used in this study
is limited by the virtual variable settings of the TSS-
RESTREND algorithm and the computational principles of
the BFAST algorithm. When the time series is relatively
short, the number of break-points calculated by the BFAST
algorithm is significantly reduced, making it impossible
to segment the time series residuals. This causes the
CTSS-RESTREND algorithm to fail to function properly.
Therefore, this study did not analyze the seasonal vegetation
changes in response to climatic factors. Future related
research could focus on optimizing the BFAST algorithm
or proposing other time series segmentation methods to
make the CTSS-RESTREND algorithm suitable for short
time series analysis.

This study is constrained by data availability and did not
consider the effects of other factors such as land use, slope,
and other aspects on climate-driven vegetation changes.
Additionally, due to the lack of detailed human activity
data, the impact of human activities on vegetation changes
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Fig. 10 NDVI change rate
in response to wind speed in
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NDVI change rate in response
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was not analyzed. It is noteworthy that human activities
do not only directly influence vegetation distribution
through changes in land use patterns but also indirectly
affect vegetation dynamics by influencing climate factors
such as the urban heat island effect and warming effects
from greenhouse gas emissions. Furthermore, the accuracy

(b)

and reliability of results can be improved by validating
remote sensing findings with ground-based ecological
data. Such validation could involve field studies in key
areas to confirm vegetation trends or collaboration with
local ecological research stations to integrate ground
measurements. Future related research could extend and
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Table 6 Comparison of interannual vegetation and growing season
vegetation changes in responses to wind velocity in Guangdong Prov-
ince from 2000 to 2020

NDVI rate(/10a) Annual vegetation Growth season
change range change range
Pixel proportion Pixel

proportion

—0.06~-0.04 3.37% 3.16%

—0.04~-0.02 6.35% 6.41%

-0.02~0 35.48% 35.83%

0~0.02 31.20% 31.20%

NSC 23.60% 23.40%

optimize these aspects to gain a better understanding of the
driving mechanisms behind vegetation changes.

Conclusion

This study primarily used the CTSS-RESTREND algo-
rithm to detect the impact of four climate factors on veg-
etation changes in Guangdong Province from 2000 to
2020. Unlike traditional correlation analysis methods,
the CTSS-RESTREND algorithm effectively isolates the
impact of individual climate factors by eliminating the
residual effects of other variables, residual effects of other
variables denote the influence of the three non-target cli-
mate factors, as well as additional factors such as human
activities, on NDVI variations. The study results indicate
that precipitation is the most significant positive driving
factor, positively impacting 63.9% of the pixels. Humid-
ity also positively impacted 71.3% of the pixels, although
its influence was slower and less significant compared to
precipitation. The impact of temperature is mixed, signifi-
cantly negatively affecting 34.9% of the pixels, especially
in the Pearl River Delta region, but also positively affect-
ing 48.4% of the pixels. Wind speed mainly had a negative
impact, affecting 45.2% of the pixels negatively, but the
degree of impact was relatively slight. On the growing
season, vegetation becomes more sensitive to temperature,
precipitation, and humidity due to the active plant growth
and heightened physiological activity occurred in this
period. However, the influence of wind speed on vegeta-
tion does not show significant enhancement.

The results of this study contribute to a more
comprehensive understanding of the mechanisms through
which vegetation ecology in Guangdong Province responds
to climate change, with particular emphasis on the dominant
role of precipitation. This understanding provides a scientific
foundation for arrangements of agricultural planting and
the development of ecological protection policies and
management strategies. Changes in precipitation patterns

]
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may lead to significant shifts in vegetation, and the negative
impacts of temperature on urban vegetation, particularly
the inhibitory effects of high temperatures on plant growth
and biodiversity, must also be considered. Accordingly,
policies in Guangdong Province should prioritize enhancing
ecosystem resilience, with particular focus on water resource
management, ecosystem service valuation, and biodiversity
conservation. The CTSS-RESTREND method employed in
this study is equally applicable to other regions, enabling the
exploration of the independent impacts of various climate
factors on vegetation dynamics. Additionally, the results
regarding the dominant role of precipitation and the mixed
effects of temperature can serve as a valuable reference for
other subtropical regions, where similar climate-vegetation
interactions may occur.
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