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Abstract: Extreme climate events frequently have more severe effects on terrestrial vegetation activity
than long-term changes in climate averages. However, changes in extreme climate events as well as
their potential risk on vegetation activity are still poorly understood. By using the Middle and Lower
Reaches of the Yangtze River (MLR-YR) in China as an example, this paper aims to understand
the vegetation response to changes in extreme precipitation events from 1982 to 2012 using the
maximum normalized difference vegetation index (NDVI) as an indicator. By applying extreme
value theory (EVT), the potential risks of extreme precipitation events on vegetation activity were
analyzed by conducting return period analysis. Results indicated that vegetation activity could
be affected by extreme precipitation events, especially the combined effects of the frequency and
intensity of precipitation extremes. For instance, vegetation activity could be enhanced in the regions
with weakened intensity but increased occurrence of extreme precipitation events. In addition,
we found potential risk of extreme precipitation events on vegetation activity from the results of
precipitation extreme trend and return period analysis. These phenomena can be associated with
the local occurrence of extreme precipitation events, different land cover types, and soil moisture
cumulative effect on vegetation growth. This study stresses the importance of considering both
current changes in and the potential risk of extreme precipitation events to understand their effects
on vegetation activity.

Keywords: vegetation activity; extreme precipitation events; return period analysis; the middle and
lower reaches of the Yangtze River

1. Introduction

Global surface temperature rose by approximately 1.38~1.68 °C between 1850~1900
and 2006-2015 [1-3]. Under current conditions, extreme climate events are projected to be
enhanced in future decades [4-6]. Extreme climate (weather) events refer to the occurrence
of an event when a given meteorological variable is above (or below) a threshold near
the upper (or lower) ends of the time series of its observed value [7,8]. Particularly, the
effects of extreme climate events on terrestrial vegetation activity are more severe than
that of long-term change in climate averages due to probable flooding, heatwaves and
droughts [9-11].

As one of important climate extremes, extreme precipitation events exert complex
effects on vegetation activity owing to the complexity of the precipitation extremes, di-
versified land cover types, etc. [12-14]. It is essential to detect the responses of vegetation
activity to the changes in extreme precipitation events as well as their potential risk. In this
paper, vegetation activity refers to the abilities of the terrestrial vegetation that interacts
with surrounding environments, including photosynthesis and respiration [15]. In the past
decades, Normalized Difference Vegetation Index (NDVI) and Leaf Area Index (LAI) have
been proposed to reflect changes in vegetation activity. The NDVI is widely employed for
its simplicity and long-term archives to facilitate the large-scale monitoring of terrestrial
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vegetation activity [16,17]. As for extreme precipitation events, the European Climate
Assessment (ECA) indices were developed to account for climate extremes, including
temperature, precipitation and frost [18]. On this basis, many extreme climate indices
were proposed by the Expert Team on Climate Change Detection and Indices (ETCCDI),
which was employed in the fourth and fifth Intergovernmental Panel on Climate Change
(IPCC) reports [19]. Tan et al. (2015) [20] analyzed the relationships between vegetation
activity and precipitation extremes in the Poyang Lake Basin, China. They found significant
negative correlations between NDVI and extreme precipitation indices (i.e., RX1day and
RX5day) in summer and winter during 1982-2006. In addition, Cui et al. (2019) [21] found
significant and negative correlations between extreme precipitation indices (i.e., R95p and
R95) and annual mean NDVI during 1982-1994. However, no significant correlation was
found between the two factors in the Yangtze River Basin over the period of 1982-2015.
According to Zhao et al. (2018) [22], positive correlations could exist in the Loess Plateau
in summer over the period 1982-2013 between vegetation change and precipitation ex-
tremes using NDVI, RX1day and RX5day as indicators. Utilizing a replicated regression
experiment, Felton et al. (2018) [23] found that vegetation response to changes in the
growing season precipitation may weaken or even shift owing to greater magnitudes of
precipitation extremes. Luo et al. (2020) [24] assessed extreme climatic changes in Central
Asia on a monthly scale and discussed their implications for vegetation. They found
that vegetation activity is significantly and positively related to extreme precipitation and
temperature intensity indices on a monthly scale. There remains uncertainty regarding
the effect of extreme precipitation events on vegetation activity. In addition, past studies
mainly explored the effect of historical characteristics of extreme precipitation events on
vegetation activity by using existing extreme precipitation indices; limited attention was
paid to the potential risk of extreme changes in precipitation on vegetation activity.

The Yangtze River, being the third longest river worldwide, is characterized by fre-
quent occurrence of precipitation extremes. The middle and lower reaches of the Yangtze
River (MLR-YR) cover many of the economically developed areas in China. By using the
NDVI in the growing season as a proxy of vegetation activity, this paper aims to provide
an improved understanding of vegetation sensitivity to extreme precipitation events at a
regional scale by addressing both historical data and return period analysis. Extreme Value
Theory (EVT) was developed to describe the characterization of extremes [25]. According to
EVT, several methods were employed to deal with climate extremes, including Generalized
Pareto Distribution (GPD) and Generalized Extreme Value (GEV ) distribution [26,27]. To
assess the potential risk of extreme precipitation events, this paper compared the two
methods and fit them to observed records to estimate return levels at different return
periods in the MLR-YR. Concretely, we analyzed the impacts of the frequency and intensity
of extreme precipitation events on vegetation activity in the MLR-YR. We considered two
measures of extreme precipitation events from the perspectives of frequency and intensity
using extreme precipitation indices [19,28]. Furthermore, potential risks were preliminarily
examined by comparing historical characteristics of extreme precipitation events with pre-
cipitation amounts in different return periods. This paper can contribute to understanding
the vegetation response to the changes in extreme precipitation events and their potential
risks.

2. Study Area and Data Sources
2.1. Study Area

The Yangtze River, being the third longest river in the world, is a storm-flood river
with frequent storm-flood events. For instance, disastrous floods in the years 1954, 1998
and 2010 caused large losses in the economy and human life [29,30]. In this paper, the study
area is distributed over the middle and lower reaches of the Yangtze River (MLR-YR). The
MLR-YR lies between 102° E~122° E and 24° N~34° N, with a total area of 1,157,057 km?.
It has many tributaries, including the Hanjiang River, Jianglingjiang River, Wujiang River,
Xiangjiang River, Ganjiang River and Yuanjiang River (Figure 1). In addition, the average
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annual temperature is 14~18 °C. Meanwhile, average annual precipitation ranges between
1000 mm and 1500 mm in this region. Owing to a typical subtropical monsoon climatic
zone, the MLR-YR is characterized by a favorable environment for plant growth due to
the concurrent occurrence of rainfall and heat energy in the same seasons. The major
ecosystems in this region encompass evergreen broadleaf forest, croplands, grasslands, etc.
In addition, the MLR-YR is one of the most economically developed regions in China. It is
therefore among the important vulnerable zones owing to high exposure of population
and economic assets to climatic extremes in China.
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Figure 1. The location of the middle and lower reaches of the Yangtze River (MLR-YR).

2.2. Data and Preprocessing

The data used in this study includes daily precipitation datasets, NDVI datasets
and land use/cover datasets in the MLR-YR. Daily precipitation data, which cover 1982—
2012, were obtained from the Chinese Meteorological Data Service Center (CMDC). Time
consistency and extremum validation were first inspected by the CMDC to ensure the
data quality [31]. Furthermore, weather stations with suspicious and missing records were
screened and eliminated when validating the data. A total of 97 stations, which are nearly
evenly distributed in the study area (Figure 1), were then selected to analyze the change
in extreme precipitation events in this region. Among the weather stations, a total of 28
stations are distributed in the lower reach of the Yangtze River Basin, with the rest of the
stations in the middle reach of the Yangtze River Basin (Figure 1 and Table 1).

Table 1. Distribution of weather stations in the MLR-YR.

Data Applicable Weather Stations =~ Natural Division Main Tributaries Main Lakes or Reservoir
Poyang Lake

Daily precipitation, 28 stations The lower rea.ch of Ganjiang River Taihu Lake

’ the Yangtze River
1982-2012 Chaohu Lake
Xiangjiang River
69 stations The middle reach of wﬁ?;ﬁm%{il;er Dongting Lake
the Yangtze River ylang Danjiangkou Reservoir

Jialingjiang River
Hanjiang River
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As to the NDVI data, the third generation Advanced Very High Resolution Radiometer
(AVHRR) NDVI dataset (i.e., NDVI3g) was employed at a resolution of 1/12 degrees over
the period 1982-2012. In detail, the AVHRR NDVI3g data were produced in the Global
Inventory Monitoring and Modeling System (GIMMS) project to deal with deleterious
effects of the first generation NDVI data (NDVIg), including orbital drift, calibration
loss and volcanic eruptions [32]. The NDVI3g data were derived from the US National
Aeronautics and Space Administration (NASA) Ames Ecological Forecasting Lab (https:
/ /ecocast.arc.nasa.gov/ (accessed on 8 December 2019)). In addition, land use/cover
data in 2005 were obtained at a spatial resolution of 500m from the Moderate Resolution
Imaging Spectroradiometer (MODIS) product (MCD12Q1). Concretely, the MCD12Q1 data
were downloaded from the NASA Land Processes Distributed Active Archive Center (LP
DAAC), a part of NASA’s Earth Observing System Data and Information System. Both the
NDVI3g and the MCD12Q1 data were then aggregated into a resolution of 4 km x 4 km.

3. Methods
3.1. The NDV1I as a Proxy to Monitor the Vegetation Activity

In past decades, remote sensing was widely employed in monitoring terrestrial veg-
etation activity. Many vegetation indices, including Ratio Vegetation Index (RVI), NDVI
and atmospherically resistant vegetation index (ARVI), were developed to reflect the
changes in vegetation growth [33-36]. For instance, the third generation NDVI data from
NOAA/AVHRR has advantages in capturing vegetation activities owing to the dramatic
improvement of the data quality. The NDVI is defined as

NIR — RED
NPVL= NIR+ RED M
where NIR and RED represent surface reflectance in the near-infrared band and the red
band of the satellite images, respectively.

To explicitly capture changes in vegetation activity, grid cells with annual mean NDVI
less than 0.1 were masked out to exclude water, bare land and sparse vegetation in this
study. We conducted three experiments to capture vegetation activity by analyzing the
sensitivity of vegetation activity to maximum, average and minimum NDVI. Consequently,
maximum NDVI in the growing season was found to capture changes of vegetation activity
well [37]. A linear regression model was applied on the maximum NDVI to assess whether
strengthened (or decreased) vegetation activity exists.

3.2. The Peaks-Ouver-Threshold (POT) Approach and the Simple Indices of Extreme Precipitation
Frequency (EPF) and Extreme Precipitation Intensity (EPI) to Analyze Extreme
Precipitation Events

The POT approach is frequently used to analyze the changes in extreme climate
events [38—43]. In addition, many climate extreme indices were recommended by the
Expert Team on Climate Change Detection and Indices (ETCCDI). The Rnnmm refers to
the annual count of days when daily precipitation amount exceeds a given threshold [44].
After empirically determining the thresholds of extreme precipitation events (i.e., daily
precipitation at 99th percentiles), extreme precipitation frequency was analyzed using the
simple index of extreme precipitation frequency, where Py, P, ..., P; were independent
random observations of a random variable, such as daily precipitation in a given period
(e.g., one year). A simple index of extreme precipitation frequency (EPF) was calculated as

365
EPF =) Ty ()
j=1
1 P;>u
Tya = { d = 3)

0 Pi<u
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where 7,4 is a conditional function that takes the value 1 if daily precipitation observation
P; on the day d in the year y exceeds the extreme precipitation threshold u. Otherwise, 7,
takes a value of zero, indicating non-occurrence of extreme precipitation events. If daily
precipitation amount on several consecutive days exceeds the given threshold, it will be
counted as a continuous extreme precipitation event. Further details about the EPF can be
found in Pei et al. (2017) [28].

Given the discrete characteristics of the occurrence of extreme precipitation events, we
fit the number of the extreme precipitation events to a conditional Poisson distribution. We
then calculated the dispersion coefficient to check the reliability of the Poisson distribution.
On this basis, a Poisson regression model was employed to detect the trend of extreme
precipitation events [45-47]. That is, the amount of extreme precipitation events in the year
y (Ny, equals to EPF) follows a conditional Poisson distribution with the occurrence rate

(Ay), as follows:
—Ay /\k

P(N, = k|Ay) = Ty[k:o,l,z,...] 4)

Generally, occurrence rate (Ay) is a non-negative random variable. For assessing the
temporal trends of extreme precipitation events, the occurrence rate (A,) in a given year
(y) was fit as a linear function of y (by a logarithmic link function), as follows:

Ay =exp(a+b-y) 6)

where a and b represent regression coefficients. If b is larger (or smaller) than zero at the
5% significance level according to the Wald test (p < 0.05), then statistical evidence is found
to support the presence of the increased (or decreased) occurrence of extreme precipitation
events [46,47].

To analyze the changes in extreme precipitation intensity in the MLR-YR, the simple
index of extreme precipitation intensity (EPI) was employed as a proxy of extreme precipi-
tation intensity. In detail, the EPI is calculated as the ratio between the cumulative daily
precipitation (P4, mm) and the number of extreme precipitation events in the year y (Ny):

365
EPI = (Z Pyd) /Ny Py >u (6)
d=1

where P,y (mm) is the precipitation amount on the given day d in the year y; u is the
selected threshold to identify the extreme precipitation events. Further details about the
EPI can be found in Pei et al. (2017) [28].

When evaluating temporal changes of extreme precipitation intensity (EPI;), a linear
regression model was used to assess whether a statistically significant strengthened or
decreased trend exists. In detail, we assumed that the EPI; depends linearly on the time ¢#:

EP, =a+pB-T @)

where « and 8 represent regression coefficients. According to the f-test (p < 0.05), if S is
different from zero at the 5% significance level, then statistical evidence is found in favor of
the presence of the trends in the intensity of extreme precipitation events.

3.3. Assessment of Daily Precipitation Extremes for Different Return Periods

In this paper, the return period of daily precipitation extremes was analyzed to
evaluate extreme precipitation risk on vegetation activity in the MLR-YR. A return period
refers to the average recurrence interval of extreme climate events over an extended period
based on historical data analysis [48]. Here return levels in different return periods were
assessed using the GPD and the GEV.
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As to the GPD approach, by comparing daily precipitation value with a given thresh-
old, the approach detects whether extreme an precipitation event occurs. For a random
variable x(x > u), the cumulative probability function of the GPD is as follows:

(X) _ { 1— (1+ g(x;u))_l/élg £0 ®
1= exp( 558, £ 20

where u represents the location parameter and ¢ and ¢ are the scale and shape parameters,
respectively. In past studies, different daily precipitation amounts were tested to determine
the threshold of extreme precipitation events in the MLR-YR. The 95th and 99th percentile
of daily precipitation amounts on rainy days were found to have a near-equidispersion
coefficient in most stations from 1982 to 2012 [28]. Considering the NDVI extreme analysis
only in the growing season, the location parameter was empirically determined as the daily
precipitation amount of the 99th percentile of the cumulative frequency distribution on the
rainy days in a given year in the MLR-YR.

In addition, probability weighted moments (PWMs) estimator was employed to
determine the shape parameter (¢) and the scale parameter (#) for its lower uncertainty [49].
Concretely, the shape parameter (¢) and the scale parameter (&) of the GPD is determined
using L-moments, as follows [50,51]:

. X .

§:E—Zandzx:(1+k)ll )
where [} and I, are the first two sample L-moments of random variable X. If m denotes the
number of samples collected over many years and 7 is the total number of exceedances
over the selected threshold u, mean crossing rate can then be estimated without bias as
A = . For the Generalized Pareto Distribution, the number of exceedances in the year f is

as follows:
Ay = AH(1 = F) (10)

On this basis, taking (1 — F) from Equation (10), setting A, to unity, and setting t to T,
the quantile x7, which corresponds to the return level during a T-year return period, can
be estimated as follows:

XT:{ w+ §[1— (AT)¢] for & #0 a1

u+cIn(AT) forg=0

As to the Generalized Extreme Value (GEV) distribution, distribution function is
defined according to Jenkinson [52], as follows:

_ ] ep(-(1- STV g £ 0
“‘)‘{ exp(— exp(—51)), T =0 12

where u is the location parameter; ¢ is a scale parameter; ¢ denotes shape parameter. For
the quantile xp of GEV distribution, with the return period T, the cumulated probability is
given by F(xp) = 1 — (1/T), which results in [51,53] the following:

u+§[1— (—ln(l—%))ﬂ for 40
u—aln(—ln(l - %)) for¢=0

Xp = (13)

3.4. Relationships between Vegetation Activity and extreme Precipitation Events

In this paper, maximum NDVI was composited by selecting the maximum NDVI
in the growing season from many observations in a given year from 1982 to 2012. To
examine the region’s vegetation responses to changes in extreme precipitation events,
further analysis was conducted for the maximum NDVI. Concretely, interannual changes



Agriculture 2021, 11, 487

7 of 16

of the maximum NDVI variable and the intensity and frequency of daily precipitation
extremes were analyzed in the MLR-YR for the period 1982-2012 using linear regression and
Poisson regression analyses, respectively. The spatial patterns of the frequency and intensity
of daily precipitation extremes were analyzed by using inverse distance weighted (IDW)
interpolation. Both regional averages and station-based analyses were further applied to the
maximum NDVI variable and the frequency and intensity of daily precipitation extremes.
Correlation analysis was conducted by meteorological stations to elucidate the relationships
among the NDVI variables and the intensity /frequency of extreme precipitation events.

For assessing potential risks of extreme precipitation events on vegetation activity,
observed precipitation in the MLR-YR was fit to extreme distributions (i.e., GPD and
GEV). To evaluate the accuracy of the GPD and GEYV, the return level for a 30-year return
period was then estimated and compared with annual maximum precipitation that was
extracted from the observed records in the MLR-YR from 1982 to 2012. Concretely, we
first extracted two data series using daily precipitation records: annual maximum (AM)
series and peak-over-threshold (POT) series. On this basis, we fit the GEV distribution to
observed records using the extRemes-package in R software [54,55]. In addition, the POT
series was fit to the GPD series using the POT package in R [54,56]. The results showed
that the patterns of the return levels at a 30-year return period were similar between the
GEV (not shown in this paper) and GPD simulations. In addition, the return level from
GPD fitting was bigger than that from the GEV fitting. Specifically, observed maximum
precipitation varied between 77 mm and 393 mm from 1982 to 2012 according to the
meteorological-station-based observations. As to the projected precipitation amounts,
the return level from GEV fitting varied between 71 mm and 295 mm. In addition, the
return level from GPD fitting in the MLR-YR varied between 70 mm and 330 mm, which
is close to that of the observed maximum precipitation. Thus, we chose the GPD to fit
the return levels of extreme precipitation events in the MLR-YR from 1982 to 2012. Based
on the GPD simulations for the return periods of 30 years, 50 years and 100 years, we
preliminarily analyzed the potential risk of extreme precipitation events on vegetation
activity by coupling historical changes of precipitation extremes with the precipitation
changes in different return periods.

4. Results
4.1. Spatiotemporal Changes of Maximum NDVI and Precipitation Extremes

By using maximum NDVI in the growing season as a proxy, Figure 2 shows interan-
nual changes of vegetation activity from 1982 to 2012 in the MLR-YR. Concretely, maximum
NDVI varied between 0.73 and 0.79 in the past decades. In addition, slightly increasing
trends of the maximum NDVI were found, at a rate of 0.01 units per decade (p = 0.000). In
particular, relatively low maximum NDVI was found in the years 1982, 1993, 1994, 2000
and 2005.

In addition, the changes in extreme precipitation events were analyzed in the MLR-
YR from 1982 to 2012 from the perspectives of intensity and frequency. As shown in
Figure 3, similar changes were found between extreme precipitation frequency and ex-
treme precipitation intensity using the EPI and the EPF as indicators. Specifically, we
found a significant increased trend in the extreme precipitation intensity, at a rate of
0.169 mm day ! year ! (p = 0.045). As to the extreme precipitation frequency, a slightly
increased trend of 0.004 day year~! was found in the past decades, albeit not significant
(p = 0.481). In particular, a relatively high extreme precipitation intensity was found in the
years 1984, 1988, 1991, 1996, 1998 and 2010. Meanwhile, a frequent occurrence of extreme
precipitation events could also be observed in the same periods.
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Figure 2. Temporal variations of maximum normalized difference vegetation index (NDVI) in the
MLR-YR from 1982 to 2012.
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Figure 3. Temporal variations in the extreme precipitation intensity (EPI) and extreme precipitation
frequency (EPF) in the MLR-YR from 1982 to 2012.

We further explored the spatial heterogeneities of the changes in the maximum NDVL
As shown in Figure 4a, the maximum NDVI showed an overall increased trend from 1982
to 2012 in the MLR-YR. However, decreased NDVI could be found locally, including the
regions around Sichuan Basin.
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Figure 4. Spatial trends of (a) maximum NDVI, (b) EPI and (c) EPF in the MLR-YR from 1982 to 2012.
Blue (red) points represents positive (negative) correlation between maximum NDVI and (b) EPI and
(c) EPE

In addition to temporal variations, changes in the two extreme precipitation indices
were also spatially examined in the MLR-YR from 1982 to 2012. As shown in Figure 4b, the
extreme precipitation intensity (EPI) showed an overall enhanced trend in the MLR-YR in
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past decades. However, weakened extreme precipitation intensity could also be observed
locally. For instance, the stations with weakened intensity of extreme precipitation events
were distributed mainly around the Hanjiang River Basin and the Dongting-Changjiang
and the Poyang-Changjiang regions. In conjunction with the changes in extreme precipita-
tion intensity, increased occurrence of extreme precipitation events (EPF) could be found
in most of the regions in the MLR-YR (Figure 4c). In particular, a remarkable increase
in the extreme precipitation events could be found in the Hanjiang River Basin in past
decades, especially in the regions around Wanyuan station (Station ID: 57237 in Figure 1),
along the western parts of the Hanjiang River. In contrast, extreme precipitation frequency
(EPF) was severely weakened in the regions in the northwestern Jialingjiang-Minjiang
and Danjiangkou-Hanjiang in the northern MLR-YR. In addition, obvious concurrent en-
hancements of intensity and frequently of extreme precipitation events could also be found
around the eastern parts of the MLR-YR.

4.2. The Impacts of Extreme Precipitation Events on Vegetation Activity

We further analyzed the correlations between maximum NDVI and extreme precipita-
tion intensity (EPI) and extreme precipitation frequency (EPF). For the extreme precipitation
intensity, both positive and negative correlations could be found in many stations in the
MLR-YR. Furthermore, the correlation coefficients between maximum NDVI and extreme
precipitation intensity varied between —0.51 and 0.45 among the 97 stations. For the ex-
treme precipitation frequency, the correlation was smaller than that of extreme precipitation
intensity. Concretely, correlation coefficients between extreme precipitation frequency and
maximum NDVI varied between —0.41 and 0.41.

To elucidate spatial details of the positive and negative correlations, spatial hetero-
geneity of the correlations was analyzed to match changes in extreme precipitation events
with that of the vegetation activity in the MLR-YR. Figure 4b,c show the spatial distribution
of the correlations between maximum NDVI and EPI/EPF, respectively. The relationships
between extreme precipitation events and vegetation activity was analyzed according
to three groups of regions: weakened extreme precipitation events, enhanced extreme
precipitation events and no obvious trends in extreme precipitation events.

In the regions with weakened extreme precipitation intensity but increasing extreme
precipitation frequency, the correlations were mainly negative between extreme precip-
itation intensity and maximum NDVI in the MLR-YR over the period 1982-2012. This
is especially obvious in the Hanjiang River Basin and the Dongting-Changjiang and the
Poyang-Changjiang regions. This phenomenon means that weakened extreme precipitation
intensity could ease the stress on vegetation activity. Furthermore, this occurred mainly in
the regions with obvious changes in extreme precipitation events at a local scale.

In addition, obvious negative correlations could be found between extreme precipita-
tion intensity and the maximum NDVI around the Chaohu-Changjiang region and around
Sichuan Basin, where the intensity and frequency of extreme precipitation events were
strengthened in past decades. However, positive correlations were also found between
extreme precipitation intensity and the maximum NDVI, including places around the
Danjiangkou Reservoir and in the northern parts of Chaohu Lake. This was especially ob-
vious when extreme precipitation intensity increased but extreme precipitation frequency
decreased.

When changes in the intensity /frequency of extreme precipitation events were rel-
atively small or even lacking in obvious trends, both positive and negative correlations
could be found between extreme precipitation intensity / frequency and maximum NDVI
variables in the regions. This result indicates the uncertainty of weak extreme precipitation
events on vegetation activity.

4.3. Changes in Precipitation Extremes at Different Return Periods

Figure 5 shows precipitation extremes at the return periods of 30 years, 50 years
and 100 years using GPD fitting in the MLR-YR during 1981-2012. Similar patterns of
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daily precipitation extremes could be found in different return periods. However, obvious
spatial heterogeneities exist among all three results. For example, maximum precipitation
was concentrated in the eastern parts of the MLR-YR. Despite the increasing precipitation
amounts with the increase of return periods, the rate of precipitation amounts is found to
be spatially different in the MLR-YR. For instance, daily precipitation amount can reach
150 mm around the eastern Sichuan Basin in the western MLR-YR according to the results
of the 30-year return period. Furthermore, the precipitation amounts can reach 210 mm
for the return periods of 50 years and 100 years. In addition, the extent of precipitation
extremes increases with the increasing return period. Similar phenomena could be found
around the Poyang Lake and Dongting Lake in the middle and eastern MLR-YR. In contrast,
changes in precipitation amount could be small in different return periods in many other
regions.

i 4

(b) A 4 © |

T T — 0 260 52 1,040
70 140 210 280 350 420 460 (mm)

Figure 5. Daily precipitation extremes for different return periods: (a) 30 years; (b) 50 years; (c) 100 years.

5. Discussion
5.1. Relationship between Extreme Precipitation Events and Vegetation Activity

By taking the MLR-YR as a whole, with extreme precipitation frequency increased
but slight changes in extreme precipitation intensity, maximum NDVI mainly shows
increasing trends in most parts of the MLR-YR. According to further analysis of the spatial
heterogeneity of the correlations, negative correlations (i.e., enhanced vegetation activity)
could be found between extreme precipitation intensity and maximum NDVI under the
condition of weakened extreme precipitation intensity but increasing extreme precipitation
frequency in the past decades. This phenomenon could be associated with the abundant
precipitation in the summer from weak but frequent occurrence of extreme precipitation
events as well as the time-lag effects of vegetation responses to climate extremes [57].
The cumulative soil moisture from extreme precipitation events is beneficial to vegetation
growth. The result is in accordance with soil moisture simulation [58].

However, when extreme precipitation intensity was strengthened, both positive and
negative correlations could be found between extreme precipitation intensity and the
maximum NDVL This phenomenon means that vegetation responses may be different in
line with changes in both the intensity and frequency of the extreme precipitation events.
This phenomenon could be associated with the local severe impacts of extreme precipitation
events on vegetation activity [28].

Many past studies have analyzed the relationships between extreme precipitation
events and vegetation activity from the perspective of intensity and frequency of precipita-
tion extremes. The relationships were frequently found to be conflicted between extreme
precipitation events and vegetation activity [20,22-24]. This study analyzed their relation-
ship by linking the frequency and intensity of extreme climate events simultaneously. This
indicates a necessity to pay more attention to the combined effects of the frequency and
intensity of extreme climate events when assessing impacts on vegetation activity [59,60].
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5.2. Vegetation-Type-Based Analysis of the Relationship between Extreme Precipitation Events and
Vegetation Activity

As shown above, the differences in the intensity /frequency of extreme precipitation
events could have dramatic effects on vegetation activity, probably owing to the local oc-
currence of extreme precipitation events, the cumulative soil moisture from weak extreme
precipitation, and the time-lag effects of vegetation responses. Besides these factors, vege-
tation types can play a critical role in such effects of extreme precipitation events [61,62].
According to our results, negative correlations could be found in the croplands in most
regions of the MLR-YR, according to both the analysis of extreme precipitation frequency
and extreme precipitation intensity (Figure 6). This negative correlation could be associated
with the vulnerability of crop vegetation to precipitation extremes [63,64]. In the forest
lands, different correlations were revealed as compared to croplands. Concretely, both
positive and negative correlations could be found, not only for the extreme precipitation
frequency but also for the extreme precipitation intensity. This uncertainty of the correla-
tions could be associated with the moisture cumulative effect of the forest lands as well as
the lag effect of the forest vegetation rather than the instantaneous effect as compared to
crop vegetation [65,66]. These findings show that extreme precipitation events could have
larger impacts on agricultural systems than forest types of vegetation.
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Figure 6. Vegetation-type-based analysis of the correlations between maximum NDVI and (a) extreme
precipitation intensity and (b) extreme precipitation frequency.
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5.3. Potential Risks of Extreme Precipitation Events on Vegetation Activity

A scientific understanding of the trends of climate extremes is important for assessing
the potential risks of extreme precipitation events on vegetation activity. Huang et al.
(2021) [67] found that eastern Asia, especially the MLR-YR, will experience moderate
or high risks in the future, by combining historical daily precipitation and future daily
projections from general circulation models (GCMs). However, the data resolution of the
study of Huang et al. (2021) is relatively coarse, about 1° x 1°, and it should be further
analyzed. In particular, it is crucial to study the trends in precipitation extremes and return
levels [68-70]. This paper analyzed the potential risk of extreme precipitation events on
vegetation activity by combining return period analysis and trend analysis of extreme
precipitation events. We found that intensity and frequency of extreme precipitation
events revealed an enhanced trend in the northeastern and western parts of the MLR-YR,
such as around Chaohu Lake and Sichuan Basin, over the historical period of 1982-2012
(Figures 2 and 4). Despite this, return period analysis reveals slowing and slight increases.
In addition, the intensity of extreme precipitation events was enhanced in the northern
MLR-YR during 1982-2012, such as around the Danjiangkou-Hanjiang region. However,
daily extreme precipitation amounts during a given return period were almost unchanged
from 30-year to 100-year return periods. These differences revealed large risks of daily
extreme precipitation events on the vegetation activity in these regions. The results are
consistent with the findings of Huang et al. (2021) [67]. Furthermore, local occurrences
of extreme precipitation events as well as their risks were also obvious according to our
study. Thus, there is a potential risk to vegetation activity from strengthening extreme
precipitation events in future decades.

6. Conclusions

In this paper, the impacts of extreme precipitation events on vegetation activity were
analyzed using the MLR-YR as a case study. Key findings are as follows. (1) Taking
the MLR-YR as a whole, both extreme precipitation events and vegetation activity were
enhanced on average in the MLR-YR from 1982 to 2012. (2) Spatially, both positive and
negative correlations could be found between maximum NDVI and extreme precipitation
events in different stations in the MLR-YR. More attention should be paid from both
perspectives of the frequency and intensity of extreme precipitation events simultaneously.
(3) Such phenomena could be associated with the local occurrence of extreme precipitation
events, the cumulative effects of soil moisture content from extreme precipitation events
on vegetation growth rather than instantaneous effects at regional scale, as well as the
difference in land cover types. (4) By coupling historical data analysis and return period
analysis, the potential risks of extreme precipitation events on vegetation activity were
identified in the Danjiangkou-Hanjiang area, around the eastern Sichuan Basin and around
Chaohu Lake in the MLR-YR.

The objective of this paper is to explore the impacts of extreme precipitation events
on vegetation activity. To better reflect spatiotemporal dependence of the extremes, the
Bayesian hierarchical model will be tested in our future work to capture the changes in
precipitation extremes as well as their impacts on vegetation activity [71,72]. In addition,
our analysis was spatially conducted by interpolating observed precipitation records from
97 meteorological stations. The accuracy of the regional precipitation distributions is
therefore limited in capturing the spatial heterogeneity of extreme precipitation events
and their effects on vegetation activity. In future studies, precipitation data from remote
sensing will be employed by comparing observed records from meteorological stations
with independent proof of satellite-derived precipitation observations (e.g.,, TRMM 3B43
dataset).
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