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Abstract: Carbon uptake of vegetation is controlled by phenology and photosynthetic carbon uptake
capacity. However, our knowledge of the seasonal responses of vegetation productivity to pheno-
logical and physiological changes in alpine ecosystems is still weak. In this study, we quantified the
spatio-temporal variations of vegetation phenology and gross primary productivity (GPP) across the
source region of the Yellow River (SRYR) by analyzing MODIS-derived vegetation phenology and
GPP from 2001 to 2019, and explored how vegetation phenology and maximum carbon uptake capac-
ity (GPPmax) affected seasonal GPP over the region. Our results showed that the SRYR experienced
significantly advanced trends (p < 0.05) for both start (SOS) and peak (POS) of the growing season
from 2001 to 2019. Spring GPP (GPPspr) had a significantly increasing trend (p < 0.01), and the earlier
SOS had obvious positive effects on GPPspr. Summer GPP (GPPsum) was significantly and negatively
correlated to POS (p < 0.05). In addition, GPPmax had a significant and positive correlation with
GPPsum and GPPann (p < 0.01), respectively. It was found that an earlier spring-summer phenology
and higher photosynthetic peak enhanced the photosynthetic efficiency of vegetation in spring and
summer and altered the seasonal patterns of vegetation productivity in the SRYR under warming and
wetting climates. This study indicated that not only spring and autumn phenology but also summer
phenology and maximum carbon uptake capacity should be regarded as crucial indicators regulating
the carbon uptake process in alpine ecosystems. This research provides important information
about how changes in phenology affect vegetation productivity in alpine ecosystems under global
climate warming.

Keywords: alpine ecosystems; phenology; photosynthetic peak; gross primary productivity

1. Introduction

Gross primary productivity (GPP) is a key component of carbon cycling in terrestrial
ecosystems [1,2]. As carbon sequestration in terrestrial ecosystems exhibits wide variabil-
ity [3,4], quantifying the GPP variability in terrestrial ecosystems is imperative [5]. The
carbon uptake of vegetation is controlled by phenology and photosynthetic carbon uptake
capacity [3,4]. Vegetation phenology refers to the periodic timing of recurring biological
events caused by the periodic changes of environmental factors such as precipitation and
air temperature [6,7]. Vegetation phenology is sensitive to climate changes, and shifts of
vegetation phenology affect the seasonal dynamics of GPP [3,8,9]. Maximum daily GPP
(GPPmax) is an important physiological indicator which represents the maximum photo-
synthetic capacity of vegetation in the growing season [4,10]. Quantifying the impacts of
phenological and physiological changes on seasonal vegetation productivity for various
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climatic zone and ecosystem types is essential to accurate assessments of the spatial and
temporal variations in annual GPP at regional and global scales [11–13].

Shifts of vegetation phenology due to climate changes can affect vegetation productiv-
ity by affecting the process of carbon uptake [14–17]. Most of previous studies on vegetation
phenology have demonstrated that the start of the growing season (SOS) and the end of
the growing season (EOS) have, respectively, advanced and delayed trends under global
warming [18–20]. Cheng et al. [21] found that earlier SOS and later EOS led to an extension
of the length of growing season (LOS) in the Tibetan Plateau, resulting in an increase of the
gross primary productivity of vegetation. The spatio-temporal responses of vegetation pro-
ductivity to phenology may differ among various climatic zones and ecosystem types [22].
Chen et al. [23] reported that the increase of vegetation gross primary productivity in
the eastern Tibetan Plateau was mainly due to the advance of the SOS rather than the
delay of the EOS, whereas Zhang et al. [10] found that the delay of the EOS remarkably
enhanced the GPP over the period from September to October for broadleaf forests in east
China. In addition, a delayed EOS may not lead to a substantial increase of GPP due to
weak photosynthetic efficiency and the limited ability of organic matter accumulation in
autumn [24,25]. Most studies have focused on the effects of phenological factors (SOS, EOS
and LOS) on vegetation productivity at the annual scale [13]. However, it is still unclear
how phenology affects vegetation productivity at the seasonal scale, especially for the peak
of growing season. Peak of growing season (POS) represents the timing of the seasonal peak
canopy structure, which reflects the ability of terrestrial ecosystem productivity [26] and is
an important phenology indicator for the carbon cycle of terrestrial ecosystems [27]. Besides
vegetation phenology, GPPmax plays a crucial role in controlling the interannual variability
of annual GPP [28,29]. GPPmax occurs in summer in northern temperate ecosystems [4] and
is positively correlated with summer GPP [30]. Some studies have indicated that GPPmax
even has a greater impact on variations of GPPann than phenology [4,10].

In recent years, the responses of vegetation productivity to shifting phenology in
alpine ecosystems across Qinghai-Tibet Plateau (QTP) has been investigated, which mainly
focused on the effects of the SOS, EOS and LOS on ecosystem productivity [22,31]. The
alpine ecosystems on the QTP are highly sensitive to climate changes [13]. Zhu et al. [31]
found that the warming climate in the Tibetan Plateau resulted in a later SOS for alpine
meadow in spring due to water limitations but promoted ecosystem carbon uptake in
summer with better moisture conditions. Wang et al. [22] found that most of the QTP
experienced significant trends in advancing the SOS, delaying the EOS and prolonging
the LOS in 2000 and 2012, and vegetation productivity also increased in most parts of
the plateau. These studies mainly focused on the changes to SOS, EOS and LOS and
their effects on annual productivity in the QTP, but few studies were concerned with the
effects of vegetation phenology and photosynthetic capability on the seasonal dynamics
of productivity in the region. Moreover, the response relationships between vegetation
productivity and phenology were complex and varied within different climatic regimes
due to differences of terrain and climate conditions in the QTP [22], and it is necessary to
explore the response mechanisms of seasonal vegetation productivity to the phenology
dynamics for various climatic zones.

The source region of the Yellow River (SRYR) is located in the northeast of the QTP,
which is characterized by an alpine climate, and vegetation mainly consists of alpine
steppe and alpine meadow [32] with obvious seasonality. Since 2000, both annual tem-
perature and precipitation have seen increasing trends in the SRYR [33]. Moreover, the
temperature has had a higher rate increase for the SRYR than that for the whole Tibetan
Plateau [34,35], resulting in changes of the boundaries between seasonally frozen ground
and permafrost [36]. An advanced trend of spring phenology in alpine meadow in the
SRYR has been reported [37]. This paper aims to study the seasonal responses of vegetation
productivity to phenology and physiology changes in alpine ecosystems. There are two
objectives for this study: (1) examining the variations of vegetation phenology (SOS, POS,
EOS and LOS), photosynthetic carbon uptake capacity (GPPmax) and GPP at seasonal and
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annual scales for the alpine ecosystems in the SRYR from 2001 to 2019 and (2) exploring the
seasonal responses of annual GPP to the changes of vegetation phenology and photosyn-
thetic capability. This study can help in understanding the effects of vegetation phenology
on the carbon cycle in alpine ecosystems.

2. Materials and Methods
2.1. Study Area

The Yellow River is the second longest river in China, with length of 5464 km and
basin area of 79.5 × 104 km2. The source region of the Yellow River (Figure 1a) is located
in the northeast of the Tibetan plateau (32.14~36.08◦N, 95.77~102.97◦E) and covers an
area of 11.8 × 104 km2, accounting for about 15% of the total area of the Yellow River
Basin. The SRYR has complex landforms, including mountains, basins, canyons, lakes,
alluvial plains and flood plains [32]. The altitude increases gradually from east to west,
with an average elevation of 4500 m. The SRYR has a Qinghai-Tibet alpine climate, and the
hydro-thermal conditions display a distinct northwest-southeast gradient [38]. The average
annual precipitation increases from northwest to southeast, with an average of 545 mm,
concentrated in the period from May to October, accounting for about 70% of the annual
total precipitation [39]. The average annual temperature varies between −1.2 ◦C and 5.8
◦C from the northwest to the southeast. The region is dominated by alpine meadow and
alpine steppe (Figure 1c), which are very sensitive to climatic changes [40].
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Figure 1. Location of the source region of the Yellow River (SRYR) (a); distribution of meteorological
stations (b); vegetation types in the SRYR (c).

2.2. Data Source
2.2.1. Phenological Metrics

The MCD12Q2 (Collection 6) vegetation phenological dataset with a spatial resolution
of 500 m and a time resolution of one year was derived from the Google Earth Engine
platform from 2000 to 2019. This dataset is derived from thresholding the amplitudes of the
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time series of the 2-band enhanced vegetation index (EVI2) [41], which is computed from
VIIRS Nadir BRDF (Bidirectional Reflectance Distribution Function)-Adjusted Reflectance
(NBAR) product (8 days, 500 m) [42]. We extracted the greenup, peak and dormancy layer
from the MCD12Q2 dataset as SOS, POS and EOS, respectively, and the LOS was defined
as the length between the SOS and EOS [43]. SOS and EOS are defined as the date when the
EVI first crossed 15% and last crossed 15% of the segment EVI amplitude, respectively, and
POS is the date when the EVI reached the maximum of the segment EVI amplitude [43,44].
The MCD12Q2 dataset has been used in the studies of vegetation phenology changes in the
QPT [45,46].

2.2.2. Meteorological Data

The meteorological data were derived from the National Meteorological Data Center
(http://data.cma.cn, accessed on 4 January 2021). The monthly meteorological data, in-
cluding precipitation and average air temperature from 24 stations in and around the SRYR
from 2001 to 2019, were selected (Figure 1b, Table 1). The simple Kriging method was used
to interpolate the meteorological data to raster data with a spatial resolution of 500 m.

Table 1. Longitude, latitude and elevation information of meteorological stations.

Station Lon (◦) Lat (◦) Elevation (m)

Aba 101.70 32.90 3275.1
Zeku 101.47 35.03 3662.8

Hongyuan 102.55 32.80 3491.6
Ruoergai 102.97 33.58 3441.4
Maduo 98.22 34.92 4272.3

Dari 99.65 33.75 3967.5
Xinghai 99.98 35.58 3323.2
Henan 101.60 34.73 3500.0
Tongde 100.58 35.25 3148.2

Maerkang 102.23 31.90 2664.4
Shiqu 98.10 32.98 4200.0

Tongren 102.02 35.52 2491.4
Jiuzhi 101.48 33.43 3628.5

Qingshuihe 97.13 33.80 4415.4
Banma 100.75 32.93 3530.0
Dulan 98.10 36.31 3189.0

Qumalai 95.80 34.13 4175.0
Maqin 100.25 34.48 3719.0
Guinan 100.75 35.59 3120.0
Gonghe 100.62 36.27 2835.0
Guide 101.37 36.02 2237.1

Zhiduo 95.62 33.85 4179.1
Yushu 96.97 33.00 3716.9

Songpan 103.60 32.67 2850.7

2.2.3. Gross Primary Productivity Dataset

We selected the MODIS dataset of GPP products (MOD17A2H006) from the National
Aeronautics and Space Administration (NASA) Earth Observation System Data and In-
formation System (https://www.earthdata.nasa.gov, accessed on 10 June 2021). The data
period is from 2001 to 2019, with a spatial resolution of 500 m and a temporal resolution of
8 d. The MODIS GPP dataset was developed based on the Light Use Efficiency model, and
its reliability has been validated in various studies [47–49] and has been used in studies in
the QPT [45]. Seasonal GPP for spring (March to May), summer (June to August), autumn
(September to November) and winter (December to February) were synthesized based on
8-day GPP data, respectively. The maximum daily GPP in each year was extracted by the
Maximum Value Composite method as GPPmax.

http://data.cma.cn
https://www.earthdata.nasa.gov
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2.2.4. Other Datasets

The digital elevation model (DEM) data were from the Resource and Environmental
Science Data Platform (http://www.resdc.cn, accessed on 21 June 2021), with a resolution
of 30 m. According to the 1:1,000,000 digitized vegetation map of China [50] from the
Environmental and Ecological Science Data Center for West China, the vegetation types
in the SRYR can be divided into alpine meadow, alpine steppe, woods, shrub, marsh and
other types, which account for 75.25%, 5.92%, 4.77%, 10.52%, 2.24% and 1.30%, respectively
(Figure 1c).

2.3. Methods
2.3.1. Maximum Value Composite

Maximum Value Composite (MVC) was used to obtain the maximum daily GPP
value [51] through an 8-day GPP data time series using ArcGIS 10.6 software (Environmen-
tal Systems Research Institute, 2018) [52]. The expression is as follows:

GPPi,max = Max(GPPi,j) (1)

where GPPi,max means the maximum daily GPP value in year i, and GPPi,j is the average
daily value from the cumulative 8-day GPP composite value for the period j in year i.

2.3.2. Trend Analysis

In order to detect the temporal trends of climatic variables, vegetation phenology and
seasonal and annual GPP in the SRYR over 19 years and their corresponding significance,
the non-parametric Sen’s slope method [53] and Mann–Kendall trend test [54,55] were
applied. We used Matlab R2018b software (MathWorks, 2018) to analyze the data at the
raster scale [56]. The slope β was calculated by the following equation:

β = Median
( xj − xi

j − i

)
, ∀j > i (2)

where Median is a function of taking the median value, xi and xj are time series data; in this
study, 2001≤ i < j ≤ 2019.

2.3.3. Pearson Correlation Analysis

Pearson correlation analysis was used to examine the correlation between climate
variables, vegetation phenology and seasonal and annual productivity, and the correlation
coefficient r was calculated by the following equation:

r =
∑n

i=1
(
Xi − X

)(
Yi − Y

)√
n
∑

i=1

(
Xi − X

)2
√

n
∑

i=1

(
Yi − Y

)2
(3)

where r is the correlation coefficient of two variables, X and Y are the average values of the
two variables in the time series, and n is the number of years. In addition, a t-test was used
to test the significance of the correlations [57]. The correlation coefficients are significant at
the 0.05 level with p values < 0.05, and are significant at the 0.01 level with p values < 0.01.

3. Results
3.1. Spatio-Temporal Variations of Precipitation and Air Temperature

Climate change showed a warming and wetting trend in the SRYR at annual and
seasonal scales from 2001 to 2019. The average annual precipitation and air temperature
were 545.2 ± 64.7 mm and 1.15 ± 0.39 ◦C, respectively. Both annual precipitation (Figure 2a)
and air temperature (Figure 2b) had significantly increasing trends (p < 0.05) at rates of
6.37 mm yr−1 and 0.043 ◦C yr−1, respectively. The average precipitation and air tempera-

http://www.resdc.cn
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ture in spring were, respectively, 107.1 ± 19.7 mm and 1.55 ± 0.56 ◦C, with significantly
increasing trends at rates of 2.4 mm yr−1 (p < 0.01) (Figure 2c) and 0.034 ◦C yr−1 (p < 0.05)
(Figure 2d), respectively. The average precipitation and air temperature in autumn were
125.2 ± 24.9 mm and 1.24 ± 0.66 ◦C, respectively. The autumn temperature also showed
a significantly increasing trend (p < 0.05), with a rate of 0.065 ◦C yr−1 (Figure 2h), while
autumn precipitation showed an insignificantly increasing trend (p > 0.05), with a rate of
1.54 mm yr−1 (Figure 2g). The average precipitation and temperature in summer were
297.6 ± 46.1 mm and 10.84 ± 0.62 ◦C, respectively. There were insignificant and increasing
trends for both summer precipitation (+2.6 mm yr−1, p > 0.05) (Figure 2e) and temperature
(+0.041 ◦C yr−1, p > 0.05) (Figure 2f).
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Figure 2. Spatial distribution of the trends of annual and seasonal precipitation and air temperature
and their inter-annual variations in the SRYR from 2001 to 2019. (a) Annual precipitation (P),
(b) annual air temperature (Ta), (c) spring precipitation (Pspr), (d) spring air temperature (Ta spr),
(e) summer precipitation (Psum), (f) summer air temperature (Ta sum), (g) autumn precipitation
(Paut) and (h) autumn air temperature (Ta aut). The inter-annual variations of annual and seasonal
precipitation and air temperature in the SRYR from 2001 to 2019 are shown in the upper right corner.

3.2. Spatio-Temporal Variations of Vegetation Phenology
3.2.1. Spatial Variations

The spatial distribution of average vegetation phenology in the SRYR from 2001 to
2019 is shown in Figure 3. Four phenology factors (SOS, EOS, LOS and POS) exhibited
obvious gradients from west to east. The average SOS gradually advanced from west to
east (Figure 3a). Over the area, 82.5% of the pixels had a vegetation SOS in the range of
120–160 d from May to early June. The vegetation SOS was mostly concentrated in early
and mid-June in the colder and drier western SRYR, while it was mostly concentrated in
late April in the southeastern SRYR. By contrast, the average EOS was gradually delayed
from west to east (Figure 3b). A total of 84.0% of the pixels had a vegetation EOS in the
range of 270–300 d (October). The vegetation EOS was mostly less than 290 d in the western
SRYR, while it was concentrated in 290–300 d (mid-to-late October) in the southeastern
SRYR. The average LOS gradually extended from west to east (Figure 3c). The vegetation
LOS was mostly less than 140 d in the western SRYR, while it was more than 160 d in
the southeastern SRYR. The length of the vegetation growing season tended to extend
under suitable hydrothermal conditions due to better activity from photosynthetic enzymes
and soil microorganisms [58]. We observed that the longest LOS (>200 d) was in the
southeastern SRYR. Similar to SOS, the average POS showed a pattern of delay from west
to east (Figure 3d). The average POS mainly appeared in summer (June–August), and
86.5% of the pixels had a vegetation POS in the range of 200–220 d (late July to early
August). The earliest POS (<190 d) was distributed in the southeastern SRYR where marsh
was distributed.
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Figure 3. Spatial distribution of average vegetation: (a) SOS, (b) EOS, (c) LOS and (d) POS in the
SRYR from 2001 to 2019. The frequency distribution of vegetation phenology is shown in the lower
left corner.

3.2.2. Temporal Variations

The spatial distribution of the trends of vegetation phenology in the SRYR from 2001
to 2019 is shown in the Figure 4. The average SOS in the SRYR was 138.6 ± 3.6 d (Figure 4a)
and showed a significantly advanced trend (−0.40 d yr−1, p < 0.01). A total 25.2% of the
SRYR had a significantly advanced SOS (p < 0.05), which was mainly distributed in the
central and eastern SRYR. The average EOS in the region was 287.8 ± 2.6 d (Figure 4b) and
showed a slightly and insignificantly advanced trend (−0.08 d yr−1, p > 0.05). The average
LOS in the SRYR was 149.2 ± 4.5 d (Figure 4c) and showed an insignificantly extended
trend (+0.41 d yr−1, p > 0.05). A total 18.0% of the SRYR had a significantly extended LOS
(p < 0.05), which had a similar distribution pattern with that of the significantly advanced
SOS. The extended LOS resulted from the advanced SOS in the central and eastern SRYR,
which was consistent with the results of Zu et al. [59]. Shen et al. [60] found a significantly
advanced SOS, delayed EOS and extended LOS in the Qinghai-Tibet Plateau. However, we
did not find significant trends for EOS and LOS in the SRYR.
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Figure 4. Spatial distribution of the trends of vegetation: (a) SOS, (b) EOS, (c) LOS and (d) POS
in the SRYR from 2001 to 2019. The M-K test results of vegetation phenology are shown in the
upper right corner, with red representing an advanced/extended trend and blue representing a
delayed/shortened trend at a significance level of 0.05 (p < 0.05). The inter-annual variations of
vegetation phenology in the SRYR from 2001 to 2019 are shown in the lower-left corner.

The average POS was 209.0 ± 3.3 d (Figure 4d) and showed a significantly advanced
trend (−0.39 d yr−1, p < 0.05). A total 19.1% of the pixels had a significantly advanced POS,
while the proportion of regions in which the POS was significantly delayed (p < 0.05) was
less than 1.0%. The regions with larger advanced rates (slopePOS < 1.0 d yr−1) were mainly
distributed in the north, southeast and northwest of the SRYR.

3.3. Spatio-Temporal Variations of Seasonal GPP and Annual GPP
3.3.1. Spatial Variations

The spatial distribution of average annual GPP (GPPann) in the SRYR from 2001 to
2019 is shown in Figure 5a. The average GPPann in the SRYR was 324.0 ± 24.4 g·C·m−2 and
increased gradually from west to east. The region with a GPPann less than 200 g·C·m−2 was
primarily in the western SRYR, while that with more than 600.0 g·C·m−2 was primarily in
the eastern SRYR. The average GPPmax in the SRYR was 4.5 ± 0.5 g·C·m−2 and shared a
similar spatial pattern with the average GPPann (Figure 5b). The annual GPPmax mainly
occurred during the period from July to August, with the higher GPPmax (>7.0 g·C·m−2)
in the eastern SRYR. The average annual values of spring GPP (GPPspr) (Figure 5c), sum-
mer GPP (GPPsum) (Figure 5d) and autumn GPP (GPPaut) (Figure 5e) were, respectively,
28.1 ± 3.8 g·C·m−2, 235.9 ± 24.0 g·C·m−2 and 59.9 ± 5.8 g·C·m−2, and shared similar
spatial patterns with GPPann and GPPmax. As the average proportion of GPPsum to GPPann
reached 72.8%, GPPsum played an important role in regulating the spatio-temporal varia-
tions of GPPann. The average winter GPP (GPPwin) was close to 0 g·C·m−2 and could be
neglected (Figure 5f), and thus GPPwin was not further analyzed in this study.
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Figure 5. Spatial distribution of (a) average GPPann, (b) GPPmax, (c) GPPspr, (d) GPPsum, (e) GPPaut

and (f) GPPwin in the SRYR from 2001 to 2019. The frequency distribution of vegetation phenology is
shown in the lower left corner.

3.3.2. Temporal Variations

The spatial distribution of the trends of GPPann and GPPmax in the SRYR from 2001
to 2019 are shown in Figures 6a and 6b. The GPPann and GPPmax in the SRYR both
showed insignificantly increasing trends (p > 0.05), with rates of 1.76 g·C·m−2·yr−1 and
0.03 g·C·m−2·yr−1, respectively. The significantly increasing GPPann and GPPmax (p < 0.05)
accounted for 28.2% and 14.5% of the SRYR, respectively, and were mainly distributed in
the west and north. A total 13.5% of the pixels had a decreasing GPPann, which was mainly
distributed in the central SRYR.
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from 2001 to 2019. The trend with 0.05 significance level (p < 0.05) is shown in the upper right corner,
with red representing a decreasing trend and blue representing an increasing trend at a significance
level of 0.05 (p < 0.05), and the inter-annual variation is shown in the lower left corner.

GPPspr exhibited a significantly increasing trend (p < 0.01) with a rate of 0.36 g·C·m−2·yr−1

(Figure 6c). Most areas of the SRYR (96.2%) showed increasing GPPspr, and areas with a sig-
nificantly increasing trend reached 55.9% of the SRYR. GPPsum exhibited an insignificantly
increasing trend (+1.37 g·C·m−2·yr−1, p > 0.05), and areas with a significantly increasing
trend (p < 0.05) were 24.1% of the SRYR, which shared a similar distribution with the
significantly increasing GPPann (Figure 6e). GPPaut showed an insignificantly decreasing
trend (−0.32 g·C·m−2·yr−1, p > 0.05) and had spatial heterogeneities (Figure 6g). GPPaut
increased in the region where the EOS was delayed (Figure 4b) while it decreased in the
region where the EOS advanced.

The results also indicated that the proportions of GPPspr (Figure 6d) and GPPsum to
GPPann (Figure 6f) in the SRYR both experienced insignificantly increasing trends (p > 0.05),
while the proportion of GPPaut to GPPann (Figure 6h) showed an insignificantly decreasing
trend (p > 0.05). This indicated that the contribution of spring and summer GPP to annual
GPP was increasing and that of autumn GPP was decreasing.

3.4. Relationships between Seasonal GPP and Annual GPP

Table 2 illustrates six main change patterns of seasonal GPP and annual GPP in the
SRYR. The dominant pattern was type I (51.79%) followed by type II (32.32%), indicating
that most of the region (84.11%) had increasing GPPspr, GPPsum and GPPann. The main
change pattern with decreasing GPPann was type III (7.75%) followed by type IV (3.48%).
Though GPPspr showed increasing trends both for type III and IV, GPPann showed de-
creasing trends due to either decreasing GPPsum or GPPaut. It was found that the trend of
GPPann was strongly dependent on that of GPPsum, because 94.1% of the pixels in the SRYR
showed the same trends between GPPsum and GPPann. As the photosynthetic activities in
spring and autumn were constrained by low temperature in the SRYR, the annual GPP was
mainly determined by GPPsum.

Table 2. Six main patterns of the trends of annual and seasonal GPP in the SRYR from 2001 to 2019.
“+” indicates an increasing trend while “−” indicates a decreasing trend.

Pattern GPPann GPPspr GPPsum GPPaut Area Proportion

I + + + − 51.79%
II + + + + 32.32%
III − + − − 7.75%
IV − + + − 3.48%
V + − + − 1.31%
VI + − + + 0.93%

3.5. Relationships among Climate, Phenology and GPP
3.5.1. Responses of Phenology and GPPmax to Seasonal Precipitation and Air Temperature

Figure 7 illustrates the Pearson correlation coefficients between vegetation phenology
and GPPmax and their corresponding seasonal precipitation and air temperature in the
SRYR from 2001 to 2019. We found that seasonal temperature had a stronger influence on
SOS, EOS, POS and GPPmax than seasonal precipitation did. Each phenological factor had
a significant correlation with the air temperature in their corresponding season in the SRYR.
For example, spring phenology (SOS) was significantly and negatively correlated to average
spring air temperature (p < 0.05). The increasing spring air temperature could stimulate
photosynthetic activities and promote vegetation growth from the cold environment [13,61].
The spring phenology in the northeastern Tibetan Plateau was strongly advanced by
increasing temperature and slightly advanced by precipitation, which is consistent with
our results [62].
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Autumn phenology (EOS) was significantly and positively correlated with autumn
temperature (p < 0.05). The increasing autumn temperature enhanced the photosynthetic
activities and decelerated chlorophyll degradation during leaf senescence processes [63,64].
In addition, increasing autumn temperature delayed the occurrence time of first frost
and reduced the impacts of it on EOS [35,65]. However, EOS showed an insignificantly
advancing trend, although autumn temperature showed a significantly increasing trend
(p < 0.05) (Figure 2h), which might result from the stronger impacts of other factors, such as
spring and summer phenology, on soil water and nutrients in autumn.

Summer phenology (POS) had a significantly negative correlation with summer tem-
perature (p < 0.05). The results also showed that GPPmax had a significantly positive
correlation with summer temperature (p < 0.01), consistent with the study conducted
on the QTP [23], which found that GPPmax was dominated by temperature rather than
precipitation in most regions of the QTP.

3.5.2. Responses of Seasonal and Annual GPP to Phenology Changes

Figure 8a shows the Pearson correlation coefficients of seasonal and annual GPP
with phenology factors and GPPmax in the SRYR from 2001 to 2019. We found negative
correlations between spring-summer phenology indicators and the corresponding seasonal
GPP and a positive correlation between GPPmax and summer GPP, indicating that advanced
SOS and POS and increasing GPPmax all enhanced the corresponding seasonal GPP. GPPspr
was significantly and negatively correlated to SOS (p < 0.01), and a one-day advance of SOS
increased GPPspr by 0.75 g·C·m−2. GPPsum was significantly and negatively correlated to
POS (p < 0.05), and a one-day advance of POS increased GPPsum by 3.73 g·C·m−2. GPPsum
had a larger rate increase (> 2.0 g·C·m−2 yr−1) (Figure 6e) in the north and southeast where
POS had a larger rate advance (< −1.0 d yr−1) (Figure 4d). Autumn GPP had weaker
relationships with each phenology factor.

Due to the fact that average GPPsum accounted for more than 70.0% of average GPPann
in the SRYR, the advanced POS had a stronger impact on GPPann than SOS and EOS, and
hence POS was significantly and negatively correlated to GPPann (p < 0.05) (Figure 8a). A
one-day advance of POS increased GPPann by 4.23 g·C·m−2. GPPmax had significant and
positive correlations with GPPsum (p < 0.01) and GPPann (p < 0.01), indicating that a greater
GPPmax leads to a larger GPPsum and GPPann. Moreover, GPPann had a stronger correlation
(r = 0.765) with GPPmax than every phenology factor.

We also found a significant correlation between SOS and GPPspr/GPPann (p < 0.05)
(Figure 8b), indicating that an earlier SOS resulted in a larger contribution of spring GPP
to annual GPP. The correlations between POS and GPPsum/GPPann and between EOS
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and GPPaut/GPPann were not significant. Moreover, there was no significant correlation
between GPPmax and each phenology factor.
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4. Discussion
4.1. Impacts of Phenology and Photosynthetic Capacity on Seasonal GPP

Previous studies found most of the QPT experienced increasing trends in vegetation
productivity with the advancing of SOS, delaying of EOS and prolonging of LOS for the
alpine grasslands [22,66]. In this study, advanced SOS and EOS and prolonged LOS were
found in the SRYR from 2001 to 2019, which was consistent with the results from previous
studies [22,67,68] in the QPT. Moreover, POS also showed a significantly advanced trend,
which was seldom considered in the previous studies in the QTP. To clearly understand the
impacts of phenology and photosynthetic capacity on seasonal GPP, we divided the study
period into two periods: Period 1 (2001–2009) and Period 2 (2010–2019). Comparisons of
the average daily GPP processes over growing season and the average values of vegetation
phenology for Period 1 and Period 2 are shown in Figure 9a. Compared to Period 1, the
average SOS, POS and EOS during Period 2 advanced 2.81 d, 3.47 d and 0.85 d, respectively,
and the average LOS was extended 1.96 d. The average GPPspr, GPPsum, GPPann and
GPPmax increased, respectively, 15.52%, 7.71%, 5.59% and 11.85%, while the average GPPaut
decreased 6.29%. The earlier SOS and POS might result in a greater consumption of soil-
water and nutrients from plants in the spring and summer and limitations of soil-water
and nutrients in the autumn. The alpine ecosystems in the SRYR exhibited an extended
GPP curve in the growing season, an advanced peak in the growing season, and increased
maximum carbon uptake capacity.

A conceptual figure indicating the influences of the changes of vegetation phenology
and GPPmax on annual accumulative GPP is shown in Figure 9b. Changes in hydrothermal
factors induce seasonal variation in the physiological activities of the vegetation, and
hence contribute to the seasonal variability of vegetation productivity [69]. In this study,
it was found that an advanced SOS prolonged the length of photosynthetic activity in
spring in the SRYR. Moreover, an earlier spring phenology might result in greater leaf area,
enhancing light interception and photosynthesis and thereby increased spring GPP [70].
Previous studies reported that an earlier spring phenology resulted in a longer growing
season and strengthened productivity [21,23]. However, an earlier spring phenology could
also result in soil moisture deficits by increasing water consumption [46,71], leading to
suppressed vegetation activities in summer and autumn due to aggravated water stress for
the water-limited grassland ecosystems [66,71].
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Period 1 (2001–2009) and during Period 2 (2010–2019) (a). Conceptual figure indicating the influences
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In this study, we found an earlier POS and higher GPPmax in the SRYR, both of which
had positive effects on the GPPsum and GPPann. Previous studies found that POS is an
important vegetation phenology for the carbon cycle of terrestrial ecosystems [27], and an
advance of POS could result in productivity changes [72]. Researchers found an earlier POS
shifted towards spring in the Northern Hemisphere, caused by climate warming, resulted
in increased vegetation productivity [44,73]. We found the spatial patterns of the regions
with significantly increased GPPmax (Figure 6b) were similar to those with significantly
advanced POS (Figure 4d) in the SRYR. Moreover, both POS and GPPmax had significant
correlations to summer GPP (Figure 8a). Therefore, it is suggested that an earlier POS
and higher GPPmax increased GPPsum by promoting vegetation photosynthesis [27,72],
further resulting in an increased GPPann. As shown in Figure 9a, the increase of GPPmax
(GPPmax2 > GPPmax1) had important contributions to the increase of summer GPP and
reshaped the cumulative curve of annual GPP with vegetation phenology.

4.2. POS and the Timing of GPPmax

It is worth noting that the POS in this study corresponded to the maximal vegetation
index, which represents the timing of the seasonal peak canopy structure, and did not match
with the timing of GPPmax. Ge et al. [74] found that the seasonal peak for photosynthesis
was earlier than the peak for canopy structure in more than 87.5% of the ecosystems in the
Northern Hemisphere (>30◦N), and this mismatch increased due to increasing atmospheric
CO2. The timing of GPPmax is important to characterize seasonal carbon uptake [75].
GPPmax is not only affected by canopy structure but also affected by light use efficiency,
which is regulated by environmental conditions, and the potential maximum GPPmax is
achieved when the densest canopy matches the ideal resource availability [68]. We found
the timings of GPPmax were about 2.2 d and 6.7 d earlier than the POS for Period 1 and
Period 2 in the SRYR, respectively.

4.3. Uncertainty

In this study, we used the vegetation phenology and productivity datasets from
MODIS products to investigate the dynamics of vegetation phenology and GPP. It should
be noted that uncertainty existed in remote sensing products due to the flaws of the
model structures and input parameters. For example, MCD12Q2 was derived by using the
threshold method based on the vegetation index data series, and the given threshold was
set to extract the vegetation phenology. However, the selection of the threshold is often
arbitrarily determined and could induce uncertainty [22,76,77]. In addition, the sparse
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temporal resolutions (e.g., 8 days for MODIS EVI) of satellite data might lead to limitations
in capturing the accurate dynamics of vegetation phenology [78]. In the estimation of
GPP, uncertainties were from climate input and the determination of maximum light use
efficiency (LUE) for vegetation, which was influenced by land cover types, phenophases
and environmental stresses [79,80]. Due to the lack of ground observation, the performance
of these remote sensing products on vegetation phenology and gross primary productivity
was not evaluated in this study.

This study analyzed the correlation between seasonal GPP and phenological factors,
but the separate contributions of the changes of phenology factors and GPPmax to seasonal
and annual GPP were not quantified. In recent years, global scale solar-induced chlorophyll
fluorescence (SIF) provides a better surrogate for studies of large-scale vegetation phenology
and GPP [81,82]. The study of phenology monitoring by SIF remote sensing may lead to
further discoveries on the influence of phenology on vegetation photosynthesis and carbon
sequestration in the source region of the Yellow River. Moreover, vegetation phenology
was affected not only by precipitation and air temperature, but also by radiation, grazing,
snowmelt and permafrost degradation and phenology and productivity in the preceding
year [29,83–86]. We only considered the impacts of precipitation and air temperature on
vegetation phenology in this paper. Besides vegetation phenology and GPPmax, other
environmental factors such as atmospheric CO2 concentrations, grazing, vapor pressure
deficits and radiation also affected carbon assimilation. In further studies quantifying the
impacts of vegetation phenology on productivity, these uncertainties should be taken into
accounted, and the underlying mechanisms need to be further explored.

5. Conclusions

This study examined the spatio-temporal variations of vegetation phenology and
GPP at seasonal and annual scales in the SRYR using 19-year remote sensing data and
explored the impacts of vegetation phenology and photosynthetic carbon uptake capacity
on seasonal and annual GPP. We found that not only spring phenology (SOS) but also
summer phenology (POS) significantly advanced in the SRYR. The start (SOS) and peak
(POS) of the growing season from 2001 to 2019 experienced significantly advanced trends
(p < 0.05) at rates of 0.41 d yr−1 and 0.39 d yr−1, respectively. The increased spring and
summer air temperatures were the dominant climate factors for the advanced SOS and
POS, respectively. Spring GPP showed a significantly increasing trend (p < 0.01) at a rate of
0.50 g·C·m−2·yr−1, and the earlier SOS had obvious positive effects on GPPspr, with a one-
day advance in SOS increasing GPPspr by 0.75 g·C·m−2. Summer GPP was significantly and
negatively correlated to POS (p < 0.05), and a one-day advance in POS increased GPPsum by
3.73 g·C·m−2. Earlier start and peak of growing season had significantly positive effects on
spring GPP and summer GPP, respectively. Moreover, maximum carbon uptake capacity
(GPPmax) had significant and positive correlations with GPPsum and GPPann (p < 0.01).
It was found that earlier an spring-summer phenology and higher photosynthetic peak
altered the seasonal patterns of vegetation productivity in the SRYR. Most of the existing
studies focused on the effects of spring and autumn phenology on annual productivity in
the QPT. The main objective of this study was to explore the effects of vegetation phenology,
including peak greenness timing (POS) and photosynthetic capacity on seasonal GPP. This
study suggested that not only spring and autumn phenology but also summer phenology
and maximum carbon uptake capacity should be regarded as crucial indicators regulat-
ing the carbon uptake process in alpine ecosystems. This research provides important
information about the response characteristics of ecosystem productivity to phenology
changes for alpine ecosystems under global climate warming. Further studies are still
needed to assess and reduce the uncertainty associated with the remote sensing phenology
and productivity products.
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