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Abstract: Autumn phenology is a crucial indicator for identifying the alpine grassland growing
season’s end date on the Qinghai-Tibet Plateau (QTP), which intensely controls biogeochemical cycles
in this ecosystem. Although autumn phenology is thought to be mainly influenced by the preseason
temperature, precipitation, and insolation in alpine grasslands, the relative contributions of these
climatic factors on the QTP remain uncertain. To quantify the impacts of climatic factors on autumn
phenology, we built stepwise linear regression models for 91 meteorological stations on the QTP
using in situ herb brown-off dates, remotely sensed autumn phenological metrics, and a multi-factor
climate dataset during an optimum length period. The results show that autumn precipitation has
the most extensive influence on interannual variation in alpine grassland autumn phenology. On
average, a 10 mm increase in autumn precipitation during the optimum length period may lead to a
delay of 0.2 to 4 days in the middle senescence date (P < 0.05) across the alpine grasslands. The daily
minimum air temperature is the second most important controlling factor, namely, a 1 ◦C increase in
the mean autumn minimum temperature during the optimum length period may induce a delay
of 1.6 to 9.3 days in the middle senescence date (P < 0.05) across the alpine grasslands. Sunshine
duration is the third extensive controlling factor. However, its influence is spatially limited. Moreover,
the relative humidity and wind speed also have strong influences at a few stations. Further analysis
indicates that the autumn phenology at stations with less autumn precipitation is more sensitive to
precipitation variation than at stations with more autumn precipitation. This implies that autumn
drought in arid regions would intensely accelerate the leaf senescence of alpine grasslands. This study
suggests that precipitation should be considered for improving process-based autumn phenology
models in QTP alpine grasslands.

Keywords: land surface phenology; MODIS data; middle senescence date; impacts of climatic factors;
precipitation sensitivity; alpine grassland ecosystem
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1. Introduction

As the “third pole” of the earth, the Qinghai-Tibet Plateau (QTP) has attracted much attention
from the scientific community because of its unique alpine environment. During the past half century,
the QTP has undergone significant warming at a rate twice the global average [1]. Alpine grassland is
the dominant QTP vegetation type, occupying more than 60% of the total area. Thus, rapid warming
has resulted in a remarkable change of the vegetation phenology in the alpine grassland, such as the
advancement of spring phenology [2–6], the delay of autumn phenology [4,7,8], and growing season
extension [9]. These changes will inevitably have a significant impact on the structure and function
of the alpine grassland ecosystem [10]. As an important time marker, autumn phenology directly
indicates the end date of the growing season and determines (together with spring phenology) the
growing season length, which in turn may have significant impacts on the biomass accumulation,
atmospheric exchange of trace gases, and biogeochemical cycles of the terrestrial ecosystem [11–13].
Revealing the development process and its climate controls of alpine grassland autumn phenology can
therefore not only contribute to an improvement of the phenology modules in ecosystem models but
also enhance the ability to predict alpine grassland growing seasons, biomass, and carbon cycles under
future climate change scenarios [14].

The relationships between plant autumn phenology and climatic factors are more complicated
than with the spring phenology [15] and its mechanisms are still not clear [14,16,17]. Based on partial
correlation or regression analysis, temperature, precipitation, and insolation are considered to be
important climatic factors affecting the autumn phenology of herbaceous plants on the QTP [7,8,18,19].
However, the relative importance of each factor is not known. Among them, temperature is commonly
thought to be the most important driver; the higher the average preseason temperature, the later
the autumn phenology [7,8,19–21]. Precipitation and sunshine duration are secondary influence
factors, but the results from different studies are inconsistent. There are two opposite conclusions:
Higher preseason precipitation could lead to either later [7,19,22] or earlier autumn phenology [8,21];
longer sunshine duration could also result in earlier [7] or later [19] autumn phenology. Furthermore,
although the statistical relationship between the air temperature and autumn phenology of alpine
grassland is relatively clear, different temperature indexes have different effects on autumn phenology.
Specifically, daytime and nighttime temperatures have different impacts on alpine grassland autumn
phenology [11,23]. Increased nighttime temperatures generally postpone autumn grassland phenology,
while increased daytime temperatures typically advance it [23]. However, the relative contributions of
daytime and nighttime temperatures to autumn phenology are not well understood.

In addition to temperature, precipitation, and sunshine, strong winds could also affect autumn
phenological variations [12], because they could enhance ground surface evaporation and air humidity,
and reduce surface temperature. However, the effects of wind speed and relative humidity on
autumn phenology are poorly understood [12]. In this study, we explored the effects of daily
minimum/maximum/mean air temperature, daily precipitation, daily sunshine duration, daily mean
relative humidity, daily mean/maximum wind speed, and their interactions on QTP alpine grassland
autumn phenology. Then, we identified their relative contributions based on the sphere of influence of
each climatic factor to alpine grassland autumn phenology.

2. Materials and Methods

The processing sequence for analyzing autumn phenology is shown in Figure 1. Details are
illustrated in the following sections.
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Figure 1. Flow diagram of data processing and analyses. MSD denotes the middle senescence date.
SLR denotes the stepwise linear regression.

2.1. Study Area

The QTP is mainly located in China, including Qinghai Province, the Tibet Autonomous Region,
western Sichuan Province, and parts of Yunnan Province, Xinjiang Uygur Autonomous Region, and
Gansu Province. The eastern and southeastern parts of the QTP are affected mainly by the south Asia
monsoon in summer and prevailing westerlies in winter. From southeast to northwest, the annual
mean air temperature is between 15.5 and −5 ◦C, while the annual accumulated precipitation has been
between 1764 and 16 mm over the past three decades [5]. Unique vegetation types have evolved on the
QTP in response to its special alpine environment (Figure 2), mainly containing steppe, meadow, and
alpine vegetation. Specifically, steppe is mainly composed of the carex high-cold steppe, while meadow
is mainly made up of the kobresia high-cold meadow. Alpine vegetation contains different vegetation
types, such as alpine tundra, sparse vegetation, and alpine cushion vegetation. Other vegetation types
with small distribution ranges include broad-leaved and coniferous forests, shrub, and cultivated
vegetation [24].

2.2. Phenological and Metrological Data

Field observation data for the brown-off date were obtained from the China Meteorological
Administration, including 19 herb species at 6 phenological stations over 2000 to 2012. Each phenological
station is in a natural pasture with a fenced area of 10,000 m2. Phenological observations were carried
out every 2 days for 10 individual herbaceous plants of each species in a selected 1 m × 1 m grassland
quadrat by professionals according to uniform observation criteria [25]. The brown-off date was
determined as the day when the leaves turn brown in two thirds of individual herbaceous plants.
The observation objects include local dominant species, such as poaceae, leguminosae, and cyperaceae,
and accompanying species, such as compositae, chenopodiaceae, liliaceous, rosaceae, umbrella, and labiatae
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(Table S1). The mean brown-off dates from multi-species at each station were used to validate the
reliability of the remotely sensed autumn phenology.
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Figure 2. Spatial distribution of major vegetation types and meteorological and phenological stations on
the Qinghai-Tibet Plateau (QTP). The red dashed line denotes boundaries of climatic subdivisions [26].
A, B, C, and D represent humid, sub-humid, semi-arid, and arid regions, respectively.

Meteorological data were derived from the China Meteorological Data Sharing Service System
in the China Meteorological Administration (http://www.nmic.cn/). The data include the daily
minimum/maximum/mean air temperature, daily precipitation, daily sunshine duration, daily mean
relative humidity, and daily mean/maximum wind speed from 2000 to 2015 at 91 stations in alpine
grasslands (Figure 2). Meteorological stations are located at elevations ranging from 1583.3 to 4900 m.

2.3. Land Surface Autumn Phenology Datasets

Land surface autumn phenology from 2000 to 2015 was extracted based on the Moderate
Resolution Imaging Spectroradiometer (MODIS) Nadir Bidirectional Reflectance Distribution Function
(BRDF)-Adjusted Reflectance (NBAR) dataset (MCD43A4 Version 6) [27] and Albedo Quality Product
(MCD43A2) [28]. The spatial resolution is 500 m and the temporal resolution is one day. Both MCD43A4
and MCD43A2 products were downloaded from the National Aeronautics and Space Administration
(NASA) website (http://modis.gsfc.nasa.gov/). The daily normalized difference vegetation index (NDVI)
and 2-band enhanced vegetation index (EVI2) were calculated from MCD43A4 using Equations (1)
and (2):

NDVI =
(NIR−R)
(NIR + R)

, (1)

EVI2 = 2.5
NIR−R

NIR + 2.4R + 1
, (2)

where NIR and R are the NBAR of the near infrared and red band, respectively.
NDVI has generally been used to estimate vegetation phenology in previous research. However,

NDVI is easily saturated in higher vegetation cover, while EVI2 has recently shown a better
performance [29,30]. Thus, we used both NDVI and EVI2 to extract autumn phenology and compared
the results. To do this, NDVI and EVI2 time series were fitted using the vegetation growing curve
described in a logistic model, and the curvature change rate was calculated to identify the phenological
transition dates [31,32]. Specifically, a hybrid piecewise logistic model (HPLM) algorithm was

http://www.nmic.cn/
http://modis.gsfc.nasa.gov/
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used to describe the temporal NDVI/EVI2 trajectory. Method details can be found in the existing
literature [33,34]. Based on the HPLM and curvature change rates, a set of phenological metrics
were identified. During a senescence period, there are three extreme points (two minimum and one
maximum values) in the curvature change rate, where the two minimum extreme points correspond
to senescence onset and dormancy onset, separately, while the maximum point corresponds to the
date at the mid-senescent phase that is close to 50% of the total seasonal amplitude [34]. The autumn
phenology occurrence date in our research is defined as the middle senescence date (MSD) (Figure 3),
which is identified using the maximum extreme point in the curvature change rate of HPLM [34]. It
should be noted that only the first growing cycle of grassland is addressed in this study if there are two
or more growing cycles. In fact, there is only one growing season for most of the alpine grassland on
the QTP, due to its special alpine climate.
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Figure 3. Moderate Resolution Imaging Spectroradiometer (MODIS) normalized difference vegetation
index (NDVI) and 2-band enhanced vegetation index (EVI2) curve fitting and middle senescence date
extraction. (a) A sample pixel in the steppe area and (b) a sample pixel in the meadow area. The black
dot denotes the calculated middle senescence point of alpine grassland on the fitting curves and the
corresponding horizontal axis coordinate is the middle senescence date (MSD).

2.4. Validation of the Remotely Sensed Middle Senescence Date

To select the best spatial scale of the remotely sensed MSD reflecting the ground-observed autumn
phenology, we evaluated MSD at different spatial scales using multi-species mean brown-off dates
observed at the ground stations. The evaluation indices the are mean absolute error (MAE, Equation (3)),
root mean square error (RMSE, Equation (4)), and Pearson correlation coefficient (r, Equation (5)):

MAE =
1
n

n∑
i=1

|xi − yi|, (3)

RMSE =

√∑n
i=1(xi − yi)

2

n
, (4)

r =
∑n

i=1(xi − x)(yi − y)√∑n
i=1(xi − x)2

√∑n
i=1(yi − y)2

, (5)

where i is the sequence number of the year, n is the total number of years, xi is the mean brown-off date
of multi species from ground observations at a station in the i-th year, yi is the remotely sensed middle
senescence date at the corresponding pixel or a pixel combination in the i-th year, x is the multi-year
mean brown-off date of multi-species from ground observations at the station, and y is the multi-year
mean remotely sensed middle senescence date at the pixel or the pixel combination.
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MAE and RMSE are generally used to measure the difference between ground-observed
phenological dates and remotely sensed phenological dates [2], while the correlation coefficient
reflects the variation consistency between ground-observed phenological dates and remotely sensed
phenological dates. This comparison was performed using data from 2000 to 2012 because
field-measured herb brown-off dates were not available from 2013 to 2015. Since the time series
is relatively short, the 90% and 95% confidence levels (P < 0.1 and P < 0.05) were selected to test
correlation significance (based on two-tailed tests).

In the evaluation, we calculated and compared MAE and RMSE between the ground-observed
mean brown-off date at each station and median remotely sensed MSD of different window sizes. The
window size with the ground station in the centroid varies from 1 × 1 to 21 × 21 pixels. Then, we
computed correlation coefficients between the ground-observed mean brown-off date at each station
and the median remotely sensed MSD of different window sizes from 2000 to 2012 and selected the
window size with the largest correlation coefficient as being optimal for further analyses.

2.5. Calculating Climatic Variables During the Optimum Periods

In order to determine the most important climatic variables influencing the remotely sensed
MSD at a pixel window/meteorological station, the optimum period is defined as the time range
that has the highest correlation between remotely sensed MSD time series and time series of each
climatic factor prior to the earliest MSD at the pixel window/meteorological station. Specifically, the
computation process was implemented for each climatic factor through the following steps. First, we
defined the duration between the earliest and latest date (days of year, DOY) of a specific remotely
sensed MSD time series from 2000 to 2015 at a given pixel window as the basic length period (bLP).
Then, we calculated the average (temperature, humidity, and wind speed)/accumulation precipitation
and sunshine duration) time series of a climatic factor at the corresponding meteorological station
during bLP + mLP. Here, mLP was a moving length period prior to the earliest date of the remotely
sensed MSD, which moved with a step length of 1 day. The maximum mLP was set to 90 days
because climatic variations prior to this period were usually assumed to have limited effects on the
occurrence of a phenological event. Further, we correlated the remotely sensed MSD time series with
the average/accumulation time series of the climatic factor during different LPs (LP = bLP + mLP)
at the pixel window/meteorological station from 2000 to 2015, and obtained the optimum LP with
the largest Pearson correlation coefficient (absolute value) [35]. The average optimum period of 91
stations/pixel windows for each climate variable spans from 52 to 66 days for NDVI-retrieved MSD and
from 52 to 65 for EVI2-retrieved MSD. Specifically, the average optimum periods of daily precipitation,
daily sunshine duration, and daily minimum air temperature for NDVI retrieved MSD are 66, 66, and
62 days, respectively, while the average optimum periods of other climatic variables range from 52
to 58 days. For EVI2-retrieved MSD, the average optimum periods of daily sunshine duration, daily
precipitation, and daily minimum air temperature are 65, 64, and 61 days, respectively, and the average
optimum periods of others climatic variables range from 52 to 60 days. The climatic variable within
the optimum LP was used as the independent variable of the stepwise regression model at the pixel
window/meteorological station.

2.6. Stepwise Linear Regression Model

The stepwise regression is a type of multiple linear regression that can select the best-fitted
combination of independent variables for dependent variable prediction [36], and thus reduce
multicollinearity among the climatic factors [37]. The linear regression equation in this study is defined
as follows:

MSD = a0 +
N∑

i=1

ai ∗Ci, (6)
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where MSD is the middle senescence date, a0 is the intercept of the equation, ai is the regression
coefficient of the i-th climate factor, Ci is the i-th climate factor, and N is the number of climatic
factors. The parameters a0 and ai are estimated using the least square method. Finally, we created
the stepwise linear regression model between the optimum period climatic variables and MSD, and
at the same time selected the best-fitted combination of independent variables (according to t test,
P < 0.05). The regression coefficients denote the sensitivity of the MSD to the interannual variations of
climatic variables. All statistical analyses, such as the correlation analysis and stepwise regression,
were realized using the toolbox function in MATLAB R2016a.

3. Results

3.1. Difference and Correlation between the Ground-observed Brown-off Date and Remotely Sensed Middle
Senescence Date

We calculated the MAE, RMSE, and correlation coefficients between the mean ground-observed
brown-off date (mean from multiple species) and NDVI/EVI2-derived MSD date at six phenological
stations/pixel windows, respectively (Figure S1). For MSD derived from NDVI (Figure S1a,b), MAEs
among different stations/pixel windows vary from 2.85 to 22.46 days, with a mean value of 11.62 days,
while RMSEs change from 3.34 to 23.42 days, with a mean value of 12.74 days. For MSD retrieved
from EVI2 (Figure S1d,e), MAEs among different stations/pixel windows range from 2.62 to 12.69 days,
with a mean value of 6.79 days, while RMSEs are between 3.41 to 14.75 days, with a mean value of
8.14 days. This shows that EVI2-derived MSD is closer to the ground-observed mean brown-off date
than NDVI-retrieved MSD. In addition, with the window size increase of remotely sensed MSD, the
MAEs and RMSEs at five stations tend to decrease. Pearson correlation coefficients for MSD based on
NDVI at the six stations are positive (Figure S1c) and tend to gradually increase and finally become
stable as the window size increases. Although the time series of the brown-off dates of herbaceous
plants are only 13 years long, similar changing patterns in MAE and RMSE as the spatial scales increase
and all positive correlations between MSD and the herb brown-off date indicate that the results are
reasonable. We note that the correlation coefficients of all stations pass the significance test (P < 0.1,
n = 13) when the window size reaches 5.5 km, and continues to increase until the 9.5 km window
size at three stations. Similar changing patterns in the correlation coefficients under different window
sizes were also detected for MSD based on EVI2 (Figure S1f). However, the number of stations with
significant correlation coefficients at the 9.5 km window size is 5 for MSD based on EVI2, which
is smaller than MSD based on NDVI, indicating NDVI is more robust in capturing the interannual
variation of the alpine grassland autumn phenology. These results indicate that grass brown-off dates
are relatively homogeneous around a ground phenological station and could be better captured by the
remotely sensed MSD of the 9.5 km window size (with the phenological station in the centroid). The
window size of 9.5 km is close to the maximum representative area of a meteorological station (usually
within 10 km2). Accordingly, the median remotely sensed MSD of the 9.5 km window size around
each meteorological station was used to represent the alpine grassland autumn phenology to create
stepwise linear regression models based on climatic factors. Even though the six validation sites are all
located in northeastern parts of the QTP, the vegetation types at the validation sites are representative
of the alpine grassland. Thus, the validation results do reflect the overall situation across the study
areas to some extent.

3.2. Selected Climatic Variables in Stepwise Linear Regression Models

A stepwise linear regression model between NDVI/EVI2-retrieved MSD and climatic variables
during the optimum period was successfully built at 85 (93% of total for NDVI-retrieved MSD) and
82 (90% of total for EVI2-retrieved MSD) stations. Precipitation during the optimum period is the
primary variable selected for both NDVI- (43 stations) and EVI2-retrieved (34 stations) MSD models
(Figure 4). The response of MSD to precipitation is mainly positive, and ranges from 0.02 to 0.40 day/mm
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(Figure S2a), suggesting that more preseason precipitation delays the alpine grassland senescence date.
The second predominant variable selected for NDVI- (28 stations) and EVI2-retrieved (32 stations) MSD
models is the minimum temperature during the optimum period (Figure 4), in which the response
of MSD to the minimum temperature is also mostly positive and between 1.55 and 9.31 day/◦C
(Figure S2b), suggesting a higher preseason minimum temperature delays the MSD. The sunshine
duration was selected at 18 stations for NDVI-retrieved MSD and 16 stations for EVI2-retrieved MSD
(Figure 4), and the regression coefficients are mainly negative (−0.43 to −0.04 day/h, Figure S2c).
Although other climatic variables were selected at a few stations, their influences on MSD could not be
ignored. The effects of the mean relative humidity (Figure S2d) and maximum/mean temperature are
generally positive, while the effect of the mean/maximum wind speed is mainly negative (Figure 4).
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Figure 4. Number of stations and regression coefficient sign symbols for climatic variables selected
by stepwise linear regression models for (a) NDVI- and (b) EVI2-retrieved MSD. Tmin, Tmax, Tmean,
PRE, SSD, Hmean, Wmean, and Wmax denote the daily minimum, maximum, mean air temperature,
accumulated precipitation, sunshine duration, mean relative humidity, mean, and maximum wind
speed during the optimum length periods, respectively. The black bar is the total number of stations
for the selected climate variables. The red and blue bar are the number of stations with positive and
negative regression coefficients for the selected climate variables, respectively.

3.3. Spatial Pattern of the Selected Climatic Variables

Figure 5 and Figure S3 show the spatial patterns of the stations with selected climatic variables
using stepwise linear regression models for NDVI- and EVI2-retrieved MSD, respectively. The most
extensively selected climate variable is precipitation and the corresponding stations are distributed
mainly in the northeast and southwest parts of the QTP (Figure 5d and Figure S3d). The second
extensively selected climate variable is the daily minimum temperature and the corresponding stations
are in the eastern and southern parts of the QTP (Figure 5a and Figure S3a). The third extensively
selected climate variable is the daily sunshine duration and the corresponding stations spread over the
middle and southern sections of the QTP (Figure 5e and Figure S3e). The remaining climatic variables
were selected at a few stations and their spatial patterns are generally discrete. It should be noted
that more than one climatic variable was selected by the established models at 58% of the stations for
NDVI-retrieved MSD and 51% of the stations for EVI2-retrieved MSD, respectively (Figure S4).
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Figure 5. Spatial patterns of stations with different climatic variables (a) Tmin (b) Tmax (c) Tmean

(d) PRE (e) SSD (f) Hmean (g) Wmean (h) Wmax selected by the stepwise linear regression models for
NDVI-retrieved MSD on the QTP. Tmin, Tmax, Tmean, PRE, SSD, Hmean, Wmean, and Wmax denote the
same meanings as in Figure 4. Circles in different colors represent meteorological stations with different
climatic variables. “Out” means that the climate variable was not selected by the stepwise linear
regression model, while “in” means that the climate variable was selected.
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4. Discussion

By constructing stepwise linear regression models between MSD and climatic variables at satellite
pixel windows around each of the 91 meteorological stations, we revealed the main controlling
climatic factors of QTP alpine grassland autumn phenology. The result shows that precipitation,
daily minimum temperature, and sunshine duration have the most extensive impacts on alpine
grassland senescence. This is basically consistent with the results of previous studies, which found
that preseason temperature, precipitation, and insolation are key climatic factors affecting temperate
vegetation autumn phenology [7,8,19,20,38,39]. However, our research highlights that preseason
precipitation is the most extensively controlling factor for interannual variations of alpine grassland
senescence. This is different from the predominant temperature control on temperate woody plant
autumn phenology [16,40,41]. It should be pointed out that there are significant differences between
woody and herbaceous plants in responses to climatic factors. As herbs usually have shallower roots
than woody plants, the precipitation response of autumn phenology in herbs should be more sensitive
than woody plants, especially in arid and semiarid areas where precipitation is the main soil water
source. The QTP climate is extremely cold and dry, and hydrothermal conditions are very harsh in
most alpine grassland areas. However, the interannual variation of temperature is relatively stable,
while precipitation varies greatly from year to year. Therefore, alpine grassland autumn phenology is
likely more sensitive to precipitation variability than temperature fluctuation. That is, slight changes
in precipitation in autumn could induce significant shifts in alpine grassland senescence dates. In
this way, precipitation becomes the most important influencing factor of autumn phenology in alpine
grassland. Regarding the role of preseason temperature, although some studies reported opposite
effects of daily maximum and minimum temperatures on autumn phenology [11,23], our research
confirmed that daily minimum temperature has stronger and more extensive influences on alpine
grassland senescence rather than daily maximum temperature and daily mean temperature (Figure 4),
which supports the process-based modelling of ground-observed herbaceous autumn phenology in
the research region [26].

Stepwise linear regression models demonstrated that interannual variation of selected climatic
factors affects the interannual variation of MSD at each station. The nature of the climatic factors’
effects can be characterized by regression coefficients. The response of MSD to precipitation during the
optimum period is predominantly positive, which is consistent with previous studies [7,11,18,19,42].
Namely, more precipitation in autumn could improve the soil moisture and relieve the drought stress
of alpine grassland [17], resulting in a delayed senescence. Similarly, the response of MSD to daily
minimum temperature is also positive, because the minimum temperature may trigger leaf senescence
by decreasing the light-saturated photosynthetic rate [43,44]. Thus, under moist and warm conditions
in autumn, alpine grassland phenology would be delayed in most areas [9]. Different from the above
two factors, the response of MSD to sunshine duration is mostly negative, namely, the longer the
sunshine duration, the earlier the senescence. This is consistent with previous studies based on AVHRR
GIMMS LAI data [7], but the mechanism is unclear. The response of MSD to the daily mean relative
humidity is mostly positive, namely, higher air moisture may benefit the growth of alpine grassland
and postpone senescence dates. Despite previous studies reporting a delaying effect of nighttime
warming and an advancing effect of daytime warming on autumn QTP phenology [11,23], our study
did not find a widespread negative response of MSD to the daily maximum temperature. As responses
of MSD to the daily mean/maximum wind speed are uncertain, we could not identify the dominant
response direction (positive or negative). Thus, wind speed might be just an ancillary climate factor
influencing the senescence date of alpine grassland. Its functional mechanism might be more complex
and needs further study. In addition, at 58% of the stations for NDVI-derived MSD and 51% of the
stations for EVI2-derived MSD, multiple variables were selected by established stepwise regression
models (Figure S4). This indicates that the combined effects of multiple climatic factors on autumn
phenology are more significant than that of a single climatic factor at most stations. However, there is
no discernible spatial aggregation of these stations and their spatial patterns are most likely random.



Remote Sens. 2020, 12, 431 11 of 14

Further studies should be carried out to reveal the mechanism of interaction effects of multiple climatic
variables on QTP alpine grassland autumn phenology.

Although precipitation has the most extensive influence on interannual variation in alpine
grassland autumn phenology, the spatial pattern of precipitation effects is not continuous (Figure 5d
and Figure S3d) and the sensitivity of the autumn phenology response to preseason precipitation is
also diverse (Figure S2a). In order to identify the spatial attribution of the sensitivity, we arranged
regression coefficients in ascending order of the local autumn precipitation. The results show that
the sensitivity of MSD to preseason precipitation is higher at stations with less autumn precipitation
and lower at stations with more autumn precipitation (Figure 6). This implies that the control of
preseason precipitation on autumn phenology is stronger at arid than at humid locations. Therefore, to
more precisely predict QTP alpine grassland senescence dates under future climate change scenarios,
precipitation effects should be added into existing process-based autumn phenology models coupling
photoperiod and temperature [26].
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Figure 6. Regression analyses between annual mean precipitation from August to October and
sensitivity of MSD to preseason precipitation at the 91 meteorological stations. (a) NDVI-derived MSD,
(b) EVI2-derived MSD. The red dashed line is the Theil–Sen linear trend tested using the Mann–Kendall
significance test.

Finally, it should be noted that the evaluation of satellite-derived phenology is always challenging
because field-based observations are generally insufficient. In this study, we obtained the herb
brown-off date for 13 years at 6 stations, which allowed us to properly evaluate the MSD derived from
NDVI and EVI2 time series. Certainly, longer time series at more field stations could improve our
understanding of MSD detections. Moreover, the six field stations (sites) are located at the northeastern
QTP, which provided sufficient evaluation of MSD in this region. Of course, the MSD would be better
evaluated if the field stations could be available across entire research areas.

5. Conclusions

Based on MODIS NDVI- and EVI2-retrieved land surface phenology data and stepwise linear
regression models, we revealed the main climate drivers of QTP alpine grassland autumn phenology.
Among the 91 stations, unitary and multiple regression models were successfully established at 93%
of the stations for NDVI-retrieved MSD and 90% of the stations for EVI2-retrieved MSD. Preseason
precipitation in autumn is the most extensive controlling factor affecting the interannual variation
of the middle senescence date. On average, a 10 mm increase in autumn precipitation during the
optimum length period may lead to a delay of 0.2 to 4 days in the middle senescence date (P < 0.05)
across the alpine grasslands. The daily minimum air temperature is the second extensive controlling
factor, namely, a 1 ◦C increase in the mean autumn minimum temperature during the optimum length
period may induce a delay of 1.6 to 9.3 days in the middle senescence date (P < 0.05) across the alpine
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grasslands. Sunshine duration is the third extensive controlling factor and has a negative impact
on the middle senescence date (−0.46 to −0.03 day/h). Moreover, relative humidity has a positive
impact on the middle senescence date at a few stations, but wind speed effects are more uncertain
than other factors. Further analysis indicates that the middle senescence date at stations with less
autumn precipitation is more sensitive to precipitation variation than at stations with more autumn
precipitation. This implies that autumn drought in arid regions would intensely accelerate alpine
grassland leaf senescence. This study suggests that precipitation effects should be considered for
improving process-based autumn phenology models in QTP alpine grasslands.

Supplementary Materials: The following are available online at http://www.mdpi.com/2072-4292/12/3/431/s1,
Table S1: Geographical coordinates and elevation of phenological stations and observed plant species at each
station; Figure S1: MAE (a)/(d), RMSE (b)/(e) and correlation coefficient (c)/(f) between multi-species mean
brown-off date and NDVI/EVI2 retrieved median middle senescence date within different window size from 2000
to 2012; Figure S2: Frequency of stations with positive or negative regression coefficients between (a) precipitation
(PRE)/(b) daily minimum temperature (Tmin)/(c) daily sunshine duration (SSD)/(d) daily mean relative humidity
(Hmean) and the middle senescence date; Figure S3: Spatial patterns of stations with different climatic variables
selected by the stepwise linear regression models for EVI2 retrieved MSD on the QTP. All legends are the same
as in Figure 5; Figure S4: Number of climatic factors selected by the stepwise linear regression model in each
meteorological station. (a) NDVI retrieved MSD, (b) EVI2 retrieved MSD.
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