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Abstract: Vegetation phenology is a sensitive indicator of climate change, and can help understand
the response of vegetation cycles to climate, which is important for understanding the impact of
global climate change on terrestrial ecosystems. In this study, based on the enhanced vegetation index
(EVI) time-series data, derived from the moderate-resolution imaging spectroradiometer (MODIS)
data, the climate parameters were extracted using the Savitzky–Golay (S–G) filtering method to
explore the spatial and temporal variation characteristics of the vegetation phenology in an agro-
pasture ecotone in China, from 2000 to 2020. In addition, the response characteristics of the vegetation
phenology to the climate elements (temperature and precipitation) were also analyzed. The results
showed the following: (1) The start of the growing season (SOS) was widely advanced, and that was
caused by climate change. The end of the growing season (EOS) was delayed, and the length of the
growing season (LOS) was gradually extended with a large interannual fluctuation in the SOS and
the LOS in the region; (2) the SOS showed significant negative correlations with the air temperature
and precipitation. Precipitation was mainly positively correlated with the EOS, but there was no
significant difference in the correlation between temperature and the EOS. In general, pre-season
precipitation is the main driver of the vegetation phenology, while the influence of temperature on
the phenology is less obvious; (3) in the semi-arid area and arid area, the phenology was mainly
influenced by precipitation. The response of the vegetation phenology to the temperatures in different
temperature zones was found to be regular, showing high spatial differences. In general, the higher
the cumulus temperature, the lower the negative effect of the temperature on both the SOS and
EOS. These results may provide new reference to study the non-systematic changes of the vegetation
phenology in response to climate change.

Keywords: vegetation phenology; eco-geographical regional systems; climate; agro-pasture ecotone

1. Introduction

Vegetation phenology is mainly the study of repeated seasonal phenomena of vegeta-
tion that occur in an annual cycle under the influence of the natural environment or human
factors, such as plant germination, leaf spreading, flowering, fruiting, leaf discoloration,
and defoliation [1–3]. The high sensitivity of vegetation to changes in the external environ-
ment can be indicated by changes in these phenological indicators [4,5]. In addition, climate
change is the most important factor of environmental change [6]. Therefore, studying the
relationship between these phenological indicators and meteorological parameters (e.g.,
precipitation and temperature) is important for a better understanding of the response
relationship between climate change and vegetation phenology trends [7,8].
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The current vegetation phenology research methods mainly include the traditional
ground-based monitoring methods and remote sensing monitoring methods [9]. Traditional
phenology observation mainly uses visual observation methods, based on field observa-
tions, i.e., direct fixed-point observations of intra-annual and inter-annual variations in
vegetation phenology [10,11]. In early phenological observations, researchers have found
that the interannual change of the climate will cause the dynamic change of the vegetation
phenology by using phenological observation data and climate data [1,12]. Rosenzweig
et al. [13] studied the effects of climate change on the phenology, based on 542 vegetation
phenological observations, from 1971 to 2000. The results showed that 78% of the vege-
tation samples had a tendency to advance leaf spread, flowering, and fruiting, but leaf
discoloration and defoliation had a tendency to be delayed. Meng et al. [14] observed six de-
ciduous tree species in the Pan-European Phenology Project, from 1980 to 2016, and found
that the regulation by photoperiod would slow down the advance of the spring vegetation
phenology in the context of climate warming. Walther et al. [1] found that climate warming
has a significant impact on the vegetation phenology in the recent 30 years, which reflects
the response and adaptation of the vegetation to climate change. Therefore, long-term
ground-based phenological observation networks are particularly useful in investigating
the phenological changes and responses to climate change. However, this method is limited
to the species that can be observed, to the coverage area, to discontinuous time spans, and
to the effort required, therefore it is seldom applied to large-scale phenology studies [15].
With the development of remote sensing technology from the 1970s, many scholars have
applied vegetation indices, such as NDVI and EVI, to study the vegetation phenology in
different regions at different time periods, which has contributed to the later macroscopic
phenology studies in the context of global climate change [16,17]. Nowadays, this method
is widely used in the fields of agricultural production, socio-economic activities, ecological
research, and global change [18].

Since global climate change caused by warming, has been proposed, researchers have
been increasingly concerned about the effects of climate change on vegetation [19,20]. Of
all of the phenology parameters, the start of the growing season (SOS) and the end of the
growing season (EOS) are most sensitive to climate change, which is manifested by the delay
or advancement of the SOS and EOS [21]. Most studies have demonstrated that the SOS is
triggered by pre-season temperatures [22]. For example, Piao et al. [23] used NDVI data to
explore the response of the spring phenology on the Tibetan Plateau under climate change,
from 1982 to 2006, and showed that the SOS was correspondingly advanced by 4.1 d while
the temperature increased by 1 ◦C. Therefore, warmer temperatures, due to global warming,
will lead to an overall earlier SOS and a delayed EOS, resulting in a corresponding increase
in the length of the growing season (LOS) [24,25]. Moreover, it has been reported that
the interaction between the maximum and minimum temperatures is the most important
determinant of the vegetation phenology changes [26]. Over the past 30 years, the trend of
increasing temperatures has been more remarkable in middle-high latitude regions, such as
Eurasia, and several surveys have found that the spring phenology has started to advance
in the Northern Hemisphere [27,28]. Although it is generally accepted that temperature
is the main cause of the vegetation phenology changes, the regulation of the phenology
by temperature alone can hardly explain the changes under environmental changes [29].
Recent research has found that changes in precipitation, due to climate warming, can also
cause changes in the vegetation phenology, the magnitude of which varies by location,
species, and study period [30,31]. In arid and semi-arid zones or other areas with a
relatively low precipitation, such as the Gobi Desert and the grasslands, precipitation has a
greater effect on phenology than temperature [22,32]. In these regions, the growth of plants
showed a strong positive correlation with precipitation [33]. Correspondingly, in areas with
a high precipitation, the growth of vegetation showed a lower or negative correlation with
precipitation [33,34]. For example, Wu et al. found that the SOS was delayed while the
EOS was advanced, in the arid regions of Central Asia [33]. However, at high latitudes and
high altitudes, the effect of a reduced precipitation on the phenology was not significant,
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due to their high soil moisture availability [35]. Instead, its vegetation phenology is mainly
limited by the temperature [35]. However, a decrease in precipitation and an increase in
temperature were not found to have a significant effect on the phenology. Therefore, the
sensitivity to precipitation and temperature varies from region to region, even in the same
location, the different time periods may show differences in the sensitivity of the vegetation
phenology to precipitation and temperature.

The agro-pasture ecotone in China that we studied, includes six temperature zones
and four dry and wet zones (Table 1), with large natural geographic gradients, diverse
vegetation evolutionary processes, and is extremely sensitive ecosystem responses to
climate change [36]. Additionally, the agro-pasture ecotone is an ecological transition zone
connecting agriculture and animal husbandry, also known as the semi-agricultural and
semi-pastoral zone [37,38]. As a production interface of two food systems in China, the
agro-pasture ecotone has the potential for serious soil erosion and land desertification,
so it is also an ecologically fragile zone in China [39]. However, previous studies on the
agro-pasture ecotone mainly focused on land use change and climate change, ignoring the
fragility of the ecosystem in the agro-pasture ecotone itself. Vegetation is an important part
of the ecosystem, and the vegetation phenology is an important indicator of the vegetation
growth. Although studies have been conducted on the phenology of some parts of the
agro-pasture ecotone, the influence of the climatic parameters on the vegetation phenology
has not been analyzed [40]. Therefore, we studied the vegetation phenology in the agro-
pasture ecotone to better understand the current trends in the context of climate change.
Based on the 16-day synthetic MODIS EVI dataset, we used the Savitzky–Golay (S–G)
filter to reconstruct the EVI time series data, and used the maximum slope method to
extract the key parameters of the vegetation phenology (i.e., SOS, EOS and LOS) in the agro-
pasture ecotone, from 2000 to 2020. The main objectives of this study were to: (1) study the
spatial and temporal variability of the vegetation phenology in the different eco-geographic
regions of the agro-pasture ecotone, from 2000 to 2020; (2) assess the influence of the
monthly temperature and precipitation on the vegetation phenology in the study area;
(3) explore the response mechanisms between the vegetation phenology and the climate
factors in the study area. This study will provide a scientific basis for agricultural and
livestock production, the reasonable rotation of grazing land, and ecological environment
construction in the region.

Table 1. Eco-geographical regional systems in the agro-pasture ecotone.

Temperature Areas
(Abbreviations *)

Arid and Humid Areas
(Abbreviations *) Abbreviations *

Plateau temperate area (HII) Humid and semi-humid area (A/B) HIIAB
Semi-arid area (C) HIIC

Plateau sub-frigid area (HI) Semi-humid area (B) HIB

Warm temperate area (III) Semi-humid area (B) IIIB
Semi-arid area (C) IIIC

Mid-temperate area (II)
Semi-humid area (B) IIB

Semi-arid area (C) IIC
Arid area (D) IID

North subtropical area (IV) Humid area (A) IVA
Mid-subtropical area (V) Humid area (A) VA

* All of the eco-geographic regions mentioned below are referred to by their abbreviations and are not repeated.

2. Data and Methods
2.1. Study Area

The agro-pasture ecotone (Figure 1a,b) is distributed from northeast to southwest
across China (95◦~125◦E, 25◦~48◦N), with a total area of about 1.03 million km2, accounting
for about 1/9 of China’s total land area [37,39]. From a general point of view, it can be
divided into the southern agro-pasture ecotone and the northern agro-pasture ecotone.
The southern agro-pasture ecotone belongs to a humid and semi-humid area, with an
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annual precipitation of 600~800 mm and better climatic conditions, and is a transition zone
between the Tibetan Plateau and the Sichuan Basin for agriculture and animal husbandry,
with its vegetation mainly located in woodland, scrubland, and meadows (Figure 1a).
Its topography is mainly high mountains and plateau landscapes, with an overall high
and undulating terrain (Figure 1b) [41]. The northern agro-pasture ecotone is an arid and
semi-arid region with an annual precipitation of 250~500 mm and relatively harsh climatic
conditions. The region has widespread plateaus, mountains, and deserts, and grassland is
its main vegetation type [42]. The agro-pasture ecotone is the intersection and transition
area between the agricultural cultivation area and the grassland animal husbandry area in
China. The zone is not only semi-agricultural and semi-pastoral, but also agricultural and
pastoral at times, which is the largest ecological transition area and an ecologically fragile
area in China. As people did not use scientific farming and animal husbandry methods in
this area in the past, the outlook of the ecological environment of the agro-pasture ecotone
is not optimistic [38]. At present, scholars in China have mainly studied land use, landscape
patterns, the ecological environment, and desertification in the agro-pasture ecotone, but
there have been few reports on the spatial and temporal patterns of the vegetation in the
agro-pasture ecotone over a long period of time. Therefore, it is important to study the
vegetation patterns in the whole agro-pasture ecotone.
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Figure 1. Distribution of the vegetation (a) and its topographic features (b) in the study area.

2.2. Data Sources and Preprocessing
2.2.1. MODIS EVI

The EVI time series data used in this study were obtained from the MOD13Q1 veg-
etation index dataset, from 2000 to 2020, provided by the NASA data website (https:
//modis.gsfc.nasa.gov (accessed on 30 September 2021)), with a temporal resolution of
16 d and a spatial resolution of 250 m × 250 m, and a total of 480 image periods [43,44].
This dataset is the standard terrestrial thematic MODIS Level 3 product containing NDVI,
the enhanced vegetation index (EVI), and other reflectance products, where the effective
values of the vegetation index range from −2000 to 10,000.

The jagged EVI time-series curves obtained, are inevitably interspersed with various
noises and interferences, due to the sensors themselves, as well as random disturbances,
such as clouds, atmospheric aerosols, surface water, snow, and ice. It is therefore necessary
to reconstruct the EVI time series curves [45,46]. In this paper, the EVI time series was re-
constructed using Savitzky–Golay (S–G) filtering [47], which is a least-squares convolution

https://modis.gsfc.nasa.gov
https://modis.gsfc.nasa.gov
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fitting method and a polynomial fitting method, based on the local features of the curve.
The model is calculated as follows [47]:

y∗j =

i=m
∑

i=−m
Ci ×Yj+i

N
(1)

where Yj+i is the value of the original EVI time series data; Y∗j is the fitted value of the EVI
time series data; Ci is the correlation coefficient of the i-th EVI value of this sliding window;
N is the number of convolutions; and m is the sliding window size.

In addition, we also exclude the image elements with an annual mean EVI of less than
0.1, from 2000 to 2020, which were not involved in the phenology calculations, in order to
further reduce the uncertainty of the bare soil, desert, water bodies, and sparse vegetation
on the EVI trend study [48].

2.2.2. Meteorological Data

Because of the small number of meteorological stations, it was difficult to achieve
the accuracy required for this study. Therefore, the meteorological data (monthly average
temperature and precipitation) from the National Earth System Science Data Center, Na-
tional Science & Technology Infrastructure of China (http://www.geodata.cn (accessed
on 12 April 2022)) were used, which has a temporal resolution of months and a spatial
resolution of 0.0083333◦ (about 1 km) [49]. The dataset we selected is the month-by-month
data from 2000 to 2020. The data set is based on the global 0.5◦ climate dataset published by
the Climactic Research Unit (CRU) and the global high-resolution climate dataset published
by WorldClim, and is downscaled for use in China by the Delta spatial downscaling scheme
and validated by 496 ground-based meteorological stations [49,50].

In order to achieve the same spatial resolution as that of the EVI data, we applied
the inverse distance weighting method to the meteorological data, which facilitated the
subsequent analysis and required the dimensionless processing of the meteorological data.

2.2.3. Eco-Geographical Data

The eco-geographical regional systems mainly reflect the geographical differences in
natural elements, such as the temperature and wet and dry conditions, and can be used
as a macro framework for monitoring ecological and environmental characteristics [51].
The study of the vegetation phenological changes from the perspective of eco-geographic
regions can better reveal the characteristics of the regional phenological differences in the
agro-pasture ecotone. In this study, the framework of China’s eco-geographical regional
system, developed by Zheng et al. was used to divide the agro-pasture ecotone into
10 natural areas (Table 1 and Figure 1) [51].

2.2.4. Other Data

The GlobeLand30 dataset contains 30 m resolution global land cover data, provided
by the National Basic Geographic Information Center (http://www.globallandcover.com
(accessed on 5 March 2022)). The dataset contains 10 types of land cover data, namely,
cultivated land, forest, grassland, shrublands, bodies of water, wetlands, tundra, artificial
surfaces, bare ground, glaciers and permanent snow [52,53]. To reduce the impact of the
anthropogenic changes on the vegetation over 21 years, we only selected land cover types
(grassland, forest, and shrubland) that remained unchanged between 2000, 2010, and 2020.
The DEM data comes from the ASTER GDEM V2 dataset, downloaded from Geospatial
Data Cloud (http://www.gscloud.cn (accessed on 5 March 2022)). The DEM data were
stitched and masked in ArcMap and resampled to 250 m.

http://www.geodata.cn
http://www.globallandcover.com
http://www.gscloud.cn
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2.3. Data Analysis Methods
2.3.1. Extraction of the Data on the Vegetation Phenology

In this study, the vegetation phenology was extracted using the Polyfit-Maximum [48],
which uses the maximum rate of change of the EVI and the minimum rate of change of the
EVI to extract the SOS and EOS, respectively, and has been proved to be applicable to the
extraction of the vegetation phenology parameters at large scales and has therefore been
widely used in previous studies [54–56]:

EVIration(t) =
EVI(t + 1)− EVI(t)

EVI(t)
(2)

where t is time (time resolution 16 d); EVI(t) is the EVI value at time t; and EVIration(t)
is the rate of change of the EVI at time t. The moment t corresponding to the maximum
EVIration(t) was found, and the EVI(t) at moment t was used as the threshold for the SOS;
the moment t corresponding to the minimum EVIration(t) was found, and the EVI(t + 1) at
moment t + 1 was used as the threshold for extracting the EOS. Then, the EVI time-series
data points from January to September (SOS) and June to December (EOS) of each year
were fitted separately, using the polynomial fitting method to reconstruct them as 1 d EVI
time series with a temporal resolution [28,48]:

EVI = a0+a1x + a2x2 + . . . + anxn (3)

where x is the day (Julian day) related to the EVI time series in each year; n is the number
of polynomials, which, after validation and comparison, was found to be better at fitting
the vegetation curves throughout the growing season when n = 6; and a0, a1, a2, . . . , an are
the coefficients of the regression fit (Figure 2). Finally, the SOS and EOS were extracted
from the reconstructed daily EVI time-series curves, using the SOS and EOS thresholds
obtained earlier for each time series image element. The LOS is the difference between the
EOS and SOS.
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2.3.2. Trend Analysis Based on Theil–Sen’s Slope and the Mann–Kendall Test

Although least squares-based linear trend regression models are widely used in time-
series analyses, they are susceptible to outliers in the time-series [57,58]. The Theil–Sen
median trend analysis [57] is often used to detect trends in long time-series data-sets, as it
not only avoids the effect of missing data and data distribution patterns in the time-series
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for the analysis results, but also removes the effect of outliers in the time-series for the
analysis results. The model is calculated as follows [57]:

β = median(
xj − xi

j− i
) 1 < i < j < n (4)

where the trend degree β value represents the trend of the series; xj and xi represent the
series values at moments j and i, respectively; it indicates an upward trend when β > 0, a
downward trend when β < 0, an insignificant trend when β = 0.

The Mann–Kendall method for the trend analysis [59,60] is a non-parametric statistical
test, which has the advantage of not requiring the sample to obey a certain distribution, it
is suitable for non-normally distributed data, and is not disturbed by a few outliers; it is
also often used to detect the significance of the time-series trends [59,60].

S =
n−1

∑
i=1

n

∑
j=i+1

sgn(xj − xi) (5)

sgn(xj − xi) =


1 (xj − xi > 0)
0 (xj − xi = 0)
−1 (xj − xi < 0)

(6)

Var(S) =
n(n− 1)(2n + 5)

18
(7)

Z =


S−1√
Var(S)

(S > 0)

0 (S = 0)
S+1√
Var(S)

(S < 0)
(8)

where xi and xj are the i-th and j-th data values of the time series, respectively; n is the length
of the time-series; and sgn is the sign function. Z follows a standard normal distribution. Z
is the trend of the time-series data; and means an increasing trend over time when Z > 0,
and a decreasing trend when Z < 0.

The Mann–Kendall method uses a bilateral trend test, which is based on the null
hypothesis H0: β = 0. The null hypothesis is rejected when |Z| > Z1−α/2, i.e., the trend
is significant; the opposite indicates that the trend is not significant, where Z1−α/2 is the
standard normal distribution and α is the significance test level. In this paper, α is set as
0.05, and Z1−α/2 is set as ±1.96. When the absolute value of Z is greater than or equal to
1.96, it means that the trend passes the significance test with a 95% confidence level [61].
The trend significance was determined as follows (Table 2).

Table 2. Mann–Kendall test trend categories.

β Z Trend Features

β > 0 Z > 1.96 Significant delayed
Z ≤ 1.96 No significant delayed

β ≤ 0 Z ≤ 1.96 No significant earlier
Z > 1.96 Significant earlier

2.3.3. Coefficient of Variation

The coefficient of variation is a statistical measure of the degree of relative change
(fluctuation) in the total, and because of its dimensionless nature and independence from
the size of the values taken, it can objectively reflect the stability of a single image element
series, and is relatively simple to calculate [62]. Its calculation formula is as follows:
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CV =
S
x
=

1
x
×

√
1
n

n

∑
i=1

(xi − x)2 (9)

where n is the length of the time-series; xi is the SOS, EOS, or LOS value in days corre-
sponding to each image element; x is the average value of the SOS, EOS, or LOS in days.
The smaller the value of CV, the smaller the fluctuation and the more stable the change; on
the converse, the change is strong [62].

2.3.4. Partial Correlation Analysis

In this study, the effects of precipitation and temperature on the vegetation phenology
were investigated separately, using the partial correlation analysis [54,63]. The partial
correlation coefficient was calculated as follows:

rxy·z =
rxy − rxzryz√

(1− rxz2)(1− ryz2)
(10)

where x, y, and z represent phenology, temperature, and precipitation, respectively; rxy
represents the correlation coefficient between the phenology and temperature; rxz represents
the correlation coefficient between the phenology and precipitation; ryz represents the
correlation coefficient between the temperature and precipitation; and rxy•z represents
the partial correlation coefficient between the phenology and temperature when rainfall
remains constant [54]. The significance of the partial correlation coefficient was tested using
the t-test, setting 0.05 as the level of significance; and when p < 0.05, a significant correlation
was indicated [54,63].

In order to further determine the time period and influencing factors of the vegetation
phenological period changes, we used Python to analyze the bias correlation between the
SOS and EOS and the average temperature and the average precipitation of each month
over 21 years in the agro-pasture ecotone. Since the SOS was mainly concentrated from
March to June and the EOS was mainly concentrated from September to October, we
therefore performed a correlation analysis of the SOS with temperature and precipitation
from February to May, respectively, and of the EOS with precipitation from August to
November, respectively, for the correlation calculations. Finally, the month with the largest
absolute value of bias correlation coefficient for each image element was determined, and
we marked whether the image element point was positively or negatively influenced.

3. Results and Analysis
3.1. Distribution Characteristics of the Multi-Year Average Phenology and its Variation with
the Altitude

The vegetation phenology of the whole study area changed from the southern to
northern latitudes in the agro-pasture ecotone, from 2000 to 2020 (Figure 3), which was
due to the different geomorphologies and climates in the study area (Figure 4). As a result,
the vegetation phenology presented a spatial heterogeneity and variability in different
eco-geographic regions and elevations. In general, the average annual SOS in the study area
was 111 d and was mainly concentrated (80.65%) from 90 d to 150 d (i.e., early April to late
May) (Figure 3a). The eco-geographic regions of the study area showed a more complex,
spatial variation pattern, and when the study area was divided into wet and semi-humid,
semi-arid, and arid areas, according to the dry and wet zones, it was found that the mean
of the SOS was ranked, from largest to smallest, as D (116 d) > C (114 d) > AB (109 d), but
the pattern of the SOS was not obvious when the study area was divided, according to the
temperature zones to which it belonged. At low elevations (less than 1300 m), the SOS of
the study area appeared to be advanced with the increasing elevation (Figure 4e), with an
advance rate of 3.0 d/100 m, but above 1500 m elevation, the SOS was found to be delayed
with the increasing elevation, with a rate of 0.2 d/100 m.
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Figure 3. Spatial distribution of the multi-year mean values of the vegetation phenological periods in
the agro-pasture ecotone. (a–c) indicate the mean changes of the SOS (a), EOS (b), and LOS (c) between
2000 and 2020, respectively. The histogram in the lower right corner indicates the percentage of the
different color bands in the total; (d–f) Box plots of the mean SOS (d), EOS (e), and LOS (f) for the
different eco-geographic regions of the study area over 21 years, respectively.

Most of the study area (67%) had an EOS distribution concentrated from 270 d to
300 d (i.e., late September to late October), with an annual mean EOS of 287 d (Figure 3b).
The percentage of the vegetation growing season ending in November (EOS) was 16.3%,
but this was mainly distributed in the IIIB area. Overall, the spatial variability of the EOS
was smaller than that of the SOS. The start of the EOS was earlier in the IIIB area, with
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about 37.00% of the total similar elements in September, while the start of the EOS in the
central IIIB area was generally delayed until November. Except for the IIIB and IIIC areas,
where the annual mean EOS was at 294 and 290 d, respectively, the mean EOS of each
eco-geographic region was less variable and ranged from 270 d to 280 d. In the dry and wet
zones, there was no significant difference between AB and C. However, on the temperature
zones, the EOS differed more obviously, and the EOS of III and V ended the latest, at
293 d and 288 d, respectively. The EOS started earliest at low altitudes (Figure 4f), and
below 1300 m, it was delayed with the increasing altitude, with a delay rate of 2.3 d/100 m.
However, at higher altitudes, the EOS was advanced with the increasing altitude, and the
advance rate was 0.26 d/100 m.

The LOS from 2000 to 2020 varied from 127 d to 210 d (Figure 3c), accounting for about
76.46% of the total. Most of the LOS durations of HII and HI were in this range. There
were obvious spatial differences in the LOS of the study area, and the vegetation growth
time in the southwest areas of VA and HIIAB ranged from 127 d to 168 d. The vegetation
growth duration in the IIIB area was longer, ranging from 209 d to 250 d. The LOS duration
of the IIB area was the shortest, with an average LOS of 161 days, and the distribution
of the LOS in the northeast region was similar to that in the southwest region. The LOS
in the AB and III regions was the longest, 176 d and 194 d, respectively. Combined with
the spatial distribution of the SOS and EOS, it was found that the spatial variation of the
LOS was consistent with that of the SOS. However, the variation of the LOS with altitude
was found to be similar to that of the EOS. At altitudes below 1300 m, the LOS elongation
rate was 5.2 d/100 m, while at higher altitudes, the LOS shortening rate was 0.44 d/100 m
(Figure 4g).
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3.2. Analysis of the Inter-Annual Variation in the Vegetation Phenology

By analyzing the trends of the vegetation phenology in the agro-pasture ecotone over
the past 21 years, it was found that there was no significant advance or shortening of the
three phenological parameters in the study area (Figure 5). The overall SOS in the entire
study area showed an advancing trend, and nearly 51.5% of the SOS showed an advancing
trend (the advance rate was 0.71 d/a) (Figure 5a). For the areas with no significant advance,
the areas with the largest proportions were IIIB, IIIC, and IIC (Figure 5d), accounting for
59.40%, 70.20%, and 55.22% of the area, respectively, and the advance rates were 0.42 d/a,
0.95 d/a, and 0.67 d/a (Figure 5e). A total of 48.49% of the pixels showed a trend of the SOS
delay (delay rate of 0.84 d/a) (Figure 5a), of which 45.08% were not significantly delayed,
indicating that the degree of the SOS delay in the study area is small, while the area with
the significant delay only accounted for 3.41% of the total area, among which the HIIAB, IIB
and VA regions were the regions with the most significant delay distribution, accounting for
4.33%, 7.0%, and 4.64% of the total area of these regions, respectively (Figure 5d). However,
the SOS did not differ significantly in the advance and delay rates.

The EOS in the agro-pasture ecotone showed a delay trend in 65.52% of the pixels, and
the change rate was above 0.6 d/a (Figure 5b). Pixels with a delay trend were found to be
mainly distributed in the IIIC, IIIB, IIC, and IID regions (Figure 5e). Among these, the IIC
area had the largest delay area, covering 76.10% of the area, and the delay rate was 0.5 d/a.
The proportion of the areas with significant delays increased to 4.95%. Within the IIIC area
of the study area, areas with a significant delay accounted for the largest proportion, at
6.80% of the total area. In general, the areas in which the delay trend passed the significance
test were small, and the spatial distribution was not obvious. The vegetation EOS in 34.48%
of the pixels showed an insignificant advancing trend, that is, the EOS advance in the study
area was not obvious, and the degree of advance was small (Figure 5b). Region III had
the smallest area of the EOS in an insignificantly advanced state, both at 27%. The leading
areas were mainly in the HIIAB, HIIC, and VA regions (Figure 5e), and the leading rate in
the VA region was the largest 1 d/a.

In general, the spatial distribution characteristics of the LOS change trend were found
to be similar to those of the EOS (Figure 5c), i.e., the LOS as a whole, showed a lengthening
trend. In the study area, 62.42% of the LOS pixels showed a lengthening trend with a change
rate of 1.3 d/a, among which 32.01% of the pixels had a larger lengthening rate (>1.0 d/a)
of 2.0 d/a (Figure 5f). However, most of the regions showed insignificant LOS changes,
with 50.03% and 27.6% of the pixels showing insignificant lengthening and shortening
trends (Figure 5c), respectively. The LOS in this region showed lengthening trends mainly
in the IIIC, IIIB, and IIC regions, with 79%, 74%, and 71% of the pixels showing lengthening,
respectively, with the largest lengthening rate of 1.6 d/a in the IIIC region. A total of
37.59% of the LOS showed shortening trends, with the shortening rates concentrated in
the range of 0–1 d/a. The LOS shortening was mainly concentrated in the HIIAB, VA, and
IVA regions, the shortening rates were 1.6 d/a, 1.9 d/a, and 1.1 d/a. The area of the whole
study area with a significant extension increased to 8.41%, compared with both the SOS
and EOS. The largest percentage of the area passing the significance test was located in the
III area, accounting for 15.91% and 15.02% of the area, respectively. The non-significant
extension was mainly distributed in the higher altitude areas, such as the HI, HII and III
areas (Figure 5f).
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Figure 5. The interannual variation of the vegetation phenology in the agro-pasture ecotone. (a–c) Spa-
tial distribution of the interannual variation trends of the SOS, EOS, and LOS, between 2000 and 2020,
respectively; (d–f) are the significances of the SOS (d), EOS (e), and LOS (f) obtained from the MK
test for a period of 21 years, respectively.
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3.3. Spatial Patterns in the Stability of the Vegetation Phenological Change

According to the coefficient of variation (Figure 6a), it was found that the mean value
of the SOS coefficient of the variation in the agro-pasture ecotone over 21 years was 0.26,
indicating that the stability of the SOS changes over 21 years has been poor and that the SOS
has shown large fluctuations. Most of the areas in the study area (62.84%) had a medium
variation intensity. Combined with the previous trend analysis, the trend of an early or
delayed SOS in the agro-pasture ecotone showed fluctuating changes. The image elements
in the weakly fluctuating variability accounted for only 16.19% of the total area, and they
were mostly distributed in the areas of HIIC, HIB, IIC, IIB, and IIIB (Figure 6d). The mean
value of the EOS coefficient of variation was 0.089 (Figure 6b), and its state of continuous
variation was found to be relatively stable. The image elements with the EOS with a low
degree of variation accounted for the vast majority (94.23%), and the medium variation
was mainly distributed in the VA area (Figure 6e), but there was no strong variation, which
indicates the EOS on a large scale. The spatial distribution of the coefficient of variation
of the LOS was similar to that of the SOS, with a mean coefficient of variation of 0.21
(Figure 6c), and overall medium variation intensity, but there were more pixels with a weak
variation than in the SOS, accounting for 26.30% of the total area, and most of the pixels in
the HIIC and IIIB regions showed a weak variation. The HIIC and IIIB areas had a weak
variation, that is, the trend of the LOS lengthening in this area was relatively stable and did
not show a large volatility over the 21 years. The proportion of the strong variation has
decreased, by about 11.07%, and the vast majority of the areas with strong variation were
found to be distributed in the VA and HIIAB areas (Figure 6f).
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3.4. The Relationship between the Vegetation Phenology and the Climate
3.4.1. Precipitation and Temperature Response to the SOS

For the whole study area, the percentage of the mean precipitation, from February to
May, which is negatively correlated with the SOS, increased with the increase in months
(Figure 7), but the effect of the precipitation on the SOS varied at different times in the
same area, which was also reflected in the effect of the temperature on the SOS. The bias
correlation coefficients between the SOS and mean precipitation, from February to May,
were mainly negative. This indicates that as precipitation increases, the SOS also advances.
The largest effect of the precipitation on the SOS occurred in May, with 7.66% of the pixels
showing a significant negative correlation. The bias correlation coefficients between the
mean temperature, from February to March, and the SOS were mainly positive (Figure 7),
while the bias correlation coefficients with the mean temperature in April and May were
mostly negative. This indicates that the SOS was delayed in most areas of the study
area in April and May as the temperature decreased during those months. In terms of
significance levels, the SOS had the highest number of significant-like points (6.53%) for the
bias correlation coefficient with a mean precipitation in May, indicating that the vegetation
SOS was influenced by the mean precipitation in May in more areas. The effect of the
temperature on the SOS, was greatest in March, with a negative correlation coefficient of
only 5.29%.
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In terms of the effect of precipitation on the SOS, most of the study area (63.36%) had
a negative correlation (Figure 8a,c). This indicates that, as precipitation decreased in the
corresponding areas and months, the SOS was subsequently delayed. In 25.41% and 28.47%
of the pixels, the SOS was mainly affected by precipitation in April and May, and the effect
was predominantly negative. The bias correlation coefficients of precipitation on the SOS in
the corresponding months were large, and the absolute values were between 0.4 and 0.6. In
terms of wet and dry zones, the percentage of the negative correlation between the SOS and
precipitation in area A/B (59.01%) was significantly smaller than that in area C/D (66.67%).
In terms of significance levels, 19.79% of the image elements passed the significance test,
but more image elements passed the significance test in the A/B area (19.97%) than in the
C/D area (19.50%). In terms of temperature, the effect of temperature on the SOS was most
pronounced in February and May (26.61% and 25.38%), but there was spatial variability
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in their distributions (Figure 8b,d). The effect of temperature on the SOS in February and
March was mainly positive, which indicated that the increase in temperature in February
and March would delay the SOS. In contrast, the effect of temperature on the SOS in April
and May was predominantly negative. In terms of the temperature areas (Table 1), the
response of the effect of temperature on the SOS varied across the temperature areas. In
general, the percentage of the negative correlation of the temperature on the SOS decreased
as the number of days with temperature areas greater than 10 ◦C and the number of days
with an accumulation temperature greater than 10 ◦C, increased for the same dry and
wet conditions. The bias correlation coefficient of the temperature to the SOS, passed the
significance test for fewer image elements than the precipitation, with about 17.96% passing
the significance test.
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eco-geographic regions, respectively.

3.4.2. Impact of the Precipitation and Temperature on the EOS

Compared with the SOS, the spatial and temporal variation of precipitation had a more
significant effect on the EOS. The EOS was positively correlated with the mean precipitation,
from August to November, in most areas of the study area (Figure 9). Precipitation in
September had the greatest effect on the EOS. A total of 60.76% of the areas were positively
correlated, and 7.32% of the pixels were significantly affected, indicating that the EOS
was delayed in most areas, as precipitation increased. The partial correlation coefficients
between the EOS and mean temperature in August, October, and November were mostly
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positive (Figure 9), and the partial correlation coefficients with the mean temperature in
September were mostly negative. The correlation coefficients were mostly negative, and
there were limited correlations (positive and negative) between the EOS and temperature.
However, the response of the EOS to temperature varied with the month in each region. In
Northeast China, the EOS was mostly negatively correlated with temperature in October
and November, while it was mostly positively correlated in August and September.
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Figure 9. Graded ratios of the positive/negative correlation coefficients between the EOS and
precipitation/temperature.

In the case of the greatest influence of precipitation, the EOS was mainly influenced by
the positive influence of the average precipitation (60.91%), which indicates that the EOS
had advanced with the increase in precipitation in the corresponding month (Figure 10a,c).
In general, there was no significant difference in the percentage of precipitation playing
an influential role on the EOS in each month. However, the percentage of the degree of
impact of the precipitation on the EOS varies from month to month in different regions,
and the precipitation in September has the largest impact on the EOS in most regions. The
negative correlation of the precipitation on the EOS was greater in region C/D (68.09%)
than in region A/B (58.08%). In terms of its significance, the percentage of image elements
that pass the significance test was 21.56%. A total of 22.23% passed the significance test in
the C/D region, compared to 21.53% in the A/B region. As far as temperature is concerned,
the image elements with a positive effect on the EOS accounted for 49.84% of the total area
(Figure 10b,d). The most image points (29.34%) had the main temperature effect on the EOS
in September, and most of them were positive, indicating that the increase in temperature
in September can delay the EOS. In general, the proportion of the negative correlations
of the temperature on the EOS decreased as the accumulated temperature increased in
the temperature zones, while the dry and wet conditions remained the same. With the
maximum temperature effect, its partial correlation coefficient with the EOS passed the
significance test, but to a smaller extent than precipitation (19.07%).
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4. Discussion

Since the 1960s, climate change in China has been characterized by significant warm-
ing [20]. As the region where agriculture and animal husbandry are interspersed in China,
combined with the complex local eco-geographical regional systems, the vegetation phenol-
ogy of the agro-pasture ecotone is particularly sensitive to global climate change. Spatially,
the SOS of the study area showed high ends and a low middle, which is identical with
the results reported by Hou et al. [40]. In general, it is early in the northeast and late in
the southwest, which is similar to the results of Yang et al. [63] for the vegetation phe-
nology changes in China, from 1982 to 2010. The trends of vegetation phenology in the
agro-pasture ecotone over the past 21 years are consistent with the results of Piao et al. [48]
for the temperate zone of China—the SOS is 0.79 d earlier and the EOS is 0.37 d later for
the whole region, but the degree of the vegetation phenology variation in the different eco-
geographical systems shows some difference. In different dry and wet zones, the advance
of the SOS was C/D (0.6 d) < A/B (0.9 d) and the delay of the EOS was C/D (0.18 d) < A/B
(0.53 d). This is consistent with most of the studies by Tao et al. [22] regarding the positive
effect of precipitation on the vegetation phenology [30,31]. However, the heterogeneity
of the SOS and the EOS was more pronounced in the temperature band. In general, the
higher the cumulus temperature, the more pronounced the overall tendency of the SOS
and the EOS exhibited earlier or delayed, also contributing to the prolongation of the LOS,
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which is consistent with other studies [25,31]. This illustrates that the vegetation growth
was favored under the suitable precipitation and temperature [32].

“The Hopkins bioclimatic law” states that the spring phenology of vegetation is
steadily delayed with the increasing latitude and elevation [64]. This is somewhat different
from the results of our study. In this study, we found that the change in the vegetation
phenology was segmented with the increasing altitude. Firstly, in the low elevation area
(less than 1300 m), its SOS appeared to be delayed with the elevation, the EOS was advanced,
and the LOS was gradually shortened. This may be due to the fact that most of the low
elevation areas are at high latitudes (i.e., Northeast China). The air temperature in this
region is influenced by the Siberian cold current, and the air temperature drops faster in
spring and autumn than in the high altitudes of Southwest China [65,66]. Therefore, the
SOS is delayed while the EOS is advanced to avoid frost damage, causing the LOS to be
shortened. This finding is consistent with the results of Xia et al. at lower elevations [67].
Secondly, the fluctuating changes in the SOS, EOS, and LOS were observed at high altitudes,
but the SOS still showed a moderate upward trend, while the EOS, and LOS showed
a moderate downward trend. According to Piao et al. [23], since the air temperature
is relatively low at high altitudes, it could delay vegetation growth and accelerate leaf
senescence. However, this correlation was found to be weak, based on the actual area of this
study, and the air temperature may not be the main driver of the vegetation growth at high
altitudes. In this study, we found that the high elevation areas are all in the A/B region, with
a relatively high precipitation, which may encourage the vegetation growth. Furthermore,
an interesting phenomenon that the SOS was significantly later in the northeastern part
of the study area than in the southwestern part, while the EOS was earlier than in the
southwestern part [68]. This difference may be due to the cultivated vegetation and the
predominantly herbaceous vegetation in the northeast, while the southwest is characterized
by tall forests and shrublands. Walther et al. [1] observed that the cultivated vegetation
and herbaceous plants are more sensitive to the changes in temperature than other types of
vegetation. Thus, when the cold season is earlier in the northeast than in the southwest, its
vegetation phenology is more significant earlier or later than that in the southwest.

Numerous surface and remote sensing observations suggest that the SOS is signifi-
cantly advanced, due to global warming [69–71]. However, according to the results of this
paper, there is a large spatial variation in the effect of the temperature on the SOS. In the
C/D region, the temperature showed a more positive correlation to the SOS, i.e., an increase
in temperature instead of a delayed SOS. This is similar to the findings of some recent
studies—as temperatures continue to increase, the sensitivity of the SOS to temperature
gradually decreases, which can even lead to a delayed SOS [17]. The SOS in the study
area was most influenced by the average precipitation in April and May, which mainly
showed a negative correlation, i.e., a reduced precipitation in spring led to a delay in the
spring phenology. Compared with area A/B, the local SOS was significantly earlier in area
C/D with the increase in precipitation. These findings are similar with the conclusions
of Kang et al., Ge et al., and Zeng et al. [34,72,73]. They discovered that the increase in
temperature can allow the vegetation to obtain sufficient light and suitable growing tem-
peratures in some areas, and this can improve its growth rate and advance the phenological
period [34,73]. In some C/D areas, the increase in temperature can lead to a decrease in
soil moisture in the area, affecting the pre-season water accumulation and delaying the
phenological period instead. Several studies have shown that temperature is the main
factor that nonlinearly affects the phenological changes [74,75]. Moreover, precipitation can
significantly affect the phenology, when it becomes a stressor. Insufficient water availability
in C/D areas can inhibit vegetation light and heat use. However, the effect of precipitation
on the vegetation phenology in the C/D region needs further study. On the one hand,
water resources available for vegetation can be provided, not only by precipitation, but also
related to the soil water content and local groundwater [35]. On the other hand, Yang et al.
suggested that the response of the vegetation phenology to precipitation is complex, and
there may be a temporal continuum or lag in the effect on it [63].



Remote Sens. 2022, 14, 5417 19 of 22

In general, temperature and precipitation are positively correlated with the EOS in all
months except September when the temperature has a negative effect on the EOS, i.e., an
increase in the temperature in that month can advance the EOS [21]. The possible reason for
this is that the highest summer temperatures are in July and August, and the temperature at
this stage is in line with the growth pattern of vegetation [76]. When the temperature rises
in September, it will intensify the respiration of plants and inhibit photosynthesis, resulting
in a lower enzyme activity in plants and evaporation of water, which will cause vegetation
to enter dormancy earlier [76,77]. Moreover, among them, precipitation and temperature
in September have the greatest impact on the EOS [14]. Although according to the results
of previous studies, warming is the main factor that causes the delay of the EOS, some
researchers believe that the effect of temperature on the EOS is somewhat overestimated.
In the present study, precipitation also had a very important effect on the EOS. The effect of
temperature on the EOS varied slightly in different temperature zones, while precipitation
had a more profound effect, especially in the A/B and C/D regions. Although we did not
analyze the bias correlation between temperature and precipitation for the LOS, previous
studies have demonstrated that the effects of precipitation and temperature on the SOS
and EOS in each month also act on the LOS [28,78]. Therefore, suitable temperature and
precipitation positively affect plant growth and promote a longer growing season [71].

5. Conclusions

In this study, MODIS EVI time series data, from 2000 to 2020, were used to investigate
the spatial variation characteristics of the vegetation phenology in different eco-geographic
regions in the China’s agro-pasture ecotone, over 21 years. This study also analyzed the
response of the vegetation phenology to climate change in the context of global climate
change. The main conclusions are as follows. (1) The SOS of the vegetation in China’s agro-
pastoral zone, is mainly concentrated, from 90 to 150 d, the EOS is mainly concentrated,
from 270 to 300 d, and LOS is concentrated, from 127 to 210 d. Meanwhile, the concentration
degree of the phenological date varies in the different ecological-geographical zones, and
the dates of the vegetation phenology appear to be advanced or delayed with the different
eco-geographic regions. This mainly occurred in the dry and wet zones, and was less
pronounced in the temperate zones. (2) In the whole region, the SOS showed an overall
trend of advancement, the EOS showed an overall delay, and the LOS was prolonged. The
physical changes in the different landscape zones were found to be spatially heterogeneous.
However, when the elevation exceeded a certain height, and with increases in elevation,
the phenological trend became less obvious. (3) The response of vegetation phenology to
the climatic factors is very complex. The SOS was found to be mainly negatively correlated
with the mean precipitation, from February to May. In the C/D region, an increase in
precipitation can lead to the SOS advancement in most regions. However, the relationship
between the temperature and the SOS is not significant, compared with the precipitation.
The EOS was mainly positively influenced by the increased precipitation in September.
The effect of precipitation on the EOS was greater in region C/D than in region A/B. The
results suggest that the phenology is very sensitive to climate and that different ecological
geographies may have different phenology types. These findings may help reveal regional
microclimate phenology patterns and contribute to understanding the potential long-term
effects of climate change on the phenology.

The accuracy of the analysis of the effects of climate change on the vegetation phenol-
ogy under this condition may be compromised, owing to the limitations of the unnatural
vegetation cover types and data availability. To overcome these shortcomings, we aim to
integrate a series of products that can reflect the dynamic changes of vegetation, improve
the temporal and spatial resolution of the products, or explore how the accuracy of their ex-
tracted phenology can be studied, using the same method, based on different data sources.
In addition, when discussing the influencing factors of the vegetation phenology changes,
in addition to the influence of precipitation and temperature on the vegetation phenology
in the region, other environmental factors, such as photoperiod, radiation intensity, carbon
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concentration, etc. should not be neglected [55,64]. However, behind the effects caused by
these factors is a complex systemic vegetation ecology, which involves the whole process of
vegetation growth. Therefore, we will incorporate all of the influencing factors into the anal-
ysis in the future, and establish a numerical model of vegetation phenology and each factor
to make a more accurate estimation and prediction of the vegetation phenology changes.
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