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Abstract: Global climate changes have a great impact on terrestrial ecosystems. Vegetation is an
important component of ecosystems, and the impact of climate changes on ecosystems can be
determined by studying vegetation phenology. Vegetation phenology refers to the phenomenon of
periodic changes in plants, such as germination, flowering and defoliation, with the seasonal change of
climate during the annual growth cycle, and it is considered to be one of the most efficient indicators to
monitor climate changes. This study collected the global land surface satellite leaf area index (GLASS
LAI) products, meteorological data sets and other auxiliary data in the Three-River headwaters region
from 2001 to 2018; rebuilt the vegetation LAI annual growth curve by using the asymmetric Gaussian
(A-G) fitting method and extracted the three vegetation phenological data (including Start of Growing
Season (SOS), End of Growing Season (EOS) and Length of Growing Season (LOS)) by the maximum
slope method. In addition, it also integrated Sen’s trend analysis method and the Mann-Kendall test
method to explore the temporal and spatial variation trends of vegetation phenology and explored the
relationship between vegetation phenology and meteorological factors through a partial correlation
analysis and multiple linear regression models. The results of this study showed that: (1) the SOS of
vegetation in the Three-River headwaters region is concentrated between the beginning and the end
of May, with an interannual change rate of −0.14 d/a. The EOS of vegetation is concentrated between
the beginning and the middle of October, with an interannual change rate of 0.02 d/a. The LOS of
vegetation is concentrated between 4 and 5 months, with an interannual change rate of 0.21 d/a.
(2) Through the comparison and verification with the vegetation phenological data observed at the
stations, it was found that the precision of the vegetation phonology extracted by the A-G method and
the maximum slope method based on GLASS LAI data is higher (MAE is 7.6 d, RMSE is 8.4 d) and
slightly better than the vegetation phenological data (MAE is 9.9 d, RMSE is 10.9 d) extracted based on
the moderate resolution imaging spectroradiometer normalized difference vegetation index (MODIS
NDVI) product. (3) The correlation between the SOS of vegetation and the average temperature in
March–May is the strongest. The SOS of vegetation is advanced by 1.97 days for every 1 ◦C increase
in the average temperature in March–May; the correlation between the EOS of vegetation and the
cumulative sunshine duration in August–October is the strongest. The EOS of vegetation is advanced
by 0.07 days for every 10-h increase in the cumulative sunshine duration in August–October.
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1. Introduction

Climate changes significantly affect the changes of vegetation, which, in turn, feed
back into climate changes. Vegetation phenology studies the annual change law of im-
portant events (such as germination, branching, leaf expansion, flowering, fruit bearing,
defoliation and dormancy) of vegetation with environmental factors [1,2]. On a global scale,
vegetation phenology shows a trend of an advanced phenological period during spring
and a continuing phenological period during autumn, resulting in a lengthened growing
season [3–5]. Vegetation phenology is highly sensitive to climate change [6], and the change
in vegetation phenology can be regarded as the response of vegetation to climate change
to a certain extent, so vegetation phenology is known as the “diagnostic fingerprint” [7]
and “optimal indicator” [8] of global climate change. With the continuous progress of
computer science and technology, and the rapid development of remote sensing technology
brought about by the third revolution of science and technology, large-scale and long-term
monitoring of vegetation phenology has become possible [9,10], and the study of phenology
has made great progress. In the context of global climate change, vegetation phenology is
analyzed through remote sensing technology to provide key information for explaining
how terrestrial ecosystems respond to climate change. Vegetation phenology can also be
studied to deepen the understanding of ecological community structures and ecosystem
functions, as well as the recognition of the ecological environment and the carbon cycle
mechanism of the ecosystem [11].

The traditional way is to observe the phenological information of vegetation on the
ground through ground observation stations and record it manually [12]. The data obtained
in this way is the most authentic, and the observed value has high reliability. However, this
way has the disadvantages of high time and labor costs and a limited observation range [13].
Meanwhile, the spatial distribution of the observation stations is uneven. The stations are
densely distributed around livable environments but rarely or even not distributed in harsh
environments. Additionally, as different observers have different research backgrounds,
their definitions of phenological events are not always consistent, leading to difficulties in
comparing the results of different studies.

Earth observation remote sensing data has rich product data sets, increasingly im-
proved temporal–spatial resolution and a constantly expanding observation range, making
it possible to expand the study area from the local to the global. As the Earth observation
remote sensing data includes lots of vegetation information, the remote sensing data can be
calculated and analyzed to get the indexes that characterize the growth state of vegetation,
such as the NDVI [14], enhanced vegetation index (EVI) [15], solar-induced chlorophyll
fluorescence (SIF) [16], LAI [17], etc. These vegetation indexes can be used to monitor the
seasonal change law of vegetation and calculate vegetation phenology. In recent decades,
due to the continuous development of remote sensing technology, remote sensing data sets
have become increasingly rich, and remote sensing data such as Global Inventory Modeling
and Mapping Studies (GIMMS) in the United States and MODIS and SPOT VEGETATION
in France have been widely used.

In terms of the fitting and reconstruction of phenological time series data, as the
original remote sensing satellite data is affected by the atmospheric environment and
aerosols, there will be noise in the calculated vegetation index. Therefore, the vege-
tation index shall be smoothed and filtered before being used to extract phenological
data to reduce the interference of noise as much as possible. The methods often used to
smooth time series include the Savitzky-Golay (S-G) method [18], Double Logistic Function
(D-L) [19], Harmonic Analysis of Time Series (HANTS) [20], Fourier Transform (FT) [21],
A-G method [22], etc. Beck et al. [23] used the D-L method to fit a NDVI sequence so as to
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better monitor vegetation activities, and the study showed that the model can well describe
the NDVI data in high latitude areas. By using the GIMMS NDVI data from 1981 to 2003
and fitting the time series through the D-L method, Julien et al. [24] calculated that the SOS
of global vegetation is advanced by 0.38 days every year, the EOS of vegetation is delayed
by 0.45 days every year and the vegetation growing season is increased by 0.8 days every
year. Song et al. [25] fit and reconstructed the MODIS NDVI time series data of grasslands
in Northern Tibet by using the A-G method, D-L method and S-G method. To solve the
problems of a short vegetation growing season, wide snow cover area and long duration
in high latitude areas, Ding et al. [26] used MODIS NDVI data in 2012 to compare and
analyze the differences between the S-G, A-G and D-L methods for fitting curves, and the
results showed that the curve fitted by the S-G filter method was closer to the original time
series than the other two methods. In many studies, no fitting method has proven to be
significantly better than alternative methods, so, in practical terms, the characteristics of the
study area, the quality of the remote sensing image data and the computational complexity
need to be comprehensively considered to choose the most suitable fitting method for data
sequence denoising and reconstruction.

In terms of extraction of the vegetation phenological parameters, after denoising
and smoothing, the vegetation index can be used to extract vegetation phenology. These
vegetation indexes are used to examine vegetation phenology, which can greatly promote its
study [27]. The growth period of natural plants refers to the whole duration of the earliest
germinating growth to the latest stop in growth in all kinds of plants. This phenomenon
is related to climatic conditions, also known as climatic growth period. The grassland
vegetation in Three-River headwaters region generally returns to green in April, finishes
in May and turns yellow and dry in September. The general principle of determining the
time node of the remote sensing phenophase is based on the morphology of the seasonal
growth curve of the time series data of the vegetation index, which is determined by
setting a certain threshold or finding the extreme point of the curvature change rate. Since
the research objects are different, the definition of the vegetation growth period and the
extraction methods of the corresponding phenophase parameters are also different. The
threshold method has been widely used for extracting the SOS and EOS of vegetation
due to its simple expression and clear meaning [28]. The threshold method is usually
divided into a fixed threshold method and dynamic threshold method. The threshold in
the fixed threshold method is an absolute amount, which means that, in the time series
ascending/descending phase, the corresponding time when the value at the time series
points is greater or less than the absolute amount for the first time is the SOS/EOS of the
vegetation. When different time series are dealt with, the thresholds remain the same,
and there is no need to consider the hydrothermal condition, soil condition and other
interferences [29]. The threshold in the dynamic threshold method is a ratio, which means
that, in the time series ascending/descending phase, the corresponding time when the
values at the time series points exceed/fall below the product of the variation amplitude
and ratio in this time series ascending/descending phase for the first time is the SOS/EOS
of the vegetation. This method makes up for the deficiency of the fixed threshold method
to a certain extent.

In terms of the study of the spatiotemporal changes of phenology, there are certain
differences in the regions of phenology change in different regions and different time
periods. Further study on the trend of phenology change in the Three-River headwaters
region will help to better understand the impact of climate change and other factors. The
growth and development of vegetation is influenced by the climate, soil and atmosphere
and many other environmental factors simultaneously [30,31]. A large number of studies
have shown that climate change has a more significant impact on vegetation phenology,
and climate is one of the most important influencing factors [32–37]. When the external
climate changes, it will affect the physiological activities of vegetation. Vegetation responds
to the change of climate by adjusting its own internal state and shows the change of
vegetation phenology externally. The Three-River headwaters region is the source region of
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the Yangtze River, Yellow River and Lancang River in China, and as an important ecological
barrier in China, it is of great significance in reducing the soil erosion, water conservation
and maintaining the biological diversity of the ecosystem [38]. Meanwhile, it is one of
the most ecologically vulnerable regions in the world due to its complex surface, high
altitude, spatial heterogeneity and complex hydrological response to variable climatic
conditions [39]. The green returning to the vegetation is a sensitive index of the terrestrial
ecosystem of the Qinghai–Tibet Plateau to respond to global climate change. Located in the
hinterland of the Qinghai–Tibet Plateau, the Three-River headwaters region is a sensitive
and vulnerable zone for studying climate and ecological environment changes.

Due to the complexity of the regional climate, soil cover and topography, the long-term
vegetation dynamic characteristics and phenological information inferred from different
products vary greatly in different regions. In addition, differences in data quality between
different sensors lead to inconsistencies in monitoring vegetation spatial patterns at the
global scale. This poses a challenge to relying on satellite products to monitor surface
vegetation dynamics or phenological succession patterns at large scales, especially in
mountainous areas with highly fragmented surfaces. Considering that the reliable inference
of phenological monitoring and vegetation dynamics on a large spatial–temporal scale
affects the deployment of climate change, crop planting and sustainable development in
the Three-River headwaters region, it is very important to comprehensively analyze the
spatial–temporal dynamic changes and future evolution patterns of vegetation phenology
and its response to different meteorological factors in the Three-River headwaters region.
Under this background, based on the MODIS NDVI data, meteorological factor data
set and topographic data, this study selected the GLASS LAI product as the index of
the vegetation growth status and mainly analyzed: (1) the spatial pattern and change
trend of vegetation phenology in the Three-River headwaters region in the past ten years;
(2) the differentiation law of vegetation phenological changes under different topographic
gradients; (3) the variation trends of the temperature, precipitation and sunshine in the
Three-River headwaters region in the last 18 years and (4) the response and sensitivity of
the vegetation phenological changes to different meteorological factors.

2. Materials and Methods
2.1. Overview of the Study Area

The Three-River headwaters region has a vast territory, steep terrain and extremely
undulating topography, and its altitude shows a trend of rising gradually from southeast to
northwest as a whole, with a range of 1960–6700 m and an average altitude of about 4400 m.
The western region has the highest average altitude, and its landform is mainly glacier; the
mid-west and northern regions have relatively flat terrains and large areas of marshes and
characterized by extremely undulating topography, the southeast region belongs to the
alpine and gorge zone and is dominated by an eroded middle mountain landform, river
valley landform and lake basin landform [39]. The Three-River headwaters region has a
plateau continental climate and is part of the Tibetan Plateau climate system. It has an
average annual temperature of −5.7 to 7.8 ◦C, an annual precipitation of 262.2–772.8 mm
and a trend of increasing from northwest to southeast [40]. The geographical location of
the study area is shown in Figure 1.

2.2. Data Source and Preprocessing
2.2.1. Remote Sensing Data

This study obtained the MODIS/Terra MOD09A1 from the National Aeronautics and
Space Administration (NASA). The MOD09A1 product was synthesized by the MODIS
Level-2G product (MOD09GA), and each pixel contained the optimal observation over
8 days based on conditions such as high observation coverage, low viewing angle, no cloud
or cloud shadow and aerosol load. The data was composed of 7 spectral bands with a
spatial resolution of 500 m. The NDVI calculated by MOD09A1 in the sinusoidal projection
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mode was reused to calculate the phenological data. The calculation formula of the NDVI
is shown in Formula (1).

NDVI =
ρnir − ρred
ρnir + ρred

(1)

where ρred and ρnir are the MODIS red (620–670 nm) and near-infrared (841–876 nm)
bands, respectively.
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According to the geographical location of the Three-River headwaters region in the world,
the h25v05 and h26v06 coordinates were selected, and the GLASS LAI data from 2001 to 2018
was obtained from the National Earth System Science Data Center (http://www.geodata.cn,
accessed on 2 December 2021). There were 92 images every year, and a total of 1656 images
were downloaded. The mode of sinusoidal projection was adopted for the downloaded data
file, with a range of effective values of 0–1000 pixels. The water body was filled with 2000,
and the invalid data was filled with 2500, with a scale coefficient of 0.01.

The GLASS LAI used in this study was calculated by using surface reflectance prod-
ucts (MOD09A1) on a global scale by the general regression neural network (GRNN)
method [41]. Firstly, the “effective” Cyclope LAI was converted to the actual value using
the aggregation index (Ω) by Formula (2):

LAIact = LAIe f f /Ω (2)

Then, a weighted linear combination of MODIS and Cyclope LAI was established to
obtain the optimal LAI estimated value. The MOD09A1 data was reprocessed to remove
the cloud pollution, and the missing blank points were filled to obtain the spatial–temporal
continuous and smooth data [42]. GRNN was trained using fusion LAI for each biota type
and MOD09A1 data from the benchmark land multi-site analysis and product comparison
site (BELMANIP).

http://www.geodata.cn
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2.2.2. Meteorological Data

Three meteorological data sets—namely, air temperature, precipitation and sunshine
duration—were used in this study. The data was downloaded in text format from the CMA
Meteorological Data Centre (http://data.cma.cn/, accessed on 15 February 2022) during
the period from 1 January 2001 to 31 December 2018. A total of 53 meteorological stations
were used, of which 18 were distributed within the study area and 35 were distributed
around it. The locations of the meteorological stations are shown in Figure 2. In this study,
interpolation of the air temperature and precipitation data was achieved by the method of
partial thin plate smoothing spline (PTPS), while interpolation of the sunshine duration
data in the study area was achieved by using the Kriging method with ArcGIS and obtained
500-m resolution images.
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2.2.3. Elevation Data

The elevation data used in this study is SRTM3 (Shuttle Radar Topography Mission 3)
V4.1 digital elevation model data, which was downloaded from Geospatial Data Cloud
(http://www.gscloud.cn, accessed on 9 January 2022). The data has a spatial resolution of
90 m and is presented in GeoTIFF format, and its original coordinate system is GCS_WGS_1984.
In this paper, the Digital Elevation Model (DEM) data in the study area was obtained by
splicing, embedding, reprojection and clipping. Based on this, a 500-m spatial resolution grid
was generated from remote sensing images through regional statistics, and grids were used to
extract the corresponding regional topographic factors by using the space averaging method.

2.3. Study Methods
2.3.1. Extraction Methods of Vegetation Phenology

(1) Time series reconstruction

Vegetation growth is affected by hydrothermal conditions. Due to high temperatures
and abundant precipitation in the spring and summer, the LAI value shows an upward
trend, while, in the autumn and winter, the LAI value shows a downward trend due to
low temperatures and a lack of precipitation. There will be noise and mutation points in

http://data.cma.cn/
http://www.gscloud.cn
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the actually obtained vegetation LAI remote sensing data due to the influence of different
atmospheric conditions, sensors and aerosols [43]. A smooth mathematical function curve
will be used to fit the time series containing noise so as to keep the integrity of the original
data as much as possible under the premise of reducing the impact of the noise. In this
study, the A-G fitting method was adopted to reconstruct the time series data. The A-G
fitting method was proposed by Jönsson et al. for fitting a time series [22]. The fitting
equation is shown in Formula (3):

f (t) = c1 + c2·g(t; x1, · · · , x5) (3)

where f (t) is the fitted value at time t, c1 and c2 are used to determine the benchmark and
amplitude of the fitting curve and g(t; x1, · · · , x5) is the Gaussian function, as shown in
Formula (4):

(t; x1, · · · , x5) =

exp
[
−
(

t−x1
x2

)x3
]

t > x1

exp
[
−
(

x1−t
x4

)x5
]

t < x1
(4)

where x1 is the central point of the fitting window, x2 and x3 are used to determine the
width and height of the fitting window on the right, respectively, and x4 and x5 are used to
determine the width and height of the fitting window on the left, respectively.

(2) Phenological extraction

Piao et al. proposed a method for extracting vegetation phenology, which has been
widely used to study vegetation phonological changes on a large scale [44]. The calculation
method is shown in Formula (5):

LAIratio(t) = [LAI(t + 1)− LAI(t)]/LAI(t) (5)

where t refers to the time serial number corresponding to the pixel, and LAI(t) is the GLASS
LAI value corresponding to the pixel at time t. When LAIratio(t) reaches the maximum
value, the corresponding t is the start of the growing season (SOS) of the vegetation; when
LAIratio(t) reaches the minimum value, the corresponding t is the end of the growing
season (EOS) of the vegetation. The difference between the EOS and SOS is the length of
the growing season (LOS).

In other words, we first inferred the fastest change rates of the LAI corresponding to
the vegetable SOS and EOS from the seasonal cycles of the LAI (March–May and August–
October) from 2001 to 2018. Then, the onset dates of the vegetation of the SOS and EOS
were determined based on the inferred rates and the LAI seasonal cycles, while the LOS of
the vegetation was also determined. Finally, we acquired a total of 54 SOS, EOS and LOS
images from 2001 to 2018 of the Three-River headwaters region (three SOS, EOS and LOS
images per year, 18 years in total).

(3) Evaluation index

In order to compare the effects of various fitting methods, frequently used methods
such as the mean absolute error (MAE) and root mean square error (RMSE) and so on,
are used to judge the magnitude of the sequence error before and after fitting. The MAE
and RMSE have the advantages of keeping the numerical dimensions consistent with the
original data dimensions, clear numerical meanings and convenient calculations. The
RMSE is more sensitive to abnormal values [45]. The smaller the MAE and RMSE values
are, the closer the fitting value is to the actual value, and the better the fitting effect is. The
calculation formula is as follows:

MAE =
1
n ∑n

i=1
∣∣ti − t̂i

∣∣ (6)

RMSE =

√
1
n ∑n

i=1
(
ti − t̂i

)2 (7)
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where n is the number of sample points, ti is the actual value of the sample point, and t̂i is
the fitted value of the sample point.

2.3.2. Sen’s Trend Analysis

In nonparametric statistics, the Sen estimator is a method (simple linear regression)
that firmly fits a line to a sampling point in the plane by choosing the median of the slopes
of all the lines in a pair of points. Known also as the single median method, this estimator
can be computed efficiently and is insensitive to outliers. It is much more accurate than
the non-robust simple linear regression (least squares) for skewed and heteroscedastic
data [46]. In this paper, the variation trends of the SOS, EOS and LOS of vegetation and
the interannual variation trend of the meteorological data in the Three-River headwaters
region were calculated through a Sen’s trend analysis, which is a simple and robust method
for obtaining the variation trend of time series and can reduce the influence of abnormal
values on the results [47]. The calculation method is shown in Formula (8):

Slope = median
( xj − xi

j− i

)
, 1 ≤ i < j ≤ n (8)

where i and j represent the serial number value of the time series, xi and xj represent
the SOS/EOS/LOS values of the vegetation corresponding to serial numbers I and j,
respectively, and n is the length of the time series. As this study was conducted from 2001
to 2018, n was 18. In this formula, the slope between any two points needs to be calculated
first, and there are n(n− 1)/2 items in total; then, all slopes need to be sorted from smallest
to largest. If n is odd, item (n + 1)/2 will be taken as the final result; if n is even, the
arithmetic mean of item n/2 and item (n + 2)/2 will be taken as the final result. Slope
is the calculated trend value. If the Slope is greater than 0, it means that this time series
shows an increasing trend; if the Slope is less than 0, it means that this time series shows a
decreasing trend.

2.3.3. Mann–Kendall Test

The Mann–Kendall test method does not need to carry out a specific distribution test
for the data series and can also participate in the trend test for extreme values. In a time
series analysis, it is not necessary to specify whether a linear trend is present [48]. In this
study, the significance of the results calculated by the Sen’s trend method was analyzed
with the Mann–Kendall test [49], which is a nonparametric test method. The tested time
series data do not need to be normally distributed or linear, and the results are robust. The
calculation method of the Mann–Kendall statistic S is as follows.

S =
n−1

∑
i=1

n

∑
j=i+1

sgn
(
xj − xi

)
(9)

sgn
(
xj − xi

)
=


1, xj > xi
0, xj = xi
−1, xj < xi

(10)

where the sgn function is a symbol for taking the parameter values. Return to 1 if the
parameter value is a positive number, return to −1 if the parameter value is a negative
number and return to 0 if the parameter value is 0. If n is less than or equal to 10, its
significance can be determined by looking up tables. When n is greater than 10, statistic S is
approximately normally distributed, and standardized statistic Z needs to be constructed:

Z =


S−1√
var(S)

, S > 0

0, S = 0
S+1√
var(S)

, S < 0
(11)
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var(S) =
n(n− 1)(2n + 5)−∑m

i=1 ci(ci − 1)(2ci + 5)
18

(12)

where var(S) is the variance of statistic S, n is the number of points in the time series, m is the
number of repeated values in the time series and ci is the number of times of the ith repeated
value. The null hypothesis is that the time series does not have a monotonous trend, while
the alternative hypothesis is that the time series has a trend to change monotonously. The
significance test level is set as α; when |Z| > Z1−α (standard normal variance), the null
hypothesis is rejected, and the alternative hypothesis is accepted—that is, the time series
has a monotonous trend. In this study, the significance level α was 0.05.

2.3.4. Partial Correlations Analysis

The Pearson correlation coefficient can be used to measure the degree of linear cor-
relation between two time series, with a value range of −1 to 1. The greater the absolute
value of the coefficient is, the stronger the linear correlation will be. When the value is
in the range of −1 to 0, it indicates that there is a linear negative correlation between
the two time series; when the value is 0, it indicates that there is no linear relationship
between the two time series and when the value is in the range of 0 to 1, it indicates that
there is a linear positive correlation between the two time series. Although the degree of
correlation between the climate factor and phenological factor can be calculated by the
Pearson correlation coefficient, vegetation phenology is also affected by the temperature,
precipitation, sunshine duration and other factors simultaneously. In order to analyze
the correlation between a single meteorological factor and vegetation phenology, a partial
correlation analysis was used to eliminate the influence of other climate variables. The
partial correlation coefficient is calculated as follows:

rx1y·x2x3 =
rx1y·x2 − rx1x3·x2 ·rx3y·x2√(
1− r2

x1x3·x2

)(
1− r2

x3y·x2

) (13)

rx1y·x2 =
rx1y − rx1y·rx1y√(

1− r2
x1y

)(
1− r2

x2y

) (14)

rxy = ∑n
i=1

(xi−x)(yi−y)√
∑n

i=1(xi−x)2
√

∑n
i=1(yi−y)2

(15)

where n is the number of points in the time series, xi and yi are the points in the time
series of the meteorological factors and vegetation phenology and x and y are the mean
values of the corresponding time series, respectively. rxy is the Pearson correlation coef-
ficient between two time series, and rx1y·x2 is the partial correlation coefficient between
x1 and y after the control factor x2 and also known as the first-order partial correlation
coefficient. rx1y·x2x3 is the partial correlation coefficient between x1 and y after the con-
trol factors x2 and x3 and also known as the second-order partial correlation coefficient.
In this study, x1, x2 and x3 correspond to the air temperature, precipitation and sunshine
duration, respectively, and y corresponds to the SOS/EOS of the vegetation. For exam-
ple, rair temperature SOS·precipitation sunshine is the partial correlation coefficient between the air
temperature and SOS of the vegetation after controlling the precipitation and sunshine
duration factors. The significance of the partial correlation analysis results can be calculated
by the t-test method:

t =
rx1y·x2x3√

1− r2
x1y·x2x3

√
n− q− 1 (16)

where n is the number of points in the time series. In this study, n was 18; q is the
number of factors, and there are 3 factors in this paper; rx1y·x2x3 is the second-factor partial
correlation coefficient and t obeys the t-distribution of n− q− 1 degrees of freedom. The
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significance value of the partial correlation coefficient can be determined by querying the
t distribution table.

2.3.5. Sensitivity Analysis

There is spatial heterogeneity in the sensitivity of different meteorological factors
during vegetation phenology and similarly for the same meteorological factors in different
months [50]. The change of phenology depends on the influence of many factors, and it is
difficult to distinguish the primary and secondary ones. In this study, multiple factors were
used as independent variables to explain the changes in phenology.

In order to measure the degree of such sensitivity, this paper calculated the sensitivity
of the SOS/EOS of the vegetation to the three meteorological factors (temperature, pre-
cipitation and sunshine duration) in the Three-River headwaters region through multiple
linear regressions. The calculation method is shown in Formula (17):

y = b0 + b1x1 + b2x2 + b3x3 (17)

where y is the SOS/EOS of vegetation; x1, x2 and x3 represent the temperature factor,
precipitation factor and sunshine duration factor, respectively; b1, b2 and b3 are the coef-
ficients of sensitivity of the SOS/EOS of the vegetation to the temperature, precipitation
and sunshine duration, respectively, and b0 is a constant term. The absolute value of the
sensitivity coefficient reflects the degree of sensitivity of the SOS/EOS of the vegetation
and the meteorological factors. When the sign of the sensitivity coefficient is positive, it
means that the corresponding factor plays a role in delaying the SOS/EOS of the vegetation;
when the sign of the sensitivity coefficient is negative, it means that the corresponding
meteorological factor plays a role in advancing the SOS/EOS of the vegetation.

3. Results
3.1. Extraction Results of Phenological Data

This paper extracted the three types of phenological data of the vegetation (namely, the
SOS, EOS and LOS) by using the maximum slope method. The SOS, EOS and LOS data of
the vegetation extracted year by year in the Three-River headwaters region was used pixel by
pixel to calculate the multi-year mean value so as to get the spatial distribution of the SOS,
EOS and LOS of the vegetation in the Three-River headwaters region, as shown in Figure 3.

Figure 3a shows the spatial distribution of the multi-year mean values of the vegetation
SOS in the Three-River headwaters region from 2001 to 2018. From the analysis of Figure 3a,
it can be seen that, in the Three-River headwaters region, the SOS of the vegetation is
relatively early in the east, with a trend of increasingly later as it moves west, with the
northwest the latest. The SOS of the vegetation in the Three-River headwaters region is
mainly concentrated in the period from the 125th day of the year (early May) to the 150th
day (late May), accounting for 81.11% of the vegetation area in the Three-River headwaters
region. It can be seen from Figure 3c that the EOS of the vegetation in the Three-River
headwaters region shows a decreasing trend from southeast to northwest, on the whole.
The EOS of the vegetation in most of the study area is distributed in the period from the
269th day to the 284th day (late September to mid-October), accounting for 92.94%. In the
Three-River headwaters region, the spatial distribution (see Figure 3e) of the LOS of the
vegetation is basically consistent with that of the former two and still shows a decreasing
trend from southeast to northwest. The length of the growing season in the Three-River
headwaters region is mostly concentrated in the period of 115–165 days (3.8–5.5 months),
accounting for 96.99%.
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Figure 3. Spatial distribution and partition statistical diagram of the SOS (Start of Growing Season),
EOS (End of Growing Season) and LOS (Length of Growing Season) of vegetation in the Three-River
headwaters region. (a) Spatial distribution of the multi-year mean values of the vegetation SOS in the
Three-River headwaters region. (b) Multi-year mean values of the vegetation SOS in the administrative
regions of the Three-River headwaters region. (c) Spatial distribution of the multi-year mean values of
the vegetation EOS in the Three-River headwaters region. (d) Multi-year mean values of the vegetation
EOS in the administrative regions of the Three-River headwaters region. (e) Spatial distribution of the
multi-year mean values of the vegetation LOS in the Three-River headwaters region. (f) Multi-year
mean values of the vegetation LOS in the administrative regions of the Three-River headwaters region.
Note: Horizontal coordinates a–v in (b,d,f) respectively represent a. Banma, b. Chengduo, c. Dari,
d. Gande, e. Golmud, f. Gonghe, g. Guide, h. Guinan, i Mongolian Autonomous County of Henan,
j. Jainca, k. Jiuzhi, l. Maduo, m. Maqin, n. Nangqian, o. Qumarleb, p. Tongde, q. Tongren, r. Xinghai,
s. Yushu, t. Zadoi, u. Zeku and v. Zhiduo County/City/Autonomous County.

Figure 3b shows that there are great differences in the SOS of vegetation among
the administrative regions of the Three-River headwaters region. In Jainca and Tongren
Counties, the proportion of pixels of the SOS (earlier than the 125th day) of the vegetation is
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the highest, reaching up to 50%, and the corresponding SOS of the vegetation is the earliest,
which are the 123rd day and the 124th day, respectively. In Zhiduo and Maduo Counties,
the SOS of vegetation is the latest, which are the 148th day and the 146th day, respectively.
It is worth noting that the proportion of pixels of the SOS (earlier than the 140th day) of the
vegetation in the Mongolian Autonomous County of Henan reaches up to 99%, and the
corresponding SOS of the vegetation is the 127th day. It can be seen from Figure 3d that
the EOS of the vegetation is earlier (about the 272nd day) in Maduo, Qumarleb, Golmud
and Zhiduo Counties but the latest (the 280th day) in the Mongolian Autonomous County
of Henan. Figure 3f indicates that there are great differences in the LOS of the vegetation
among the administrative regions of the Three-River headwaters region, with a range of
29 days. The LOS of the vegetation in the Mongolian Autonomous County of Henan is
the longest, reaching 153 days, and the proportion of pixels of the LOS of the vegetation
(longer than 135 days) is about 90%; the LOS of the vegetation in Zhiduo County is the
shortest, reaching only 124 days, and the proportion of pixels of the LOS of the vegetation
(shorter than 125 days) is about 93%.

3.2. Temporal and Spatial Variation Trend of Vegetation Phenology

The SOS, EOS and LOS data of the vegetation obtained for many years was used pixel
by pixel for the Sen’s trend analysis to get a variation trend of the vegetation phenological
parameters, and the MK test was conducted to test the significance of the trend so as to
obtain the spatial distributions of the variation trends of the SOS, EOS and LOS of the
vegetation in the Three-River headwaters region, as shown in Figure 4 and Table 1.

Table 1. Statistics of the variation trend of the SOS, EOS and LOS of the vegetation in the Three-River
headwaters region from 2001 to 2018.

Interannual Rate of Variation
Classification (d/a) Area Proportion (%) Min of Interannual

Variation Rate (d/a)
Max of Interannual
Variation Rate (d/a)

SOS

<−0.8 7.71

−5.35 9.70

−0.8–−0.4 19.77
−0.4–0 47.84
0–0.4 17.5

0.4–0.8 5.63
>0.8 1.55

EOS

<−0.6 2.05

−5.52 8.33

−0.6–−0.3 9.71
−0.3–0 31.9
0–0.3 39.76

0.3–0.6 13.98
>0.6 2.60

LOS

<−1.2 1.23

−6.00 10.33

−1.2–−0.6 5.46
−0.6–0 33.72
0–0.6 37.00

0.6–1.2 17.95
>1.2 4.64

d/a: day/year.

The spatial distribution and trend statistics of the interannual variation trend of the
SOS of the vegetation in the Three-River headwaters region from 2001 to 2018 are shown
in Figure 4a and Table 1. In the last 18 years, the SOS of the vegetation in the Three-River
headwaters region varied in the range of−5.35–9.70 d/a (Table 1) and showed an advanced
trend on the whole. A change in the SOS of the vegetation of −0.4 to 0 days/year was most
common (47.84%, Table 1), which meant that there was a significant trend (p < 0.05, MK
significance test) toward an earlier SOS between 2001 and 2018 (Figure 4b). However, for
the EOS of the vegetation, the most common variations were in the slightly negative (−0.4
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to 0) and slightly positive (0 to 0.4) days/year classes, consistent with no significant change
in the EOS in the 2001–2018 period (Figure 4d). Similarly, for the LOS of the vegetation, the
most common variations were in the slightly negative (−0.6 to 0) and slightly positive (0 to
0.6) days/year classes, consistent with no significant change in the LOS in the 2001–2018
period (Figure 4f).

Remote Sens. 2022, 14, 3748 12 of 33 
 

 

with the northwest the latest. The SOS of the vegetation in the Three-River headwaters 

region is mainly concentrated in the period from the 125th day of the year (early May) to 

the 150th day (late May), accounting for 81.11% of the vegetation area in the Three-River 

headwaters region. It can be seen from Figure 3c that the EOS of the vegetation in the 

Three-River headwaters region shows a decreasing trend from southeast to northwest, on 

the whole. The EOS of the vegetation in most of the study area is distributed in the period 

from the 269th day to the 284th day (late September to mid-October), accounting for 

92.94%. In the Three-River headwaters region, the spatial distribution (see Figure 3e) of 

the LOS of the vegetation is basically consistent with that of the former two and still shows 

a decreasing trend from southeast to northwest. The length of the growing season in the 

Three-River headwaters region is mostly concentrated in the period of 115–165 days (3.8–

5.5 months), accounting for 96.99%. 

Figure 3b shows that there are great differences in the SOS of vegetation among the 

administrative regions of the Three-River headwaters region. In Jainca and Tongren 

Counties, the proportion of pixels of the SOS (earlier than the 125th day) of the vegetation 

is the highest, reaching up to 50%, and the corresponding SOS of the vegetation is the 

earliest, which are the 123rd day and the 124th day, respectively. In Zhiduo and Maduo 

Counties, the SOS of vegetation is the latest, which are the 148th day and the 146th day, 

respectively. It is worth noting that the proportion of pixels of the SOS (earlier than the 

140th day) of the vegetation in the Mongolian Autonomous County of Henan reaches up 

to 99%, and the corresponding SOS of the vegetation is the 127th day. It can be seen from 

Figure 3d that the EOS of the vegetation is earlier (about the 272nd day) in Maduo, 

Qumarleb, Golmud and Zhiduo Counties but the latest (the 280th day) in the Mongolian 

Autonomous County of Henan. Figure 3f indicates that there are great differences in the 

LOS of the vegetation among the administrative regions of the Three-River headwaters 

region, with a range of 29 days. The LOS of the vegetation in the Mongolian Autonomous 

County of Henan is the longest, reaching 153 days, and the proportion of pixels of the LOS 

of the vegetation (longer than 135 days) is about 90%; the LOS of the vegetation in Zhiduo 

County is the shortest, reaching only 124 days, and the proportion of pixels of the LOS of 

the vegetation (shorter than 125 days) is about 93%. 

3.2. Temporal and Spatial Variation Trend of Vegetation Phenology 

The SOS, EOS and LOS data of the vegetation obtained for many years was used pixel 

by pixel for the Sen’s trend analysis to get a variation trend of the vegetation phenological 

parameters, and the MK test was conducted to test the significance of the trend so as to 

obtain the spatial distributions of the variation trends of the SOS, EOS and LOS of the 

vegetation in the Three-River headwaters region, as shown in Figure 4 and Table 1. 

  

(a) (b) 

Remote Sens. 2022, 14, 3748 13 of 33 
 

 

  

(c) (d) 

  

(e) (f) 

Figure 4. Variation trend distribution and interannual variation statistical diagram of the SOS, EOS 

and LOS of the vegetation in the Three-River headwaters region. (a) Spatial distribution pattern of 

the variation trend of the vegetation SOS in the Three-River headwaters region. (b) Interannual var-

iation of the vegetation SOS in the Three-River headwaters region. (c) Spatial distribution pattern of 

the variation trend of the vegetation EOS in the Three-River headwaters region. (d) Interannual 

variation of the vegetation EOS in the Three-River headwaters region. (e) Spatial distribution pat-

tern of the variation trend of the vegetation LOS in the Three-River headwaters region. (f) Interan-

nual variation of the vegetation LOS in the Three-River headwaters region. 

Table 1. Statistics of the variation trend of the SOS, EOS and LOS of the vegetation in the Three-

River headwaters region from 2001 to 2018. 

 Interannual Rate of Variation 

Classification (d/a) 
Area Proportion (%) 

Min of Interannual 

Variation Rate (d/a) 

Max of Interannual 

Variation Rate (d/a) 

SOS 

<−0.8 7.71 

−5.35 9.70 

−0.8–−0.4 19.77 

−0.4–0 47.84 

0–0.4 17.5 

0.4–0.8 5.63 

>0.8 1.55 

EOS 

<−0.6 2.05 

−5.52 8.33 

−0.6–−0.3 9.71 

−0.3–0 31.9 

0–0.3 39.76 

0.3–0.6 13.98 

>0.6 2.60 

LOS 

<−1.2 1.23 

−6.00 10.33 −1.2–−0.6 5.46 

−0.6–0 33.72 

Figure 4. Variation trend distribution and interannual variation statistical diagram of the SOS, EOS
and LOS of the vegetation in the Three-River headwaters region. (a) Spatial distribution pattern
of the variation trend of the vegetation SOS in the Three-River headwaters region. (b) Interannual
variation of the vegetation SOS in the Three-River headwaters region. (c) Spatial distribution pattern
of the variation trend of the vegetation EOS in the Three-River headwaters region. (d) Interannual
variation of the vegetation EOS in the Three-River headwaters region. (e) Spatial distribution pattern
of the variation trend of the vegetation LOS in the Three-River headwaters region. (f) Interannual
variation of the vegetation LOS in the Three-River headwaters region.
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3.3. Precision Analysis

Based on the phenological observation data of nine meteorological stations, including
Banma, Gande, Mongolian Autonomous County of Henan, Jiuzhi, Maqin, Nangqian, Qing-
shuihe, Zeku and Tuotuohe, the SOS of the vegetation calculated by using remote sensing
data was verified in this paper. The phenological data observed at the station was gener-
ated by averaging the phenological values of the meteorological station within a radius
of 5 km [51]. Figure 5 shows the comparisons among the phenological observation data,
phenological data calculated based on the GLASS LAI and phenological data calculated
based on the NDVI during the analysis period and a high level of consistency among the
three types of data at most stations. Among the nine verified stations, except for Banma,
Maqin and Tuotuohe, the SOS of the vegetation based on the GLASS LAI was better than
that based on the NDVI in the remaining stations. The SOS of the vegetation based on the
GLASS LAI and the SOS of the vegetation observed had a MAE of 7.6 d and a RMSE of
8.4 d. Considering that the temporal resolution of the GLASS LAI remote sensing data
was 8 days, the SOS results of the vegetation calculated based on this data had a higher
precision. The SOS of the vegetation based on the NDVI and the SOS of the vegetation
observed had a MAE of 9.9 d and a RMSE of 10.9 d. In general, the SOS calculated based
on the GLASS LAI, the SOS calculated based on the NDVI and the SOS observed can
maintain consistency, indicating that the methods of phenology extraction in this paper
were effective and reliable. According to the mean absolute error and root mean square
error, the SOS results calculated based on the GLASS LAI were slightly better than those
calculated based on the NDVI, as shown in Table 2.

Table 2. Error comparison of the SOS data of the vegetation in the Three-River headwaters region.

Data Set Error
Index

Station

Banma Gande
Mongolian

Autonomous
County of Henan

Jiuzhi Maqin Nangqian Qingshuihe Zeku Tuotuohe

LAI
RMSE 12.9 8.3 8.9 6.0 17.6 14.0 4.6 7.3 4.1
MAE 10.3 5.2 8.6 4.3 15.8 12.7 3.5 6.1 3.0

NDVI
RMSE 7.6 8.3 10.1 14.7 8.0 9.7 23.4 7.9 8.0
MAE 6.9 7.4 9.2 13.4 7.0 7.9 22.7 7.5 7.0

3.4. Relationship between Vegetation Phenology and Topography
3.4.1. Relationship between Vegetation Phenology and Altitude

The Three-River headwaters region is characterized by complex terrain, extremely
undulating topography and vertical zonal differentiation of the vegetation phenology. The
elevation data were classified in 100-m intervals, and the change of the phenological index
with the elevation was calculated by a unary linear regression model. It can be seen from
Figure 6 that the SOS of the vegetation is delayed with an increase in the altitude, but the
EOS is only slightly advanced, so the significant decrease in the LOS is largely caused by
changes in the SOS.

Figure 6 demonstrates the relationship between the SOS, EOS and LOS of the vege-
tation changing and altitude in the Three-River headwaters region. It can be seen from
Figure 6a that the SOS of the vegetation tends to be delayed with the increase of the alti-
tude as a whole. The SOS of the vegetation will be delayed by 0.73 days for every 100-m
increase in altitude. In addition, the curve has three extreme points, and their correspond-
ing altitudes are 3300 m, 3900 m and 4800 m, respectively. The SOS of the vegetation
will be delayed by 3.65 days for every 100-m increase in altitude in the altitude range of
2600–3300 m, be advanced by 1.90 days for every 100-m increase in altitude in the altitude
range of 3300–3900 m, be delayed by 2.18 days for every 100-m increase in altitude in the
altitude range of 3900–4800 m and be advanced by 0.74 days for every 100-m increase in
altitude in the altitude range of 4800–5400 m.
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Figure 5. Verification and comparison of the SOS data of the vegetation in the Three-River head-
waters region. Note: The data are for the following stations: (a) Banma, (b) Gande, (c) Mongolian
Autonomous County of Henan, (d) Jiuzhi, (e) Maqin, (f) Nangqian, (g) Qingshuihe, (h) Zeku and
(i) Tuotuohe, respectively.

Figure 6b demonstrates that the EOS of the vegetation tends to be advanced with the
increase of the altitude as a whole. The EOS of the vegetation will be delayed by 0.13 days
for every 100-m increase in the altitude. In addition, the curve has three extreme points,
and their corresponding altitudes are 3100 m, 3700 m and 4700 m, respectively. The EOS of
the vegetation will be advanced by 0.78 days for every 100-m increase in altitude in the
altitude range of 2600–3100 m, be delayed by 1.00 day for every 100-m increase in altitude
in the altitude range of 3100–3700 m, be advanced by 0.65 days for every 100-m increase in
altitude in the altitude range of 3700–4700 m and be delayed by 0.14 days for every 100-m
increase in altitude in the altitude range of 4700–5400 m.

Figure 6c demonstrates the variation of the LOS of the vegetation with the altitude in
the Three-River headwaters region and also shows that the LOS of the vegetation tends to
be shortened with the increase of the altitude. The LOS of the vegetation is shortened by
0.86 days for every 100-m increase in the altitude. In addition, the curve has three extreme
points, and their corresponding altitudes are 3300 m, 3800 m and 4800 m, respectively. The
LOS of the vegetation is shortened by 4.22 days for every 100-m increase in altitude in
the altitude range of 2600–3300 m, be prolonged by 3.19 days for every 100-m increase
in altitude in the altitude range of 3300–3800, be shortened by 2.69 days for every 100-m
increase in altitude in the altitude range of 3800–4800 m and be prolonged by 0.91 days for
every 100-m increase in altitude in the altitude range of 4800–5400 m.

From a comprehensive perspective, Figure 6 demonstrates that the SOS of the vegeta-
tion is delayed with the increase of the altitude, the EOS of the vegetation is advanced with
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the increase of the altitude and the LOS of the vegetation is shortened with the increase of
the altitude. The variation characteristics of the LOS of the vegetation are largely caused by
the variation of the SOS of the vegetation.
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3.4.2. Relationship between Vegetation Phenology and Slope

In the Three-River headwaters region, the terrain is steep in the southeast but relatively
flat in the northwest. In order to analyze the relationship between the vegetation phenology
changing and the slope, the slope data was graded at 0.5◦ intervals, and the information of
the SOS, EOS and LOS of the classified slope counted. When the slope was greater than
28◦, the number of corresponding pixels was too small, so it was not analyzed.

Figure 7 demonstrates the relationship between the SOS, EOS and LOS of the vegeta-
tion and slope in the Three-River headwaters region. Vegetation phenology has a strong
correlation with the slope. As the slope increases, the SOS of the vegetation is advanced
(Figure 7a), the EOS of the vegetation is delayed (Figure 7b) and the LOS of the vegetation
is prolonged (Figure 7c). For every 1◦ increase in the slope, the SOS of the vegetation
is advanced by 0.42 days (Figure 7a), the LOS of the vegetation is delayed by 0.05 days
(Figure 7b) and the LOS of the vegetation will be delayed by 0.42 days (Figure 7c).
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3.5. Relationship between Vegetation Phenology and Meteorological Factors

If the interannual variation of the cumulative precipitation and air temperature cor-
relate positively with the vegetation phenological characteristics—that is, the increase of
the climatic factor values can change in the vegetation SOS and EOS—the LOS vegetation
will be further changed, and the correlation coefficients need to be compared to determine
whether such a change of the LOS of the vegetation is caused by the SOS or the EOS of the
vegetation. Studies have shown that the land surface phenological models of vegetation
often have a time lag response to climate factors. The Three-River headwaters region is
located in the hinterlands of the Qinghai–Tibet Plateau, with high altitudes and variable
climatic factors. In terms of time, the phenological pattern of the vegetation in different
areas may have a lag and cumulative response to different climatic factors.

3.5.1. Relationship between SOS of Vegetation and Meteorological Factors

In this study, the average temperature, cumulative precipitation and cumulative
sunshine duration of March, April, May and March–May were selected to calculate the
partial correlation coefficients between the SOS of the vegetation and the climate factors
in different time periods, so as to study the response relationship between the SOS of the
vegetation and the climate. The partial correlation coefficient has a value range of −1 to 1.
The closer the value is to 1, the stronger the positive correlation is; the closer the value is
to −1, the stronger the negative correlation is. Meanwhile, the sensitivity of the SOS of the
vegetation to different meteorological factors was calculated by multiple linear regressions,
as shown in Figures 8–13 and Table 3.
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Table 3. Statistics on the correlation between the SOS of the vegetation and meteorological factors in
different time periods (%).

Meteorological Factor Positive
Correlation

Significant
Positive

Correlation

Negative
Correlation

Significant Negative
Correlation

T3 26.58 0.65 73.42 8.92
T4 42.00 1.72 58.00 4.10
T5 32.85 1.23 67.15 6.39

T3–5 27.45 0.90 72.45 9.07
P3 42.10 1.72 57.90 4.10
P4 38.64 1.67 62.23 5.64
P5 41.46 1.48 58.54 4.13

P3–5 34.11 1.29 65.89 6.71
S3 49.16 2.24 50.84 2.55
S4 38.64 1.33 61.36 4.68
S5 52.81 2.50 47.19 1.61

S3–5 43.97 1.55 56.03 3.01

T3 is the average temperature for March, T4 is the average temperature for April, T5 is the average temperature
for May and T3–5 is the average temperature for March–May; P3 is the cumulative precipitation for March,
P4 is the cumulative precipitation for April, P5 is the cumulative precipitation for May and P3–5 is the cumulative
precipitation for March–May and S3 is the cumulative sunshine duration for March, S4 is the cumulative sunshine
duration for April, S5 is the cumulative sunshine duration for May and S3–5 is the cumulative sunshine duration
for March–May.

Figure 13 shows the spatial distribution of the sensitivity coefficients between the SOS
of the vegetation and cumulative sunshine duration in March, April, May and March–May
in the Three-River headwaters region. There is a great difference in the spatial distribution
of the sensitivity coefficients between the SOS of the vegetation and cumulative sunshine
duration. The SOS of the vegetation was advanced by 0.02 d for every 10-h increase in
the cumulative sunshine duration in March. In the study area, the sensitivity coefficients
between the SOS of the vegetation and cumulative sunshine duration in March were
positive in 10 administrative regions distributed in the northeast, southwest and northwest
of the study area. In particular, the sensitivity coefficient of Gonghe County was 0.67 d/10 h,
and the corresponding sensitivity coefficients of the remaining 12 administrative regions
were in the range of −0.5–0 d/10 h. In most areas of the study area, the sensitivity
coefficients between the SOS of the vegetation and cumulative sunshine duration in April
were negative (the SOS of the vegetation was advanced by 0.42 d for every 10-h increase
in the cumulative sunshine duration in April), especially in Nangqian County, where the
sensitivity coefficient was −0.93 d/10 mm; in the study area, the sensitivity coefficients
between the SOS of the vegetation and cumulative precipitation in May were in the range
of −0.5–0.5 d/10 mm. The corresponding sensitivity coefficients in the western part of the
study area were basically positive, while those in the eastern part were basically negative.
The SOS of the vegetation was delayed by 0.09 d for every 10-h increase in the cumulative
sunshine duration in May. Compared with the other months, the sensitivity coefficients
between the SOS of the vegetation and cumulative sunshine duration in March–May
were in the range of −0.5–0.5 d/10 h. The corresponding sensitivity coefficients of the
other administrative regions, except Gonghe County, Xinghai County and the Mongolian
Autonomous County of Henan, were all negative. The SOS of the vegetation was advanced
by 0.10 d for every 10-h increase in the cumulative sunshine duration in March–May.

The results of the partial correlation analysis between the SOS of the vegetation and
meteorological factors in the Three-River headwaters region showed that, among all the
air temperature factors, the SOS of the vegetation has the strongest correlation with the air
temperature in March–May in the Three-River headwaters region (Figure 9d). The proportion
of negatively correlated pixels is 72.45%, while the proportion of significantly negatively
correlated (p < 0.05) pixels is 9.07% (Table 3: T3–5). The SOS of the vegetation is advanced by
1.97 d for every 1 ◦C increase in the air temperature in March–May. Among all the precipitation
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factors, the SOS of the vegetation has the strongest correlation with precipitation in March–May
in the Three-River headwaters region (Figure 11d). The proportion of negatively correlated
pixels is 65.89%, while the proportion of significantly negatively correlated (p < 0.05) pixels
is 6.71% (Table 3: P3–5). The SOS of the vegetation is advanced by 0.49 d for every 10-mm
increase in the precipitation in March–May. Among all the sunshine duration factors, the
SOS of the vegetation has strongest correlation with the sunshine duration in April in the
Three-River headwaters region (Figure 13a). The proportion of negatively correlated pixels is
61.36%, while the proportion of significantly negatively correlated (p < 0.05) pixels is 4.68%
(Table 3: S4). The SOS of the vegetation is advanced by 0.42 d for every 10-h increase in the
sunshine duration in April. The SOS of the vegetation is mainly affected by the air temperature
in March–May.

3.5.2. Relationship between EOS of Vegetation and Meteorological Factors

Considering the lag and cumulative response to the meteorological factors, this study
selected the average temperature, cumulative precipitation and cumulative sunshine dura-
tion of August, September, October and August–October to calculate the partial correlation
coefficients between the EOS of the vegetation and the meteorological factors so as to
study the response relationship between the EOS of the vegetation and the autumn climate
and calculate the sensitivity of autumn phenology to different climatic data, as shown in
Figures 14–19 and Table 4.
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air temperature in August (a), September (b), October (c) and August–October (d) in the Three-River
headwaters region.
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and precipitation in August (a), September (b), October (c) and August–October (d) in the Three-River
headwaters region.
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headwaters region.
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Figure 18. Spatial distribution of the partial correlation coefficients between the EOS of the vegetation
and sunshine duration in August (a), September (b), October (c) and August–October (d) in the
Three-River headwaters region.
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Figure 19. Spatial distribution of the sensitivity coefficients between the EOS of the vegetation
and sunshine duration in August (a), September (b), October (c) and August–October (d) in the
Three-River headwaters region.

Table 4. Statistics on the correlation between the EOS of the vegetation and meteorological factors in
different time periods in the Three-River headwaters region (%).

Meteorological Factor Positive
Correlation

Significant
Positive

Correlation

Negative
Correlation

Significant Negative
Correlation

T8 56.86 3.58 43.14 1.78
T9 62.19 5.09 37.81 1.61
T10 56.55 3.68 43.45 2.09

T8–10 60.25 3.85 39.75 1.22
P8 58.67 5.29 41.33 2.01
P9 50.19 3.21 49.81 3.23
P10 44.69 1.69 55.31 3.45

P8–10 58.55 5.55 41.45 1.94
S8 42.50 2.25 57.50 5.22
S9 45.60 3.18 54.40 4.16
S10 37.50 1.53 62.50 5.23

S8–10 41.54 3.04 58.46 6.33

T8 is the average temperature for August, T9 is the average temperature for September, T10 is the average temper-
ature for October and T8–10 is the average temperature for August–October; P8 is the cumulative precipitation for
August, P9 is the cumulative precipitation for September, P10 is the cumulative precipitation for October and P8–10
is the cumulative precipitation for August–October and S8 is the cumulative sunshine duration for August, S9 is
the cumulative sunshine duration for September, S10 is the cumulative sunshine duration for October and S8–10 is
the cumulative sunshine duration for August–October.

The results of the partial correlation analysis between the EOS of the vegetation and
meteorological factors in the Three-River headwaters region showed that, among all the
air temperature factors, the EOS of the vegetation has the strongest correlation with the
air temperature in September in the Three-River headwaters region (Figure 15b). The
proportion of positively correlated pixels is 62.19%, while the proportion of significantly
positively correlated (p < 0.05) pixels is 5.09% (Table 4: T9). The EOS of the vegetation is
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delayed by 0.55 d for every 1 ◦C increase in the air temperature in September. Among
all the precipitation factors, the EOS of the vegetation has the strongest correlation with
precipitation in August–October in the Three-River headwaters region (Figure 17d). The
proportion of positively correlated pixels is 58.55%, while the proportion of significantly
positively correlated (p < 0.05) pixels is 5.55% (Table 4: P8–10). The EOS of the vegetation
is delayed by 0.10 d for every 10-mm increase in precipitation in August–October. With
the sunshine duration, the EOS of the vegetation had the strongest correlation with the
sunshine duration in October (Figure 19c). The proportion of the negatively correlated
pixels is 62.5%, while 5.23% are significantly negatively correlated (Table 4: S10). The EOS
of the vegetation advanced by 0.26 d for every 10-h increase in the sunshine duration in
October, the month that the sunshine duration mainly restricted the EOS.

4. Discussion
4.1. Comparative Analysis of Phenological Research Methods

As the Three-River headwaters region is located in the hinterlands of the Qinghai–
Tibet Plateau, which is the highest and largest physical geographical unit on the Earth,
previous researchers have made rich achievements in this region [52–54]. Table 5 explains
the comparisons of the results of this study with the works of previous researchers in
detail. Previous researchers (Table 5) calculated the vegetation phenology in the Three-
River headwaters region by using different data sources. Among these researchers, except
Liu et al. [52], the SOS of the vegetation calculated by other researchers was roughly the
same, but the EOS of the vegetation calculated by Liu [53] was relatively late. It can be seen
that, although there are some differences between the SOS, EOS and LOS of the vegetation
calculated based on the leaf area index in this paper and the results of previous researchers,
they are basically consistent.

Table 5. Comparisons between this study and previous studies.

Study Periods Data Sources SOS of
Vegetation (DOY)

EOS of
Vegetation (DOY)

LOS of
Vegetation (Day) References

1999–2013 SPOT-VGT NDVI
(1 km) 130–150 —— —— Liu et al. [52]

2000–2014 MOD09Q1 NDVI
(250 m) 125–155 280–290 130–160 Liu [53]

2001–2018 MOD13A1 NDVI
(500 m) 125–145 268–277 —— Sun [54]

2001–2018
GLASS

LAI
(500 m)

125–150 269–284 115–165 This paper

DOY, day of the year.

4.2. Analysis of Influencing Factors

According to the analysis of the spatial characteristics of global vegetation phe-
nology based on AVHRR and MODIS satellite data, the occurrence of plant phenology
shows regional characteristics [55–60]. Studies on plant phenology in different climatic
regions indicated that the key influencing factors of vegetation phenology vary between
regions [3,32,37]. A large number of studies on the SOS of grassland vegetation also showed
that the differences in the date of green returning of grassland vegetation in different re-
gions are mainly reflected in factors such as vegetation species [61], vegetation types [2],
regional differences [56] and topographic and landform characteristics [62,63].

As shown in Figure 7, the complex geometric shape of the mountain surface and the
randomness and difference of the physical processes and ecological functions cause a high
degree of spatial and temporal heterogeneity. Influenced by the gravitational potential
energy, the matter (such as soils, minerals and water) accelerates its migration speed in
the mountainous areas, which will dramatically change the shape of the land surface and
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redistribute energy and nutrients in a short time. The low-slope region is usually located in
the northwest of the study area, where the altitude is generally higher and the hydrothermal
condition is poor. In addition, the distribution pattern of the vegetation phenology may
partly be attributed to the interference of human activities [64].

Plant phenology has a clearer impact on temperature changes and also has a more accu-
rate action period of the temperature. The results of the partial correlation analysis between
the SOS of the vegetation and different meteorological factors in different time periods in
the Three-River headwaters region in the last 18 years showed that air temperatures in
different time periods led to an earlier SOS of the vegetation. Huang, B. [65] believed that it
is more affected by the average temperature in May, but this study showed that, compared
with May, the average temperature in March–May has a greater impact on the SOS of the
vegetation in the Three-River headwaters region. With the increase of the temperature in
March–May, the metabolism of the plants accelerates, and the biochemical reactions and
physiological activities become active. The rise of the temperature also promotes the ice
and snow melting in the Three-River headwaters region to further meet the requirements of
vegetation growth in the water conditions. In addition, the increase of the air temperature
may shorten the dormancy period of the vegetation. This series of conditions has made
the SOS of the vegetation advanced. According to Figure 5a, the average temperature in
March–May shows an increasing trend, which may keep the SOS of the vegetation in the
Three-River headwaters region advanced. Studies conducted by Huang, W.J. [66] showed
that the SOS of the vegetation has a strong correlation with the precipitation in April in the
Qinghai–Tibet Plateau, but this study showed that the SOS of the vegetation has a strong
correlation with the precipitation in March–May in the Three-River headwaters region,
indicating that, although the Three-River headwaters region is a part of the Qinghai–Tibet
Plateau, its relationship with the climate has regional characteristics. Moreover, this study
also showed that the sunshine duration, especially in April, has a negative correlation with
the SOS of the vegetation, and its correlation with the SOS of the vegetation is weaker than
that of the air temperature and precipitation with the SOS of the vegetation.

The results of the partial correlation analysis between the EOS of the vegetation and
the air temperature, precipitation and sunshine duration in different time periods in the
Three-River headwaters region from 2001 to 2018 showed that the air temperatures in
different time periods have a positive correlation with the EOS of the vegetation—that is,
the increase of the air temperature can delay the EOS of the vegetation, which is consistent
with the studies conducted by An [67], Xia [68] and others. In addition, this paper shows
that the air temperature in September has a greater impact. Compared with other time
periods, the EOS of the vegetation has a stronger correlation with precipitation in August–
October. The increase of precipitation is conducive to the growth and development of the
vegetation and can delay the EOS of the vegetation but may be limited by the soil moisture
in biological communities. Compared with other factors, the EOS of the vegetation is
more affected by the sunshine duration, especially in August–October. The increase of the
sunshine duration can advance the EOS of the vegetation. Generally, the increase of the
sunshine duration may be conducive to the growth of the vegetation, but the sufficient
and relatively strong sunshine in the Three-River headwaters region may increase the
evapotranspiration of the soil moisture and accelerate the loss of water, thus causing a
premature end to the growing season of the vegetation. It can be seen from Figure 19
that the sunshine duration in August–October shows a decreasing trend, which may keep
the EOS of the vegetation in the Three-River headwaters region delayed. The significant
changes in the EOS in this study can support the hypothesis that the EOS may make a
nonlinear response to climate change.

4.3. Uncertainty Analysis

At present, there are many methods to preprocess remote sensing time series data,
and different studies usually adopt the most suitable method according to the vegetation
growth characteristics and data source quality in the study area. So far, there have still
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been no commonly used time series data reconstruction methods for vegetation phenology
remote sensing, and these methods are more or less subjective (such as the selection of
the smoothing window size or the setting of the polynomial order). Due to the periodic
changes of the environment, plants show completely different physiological changes in the
spring and autumn [69]. As the vegetation growing season curve is asymmetrical [70], most
of the existing studies extract different phenological periods based on the same extraction
model or threshold, which leads to errors due to insufficient consideration of the plant
physiological characteristics and laws and is also one of the main reasons why the remote
sensing extraction precision in the green returning stage is generally better than that in
the withering stage in the existing studies. There is a certain spatial and temporal law in
the asymmetry of vegetation phenology that is helpful to deeply understand the detailed
process of terrestrial ecosystems.

The quantitative detection of the regional vegetation growth variation trend and its
response to the climate are the premise of formulating the sustainable development strategy
for the global ecosystem. Based on the GLASS LAI products, this study analyzed the long
time series variation law of vegetation phenology and its response to different climate
factors in the Three-River headwaters region in China. It must be emphasized that the series
of regression models used in this study can only analyze the linear relationship between
the vegetation phenology and climate. Some studies pointed out that the correlation
and response mechanisms between ecosystems and natural changes are nonlinear, which
highlights the potential defects of the linear statistical analysis. This limitation can be
overcome through the correct and appropriate use of process-based ecosystem models in
further research.

In addition, the high uncertainty of the surface reflectance data limits the potential
development of the biophysical product algorithm, which affects the performance of the
GLASS products in land surface phenological inversion in mountainous areas. The com-
prehensive consideration of the improvement of the inversion algorithm of the topography
and heterogeneous surface will help to improve the inversion precision. Moreover, high-
resolution pixels will greatly increase the uncertainty of the spectral information, which will
be spread to the production of global products. End users use multiple time series satellite
products for comprehensive analyses, which may lead to contradictory conclusions [71] and
pose a challenge to the reliable monitoring and attribution of vegetation dynamics under
some special circumstances. Therefore, it is an urgent research topic to develop various
satellite products with higher resolutions (such as 30 m or even higher) on heterogeneous
land surfaces and complex topography.

5. Conclusions

Based on the GLASS LAI data, this study extracted the temporal and spatial variation
characteristics of vegetation phenology in the Three-River headwaters region from 2001
to 2018 by using the A-G fitting method and the maximum slope method and analyzed
the relationship between the vegetation phenology and the three meteorological factors of
the air temperature, precipitation and sunshine duration through the partial correlation
analysis method and multiple linear regression model. The conclusions are as follows:

(1) The phenological data of the vegetation in the Three-River headwaters region can
be better extracted by using the A-G fitting method and maximum slope method.
Compared with the NDVI, the precision of the vegetation phenology extracted based
on the GLASS LAI is higher. The SOS of the vegetation in the Three-River headwaters
region is mainly concentrated in May, showing a trend of gradually decreasing from
the northwest to southeast in space; the EOS of the vegetation is mainly concentrated
in a period from early October to mid-October, showing a trend of gradually increasing
from the northwest to Southeast in space and the LOS of the vegetation is between
about 115 and 165 days, showing a trend of gradually extending from the northwest
to southeast in space. In the Three-River headwaters region, the SOS of the vegetation
in the southeast is earlier than that in the northwest; the EOS of the vegetation in
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the southeast is later than that in the northwest and the LOS of the vegetation in the
southeast is longer than that in the northwest. With the increase in altitude, the SOS
of the vegetation is delayed, the EOS of the vegetation is advanced and the LOS of the
vegetation is shortened. With the increase of the slope, the SOS of the vegetation is
advanced, and the EOS of the vegetation is delayed, resulting in a longer LOS.

(2) The vegetation SOS has a stronger correlation with the air temperature than with the
precipitation or sunshine duration. In particular, the SOS of the vegetation has the
strongest correlation with the average temperature in the period from March to May.
In terms of the spatial distribution, except the northeast, most of the other regions
are negatively correlated. The average temperature in this period showed an upward
trend in the last 18 years, which may result in the vegetation SOS starting earlier and
earlier over time. Compared with the air temperature and precipitation, the EOS
of the vegetation has a stronger correlation with the sunshine duration, particularly
during October. However, the cumulative sunshine duration in October has shown a
downward trend in the past 18 years, and this may have contributed to the EOS of
the vegetation not changing, even though the SOS changed.
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